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Abstract

Higher brain function and cognition arise from associative computations that are most likely
mediated by recurrent connections among distributed neurons. Due to its prominent re-
current connections and its proximity to the sensory periphery, the olfactory cortex is an
ideal model to study these processes. The main focus of this work is the study of the bio-
physical properties of the olfactory cortex and how these properties affect computations like
auto-associative processing.

The first part of this thesis describes methods for the acquisition and analysis of large-scale
calcium imaging data. I developed a method for fast remote z-scanning in a two-photon
microscope based on a voice coil motor, which allowed me record from more than 1500
neurons in the forebrain of adult zebrafish almost simultaneously. In addition, to infer spike
rates from calcium imaging data, I developed a method based on deep artificial neuronal
networks that surpassed the previous state of the art.

In the second major part of this work, I used electro- and optophysiological recordings in the
zebrafish homolog of olfactory cortex, called Dp, to analyze its biophysical properties and
how they affect the computations performed by the network. As a central result, I found
that the posterior part of Dp (pDp) enters a transient state of precise balance upon odor
stimulation. The classical ”balanced network” is an established concept in theoretical neuro-
science. Recent theoretical studies suggest that such a network could become more efficient
with a more precise balance of excitatory and inhibitory inputs in time (tight balance) and
coding space (detailed balance).
For the present study, I used whole-cell voltage-clamp recordings in the intact zebrafish
brain to directly analyze synaptic inputs to neurons in Dp. Local silencing of activity by
injection of the GABAA-agonist muscimol confirmed that Dp neurons receive strong inputs
from recurrent connections within Dp. During an odor response, Dp neurons exhibited the
hallmarks of a balanced state: strong and balanced excitatory and inhibitory inputs and a
large synaptic conductance. Using the odor-evoked 20 Hz oscillations that originate in the
olfactory bulb as a reference clock, I aligned excitatory and inhibitory inputs recorded in
Dp and found a tight balance, with inhibition tracking excitation by a 3 ms delay. Finally,
by studying the odor-specificity of excitatory and inhibitory inputs for a set of odor stimuli,
I found inhibition and excitation to be co-tuned. These findings could not be explained
by a purely random network, indicating that excitation and inhibition exhibit a detailed,
high-dimensional balance in stimulus space.
Together, these experimental results show that Dp enters a balanced state during an odor
response that is both tight and detailed, that is, precise. This suggests that this network
could be the substrate for a pattern classification process that is fast, as in classical balanced
networks, but also stable in many coding directions.



Zusammenfassung

Assoziative Prozesse sind grundlegend für die höheren Funktionen des Gehirns. Auf der
Ebene neuronaler Schaltkreise kommen sie vermutlich durch das Zusammenspiel von rekur-
renten Verknüpfungen unter räumlich verteilten Nervenzellen zustande. Der olfaktorische
Kortex ist aufgrund seiner augenfälligen rekurrenten Verknüpfungen und aufgrund seiner
Nähe zur sensorischen Peripherie sehr gut zur Untersuchung dieses Zusammenspiels geeignet.
Der Schwerpunkt dieser Arbeit liegt auf der Frage, wie die biophysikalischen Eigenschaften
dieses Nervennetzwerks die möglicherweise auto-assoziativen Prozesse ermöglichen oder ein-
schränken, die in diesem Netzwerk stattfinden.

Im ersten Teil dieser Arbeit werden Methoden zur optischen Aufnahme und Analyse von
Kalzium-Signalen in Nervenzellen behandelt. Es wird beschrieben, wie ein Zwei-Photonen-
Mikroskop mit Hilfe eines an einer makroskopischen Schwingspule befestigten Spiegels in
die Lage versetzt wird, volumetrisch zu scannen und die Aktivität von mehr als 1500 Ner-
venzellen gleichzeitig aufzunehmen. Weiterhin wird ein Algorithmus beschrieben, der auf
einem künstlichen neuronalen Netzwerk basiert und aus aufgezeichneten Kalzium-Signalen
Feuerraten von Nervenzellen ermittelt.

Im zweiten Teil dieser Arbeit werden elektro- und optophysiologische Methoden verwen-
det, um das Homolog zum olfaktorischen Kortex des Zebrafisches, genannt Dp, zu unter-
suchen. Ein zentrales Ergebnis dieser Untersuchung ist, dass Nervenzellen im posterioren
Teil von Dp (pDp) vorübergehend in einen Zustand einer präzisen Balance exzitatorischer
und inhibitorischer synaptischer Inputs übergehen, sobald der Fisch einem Geruch ausge-
setzt wird. Das klassische balanced network ist ein etabliertes Konzept aus der theoretischen
Neurowissenschaft. Neuere Studien legen nahe, dass diese balancierten Netzwerke effizienter
funktionieren, wenn exzitatorische und inhibitorische Ströme zeitlich (tight balance) und im
Kodierungsraum (detailed balance) korreliert sind.
In dieser Arbeit werden Einzelzellableitungen basierend auf der whole-cell voltage-clamp-
Methode im intakten Zebrafischgehirn verwendet, um die synaptischen Inputströme in Ner-
venzellen in Dp direkt zu analysieren. Unterdrückung der lokalen Aktivität durch die Injek-
tion des GABAA-Agonisten Muscimol bestätigt, dass Nervenzellen in Dp in der Tat starke In-
puts durch rekurrente Verknüpfungen in Dp erhalten. Während einer Geruchsantwort weisen
Nervenzellen in Dp die Kennzeichen eines balanced states auf: Starke, ausbalancierte exzita-
torische und inhibitorische Inputs, sowie eine hohe synaptische Gesamtleitfähigkeit. Mit Hilfe
der geruchsevozierten 20-Hz-Oszillationen im Riechkolben als gemeinsame zeitliche Referenz
für inhibitorische und exzitatorische Ströme konnte eine tight balance festgestellt werden,
wobei inhibitorische Ströme den exzitatorischen Strömen um 3 ms versetzt nachfolgen. Eine
Untersuchung der Geruchsspezifität der exzitatorischen und inhibitorischen Ströme ergab
ausserdem, dass die jeweiligen Spezifitäten von exzitatorischen und inhibitorischen Strömen
positiv miteinander korreliert sind. Dies lässt sich nicht durch ein rein zufällig verknüpftes
Netzwerk erklären und ist Ausdruck einer hochdimensionalen Balance im Stimulusraum (de-
tailed balance).
Diese experimentellen Ergebnisse zeigen, dass Dp während Geruchsantworten in einen Zu-
stand der präzisen Balance (das heisst, sowohl tight balance als auch detailed balance) eintritt.
Es ist naheliegend zu vermuten, dass ein derartiges Netzwerk das Substrat für Prozesse wie
Mustererkennung sein könnte. Solche Prozesse wären infolge des balanced states schnell,
gleichzeitig aber auch in mehreren Richtungen im Kodierungs- oder Stimulusraum stabil.



Chapter 1

Introduction

1.1 Neural computation and its biophysical substrate

A major goal of scientific understanding is a highly compressed and general description of the
phenomenon under question. For example, it is often sufficient to know temperature, pressure
and the available volume to describe many behaviors of a gas, without any information about the
mass, size or shape of single gas particles. In biology, on the other hand, it is much more common
to start an investigation with a catalog that lists and categorizes the different species, behavioral
patterns or neuronal types. It is therefore a tempting idea to counteract this tendency of biology
and to try to unravel biological complexity by searching for a highly compressed description of
the system of interest.

A compressed description of computations in a neuronal network would for example not depend
on details of the particular implementation, like ion channel distributions, dendritic morpholo-
gies or the full Hodgkin-Huxley equations, but would remain valid with many different models
of individual neurons. Along similar lines, Marr et al. [1] distinguished between top (computa-
tional) and lower (implementational) levels of information processing and clearly preferred the
computational aspects:

Although the top level is the most neglected, it is also the most important. This
is because the structure of the computations that underlie perception depend more
upon the computational problems that have to be solved than on the particular
hardware in which their solutions are implemented [1].

Hopfield was acting in the same spirit when he developed a model of auto-associative memory
that was based on binary point neurons [2], inspired by the Ising model of statistical physics
that describes coupling between spins instead of neurons [3]. More recent examples of attempts
to reduce complexity that are relevant for neuroscience include the application of mean-field
approximations to neuronal networks (e.g., by Brunel [4]), the concept of predictive coding,
which can be understood within the framework of the free-energy principle [5], the analysis of
small-world networks [6], or the prediction of network function from pure connectivity without
any assumptions about the biophysics involved [7].

However, separating computations from the ’implementational level’ can also prevent the un-
derstanding of a given network. First, since the biophysical and biochemical implementation is
likely to have co-evolved with the computation that it is supposed to perform, the implemen-
tation can shed light on possible computations that the network is designed for. Second, and
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1. Introduction

more importantly, the biophysical implementation might constrain the computations that can
be performed by the network. For example, the problem of credit-assignment can be solved by
computing the error via backpropagation [8], but it is not obvious how this computation may
be implemented in a biological neuronal network [9–11].

The main focus of this thesis is the crossroad where implementational details, which are in this
case the biophysical properties of single neurons, affect the computations that can be performed
by the circuit. To this end, the higher olfactory system will be used as a model system. The
olfactory cortex has long been thought to be a candidate system for an attractor network [12]
that performs auto-associative operations similar to a Hopfield network [2]. Here, instead of
analyzing the computations performed by the network at the representational level, I will focus
on a dissection of the biophysical neuronal substrate and discuss the computations which are
facilitated or prohibited by these constraints.

1.2 The olfactory system in zebrafish and mammals

The sense of smell is triggered by the activation of olfactory sensory neuron (OSNs). In verte-
brates, these neurons usually express only one single olfactory receptor (OR) each and sit in the
nasal cavity [13]. The number of OR genes is around 350 for humans, 1000 for mice and around
300 for zebrafish [13–15], with the amino acid-sensitive TAAR receptor class contributing only
marginally for mice, but ca. 100 receptors for zebrafish [15–17]. Upon binding of a ligand to
the receptor of a ciliated OSN, a depolarization of the respective cilium propagates passively to
the cell body of its olfactory sensory neuron (OSNs), eventually triggering a sequence of action
potentials.

OSNs rely on both activity-dependent and -independent axon guiding mechanisms to create a
topographic map in the olfactory bulb (OB), the second olfactory processing stage [13]. OSNs
that express the same olfactory receptor protein project to the same local structure in the OB,
a glomerulus (Fig. 1). Each receptor is expressed in a large number of OSNs (>2000 for mice
[18]), leading to a high convergence from OSNs to their targeted glomeruli. In total, there are

Olfactory epithelium Piriform cortexOlfactory bulb

Olfactory nerve

Olfactory tract

Odorant

Glomerular layer

Plexiform & mitral cell layer

Granule cell layer

Figure 1. Early stages of olfactory processing (simplified scheme). Odor molecules evoke responses in olfactory
sensory neurons (OSNs) in the olfactory epithelium, which exhibit little topographic organization. They project
to glomeruli in the olfactory bulb, clustered by the preferences of their respective olfactory receptors. Mitral
cells in the olfactory bulb (colored) grow dendritic tufts into glomerular structures. As illustrated by the blue
example cell, they also extend dendrites laterally into the extraglomerular space. Interneurons (gray) of the outer
layers of the olfactory bulb can innervate single or multiple glomeruli and also projection neurons. Granule cells
reside in the deepest layers of the olfactory bulb and form synapses also with mitral and tufted cells. Mitral cells
project their axons to, among other structures, piriform cortex, where they synapse in a spatially distributed,
non-topographic manner. The scheme is following Haberly [12] and Mori et al. [13].
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1.2. The olfactory system in zebrafish and mammals
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Figure 2. Comparative anatomy of the olfactory system in mice and zebrafish. A,B. Overall body shape and
size. C,D. Sagittal section of the full brain. Highlighted are the olfactory bulb (OB) in yellow, the piriform cortex
or the olfactory cortex homolog in blue, and the BLA in red for the mouse. E,F. Coronal section (indicated in
(D,E) through the forebrain. Highlighted are the olfactory/piriform cortex and its zebrafish homolog in blue and
the olfactory tract in yellow. OR, olfactory receptor; OSN, olfactory sensory neuron; PCx, piriform cortex; Dp,
olfactory cortex homolog of zebrafish; OT, olfactory tract; Ce, cerebellum; DP, dorsal pallium; Dl/Dm, lateral
and medial areas of DP; VP, ventral pallium; BLA, basolateral amygdala. Subfigures (C-E) are adapted and
combined from Lein et al. [27] and Mueller [28], subfigure (F) is adapted from Wullimann et al. [29].

ca. 5500 glomeruli in humans [19], 1000-1800 in mice [13, 20] and ca. 140 in adult zebrafish [21].
For zebrafish, some regions including the postero-lateral area of the olfactory bulb have turned
out to be difficult to segment into glomeruli, which has probably led to an underestimate of the
total number of glomeruli in the zebrafish olfactory bulb [21].

The principal neurons of the OB, mitral cells (MCs), together with tufted cells and periglomeru-
lar cells, extend some of their dendrites into the glomerular layer (Fig. 1) and are in turn con-
tacted by other MCs, and by granule cells that are located in the deepest layer of the olfactory
bulb (Fig. 1). The number of MCs per olfactory bulb amounts to approximately 50 000 for
grown-up humans [22], 38 000 for mice [23] and 1500 for zebrafish [24]. The number of interneu-
rons in the OB is typically much higher, for example ca. 20 000 deep interneurons per bulb for
zebrafish [25].

In some species, an additional vomeronasal system serves as a second olfactory processing stream,
detecting mostly pheromones and projecting to the accessory olfactory bulb [26].

In the olfactory bulb, information processing that involves local connections helps to normalize
response intensity of different stimulus concentrations [30, 31], decorrelates odor representations
[32, 33] and performs a non-linear transformation of sensory inputs that is probably due to
recurrent connections in OB [25, 34].

As output neurons of the olfactory bulb, mitral and tufted cells, fire both at high rates (on
average ca. 9 Hz for zebrafish mitral cells, Friedrich et al. [35]; see Nagayama et al. [36] for
mice) and project without thalamic relay to higher brain areas in a non-topographic way [37,
38], where olfactory stimuli evoke distributed activation patterns across neurons [39–42]. In
mammals, projection targets include the anterior olfactory nucleus, the olfactory tubercle, the
cortical amygdala, the entorhinal cortex and the piriform cortex. The piriform cortex contains
ca. 500 000 neuron [43]. It is considered to be the principal brain area for processing of complex
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1. Introduction

odor stimuli and for olfactory learning [12] and targets among many other brain regions the ol-
factory bulb and the orbitofrontal cortex [44]. However, little is known about further processing,
integration with other sensory inputs and involvement in decision-making [12, 18].

Ray-finned fish like zebrafish do not develop a layered cortex like mammals and some reptiles.
Their telencephalon undergoes a so-called eversion of the brain during development. This process
basically turns the inside of the neural tube to the outside, rendering the identification of
homolog structures between ray-finned fish and mammals more difficult than among mammals
[45, 46]. However, based on increasing evidence from genetic markers, supported by evidence
from functional studies, the posterior zone of the dorso-lateral pallium (Dp) has been suggested
to be the zebrafish homolog of the olfactory cortex [47–50] (Fig. 2), although some details still
remain a matter of controversy [46, 51]. The number of neurons in Dp amounts to ca. 8000
neurons unilaterally (unpublished estimate by Benjamin Titze). The area comprising Dp can be
fitted in a volume of less than 600 x 300 x 300 µm3 for adult fish. Other telencephalic projection
targets of the olfactory bulb have been found both in larval and adult zebrafish [37, 48, 52], but
will not be discussed here.

Since Dp is very close to the sensory periphery (two synapses away from a sensory neuron) and
small compared to its mammalian homologs, it is well-suited for studying sensory processing
by functional imaging or dense connectivity measurements with electron microscopy. On the
other hand, the small size can also complicate targeting of the brain region using optogenetics or
pharmacology. Whereas it is not easily accessible for in vivo imaging due to its non-superficial
location, the intact brain including the olfactory sensory epithelium can be kept alive ex vivo
for >5 hours [53], allowing for functional probing with calcium imaging and electrophysiology
together with natural odor stimulation.

1.3 Computations in the higher olfactory system

The particular structure of the olfactory and especially the piriform cortex has always inspired
theories about its function. First, the layer 1a of the piriform cortex receives distributed and
non-topographic inputs from the olfactory bulb [38]. Second, early evidence from tracing with
horseradish peroxidase (e.g., Haberly et al. [54]), confirmed by more recent anatomical and
functional studies, has shown that projections from pyramidal neurons in piriform cortex form
recurrent connections throughout the piriform cortex without columnar organization (Fig. 3A).
In addition, these recurrent connections have been shown to be non-topographic and to some
extent independent of the distance from the soma where they originate [55, 56].

These properties are reminiscent of distributed auto-associative neural networks described e.g.
by Kohonen [58] or Hopfield [2] (Fig. 3B) and have therefore influenced subsequent ideas on
the functioning of piriform cortex [57, 59]. Auto-associative networks are thought to provide
the substrate for learning processes that facilitate recall, separation and completion of incoming
stimulus patterns [41], consistent with recent experimental findings in olfactory cortex [41, 60–
62]. Following ideas from Hopfield [2] and others, this form of auto-associative processing is
thought to result a) in attractor dynamics that converge towards a stable point or trajectory,
and b) in a network topology that comprises basins of attraction, such that the boundaries
between the basins define the transition between pattern separation and pattern completion in
a space of continuously varying inputs (Fig. 3C).

This thesis can be seen as a partial answer to the following question: how does the particular
biophysical behavior of neurons in the piriform cortex or its homolog in zebrafish influence,
shape and constrain the computations that are thought to be performed by the network?

8



1.4. Thesis objectives

A CB
Piriform cortex cross-section Auto-associative memory network Attractor network dynamics

Input
connections

Recurrent
connections

Processing
units

Pyramidal cells

Intrinsic fibers
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Lateral
olfactory
  tract

Afferent fibers
  Layer 1a

Layer 2

Attractor 1

Decision boundary       Basin of
attraction 1

   Basin of
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Attractor 2

Figure 3. The piriform cortex, seen as an auto-associative network. A. Afferent (red) and intrinsic (blue) inputs
target different layers, but are both distributed and non-topographic. B. Abstraction of the piriform cortex
into a classical scheme of an artificial auto-associative network. Modified from Hasselmo et al. [57]. C. Two
(point) attractors, illustrated with a pseudo-energy landscape. The decision boundary defines where the basins
of attraction meet each other, generating a line of pattern separation.

1.4 Thesis objectives

In chapter 2, I will describe modifications or adoptions of existing methods which were necessary
for the work of this thesis. In chapter 3, I will describe the design of a resonant-scanning
microscope that allows for remote z-scanning using a macroscopic voice coil motor [63]. A
second major methodological part in chapter 4 will focus on a specific aspect of the analysis of
calcium imaging data, the inference of spike rates from calcium imaging data using a supervised
method based on convolutional artificial neuronal networks [64].

In chapter 5, I will describe experimental data that investigate aspects of odor processing in
the olfactory bulb as well as the boundaries and subdivision of the zebrafish olfactory cortex
homolog (Dp).

In chapter 6, I will present experimental data that are mostly based on whole-cell voltage-clamp
recordings. I will focus on the observation that the posterior part of Dp, pDp, is pushed into a
state of precise synaptic balance during a stimulus response. This precisely balanced network
provides an ideal substrate for an attractor network that allows for fast classification [65].

Chapter 7 will further discuss the results and point out possible future directions of research.

1.5 Peer-reviewed publications and contributions

This section will give an overview of the sections of this thesis that have been published in
peer-reviewed journals.

The content of chapter 3 has been published in Biomedical Optics Express [63]. My contribution
consisted in designing, building and applying the microscope for calcium imaging, with minor
input from Rainer Friedrich. Together with Rainer Friedrich, I wrote the manuscript. Andrew
Prendergast and Claire Wyart provided the transgenic line used for test experiments. This thesis
includes additional supplementary information on the design of the microscope and associated
software (sections 3.8, 3.9 and 3.10).

Chapter 4 describes an algorithm for predicting neuronal spiking from calcium imaging data.
This method has been published, together with several other algorithms, in an article in PLOS
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1. Introduction

Computational Biology, comparing 10 top-performing algorithms for spike inference [64]. My
contribution consisted in designing and testing the Elephant algorithm together with Stephan
Gerhard, writing the specific description of the Elephant algorithm, organizing the associated
Github repository and contributing to the writing of the review paper. This thesis includes
additional, unpublished in-depth analyses of the Elephant algorithm in sections 4.3, 4.4, 4.5 and
4.6.

Section 5 is an attempt to more clearly define higher olfactory areas in zebrafish and to describe
general response properties of the respective neurons, in addition to existing publications on this
subject. The content of this section is partially covered by a publication in Current Biology [50].
My contribution to this publication consisted in the acquisition and pre-analysis of calcium
imaging data presented in Figure 1 of this publication (experience-dependent adapation and
variability in the zebrafish OB). Gilad Jacobson performed all other experiments, analyzed the
data together with Rainer Friedrich and wrote the manuscript together with Rainer Friedrich.

Section 6 describes findings that support a precise synaptic balance in the zebrafish homolog of
olfactory cortex (Dp). This section is closely related to a manuscript that has been accepted
for publication in Neuron. My contribution consisted in the acquisition and analysis of all data,
with minor input from Rainer Friedrich. Together with Rainer Friedrich, I designed the study
and wrote the manuscript.
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Chapter 2

Overview of methods

2.1 Ex vivo preparation, calcium imaging, electrophysiology

Most methods used for this thesis have been reported elsewhere in more detail. This chapter
will describe the relevant methods with a level of detail that depends on previous descriptions
of those methods in peer-reviewed publications.

All data acquired for this thesis work are based on an ex vivo preparation of the adult zebrafish
brain that has been described in a detailed protocol by Zhu et al. [53].

Calcium imaging using synthetic dyes (OGB-1, Rhod-2) that are injected in the respective brain
region before imaging has been described before for the zebrafish explant preparation [34, 35, 48,
66]. Calcium imaging with genetically encoded calcium indicators (GCaMP5, GCaMP6f) does
not require the injection of the synthetic dye before imaging but differs little otherwise. The
history, properties and possible drawbacks of these indicators, both synthetic and protein-based,
are described elsewhere in more detail [67–69].

Spatio-temporal LFP signals in the olfactory bulb of adult zebrafish together with the respective
recording techniques have been described before [70]. Similarly, patch clamp recordings have
been performed in the zebrafish olfactory bulb and olfactory cortex homolog (Dp) before [32,
70–72], although almost exclusively in a current-clamp configuration.

2.2 Two-photon targeted patch clamp in Dp

To allow for unbiased recording also from non-superficial neurons in posterior Dp (pDp), two-
photon targeted patching was used, taking advantage of the shadow-patching technique (Komai
et al. [73] and Kitamura et al. [74]; see also Fig. 4). Briefly, the patch micropipette is backfilled
with the respective intracellular solution together with a dye (e.g., Alexa 594). With constant
low pressure applied, the pipette enters the bath and is moved close to the brain area of interest.
Next, with high positive pressure applied (ca. 100 mbar), the pipette enters the brain. Shortly
after, the pressure is lowered (to ca. 20 mbar), and the pipette is carefully moved towards the
target neuron. Once the pipette is directly proximate to the target neuron, a small membrane
dimple can be seen sometimes due to the positive pressure applied, depending on the imaging
quality. Next, the pressure is released, and a giga-seal forms almost instantaneously, unlike
for other preparations, where seal formation can take many seconds or even minutes. A brief
suction (-100–300 mbar) is applied to break into the neuron (Fig. 4). Typical success rates
are 50–100% for superficial and 25–50% for deeper neurons in Dp and can substantially vary
between preparations.
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2. Overview of methods

1 2 3 4

Figure 4. Basic steps of shadow-patching, illustrated with a neuron patched in Dp. The micropipette, filled
with an intracellular solution containing an Alexa dye, approaches the brain (1) and enters the tissue with high
pressure of ca. 100 mbar (2). Neuronal somata are visible as dark shadows. With a pressure lowered to ca. 20
mbar, the micropipette approaches the target neuron. In the ideal case, a small ’dimple’ can be seen where the
outflowing intracellular solution exerts pressure on the neuron’s membrane (3). After giga-sealing and break-in,
the interior of the micropipette is electrically connected to the soma. The soma and its dendrites start filling with
the Alexa dye, whereas the outside becomes dark again within tens of seconds.

A B
Dp

Dp

E

DC

Tectum

pDp

aDp

Dl

posterior

dorsal

Tectum

Figure 5. Modified ex vivo preparation for sagittal imaging. Classical horizontal imaging (A,B) and sagittal
imaging (C,D). Arrows in (B) and (D) indicate Dp and the optic tectum in the dissected ex vivo preparation,
inspected through a dissection microscope. E. Brain region around Dp in a GFAP-GFP transgenic line, labeling
radial glial cells that project along the ventro-dorsal direction. Maximum projection across 18 µm.

2.3 Modified ex vivo preparation for sagittal imaging

The ex vivo preparation for functional imaging and electrophysiological recording in the zebrafish
was originally established to target the olfactory bulb. The procedure remained largely un-
changed for experiments with other forebrain structures, including the olfactory cortex homolog,
Dp. Briefly, the brain is exposed from its ventral side and clamped with a custom-designed imag-
ing holder such that the ventral surface of the brain is exposed, allowing microscopes to image
a horizontal section of the forebrain [53].

For imaging of Dp, there are two reasons why this might not be the best configuration at least
for a subset of experiments. First, the optic tectum, especially for older fish, is often shaped
such that it occludes the posterior part of Dp. This is particularly severe for high-NA objectives,
where most of the excitation and emission photons diverge from the excitation focus in a shallow
angle (around 45◦ from the vertical axis). Second, horizontal sections of the brain have a bias
to reveal structures and morphologies that span across the same horizontal plane and might
occlude structures that extend along the ventro-dorsal axis.
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2.4. Odor delivery system for complex and long-lasting stimuli
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Figure 6. 4-wheel peristaltic pump for precise control of odor stimuli. A. Three different odor inlets join the
ACSF perfusion. Each inlet is driven by an inpedendent pump wheel. B. Graphical user interface to control the
ICC 4-wheel peristaltic pump (odor stimulus indicated in red). C. Characterization of odor application using
fluorescence measurements.

We developed a modification of the ex vivo preparation that allows for sagittal imaging of Dp.
On the dissection side, it is necessary to remove the bones that cover the dorso-lateral side of
Dp. To hold the explant preparation in the desired angle towards the microscope objective, an
imaging holder was constructed that does not use a single horizontal clamp to hold the explant
on the horizontal surface (Fig. 5A,B), but two vertical clamps that fix the explant between the
two clamp brackets (Fig. 5C,D). An example of a structure that is predominantly sagittal and
therefore only properly visible using this imaging configuration are the projections of radial glial
cells along the ventro-dorsal axis (GFAP-GFP transgenic line [75], Fig. 5E).

2.4 Odor delivery system for complex and long-lasting stimuli

In previous studies, natural odor stimuli were applied to the nose of adult zebrafish explants in
short pulses that lasted only few seconds [32, 34, 48]. This feature was due to an ’odor-loop’ that
could be loaded manually with a specific odor and then injected into the perfusion system upon
a computer-controlled valve switch. The duration of the stimulus was therefore determined by
the volume of the odor-loop. In addition, it was difficult to avoid contamination of the odor-loop
since it was continuously exposed to various odorants.

To circumvent those drawbacks, we switched to a simpler design that is, due to its simplicity, less
prone to cross-contamination and that allows for almost arbitrary timing, mixing and automation
of stimulus applications. In this design, the regular ACSF perfusion tubing is continuously driven
by a computer-controlled peristaltic pump (Reglo ICC, Ismatec) but joined by other inlets via
threefold junctions (Fig. 6A). Before odor stimulation, regular ACSF is perfused at normal speed
(ca. 5 mL/min). At the desired odor stimulation onset, the pump wheel for ACSF perfusion
is slowed to ca. 1 mL/min, while another pump wheel starts to drive an odor-containing inlet
perfusion with 4 mL/min (Fig. 6B), resulting in an effectively continuous flow.

Problems could arise by odorants trickling or diffusing out of the odor inlets (Fig. 6A), thereby
continuously contaminating the regular ACSF perfusion. However, tests based both on fluo-
rescein (Fig. 6C) or based on odor-evoked responses in the olfactory bulb (data not shown)
indicated a sharp on- and offset response and showed that the potential contamination is unde-
tectable and probably negligible.

For precise computer-controlled odor application, a Matlab-based software using a serial port
for communication with the pump was designed. To synchronize with other programs for data
acquisition via TTL pulses, a digital output channel of an NI DAQ board was used. The
adapter class that allows for communication with the pump via a serial port (USB) has been
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2. Overview of methods

made available on Github (https://github.com/PTRRupprecht/Instrument-Control). For
user-friendliness, a simple GUI was designed (Fig. 6B).

The main drawbacks of this method are the longer delay between software-based stimulus switch-
ing and the actual arrival of odor molecules at the nose (typically 2–3 s) and the limited number
of stimuli that can be used (four stimuli per pump, minus one which is used for regular ACSF
perfusion).

2.5 Software for manual ROI selection

Several software packages are publicly available for semi-automated or manual selection of neu-
ronal ROIs in calcium imaging movies [76–81]. However, most of those algorithms and software
packages are designed for long-term calcium imaging of mouse neurons, which are both larger
and less densely distributed in the brain tissue compared to neurons in adult Dp, the zebrafish
homolog of olfactory cortex. In addition, typical calcium imaging recordings performed for this
thesis rarely lasted more than several minutes, which excludes algorithms that segment neu-
rons based on decorrelated activity patterns. Therefore, instead of using available solutions, a
light-weight user interface was designed for manual selection of neuronal ROIs.

To avoid overhead, no graphical user interface was used. Instead, after preprocessing that
includes alignment within and across trials as well as offset subtraction, an anatomical average
of the imaged brain region is shown in a simple Matlab figure. Keyboard short-cuts allow the
user to switch between anatomical views, ∆F/F maps or maps of local correlation. Then, using
keyboard and mouse short-cuts the user can select, discard or refine ROIs.

The program is written in Matlab and has been made publicly available on Github, together with
a minimum working example and an instructional video (https://github.com/PTRRupprecht/
Drawing-ROIs-without-GUI).
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Chapter 3

Multi-plane calcium imaging using a
voice coil motor for z-scanning

Two-photon point-scanning microscopy is a technique that relies on point-scanned excitation
and non-descanned detection. Due to this design, parallelization of scanning and detection is
usually not possible, and the time required for the point scanner to cover the whole field of
view (FOV) determines the frame rate f . For classical scanning microscopes based on a pair
of galvo-scanners, the typical maximum line rates are around 1000 Hz (unidirectional) or 2000
Hz (bidirectional), which translates into a maximum frame rate of 4 or 8 Hz for an image that
consists of 512 and 256 lines, respectively.

For higher temporal resolution, the number of lines per frame can be reduced, or faster scanning
techniques can be employed, for example based on acousto-optic deflectors or resonant scanning
mirrors. A more detailed discussion of alternative scanning techniques is given by Ji et al. [82].

To establish fast functional imaging (e.g., 60 Hz at a resolution of 256 imaging lines with each
512–1024 pixels, or for volumetric imaging with 7–8 planes at 7.5 Hz), the work underlying this
thesis required to re-design a Sutter MOM scope based on a pair of scan mirrors that consisted
of a slow galvo mirror and a resonant mirror. Implementing a resonant scanning microscope
together with a user-friendly software can be challenging, but has been accomplished before and
will therefore not be discussed here in depth.

Additionally, a module was designed that allowed for remote z-scanning, therefore enabling
multi-plane calcium imaging. The following chapter will mostly focus on this technique. This
microscope has since been used for multi-plane calcium imaging by Jacobson et al. [50] and
Rupprecht et al. [65], as well as for unpublished experiments that are partially covered in chapter
5. The chapter below largely follows a peer-reviewed publication. I conceived, designed, built
and tested the z-scanning technique, with minor input from Rainer Friedrich. Together with
Rainer Friedrich, I wrote the manuscript.

Rupprecht, P., Prendergast, A., Wyart, C., Friedrich, R.W. (2016). Remote z-scanning with
a macroscopic voice coil motor for fast 3D multiphoton laser scanning microscopy.
Biomedical Optics Express, 7(5), 1656-1671.

As a supplement to this more in-depth discussion, some other aspects of the microscope will be
highlighted as supplements to this chapter. Those aspects are not covered by Rupprecht et al.
[63]: the microscope’s general physical wiring diagram (for reference); the microscope control
software; and an implementation of laser modulation in 2D/3D using a Pockels cell.

15



3. Multi-plane calcium imaging using a voice coil motor for z-scanning

3.1 Introduction

Fast 3D imaging of large volumes at micrometer resolution is of high interest in the life sci-
ences. In neuroscience, multiphoton laser scanning microscopy [83] is widely used for imaging
of fluorescent calcium indicators to measure the activity of many neurons simultaneously in the
intact brain [84–87]. However, large-amplitude scanning in the z-direction remains a challenge
due to trade-offs between technical constraints and optical performance. The most widely used
methods for z-scanning are based on physical movements of the objective by piezo elements [88].
This approach is, however, limited by the inertia of the objective, may cause vibrations, and may
exert pressure onto the sample through the immersion medium, particularly when the z-scan
range is large. Movements of elements near the specimen can be circumvented by pre-focusing
the laser beam with an electro-tunable lens [89] but this approach usually reduces the effective
numerical aperture (NA) and strongly modulates the field of view (FOV). Alternatively, the
beam can be manipulated with acousto-optical deflectors (AODs) [90–92], which allows for fast
random-access scanning in 3D. However, AODs introduce aberrations and require elaborated
techniques to compensate for optical and temporal dispersion. Acoustic gradient index lenses
operating at a fixed kHz frequency induce aberrations and have disadvantages for conventional
plane scanning [93, 94].

A promising strategy for z-scanning is to insert a movable z-scan mirror into a conjugate focal
plane of the specimen plane [95, 96]. Axial movements of the remote z-scan mirror change the
divergence of the excitation beam, resulting in axial movements of the focus (Fig. 7). High
scan speeds can be achieved because the inertia of the mirror is minimal. When the optical
magnification between the z-scan mirror and the sample is unity, the system can be aberration-
free [96]. This strategy has been used successfully in a 3D multiphoton LSM [97] but the system
has not been widely adopted, possibly because the beam path is complex and substantially
different from that of a standard LSM. Moreover, for deep multiphoton imaging in the brain
and other scattering media it is advantageous to use objectives with large back apertures (� ≤ 18
mm) to maximize photon collection and the FOV [98–100]. Such objectives require an expansion
of the excitation beam by a high-magnification telescope after the lateral scanning unit, which
complicates the implementation of unity magnification.

We explored strategies for 3D multiphoton microscopy with a remote z-scan mirror that do not
maintain unity magnification. We reasoned that effects of aberrations may be minor because
multiphoton microscopy does not rely on the formation of an image on the detector. Moreover,
aberrations caused by non-unity magnification may be small compared to other aberrations of the
system and to resolution limitations due to scattering. The deviation from unity magnification
enabled simple designs that do not require the use of a second high NA-objective for remote
scanning. However, these designs required fast and accurate displacements of the z-scan mirror
over large distances (�1 mm). We found that this problem can be solved using a voice coil motor,
an inexpensive device that is commonly used in low-to-mid frequency loudspeakers but also in
industrial applications. Key features of voice coil motors are high positioning repeatability and
high accelerations at low friction. Using this approach, a large axial scan range and high scan
speeds could be achieved with minor loss of resolution.

The opto-mechanics of our z-scanning units (ZSUs) was contained in external modules that can
be added onto a standard 2D multiphoton LSM. A compact z-scanning unit consisting of a
single lens achieved an axial range of approximately 150 µm with an axial PSF of 2.6−7 µm full
width at half maximum (FWHM) using a high-NA objective (20x; NA 1.0) with a large back
aperture (� 18 mm). By extending the ZSU with a telescope, the z-scan range was increased
to >300 µm at the same resolution. Effective volumetric flyback times were between 5 and 15
ms, depending on the desired axial scanning amplitude. Using a multiphoton LSM with 8 kHz
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3.2. Design of remote z-scanning units
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Figure 7. Basic principle and design. A. Basic principle. A remote z-scan mirror is inserted into a plane
conjugate to the specimen plane. Moving the z-scan mirror away from this plane (D 6= 0) changes the divergence
of the beam and displaces the focus (d 6= 0). B. ZSU configuration 1 (single lens): the laser beam (1) is passed
through the ZSU consisting of a single z-scan lens Lz with focal length fz and the z-scan mirror (2) before reaching
the xy-scanners and the xy-scan lens L2 (3). Directed passage of the beam is accomplished using a polarizing
beam splitter (PBS) and a quarter-wave plate (QWP). The LSM consists of a scan lens (L2) and a tube lens
(L1), which form a telescope with magnification M = f1/f2, and the objective (Lo). The minimum distance
between the z-scan lens Lz and the xy-scanners is xzsu = 75 mm. C. Experimental realization of configuration 1
(single-lens). The ZSU mounted onto the xy-scan unit is shown with correct relative scaling of the components.
The distance xzsu between the z-scan lens and the xy-scanners is xzsu = fz + xz = 75 mm. This distance is
required to insert the polarizing beam splitter, contained inside the cube, and the quarter-wave plate into the
beam path. The voice coil motor is shown in a cross-sectional view, illustrating the working principle based on
the coil inside a mostly homogeneous magnetic field. The z-scan mirror is attached to the coil by a rod and a
scaffold. The Hall position sensor is glued to the top of the voice coil motor (not shown). D. ZSU configuration
2 (with telescope). A second telescope with magnification M ′ = f ′1/f

′
2 is inserted into the beam path of the ZSU.

This permits to maintain telecentric distances between the intermediate optics system and to increase the focal
shift d by a factor M ′2.

resonant scanners, 9 planes with 256 lines each could be scanned at a volume rate of 6 Hz. Using
this approach, we measured activity patterns across >1500 neurons in the adult zebrafish brain
by multiphoton calcium imaging.

3.2 Design of remote z-scanning units

3.2.1 Concept and trade-offs

Remote z-scanning can be achieved by inserting a movable z-scan mirror into a conjugate focal
plane of the specimen plane (Fig. 7A) [96, 97, 101]. To implement this strategy in a laser
scanning microscope (LSM) the excitation beam is passed through a ZSU containing an optional
telescope with magnificationM ′ = f ′1/f

′
2 and a z-scan lens with focal length fz (7B,D). Passage of

the beam through the ZSU with minimal loss is achieved using a polarizing beam splitter (PBS)
and a quarter-wave plate (QWP). When the distance between each pair of lenses is equal to the
sum of their focal lengths (telecentric or 4f configuration, [102]) and the magnification is unity
(fo/M = fz/M

′, neglecting possible immersion media), the system is, in theory, aberration-free
[96] and the axial position of the focus changes linearly with the axial position of the z-scan
mirror. In the absence of a telescope in the ZSU (configuration 1, Fig. 7B) the displacement of
the focus d relative to the focal plane fo of the objective Lo is given by
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3. Multi-plane calcium imaging using a voice coil motor for z-scanning

d = −2
f2o f

2
2

f21 f
2
z

D (1)

where D is the displacement of the z-scan mirror position relative to the focal plane of the
z-scan lens, Lz. We analyzed the optical path using a linear propagation of Gaussian beams
scheme. The underlying analytical derivations for this relation and all other equations in this
paper have been documented and implemented in Mathematica (Wolfram) (https://github.
com/PTRRupprecht/remote-z-scanning-ABCD-optics). In the presence of a telescope (con-
figuration 2, Fig. 7D), the relation d(D) becomes

d = −2
f2o f
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′2
1

f21 f
2
z f
′2
2

D (2)

Note that the telescope increases the axial scan range by a factor (f ′1/f
′
2)

2 = M ′2.

For previous implementations of this remote scanning strategy, a ZSU has been integrated into
a LSM between the xy-scan mirrors and the xy-scan lens [97] or after the tube lens [101].
These implementations required a relay beam path that cannot be obtained by straightforward
modifications of a standard LSM. We therefore considered integration of the ZSU in front of the
xy-scan mirrors of a conventional 2D LSM (Fig. 7B,C). Ideally, the ZSU should be contained
in an external module to permit simple ”upgrading” of existing 2D LSMs to 3D. As our target
application was multiphoton calcium imaging in the brain, our main requirements were (1)
single-neuron resolution, (2) efficient filling of objectives with a large back aperture (� ≥ 18
mm), (3) high axial scan speed, and (4) a large z-scan range (>100 µm; ideally >200 µm). We
assumed that a ZSU is added in front of a standard LSM with an objective (Lo; fo = 10 mm),
tube lens (L1; f1 = 200 mm), xy-scan lens (L2; f2 = 50 mm), and xy-scan mirrors approximately
in the focal plane of L2 (Fig. 7B,D). To accommodate the PBS and QWP, the distance xzsu
between the xy-scan mirrors and the first lens of the ZSU was assumed to be ≥ 75 mm (Fig.
7A).

3.2.2 Configuration 1: single-lens ZSU

For the single-lens configuration, telecentricity requires that xzsu = fz and thus fz ≥ 75 mm.
However, a z-scan range >200 µm in the sample would then require an unrealistically large
displacement range of the z-scan mirror. We therefore considered a z-scan lens with fz = 30
mm, resulting in deviations from the telecentric configuration with xz = 45 mm. The axial
displacement d of the beam focus in the sample as a function of the z-scan mirror displacement
D is then given by

d = −2
f2o f

2
2

f21 (f2z − 2Dxz)
D (3)

d(D) is nonlinear unless xz = 0, i.e., fz = 75 mm (Fig. 8A). Similar non-linear effects occur
when an electro-tunable lens and a fixed mirror are used instead of a fixed lens and a movable
mirror since telecentricity is not maintained (not shown).

The nonlinearity has two important consequences. First, the z-scan range in the sample is
expanded for positive displacements D (towards Lz) and compressed for negative displacements
D (away from Lz; Fig. 8A). Second, displacements of the z-scan mirror change the beam
diameter RBA at the back aperture of the objective:
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with fz = 30 mm (xz = 0). The slope of the linear relationship d(D) is 56 µm/mm. C. Schematic beam paths
for single-lens (top) and telescope configuration (bottom). The diameter of the back aperture of the objective
is approximately 18 mm. Rays indicate the outer shape of the beam; colors encode the z-scanning position.
The focal length/free apertures of the xy-scan lens and the tube lens are 50 mm/30 mm and 200 mm/35 mm,
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x- and y-scan mirrors are equidistant from the focal points of L′2 and L2. E. Illustration of the separation of x-
and y-scan mirrors by ∆w = 7 mm in the beam path. All theoretical calculations for beam propagation were
implemented in Mathematica.

RBA = R

(
f1
f2
− 2Dfof2

f1f2z
− 2Df1xz

f2f2z

)
(4)

RBA decreases in the positive D-direction (towards Lz) which may result in underfilling of the
objective’s back aperture (Fig. 8C) and loss of resolution. In addition, displacements of the
z-scan mirror can strongly modulate the FOV, as observed with an electro-tunable lens [89].

3.2.3 Configuration 2: ZSU with telescope

We next analyzed a ZSU with a telescope (Fig. 7D), which can maintain the telecentric config-
uration because f ′2 can be chosen to be ≥ 75 mm. The relation d(D) is therefore linear (Fig.
8B) and the axial scan range increases quadratically with the magnification of the telescope
M ′ = f ′1/f

′
2 (Eq. 2). In addition, we obtain
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3. Multi-plane calcium imaging using a voice coil motor for z-scanning

RBA = R

(
f1
f2
− 2Df ′21 fof2

f ′22 f1f
2
z

)
(5)

Since the second term is very small, RBA is almost independent of the z-mirror displacement
D and, thus, determined almost exclusively by the scan and tube lenses in the LSM (f1/f2).
Filling of the objective’s back aperture can therefore be maintained (Fig. 8C). For practical
reasons we chose f ′1 = 150, f ′2 = 75 mm (M ′ = 2) and fz = 30 mm. A scan amplitude of 10
mm thus translates into an axial scan range of approximately 550 µm (Fig. 8B). Ray tracing
showed that the beam diameter in the relay lenses can reach 40 mm for the extreme values of
the z-scan range (Fig. 8C). We therefore used 2-inch lenses for L′1 and L′2 and a 1-inch z-scan
lens Lz.

Remote focusing using a telecentric configuration does not affect the FOV under the idealized
assumption that the x- and y-scan mirrors are both positioned in the focal points of the relay
lens L′2 and the xy-scan lens L2. In theory, such a configuration can be achieved with relay
optics between the mirrors. In most LSMs, however, the mirrors are displaced from the focal
points of L′2 and L2 by a distance w. We used the linear ABCD scheme to calculate the expected
effects on the FOV based on the deflection angle β at the xy-scanners. The size of the FOV is
given by

FOV = −fof2
f1

R

(
1− 2f ′21

f ′22 f
2
z

Dw

)
β (6)

where R is the diameter of the incident beam and β is the x- or y-scan angle. The first term
arises from xy scanning. The second term includes linear contributions of z-scanning (D) and
the distance w. Because w is different for the x- and y-scan mirrors, the modulation of the FOV
is asymmetric. The asymmetry is given by the difference between the slopes of the relationship
FOV (D) in x- and y-direction, which is determined by the distance ∆w between the x- and
y-scan mirrors. Assuming a realistic distance ∆w ≈ 7 mm and the lens parameters given above,
Eq. 6 predicts that FOV modulation is modest (Fig. 8D). Because the expected practical
consequences are minor, we did not introduce complex relay optics between the x- and y-scan
mirrors.

3.2.4 Fast axial scanning over 10 mm and more

The ZSU configurations considered above require z-scan amplitudes on the order of 10 mm
which is beyond the range of fast piezo elements. Typical step motors used for objective or stage
positioning cannot achieve the desired speed because their settling times are usually >100 ms.
We therefore explored voice coil motors for z-scanning, which can produce fast and repeatable
movements in the centimeter range and short settling times.

3.3 Experimental setup and performance evaluation

3.3.1 LSM, ZSU and voice coil motor

For all parts in the described setup, only off-the-shelf components were used in order to facilitate
adaptation of our design. We customized a multiphoton LSM (MOM; Sutter Instruments) with
a 200 mm tube lens, a 50 mm scan lens and a 20x objective (NA 1.0, fo = 10 mm, Zeiss).
The standard galvo xy-scanners were replaced by a galvo scanning/resonant scanning mirror
pair (6215H and CRS 8 kHz, Cambridge Technology). The x-scan mirror was oval with a
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Figure 9. Dynamics of the voice coil scanning system. A. Step current pulses for sawtooth scanning. B.
Displacement of the voice coil motor measured with the position sensor. Small deflections are measurement noise,
not positional noise. C. Overlay of voice coil trajectories (different colors) during four successive flyback periods.
Blue values on the y-axis show the corresponding focal shifts for configuration 2. Grey shading indicates the
time when no data are acquired (effective flyback time). Steps in the curves are due to digitization. D. Effective
flyback time as a function of scan amplitude (black) and the corresponding focal shift for configuration 2 (blue).
Black line is a spline fit. E. Stabilization of the voice coil (VC) movement. In open loop the position of the VC
is not controlled directly, leading to slow positional drift (red). In the semi-closed loop circuit, the positional
signal of the hall sensor (HS) is integrated over one z-scan cycle and compared to the setpoint. An error signal
proportional to the difference is added to the z-scanning command signal, preventing positional drift (blue).

circular aperture of 5 mm and slightly smaller than the y-scan mirror. As a consequence, the
maximum possible diameter of a non-divergent beam in the back focal plane of the objective was
approximately 20 mm. xy-scanners were installed in a sound-attenuating scan head (Thorlabs,
MPM-SCAN4) that was fixed to the central rail of the MOM system by a clamp (Thorlabs). Data
were acquired using a high speed board with up to four input channels (Alazartech, ATS9440).
Acquisition was triggered by the 80 MHz sync signal of the pulsed laser (Mai Tai, Newport
Spectra-Physics) to allow for time-locked sampling relative to the fluorescence emission. The
acquired raw data (4096 data points per line) were binned to the desired lateral resolution using
a multithreaded routine written in C and streamed to a solid-state disk (SSD). All other parts
of the microscope control software were programmed in MATLAB, loosely based on an existing
freely available software (Scanimage 4.2., Pologruto et al. [103]).

A polarizing beam splitter (PBS) and a λ/4-wave plate (QWP) were used to direct the beam
through the ZSU [97]. The PBS was contained in a cube that was mounted directly onto the
case of the xy scan unit (Fig. 7C). The PBS inside the cube could be replaced with a mirror
to bypass the ZSU if desired. The cube accepted a standard adapter to a 2” cage system that
contained the telescope for configuration 2 (Thorlabs). The scan mirror (protected gold mirror,
�12.7 mm, Thorlabs) was glued to an M6 nut, which in turn was fixed to the shaft of a voice
coil motor (VM6548, GeePlus, Fig. 7C).

The voice coil motor type (VM6548, GeePlus) was chosen because it provides high accelerations
and long strokes (up to 20 mm). Voice coil motors with less stroke length but lower coil mass
and considerably faster dynamics are available but have not been tested here since the tested
motor was already sufficiently fast. We compared two different servo drivers for the voice coil
motor (DA4709, Electrocraft; Junus JSP-090-10, Copley Controls) and found that the DA4709
model provided better control and stability for our implementation. For positional feedback, we
glued the pole of a lightweight hall sensor (LHK hall sensor, Megatron) to the back of the voice
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3. Multi-plane calcium imaging using a voice coil motor for z-scanning

coil motor.

3.3.2 Speed, precision and repeatability of the voice coil motor movements

To achieve spatially and temporally homogeneous volume sampling we used sawtooth-like z-
scanning patterns. Within each z-scan period, multiple xy-planes are acquired during the slow
movement of the z-scan mirror but no useful data is acquired during the fast return (”flyback”),
resulting in a stack of images that are slightly tilted relative to the xy plane. To minimize the
dead time during flyback, speed and acceleration of the z-scan mirror need to be sufficiently
high. Assuming a desired volume scan rate ≥ 5 Hz, flyback times are desired to be <100 ms.

We tested whether z-scan mirror displacements with sufficient speed, amplitude, accuracy and
repeatability can be produced by the voice coil motor. In order to determine the minimum
possible flyback times we applied current inputs to generate sawtooth-like displacements and
measured the trajectory of the coil. The amplitude of the current pulse was kept at maximum
while the duration was varied between 2.5 ms and 50 ms. Because the position changes smoothly
around the turning points, useful image data can be acquired not only during the slow phase
but also during initial and final portions of the flyback period. We therefore operationally
defined the effective flyback time as the time between 10% and 90% of the flyback amplitude.
As expected, the effective flyback time increased almost linearly with the flyback amplitude.
Nevertheless, the effective flyback time was short even when scan amplitudes were large. At a
z-scan amplitude of 10 mm, the effective flyback time was approximately 15 ms (Fig. 9D).

We observed that the position of the voice coil can exhibit a slow drift in the absence of a
position-dependent feedback. In order to stabilize the position on long time scales we therefore
installed a computer-based slow control loop that read in the analog position output of the hall
sensor, averaged the signal over one z-scan cycle, and compared it to the desired position. The
difference was then proportionally fed on top of the fast z-scan signal using a simple differential
amplifier (Fig. 9E). Closing the loop on this slow time-scale allowed for reliable positioning over
very long timescales. The same circuit was used to ensure that successive scans started from
the same z-position.

3.4 Z-scanning and optical performance

Using a ZSU with configuration 2 (telescope; f ′1 = 150, f ′2 = 75, fz = 30 mm), the relation d(D)
was linear with a focal shift of 56 µm per mm displacement of the z-scan mirror, as predicted by
Eq. 2 (Fig. 8B). We also observed a modest change in FOV size that depended linearly on D,
as predicted by Eq. 6. Hence, the remote focusing performance of ZSUs in both configurations
was in good agreement with analytical predictions.

Basic optical performance was assessed by the point spread function (PSF). Calcium imaging
of neuronal population activity in the brain usually requires fluorescence measurements inside
neuronal somata with a diameter of 7−25 µm. We therefore considered a PSF acceptable when
the FWHM is ≤ 7 µm, although even lower values are preferred when activity is dense. Without
a ZSU, the PSF of the LSM had a lateral FWHM of approximately 0.4 µm and an axial FWHM
of 2.5− 3 µm, consistent with an optimized system with a similar objective [92].

With a ZSU in configuration 1, the PSF was not noticeably different when the z-scan mirror
was in the zero-position (D = 0; lateral and axial FWHM approximately 0.4 µm and 2.6 µm,
respectively; Fig. 10A,B). Displacements of the z-scan mirror broadened the PSF (Fig. 10A,B).
This effect was more pronounced in negative direction (D < 0), presumably because the objective
became progressively more underfilled (Fig. 8C). Hence, displacements in negative direction can
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Figure 10. Dependence of PSF on focal shift d. A. Axial extent (FWHM) of the PSF as a function of focal shift d
in configuration 1 (single lens). Corresponding z-scan mirror displacements D are shown on top. Black dots show
measurements; grey line is a spline fit. Dashed line shows FWHM considered acceptable for multiphoton calcium
imaging of neuronal population activity (7 µm). B. Examples of axial (left) and lateral (right) PSFs obtained
in configuration 1 for different focal shifts d. Data are from the measurements marked by corresponding colors
in (A). Individual data points show measurements; lines show Gaussian fits. C. Black dots and continuous grey
line: axial FWHM of the PSF as a function of focal shift d in configuration 2 (telescope; fz = 30 mm). Gray dots
and dashed line: same for fz = 10 mm (20x objective as z-scan lens). D. Examples of PSFs for configuration 2
(fz = 30 mm). Data are from the measurements marked by corresponding colors in (C). For both configurations,
the FWHM at d = 0 (red curves) was ca. 2.6 µm axially and 0.4 µm laterally.

expand the z-scan range due to the nonlinear relationship d(D) but also compromise resolution
when filling of the objective back aperture cannot be maintained. The axial FWHM of the PSF
remained ≤ 7 µm within a z-scan range of approximately z = 150 µm (Fig. 10A). This range
required a displacement of the z-scan mirror by ca. 18 mm, resulting in an effective flyback time
of 30 ms.

With a ZSU in configuration 2, the PSF was again not noticeably different from the control
condition without ZSU when the z-scan mirror was in the zero-position (D = 0; lateral and
axial FWHM approximately 0.4 µm and 2.6 µm, respectively; Fig. 10C,D). Displacements of
the z-scan mirror broadened the PSF but this effect was less pronounced than in configuration
1 (Fig. 10C,D). A PSF with an axial FWHM between 2.6 and 7 µm could be maintained
throughout a z-scan range ∆z of 370 µm (Fig. 10C). As a consequence of the 2x magnification
by the telescope, this z-scan range required a displacement D of the z-scan mirror by only ca. 8
mm, resulting in an effective flyback time of ca. 12 ms (Fig. 9D).

Displacements of the z-scan mirror (D 6= 0) may broaden the PSF primarily because the devia-
tion from unity magnification between the z-scanning mirror and the specimen plane introduces
aberrations [96]. Alternatively, broadening of the PSF may be caused primarily by other fac-
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3. Multi-plane calcium imaging using a voice coil motor for z-scanning

tors, e.g., clipping of the beam at apertures such as the xy-scan mirrors, imperfect corrections
of lenses, or effects of planar components such as the dichroic on strongly divergent beams. To
examine whether deviations from non-unity magnification play a major role we replaced the 30
mm z-scan lens by a 20x objective identical to the objective of the LSM. The magnification
from the z-scan mirror to the sample was therefore increased from ca. 0.17 to 0.5 while most
of the beam path remained unchanged (Fig. 2C). Consistent with theoretical predictions (Eq.
2), axial focus shifts d were more sensitive to displacements of the z-scan mirror D but the
relationship remained linear (not shown). However, no obvious improvement of the PSF was
observed compared to the configuration using a 30 mm z-scan lens (Fig. 10C; dashed curve).
We therefore hypothesize that the resolution was limited mainly by imperfections of optical
components and/or by beam clipping at apertures, rather than by aberrations due to non-unity
magnification.

3.5 Multiphoton calcium imaging in the adult zebrafish brain

The performance of ZSUs in practical applications was tested by 3D multiphoton calcium imag-
ing of odor-evoked activity patterns in an ex vivo preparation of the adult zebrafish brain [53].
Calcium signals were measured in stable transgenic lines expressing the genetically encoded flu-
orescent calcium sensor GCaMP6f [68] under the control of a fragment of the neurod promotor
(Tg(NeuroD:GcaMP6F)icm05). To generate this line, the coding sequence of GCaMP6f was
amplified by PCR from plasmid pGP-CMV-GCaMP6F (Addgene) and used to generate pME-
GCaMP6F in a BP recombination reaction (Gateway system; Invitrogen). Subsequently, p5E-
NeuroD [104], pME-GCaMP6F, p3E-poly(A), and pDest-pA2 were recombined in a 3-fragment
LR reaction to generate NeuroD-GCaMP6f. This construct was injected into zebrafish em-
bryos at the 1-cell stage in the following mixture: 35 ng/µL Tol2 transposase mRNA, 25 ng/µL
NeuroD-GCaMP6F, 0.1 M KCl, 0.2% phenol red. F0 larvae were screened for fluorescence,
raised, and the transgenic insertion Tg(NeuroD:GcaMP6F)icm05 was identified in F1 larvae.
Imaging was performed in the olfactory bulb (OB) or in the posterior zone of the dorsal telen-
cephalon (Dp), the teleost homolog of olfactory cortex. These brain areas contain small neurons
(usually ≤ 10 µm) and have strongly curved surfaces.

Odors were applied to the nose using a custom-built odor delivery system. Fig. 11 shows
results obtained from the OB using a ZSU with configuration 1 (single-lens; fz = 30 mm).
Four planes with 512 x 512 pixels each were sampled at a volume rate of 7.5 Hz (Fig. 11A).
Spacing of the planes was not even because d(D) was nonlinear. The centers of the first and
last planes were separated by ∆zcenter = 75 µm. Because the planes were slightly tilted relative
to the optical axis, the z-scan range between the extreme points was higher (∆zfull = 105 µm).
Individual neurons could be clearly resolved in all planes. Expression of GCaMP6f was observed
in subsets of neurons including mitral cells, the projection neurons of the OB, and interneurons.
Characteristic neuropil regions of the OB, the olfactory glomeruli, were identified based on the
high density of neuronal processes.

Two odors (25 µM alanine [Ala] and food extract) were applied for 40 s each while data were
acquired continuously for 200 s. Previous studies analyzed responses to shorter odor presen-
tations [49, 105]. Long stimuli (>3 s) have not been used systematically but are likely to be
physiologically relevant [49, 71]. During each stimulus application, changes in fluorescence in-
tensity relative to the baseline before odor application (∆F/F ) were calculated for each pixel.
In these activity maps, individual somata and neuronal processes could be clearly resolved (Fig.
11B,C).

In order to analyze the dynamics of odor responses we defined regions of interest (ROIs) corre-
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3.6. Discussion

sponding to 182 somata and 33 glomeruli and determined the time course of fluorescence changes
(∆F/F ) in each ROI over the full 200 s. We then extracted the first three principal components
(PCs) from the time series of all ROIs (Fig. 11D). Each PC thus represents a fundamental com-
ponent of the dynamics of the population activity. We then computed the correlation coefficient
between the time course of the fluorescence in each pixel and each PC to obtain three correla-
tion maps per image plane, one for each PC. The three correlation maps were then combined
into single RGB images (Fig. 11E). The final RGB image therefore represents the dynamics of
the fluorescence signal in each pixel as a function of pixel location. This analysis showed that
PC1, which captured the time course of stimulus presentation, contributed strongly to responses
of glomerular neuropil regions. The temporally more complex PCs 2 and 3, in contrast, were
correlated mainly with responses of dispersed subsets of somata. Sharp morphological represen-
tations of individual neurons and even their processes could be resolved in correlation maps of
all four image planes. Similar results were obtained in additional experiments in the OB and
Dp (11 experiments in 3 fish). Together, these results demonstrate that volumetric multiphoton
calcium imaging with high resolution and signal-to-noise ratio can be achieved using a ZSU with
configuration 1 throughout a z-scan range of at least 100 µm.

Fig. 12 shows results obtained from anterior Dp using a ZSU with configuration 2 (telescope).
Nine sagittal planes, each with 512 x 256 pixels, were imaged at a volume scan rate of 6 Hz. The
z-scan range was ∆zcenter = 238 µm and ∆zfull = 267 µm (Fig. 12C,D), covering the full depth
of anterior Dp. Homogeneous expression of GCaMP6f was observed throughout anterior Dp.
Assuming a scattering length of ls = 200 µm [106], it is likely that scattering of the excitation
light compromised image resolution in the deep planes. Consistent with this assumption, the
apparent sharpness of images decreased slightly with depth. No obvious decrease in sharpness
was observed in the most superficial planes even though the displacement of the z-scan mirror D
was larger than for the deep planes. These observations indicate that scattering of the excitation
light had a larger influence on resolution than remote focusing. Overall, however, resolution
remained high throughout the full z-scan range because individual somata with diameters down
to 5 µm could be clearly resolved in all planes.

Two odors (25 µM Ala and food extract) were applied twice for 40 s each during continuous data
acquisition for 400 s. ROIs corresponding to 1507 somata (Fig. 12B) were outlined manually and
classified into four clusters by the k-means algorithm based on their fluorescence time courses.
The first and second clusters showed different excitatory on- and off-responses to the two odors
(Fig. 12E, red and blue) while the third cluster (green) was inhibited by both odors. Each
ROI was RGB-coded as in Fig. 5e based on the Pearson correlation coefficient between its
fluorescence time course and the mean time courses of the first three clusters. This analysis
allowed us to map the modes of the population response that are represented by the first three
clusters to somata throughout anterior Dp (Fig. 12B). While a band of neurons near the caudal
end of anterior Dp was primarily associated with cluster 2, no obvious topographic organization
was observed in other regions. Moreover, responses of individual ROIs were diverse and often
not closely associated with a single cluster (Fig. 12F). High spontaneous activity was observed
at intermediate depths but odor responses occurred throughout all planes. Similar results were
obtained in 64 experiments in 8 fish. These results demonstrate that ZSUs with configuration 2
allow for efficient multiphoton imaging of neuronal activity throughout large volumes.

3.6 Discussion

We developed simple and versatile methods for fast 3D multiphoton laser scanning microscopy
by remote focusing with a movable z-scan mirror. Imaging the z-scan mirror into the specimen
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plane with unity magnification can prevent aberrations [96] but imposes technical constraints.
We released the constraint of unity magnification and found that the resulting aberrations had
only minor effects on resolution throughout a large z-range. This enabled the development of
self-contained ZSUs that can be added onto standard LSMs. Using these ZSUs, the activity
of large numbers of neurons was measured in the intact zebrafish brain with high speed and
resolution.

The use of a voice coil motor permitted fast and precise displacements of the z-scan mirror over
large distances to produce focal shifts >500 µm. The speed allowed for axial sawtooth scanning
with effective flyback times of 5−15 ms, enabling highly efficient data collection. Using standard
8 kHz resonant scanners, 2D images with 256 or 512 lines can be acquired at ca. 60 or 30 Hz,
respectively. At a volume scan rate of 6 Hz it is therefore possible to acquire data from 9 image
planes with 256 lines or 4.5 image planes with 512 lines. The high speed and accuracy of voice
coil motors may also be exploited for fast long-range positioning of optical components in a
broad range of other applications [107, 108]. A voice coil motor with a smaller stroke length has
already been used in a similar optical setup, but for a different task. Instead for multi-plane
z-scanning, fast movements of the voice coil were used for field shaping [101].

Effects of remote focusing on the PSF were modest and appeared to be dominated by imperfec-
tions of optical components rather than by aberrations due to non-unity magnification. Using a
ZSU in configuration 2 (with telescope), broadening of the PSF was minimal within a commonly
used z-scan range of 100− 150 µm (50− 75 µm in each direction; Fig. 10C,D). A PSF with an
axial FWHM ≤ 7 µm was maintained throughout a z-scan range of ∼370 µm. Theoretically,
broadening of the PSF may be further reduced by detailed simulations and optimizations of opti-
cal components in the ZSU. However, at high imaging depth, resolution is typically compromised
by scattering of excitation light [106]. Further improvements of the PSF are therefore expected
to produce only minor practical benefits unless other limiting effects are also compensated.

Compared to piezo-based movements of the objective [88], z-scanning with a remote mirror has
the advantage that it is not limited by the inertia of the objective. This is particularly important
when heavy objectives are used to image large FOVs [109]. Moreover, no pressure variations
are transduced to the sample through the immersion medium. Unlike approaches using electro-
tunable lenses or acoustic gradient index lenses [89, 93], purely mechanical z-scanning avoids
imperfections of tunable components. 3D multiphoton microscopy of large volumes with optical
performance similar to ours can be achieved using AODs but this approach requires complex
equipment to compensate for undesired optical effects [92].

Our ZSUs have been developed primarily for multiphoton imaging of somatic calcium signals
throughout large volumes in the intact brain. To maximize photon collection in strongly scat-
tering tissue we accomodated large objectives in order to maintain a high effective NA. Homoge-
neous sampling throughout a volume was achieved using sawtooth-like scan patterns but other
scan patterns including 3D line trajectories could also be generated. The limiting scan frequency
of voice coil motors with large stroke is ∼100 Hz. In principle, frequencies in the kHz range could
be achieved using voice coil motors with smaller stroke when an objective is used as a z-scan
lens. However, such high frequencies are of interest mainly for line scanning, which can also be
performed using other methods [91, 92, 97]. Other approaches for fast homogeneous sampling of
large volumes are light sheet or light field microscopy [110, 111]. However, multiphoton scanning
microscopy is expected to provide higher resolution in a regime of strong scattering. Moreover,
unlike light sheet microscopy, it does not require optical access from different directions, which
is often difficult to achieve in vivo.

Besides optical performance and speed, important goals governing the design of our ZSUs were
simplicity, versatility and cost-effectiveness. All components can be obtained off-the-shelf at
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3.7. Supplement: Calculations based on linear Gaussian optics

a total cost of <2,500 EUR. Importantly, ZSUs can be added onto standard LSMs without
modifying the LSM itself, allowing for upgrades of existing instruments. We explored two pos-
sible configurations. Configuration 1 includes a single lens and is very compact. Because it
does not maintain telecentricity, optical performance depends strongly on the z-scan range and
z-scanning is not linear. However, these effects are modest within a z-scan range up to approx-
imately 150 µm. This design is therefore attractive for applications that require small z-scan
ranges. Configuration 2 contains a telescope and is slightly more complex. Scanning behavior is
linear, allowing for equal spacing of image planes, and optical performance is maintained over an
extended z-scan range. This design is therefore useful for a wider range of applications including
3D scanning of large volumes.

Multiphoton calcium imaging of neuronal activity patterns in the intact brain is an important
approach to analyze neuronal codes and information processing by neuronal circuits. ZSUs for
remote focusing provide a simple solution to extend multiphoton calcium imaging to the third
dimension without major compromises on optical performance or functionality. We measured
odor-evoked calcium signals in the intact zebrafish brain in multiple focal planes over long
periods of time. The signal-to-noise ratio and resolution were comparable to those obtained by
2D scanning. Even small neurons and neuronal processes could be resolved throughout large
volumes, confirming the efficiency of the approach in practical applications.

Simultaneous and dense measurements of odor responses from large numbers of neurons allowed
us to analyze the dynamics of neuronal population responses in the OB and Dp, and to map
fundamental components of the dynamics back onto individual neurons in 3D. In both brain
areas, we observed complex population dynamics without a straightforward topographic organi-
zation. These results provide a starting point for more detailed analyses of neuronal population
responses in the olfactory system. Moreover, they illustrate how 3D multiphoton calcium imag-
ing can address fundamental questions in neurobiology that are difficult to address by other
methods.

3.7 Supplement: Calculations based on linear Gaussian optics

3.7.1 Linear optics analysis of configuration 1 (single lens ZSU)

We introduce the Rayleigh length zR = πw2/λ, the complex beam parameter q(z) = z + izR,
which can also be written as 1

q(z) = 1
R(z) − i

λ
πw2(z)

, the propagation scheme for Gaussian beams

q1 = Aq0+B
Cq0+D

with the complex beam parameters of the incoming (q0) and outgoing (q1) beams,

and the linear propagation matrix of the system,
(
A B
C D

)
. The input beam is assumed to be

collimated, i.e., q0 = izR0, with zR0 depending on the beam width w0 via zR0 = πw2
0/λ. The

optical linear ABCD transfer matrix system of the single-lens configuration can be described as
follows, starting from the beam entering the z-scan lens (right) to the focus position after the
objective (left):

(
A B
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)
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(
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−2Df2o f
2
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2
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2
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2
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(7)
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3. Multi-plane calcium imaging using a voice coil motor for z-scanning

Using Gaussian beam optics and the ABCD propagation scheme, the displacement in the sample
can be calculated. We take advantage of the fact that the beam curvature is infinite at the
minimum of the beam waist, i.e., at the focal position. The condition for the focal position is
therefore that the real part of the inverse complex beam parameter, <(1/q1), be zero, which
yields a functional relation d(D). For the initial beam parameter q1 = izR as introduced above, it
can be assumed that zR is larger than any focal length, mirroring the assumption of a collimated
Gaussian beam as input to the system.

d = − 2Df2o f
2
2

f21 (f2z − 2Dxz)
(8)

If the ideal condition xz = 0 is not met, the relation d(D) is non-linear.

For this single-lens system, axial scanning can lead to prominent over- or underfilling of some
optical apertures, namely the back aperture of the objective. Using the respective part of the
ABCD transfer matrix, the beam size at the BFA can be calculated:

RBFA = R

(
f1
f2
− 2Dfof2

f1f2z
− 2Df1xz

f2z f2

)
(9)

with the beam diameter entering the system, R. The first term is the simple beam expansion
without axial scanning. The second term, independent of xz, introduces a slight dependence of
the BFA filling on the scanning position, whereas the third term, which vanishes for xz = 0,
shows a much stronger dependence for typical configurations.

An overview of the beam path for different focal shifts is given in Fig 8C.

3.7.2 Linear optics analysis of configuration 2 (ZSU with telescope)

The optical linear ABCD transfer matrix of the telescope system can be written in closed form:

(
A B
C D

)
=

− f1d
fof2
− 2Df ′21 fof2

f ′22 f1f
2
z

f ′2f1d
fof2

+
fof2(2Df ′21 +f ′2f

2
z )

f ′2f1f
2
z

− f1
fof2

f ′2f1
fof2

 (10)

Using Gaussian beam optics and the ABCD propagation scheme, the displacement in the sample
can be calculated as above:

d = −2
f2o f

2
2 f
′2
1

f21 f
2
z f
′2
2

D (11)

This solution is valid if the Rayleigh length zR of the input beam is much longer (order of many
meters) than the focal length of any of the used lenses. This is typically the case.

The beam diameter in the back aperture of the objective can now be computed:

RBFA = R

(
f1
f2
− 2Df ′21 fof2

f ′22 f1f
2
z

)
(12)

The first term represents the beam expansion by the telescope in the microscope and the second
term is small. Hence, displacements of the z-scan mirror have only minimal effects on beam
diameter, as illustrated in Fig. 8. The telecentric lens system therefore linearizes the dependence
d(D), prevents underfilling of the objective, and magnifies the scan range.
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3.7. Supplement: Calculations based on linear Gaussian optics

3.7.3 Modulation of the field of view

The dependence of FOV size on D can be computed and depends on the distance of the xy-scan
mirrors from the focal point of xy-scan lens and relay lens 2. Using the linear ABCD scheme, one
can calculate the expected size of the FOV based on the deflection angle β at the xy scanners,
taking into account the distance w between each scan mirror and the optimal position at the
focal points of the relay lens and the xy-scan lens:

FOV ≈ −fof2
f1

R

(
1 +

2f ′21
f ′22 f

2
z

Dw

)
β (13)

The first term for the expression of the FOV size arises from xy scanning. The second term
includes a linear contribution of z-scanning (D) and a linear contribution of the non-ideal dis-
tance between the scan-mirrors and the xy-scan lens (w). Due to the spatial separation of the
scan mirrors, w is different for x- and y-direction. Using the distance of resonant and galvo
scanners in the LSM employed (∆w ≈ 7 mm), one can predict the difference of the slopes of
the relationship FOV (w) in x- and y-directions (2f ′21 w/(f

′2
2 f

2
z ) ≈ 0.060/mm), which was found

to be in agreement with experimental observations (see Fig. 8D,E). Hence, the asymmetric
modulation of FOV size during z-scanning can be explained entirely by the fact that the x- and
y-scanners cannot be placed at the same position.
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Figure 13. Basic overview of wiring between hardware and data acquisition (DAQ) boards. The high-
performance Alazar 9440 DAQ board brings together both timing signals and signals from imaging sensors
(PMTs, PSD sensor). Each acquired data point is triggered by the amplified and delayed MaiTai laser clock
via the external clock option of the Alazar board at 80 MHz. Each scan line acquisition is triggered indirectly
by the sync signal of the resonant scanner, delayed by an NI 6321 DAQ board. Each frame is triggered via an
NI 6321 DAQ board, taking in consideration the line trigger to avoid image flipping. The NI 6321 DAQ boards
provide the control voltage for the resonant and non-resonant scanners, as well as for the Pockels cell. In addition,
they control the laser shutter, the photo diode used for laser power calibration and are in charge of the timing
of frame triggers, line triggers and Pockels cell commands with respect to each other on a microsecond timescale
(unlabeled wires). All DAQ boards are intalled in the same computer, although this is theoretically not required.
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3. Multi-plane calcium imaging using a voice coil motor for z-scanning

3.8 Supplement: Microscope wiring diagram

The external wiring of the microscope connects the hardware (resonant and non-resonant galvo
scanners, Pockels cell, photo diode for laser calibration, laser shutter, laser clock, PMTs and
other detectors, external software) via DAQ boards among each other or with the computer. A
basic wiring diagram is shown in Fig. 13.

To follow this wiring diagram, it is key to understand that for this microscope the NI 6321
DAQ boards take care of the scan control and the synchronization of lines, frames and devices,
whereas the high-speed Alazar 9440 DAQ board brings together the timing signals and the
amplified PMT signals. The Alazar board then transfers the raw data in junks of single frames
of, e.g., 512 lines with 4096 data points each, to the computer. The CPU of the computer is
then used to post-process the incoming data in a parallelized way (binning of pixels and flipping
of every second line for bidirectional scanning).

3.9 Supplement: A control software for resonant scanning
microscopes

In order to control the resonant scanning microscope, a semi-commercial software (Scanimage
4.2, www.vidriotechnologies.com, as a successor of the non-commercial software by Pologruto
et al. [103]) was used as a starting point. In recognition of this heritage, the software written
for the microscope described in this chapter was named ScanimageB. The adapters for stage
controllers and Pockels cell as well as the look and feel of the GUI are directly inherited from
Scanimage 4.2 (Fig. 14).

Under the hood, the main processing was re-designed from scratch. As a major difference,
instead of an FPGA DAQ board for on-DAQ board processing, an Alazar 9440 DAQ board for
laser pulse-timed acquisition at 80 MHz as well as NI 6321 DAQ boards for synchronization and
instrument control are used. The software takes advantage of parallelized processing in the CPU

Figure 14. ScanimageB basic user interface. The ’Main Controls’ window is kept very close to the original design
by Pologruto et al. [103]. Separate movable windows are used for detailed configurations, power control, control of
the slow microscope stage, fast z-control, channel selection (not shown) and synchronization with external devices
(not shown).
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3.10. Supplement: Laser modulation in 2D/3D using a Pockels cell
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Figure 15. Laser modulation in 2D/3D using a Pockels cell. A. Scheme of a simple (inverting) unity gain voltage
summer (’summing amplifier’). The three resistors have the same resistance; the operational amplifier must be
able to follow signals in the MHz regime (e.g., TL072, Texas Instruments). B. Example of output voltages. B1:
only fast modulation in x (time base of the oscilloscope, 25 ms). B2: modulation in x and for each frame in y
(time base, 25 ms). B3: modulation in x and y and over a volume consisting of 4 planes in z (time base, 50 ms).
C. Image of a region in Dp in adult zebrafish, neurons labeled with GCaMP6f:NeuroD. C1: no modulation of
laser intensity. C2: modulation of laser intensity in x and y with higher laser power in the top-right corner, while
keeping the average laser power the same as in C1.

for the heavy lifting that is done on the FPGA board in newer versions of original Scanimage.
The software of ScanimageB is available online and is partly commented, but not actively
maintained for external users (https://github.com/PTRRupprecht/Instrument-Control).

3.10 Supplement: Laser modulation in 2D/3D using a Pockels
cell

A Pockels cell can adjust the power of the transmitted laser beam on a microsecond timescale
and may therefore be used to modulate laser intensity in a, in principle, arbitrary pattern.
However, this pattern has to be generated by a DAQ board on demand without delay, e.g., each
time a scan line or a frame or a volume is started. To this end, the full waveform of the signal
must be stored on the on-board FIFO memory of the DAQ board. Typically, the on-board
FIFO memory can contain up to 4095 samples for a NI X-Series DAQ board. This is sufficient
to cover a line (64 µs), but not a frame (ca. 30 ms) or a volume (60–180 ms) with sufficient
temporal resolution (<1 µs per sample). As a consequence, laser intensity can be modulated in
the resonantly scanned direction (x-direction), but not in y and z.

A simple circuit can circumvent this problem and allow for laser intensity modulation in y and
z. This circuit brings together two inputs - fast modulation in x, and slow modulation in y/z -
and combines them by simple addition. This can be done by a summing amplifier, which can
be easily constructed with cheap components (Fig. 15A), or by a more expensive commercial
solution (e.g., BF-48DGX differential amplifier, NPI). The calibration curve I(V ), mapping the
voltage applied to the Pockels cell V onto the transmitted intensity I is only locally linear, but
a simple summation of the two inputs is in most cases a useful approximation.

In practice, two waveforms (a fast one for modulation in x, and a slow one for modulation in y
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3. Multi-plane calcium imaging using a voice coil motor for z-scanning

and z) are generated independently with different DAQ board output channels and afterwards
combined using the summing amplifier circuit (Fig. 15B).

Additional slow modulation is not only mandatory for z-scanning where different depths of
the tissue are sampled, but also when the brain tissue is sectioned such that neurons both
close below the surface and in deeper regions are imaged within the same imaging plane (Fig.
15C). Increasing the laser intensity for deeper locations allows for more homogeneous image
quality across the field of view (Fig. 15C) and provides one example use case for laser intensity
modulation in 2D/3D.
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Chapter 4

Inference of spike rates using
convolutional neural networks

This chapter is based on an algorithm that is part of a published paper and described in detail in
section 4.2. The algorithm was developed by Stephan Gerhard and myself, the description of the
algorithm in the paper was written by myself. All other sections of this chapter are unpublished
and provide further analysis of the proposed algorithm.

Berens, P., Freeman, J., Deneux, T., Chenkov, N., McColgan, T., Speiser, A., Macke, J.H.,
Turaga, S.C., Mineault, P., Rupprecht, P., Gerhard, S., Friedrich, R.W., Friedrich, J., Panin-
ski, L., Pachitariu, M., Harris, K.D., Machado, T.A., Ringach, D., Stone, J., Rogerson, L.E.,
Sofroniew, N.J., Reimer, J., Froudarakis, E., Euler, T., Roman-Roson, M., Theis, L., Tolias,
A.S., Bethge, M. (2018). Community-based benchmarking improves spike rate in-
ference from two-photon calcium imaging data. PLoS Computational Biology, 14(5),
e1006157.

4.1 Introduction

Calcium imaging allows to record the activity of many neurons almost simultaneously. However,
the recorded fluorescence signal is only an indirect readout of the underlying spiking activity,
low pass-filtered by slow intracellular calcium dynamics and binding kinetics of the fluorescent
calcium indicator [68, 112].

To analyze neuronal activity with sub-second timing, computational methods are required to
infer the spiking activity from slow fluorescence recordings. Generally, algorithms that have been
designed to address this problem can be divided into model-based and supervised approaches.

Model-based techniques assume certain kinetics of spike-triggered calcium release and of calcium
binding kinetics for a specific condition and calcium sensor, as well as a certain signal-to-noise
level, and use these constraints to extract approximate spike rates or spike times [66, 79, 91,
113–117]. Supervised techniques, on the other hand, largely ignore the molecular details of
the problem and use a ground truth of fluorescence transients and action potentials recorded
simultaneously using calcium imaging and cell-attached extracellular recordings, respectively, to
distill the relationship between fluorescence and spike rates via supervised training [118, 119].

The Spikefinder competition (spikefinder.codeneuro.org) was an open competition organized
by Philipp Berens, Jeremy Freeman, Matthias Bethge and others, running from November 2016
until May 2017. The competition provided ten ground truth training datasets recorded from
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Figure 16. The basic convolutional neural network. A,B. The spiking ground truth was smoothed to facilitate
gradient descent. C. A 1.28 sec time window of the calcium trace was used to infer the spiking probability for
each time point. D. The N inputs were transformed using a neural network with three convolutional layers. The
numbers in the boxes indicate the output size of the respective layers.

different laboratories and under different conditions. For five of those datasets, a fraction of the
recordings were withheld and lateron used as test datasets for the submitted algorithms.

Ten different researchers or research labs contributed algorithms that performed better on the
test dataset than two state-of-the-art algorithms according to pre-defined metrics. A supervised
algorithm submitted by myself, Stephan Gerhard and Rainer Friedrich was awarded a first prize
based on its performance in the competition. The details of the competition and its results are
described elsewhere [64]. The following pages describe the basic algorithm (Elephant). This
part is also included in the supplementary information of Berens et al. [64].

In addition to this description, additional description and analysis of the Elephant algorithm is
provided: Examples of predictions for a variety of calcium imaging datasets is shown in section
4.3; the dependence of prediction accuracy on the signal-to-noise of the calcium recording is
illustrated in section 4.4; and the computational demands on spike predictions are discussed in
section 4.5. Finally, the out-of-dataset generalization of the proposed convolutional neuronal
network is investigated in section 4.6, a key question not covered by the competition. Together,
this allows to better understand how well the network performs on new calcium imaging data
without ground truth.

Complementary to this analysis, the Elephant algorithm was also used by Pachitariu et al. [120]
as a state-of-the-art algorithm based on deep networks for benchmarking against a model-based
algorithm.

The code of the algorithm is available online, together with additional documentation and
example datasets (https://github.com/PTRRupprecht/Spikefinder-Elephant).

4.2 Description of the convolutional network Elephant

In order to infer a spike rate for time bin t (Fig. 16A), the calcium trace located around t
was used, including 25% before and 75% after t, totaling to 128 samples, i.e., 1.28 sec (Fig.
16C). A convolutional neural network was trained to use these 128-wide windows to predict
the corresponding spiking probability. To facilitate gradient ascent, we smoothed the discrete
spiking ground truth with a Gaussian filter (σ =

√
2 samples, Fig. 16B).

We implemented the convolutional neural network in Python using Keras with the Tensorflow
backend [121, 122] (see Fig. 16 for the network architecture). The convolutional filter size,
particularly for the first layer, was chosen rather large, since simple CNNs with 3 or 4 convo-
lutional layers with small input filter sizes (3, 5 or 7) performed poorly. No zero-padding was
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Figure 17. Using embedding spaces to choose datasets for focused retraining. A. Matrix of mutual predictive
power, measured using the Pearson correlation coefficient between prediction and ground truth. B. Same as (A),
but normalized for columns and binned to datasets. C. Principal component analysis applied to (B), keeping the
first two PCs. D. Statistical parameters quantified for single neurons, standardized. E. Same as (D), but binned
for datasets. F. 2D principal component space generated using (E). Symbols with numbers to the right are from
training datasets, used to span the PCA space; symbols with numbers to the left are from the test dataset and
were projected into the PCA space.

used. The numbers of filters were chosen to increase with depth in order to allow for a larger
capacity to represent higher-order features. Standard relu activation units were used after each
convolutional and dense layer, except for the last dense layer, where a linear activation was used
to allow the output of continuous spiking probabilities.

All parameters were chosen based on intuition gained through a small exploratory hyperpara-
meter study using diverse 3- and 4-layer CNNs with varying filter sizes, filter numbers and input
window sizes. Overfitting was controlled by randomly omitting single neurons from the training
data and checking predictive performance of the CNN model for the respective omitted neuron.

Although the above-described CNN performed well when it came to fitting single datasets of
the ground truth, one single model trained on all datasets usually performed not as well for any
of the datasets as the same CNN trained on the respective dataset alone. To better understand
this, it was quantified how well a model that had been fitted to predict spikes for neuron i can
make the same kind of predictions for neuron j. To this end, a low-capacity CNN (with two
locally connected convolutional layers and one dense layer) was fitted for each neuron i. The
small size of the network together with a high dropout rate during training (50% after each layer)
was used to prevent overfitting. This model was then applied to predict spiking probabilities
both for neuron i and all neurons j 6= i, resulting in a matrix of ’predictive power’ (measured
with the Pearson correlation coefficient between prediction and ground truth, identical to the
evaluation of the spikefinder competition computed (Fig. 17A). For instance, row 55 shows
how well spikes of neuron 55 can be predicted by the networks generated by all other neurons.
Column 55, on the other hand, shows how well the model generated by neuron 55 can predict
spikes of other neurons. The 5% neurons that were worst at predicting their own spiking were
discarded from the following modeling, assuming bad recording quality that is not suited for
inclusion into a training dataset.

Normalization over columns, symmetrization of the matrix and averaging over datasets yields a
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4. Inference of spike rates using convolutional neural networks

matrix of predictive power, i.e., a matrix of proximity in prediction-space between datasets (Fig.
17B). A PCA of this matrix results in an embedding space that was limited to two dimensions
due to the low number of datasets. Datasets close to each other in the embedding space (e.g.,
2 and 4) can predict each other’s spikes very well, whereas datasets distant from each other in
space (e.g., datasets 4 and 5) fail to do so.

Using this approach, it is however not yet possible to map a neuron of a new dataset of unknown
properties onto the right location of the embedding space above. To solve this problem, the
following statistical properties of the raw calcium time traces were calculated (Fig. 17D):

• Coefficient of variation

• Kurtosis

• Skewness

• Autocorrelation of the calcium time trace with its future value in 0.5, 1 and 2 seconds

• Generalized Hurst exponents of order 1–5

• Power spectral density at different frequencies between 0.1 and 3.6 Hz

We did not attempt to find a minimal set of predictive properties to reduce computation time
here, but used dimensional reduction techniques to automatically extract the relevant indepen-
dent components. After averaging the standardized values over datasets (Fig. 17E), we used
the two first principal components to generate a map of proximity in statistical property space
(Fig. 17F). This map was generated using the training datasets (numbers located on the right
side of the symbols). Test datasets were mapped into this PCA space (numbers on the left side
of the symbols).

To generate a mapping between the locations of the datasets in the two embedding spaces,
a simple regressor (DecisionTreeRegressor from the scikit-learn package, [124]) was fit to the
training datasets (schematic arrows in Fig. 17C,F). We then used this mapping to determine
the position of the test datasets in the embedding space of mutual predictive power.

Once the position in the embedding space is known for a dataset, the model that had been
trained before on all datasets is retrained, but preferentially with neurons from datasets that
lie close to the position in the embedding space. This preference was weighted with a function
that decays exponentially over distance in the embedding space, as indicated by the red shading
(Fig. 17C). Again, the functional form of the decay and the decay constant have been chosen
heuristically without systematic optimization, since our goal was to showcase the power of our
embedding space approach rather than finding a global optimum.

Embedding spaces as a visual and explicit intermediate step for model refinement are more easily
accessible for users, allow the use of relatively small convolutional neuronal networks and can
highlight similarities and differences between datasets. For example, it is interesting to see that
in both embedding spaces, datasets 3 and 5 cluster together, whereas dataset 8, which uses the
same calcium indicator (GCaMP6s) in the same brain region (V1), is in proximity of dataset 6
(GCaMP5k in V1). It was also observed that the datasets that use OGB-1 as indicator (1, 2
and 4) tend to occupy similar regions of the embedding spaces.

This indicates that model selection is not only based on the calcium indicator and the brain
region, but on hidden parameters, e.g., signal-to-noise of the calcium recording, sampling rate,
spike rate, temperature, indicator concentration, or others. To reliably comprise these possible
hidden parameters with embedding spaces, it will be necessary to increase the number of datasets
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10 sec

10 sec

10 sec

Mouse V1 neurons (Allen Brain observatory)

Adult zebrafish in vivo (forebrain)

Adult zebrafish ex vivo (forebrain)

Figure 18. Examples of calcium recordings (red) and the respective deconvolved traces (black). The calcium
imaging traces were pre-processed as described by Berens et al. [64] (detrending and normalization). Deconvolved
traces indicate predicted spike rates in arbitrary units that were, however, equally scaled for all neurons and
datasets. Neurons and time windows were selected randomly from large, high-quality datasets. Top. Data
imaged in mouse V1 from a publicly accessible dataset (Allen Brain Observatory Visual Coding dataset, described
by de Vries et al. [123]), recorded with GCaMP6f-expressing neurons at a temporal resolution of 30 Hz. Middle.
Calcium imaging data from zebrafish forebrain neurons expressing GCaMP6f (neuroD-GCaMP6f, described by
Rupprecht et al. [63]), imaged through the skull in vivo at a temporal resolution of 30 Hz (data courtesy Kuo-Hua
Huang). Bottom. Calcium imaging in zebrafish forebrain neurons expressing GCaMP6f (neuroD-GCaMP6f),
imaged ex vivo in the dorsal forebrain at a temporal resolution of 28 Hz.
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4. Inference of spike rates using convolutional neural networks

in order to support as many possible types of datasets as possible. However, the unknown
dimensionality of this hidden parameter space makes it difficult to predict how many datasets
would be required.

4.3 Performance on unseen datasets

To illustrate how the Elephant algorithm performs qualitatively on unseen datasets, we applied
it to three different calcium imaging datasets, acquired in mice or zebrafish. Example traces
of calcium recordings together with the deconvolved predictions are shown and described with
more detail in Fig. 18.

4.4 Prediction accuracy as a function of signal-to-noise

To understand how the noisiness of the recorded calcium data affects the performance of the
proposed spike rate-inference algorithm, we took advantage of a small fraction of the Allen
Brain Observatory dataset (provided by the Allen Institute for Brain Science (2016) via http://

observatory.brain-map.org/visualcoding, described by de Vries et al. [123]). This dataset
contains calcium recordings of high quality and signal-to-noise. By adding Gaussian noise on
top of this signal, we can coarsely emulate a noisy recording. Realistic noise for calcium imaging
is typically Poisson-distributed, but becomes approximately Gaussian by averaging over time
and over the pixels of a ROI.

Next, we assumed that the standard deviation of the raw calcium traces is a measure of ’Signal’
and took the standard deviation of the Gaussian noise which we superimposed as ’Noise’. Then,
we deconvolved calcium traces with different superimposed noise levels using the Elephant al-
gorithm. To evaluate prediction accuracy, we computed the correlation coefficient of the spike
rate predictions of the calcium traces with and without noise. This procedure was performed
for 30 randomly selected neurons and 12 imposed noise levels for each neuron. For example, a
high correlation close to 1 (y-axis in Fig. 19) indicates that the performance of the algorithm
was not strongly affected by the noise.
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Figure 19. Degradation of spiking predictions as artificial Gaussian noise is added on top of the calcium
recording. Predictions become clearly worse when the SNR drops below a level of 0.5–0.7. Each data point
represents a single neuron-noise level pair.
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Figure 20. A single neuronal trace from the Allen Brain Observatory dataset (top row, left) together with
the spiking predicted by the Elephant convolutional network (top row, right). The rows below illustrate how
the predictions degrade as calcium recordings become noisier. The numerical values to the left indicate the
quantitative values that contribute to the plot in Fig. 19 for this neuron.

The curve in Fig. 19 is dropping steeply at a SNR of 0.5–0.7, with the SNR as defined above.
Fig. 20 shows an example neuron with different noise levels and the respective predicted spik-
ing to illustrate the SNR values that are sufficient to recover the spiking predictions from an
unperturbed calcium signal.

4.5 Inference speed and demands on computer hardware

One concern about the use of convolutional neuronal networks for spike rate prediction is the
high computational and temporal requirements to perform predictions. For example, a factor
of ∼100 was observed between the computing times for the Elephant algorithm and a method
not based on deep networks [120]. To benchmark the network in a realistic scenario, we used
different (not high-end) hardware configurations to test the processing speed of the network.

First, we used a common work-horse laptop without GPU support (Lenovo Thinkpad laptop,
Intel i7-4600M CPU at 2.9 GHz on 64bit Windows 7, running Python 3.5 with Tensorflow 1.6)
to predict spikes for a set of small datasets (ca. 20-40 neurons per dataset, 267 seconds per
neuron sampled at 30 Hz; data courtesy Kuo-Hua Huang). Loading the data into the RAM,
preprocessing (linear detrending and normalization as described by Theis et al. [119]) and saving
the predictions to disk was benchmarked separately (blue) from the predictions inferred by the
convolutional network (magenta, Fig. 21).

In a second scenario, we used a powerful desktop computer without GPU support (custom
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Figure 21. Benchmarking of time spent on predictions (magenta) and processing overhead with different hard-
ware configurations. Left: Lenovo Thinkpad laptop, Intel i7-4600M CPU at 2.9 GHz on 64bit Windows 7,
running Python 3.5 with Tensorflow 1.6. Middle: Custom desktop PC, Intel Xeon E3-1231 v3, 4x 3.4 GHz, on
64bit Ubuntu 16.04 running Python 3.6 with Tensorflow 1.7. Right: Same custom desktop PC, but using a Palit
GeForce 750 Ti GPU instead of a CPU.

desktop PC, Intel Xeon E3-1231 v3, 4x 3.4 GHz on 64bit Ubuntu 16.04, running Python 3.6
with Tensorflow 1.7).

Finally, we used the same desktop computer, but also taking advantage of a moderately strong
GPU (Palit GeForce 750 Ti) to speed up the convolutional network (Fig. 21).

Whereas CPU-based configurations performed rather poorly, the intermediately strong GPU
sped up the predictions by a factor of more than 10 compared to the laptop/CPU configuration,
such that the overhead (blue) reached a level comparable to the time spent by the network
(magenta, Fig. 21). This results in a total time of 2.3 ms or 4.7 ms per neuron per second for
the predictions only or together with the processing overhead, respectively. In theory, this would
allow for almost real-time spike-inference of a large neuronal population. Our results therefore
indicate that the convolutional networks might not be the bottleneck even for systems without
high-end GPU support.

4.6 Generalization of predictions to unseen datasets

A serious limitation of the Spikefinder competition was the lack of testing for generalization
to unseen datasets, i.e., all datasets which were used to test the algorithms had already been
covered by the training datasets [64]. Although the test datasets did not directly overlap with
the training datasets, it is likely that algorithms that were trained on the training datasets
would perform better on the test datasets than on datasets that are completely unrelated to
datasets used during training. In theory, the design of the competition would have allowed to
train separate algorithms for each dataset (Fig. 22A). Those algorithms would probably not
generalize well to new datasets. This limitation has been identified as an important consideration
when applying the algorithm to data where no ground truth is available [120].

To estimate how prediction performance drops for unseen data, we retrained the network from
scratch, using all ground truth data from, e.g., datasets 1 and 3-10, and lateron tested the
network’s prediction performance on dataset 2, and likewise for all other datasets (see Fig.
22B).

Then, we tested the performance of the network according to Berens et al. [64] for both con-
ditions, when trained 1) on all training datasets and 2) on all but the training dataset that
corresponds to the respective test dataset. We observed only a very small and not statistically
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Figure 22. Generalization error of the convolutional neuronal network Elephant for unseen data. A. The design
of the Spikefinder competition would allow to train separate algorithms for each dataset. These algorithms would
fail to generalize. B. Generalization can be tested by training the algorithm on all datasets except the one used
for testing. C. For each dataset, predictions from the network that was trained on all data (left) is compared
to predictions from the network that was trained on all data but the one from the respective training dataset.
Absolute differences are indicated on top, together with an indication whether the difference was statistically
significant (Wilcoxon signed-rank test, p > 0.1 for all datasets). For all datasets pooled together, the difference
was borderline significant (p = 0.060, Wilcoxon signed-rank test), with an effect size (difference) of 0.016± 0.016
(pseudomedian ± 95% confidence intervals).

significant performance drop for the networks not trained on the respective training dataset,
compared to the networks trained on all training datasets (Fig. 22C; p = 0.060 for the pooled
datasets, Wilcoxon signed-rank test, effective difference 0.016 ± 0.016, pseudomedian ± 95%
confidence intervals).

Based on this analysis, we conclude that spike predictions for calcium recordings from unseen
datasets are only slightly worse than predictions for unseen traces from datasets that have
been used for training. This strongly suggests that predictions from this algorithm based on
convolutional neuronal networks generalize well and can be applied to unseen data.

4.7 Discussion

In this chapter, we have described the Elephant algorithm for the inference of spike rates from
calcium imaging traces. As described in more detail by Berens et al. [64], this algorithms is
among the best-performing algorithms to tackle this problem. In addition, it is likely that spike
predictions cannot be improved much further unless much larger and higher-quality ground truth
datasets are recorded [64].

In addition to the description of the algorithm, we have illustrated how the algorithms performs
on unseen data for mouse V1 and zebrafish and how the prediction quality degrades with decreas-
ing SNR of the calcium recordings. Moreover, we have benchmarked the Elephant algorithm
on a set of different computer hardwares and observed a processing time by the deep network
that is not large compared to a typical processing overhead, even when using GPUs that are
not state-of-the-art. Finally, we quantified the performance of the algorithm for out-of-dataset
generalization and observed only a minor performance decrease compared to the within-dataset
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generalization tested by the Spikefinder competition.
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Chapter 5

Further anatomical and functional
analysis of the olfactory system in

zebrafish

During the last decade, Dp, the zebrafish homolog of the mammalian olfactory cortex, has been
studied intensely by both developmental biologists [46, 47] and neurophysiologists [48, 71, 72],
as reviewed in more detail in section 1.2. However, future studies of Dp would benefit from the
closure of a few gaps in the accumulating knowledge.

First, the only available anatomical atlas of the adult zebrafish brain [29] provides little detail
about telencephalic areas of zebrafish including Dp. In this chapter, I will highlight evidence
from functional experiments using calcium imaging as well as anatomical results that allow (1) to
delineate not all but some boundaries of Dp and (2) to compile a working model of subdivisions
of Dp.

Second, patterns of sensory input transmitted from the olfactory bulb (OB) to the olfactory
cortex homolog Dp have been studied extensively [25, 32, 34, 35, 70, 105, 125, 126], which
provides important opportunities to examine higher brain functions. From previous studies [34,
66], the assumption emerged that firing patterns in mitral cells (MCs), the output neurons of
the OB, are highly reproducible over repeated stimulus presentations, but this has not yet been
examined thoroughly. Here, I will show evidence indicating that MC responses are indeed stable
over repeated stimulus presentations, but with the first trial standing out. This finding is part
of a peer-reviewed publication that investigates adaptation and variability not only in OB, but
also in a sub-area of Dp [50]. My contribution to this publication consisted in the acquisition of
calcium imaging data in MCs using the multi-plane scanning technique described in chapter 3,
and pre-analysis of the data. Section 5.1 closely follows the respective section in the publication.

Jacobson, G.A., Rupprecht, P., Friedrich, R.W. (2018). Experience-dependent plasticity
of odor representations in the telencephalon of zebrafish. Current Biology, 28(1), 1-14.

5.1 Adaptation and variability in the zebrafish olfactory bulb

We measured odor-evoked activity patterns by multiphoton calcium imaging in an ex vivo prepa-
ration of the adult zebrafish brain and nose [53]. The same odor stimulus (an individual amino
acid, 10−4 M, or a bile acid, 10−5 M; 3 s duration) was applied 5–10 times at a fixed inter-
stimulus interval (ISI) of 2 min. Responses of individual neurons were quantified by the relative
somatic fluorescence change (ΔF/F0) within a 1.5 s time window encompassing the peak of
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Figure 23. GCaMP5 fluorescence in four optical planes in the olfactory bulb, separated by 20 µm in z. Planes
were imaged near-simultaneously at an effective volume rate of 7.5 Hz using the volumetric scanning method
described in chapter 3. For presentation purposes only, images were pre-processed using contrast-limited adaptive
histogram equalization followed by spatial smoothing. Yellow arrows depict examples of mitral cell somata; not
all somata are marked.

the population response. Importantly, no odor stimulus was presented prior to the first trial in
the first experiment. Datasets comprising multiple fish included different odors to minimize a
possible odor-specific bias.

Recordings of odor-evoked activity patterns in the OB of adult zebrafish were performed in a
transgenic fish line [111] expressing the genetically encoded calcium indicator GCaMP5 [127]
under the control of an elavl3 (HuC) promoter fragment that directs expression to MCs [128]
(Fig. 23). As observed previously [32, 34, 48, 49, 129], odors stimulated specific subsets of
MCs (Fig. 24A,B). The mean response amplitude in the first trial was significantly larger than
the mean response in subsequent trials, which were indistinguishable from each other (n = 281
MCs; 7 experiments in 5 fish; one-way ANOVA; p = 0.026; Fig. 24C). The fit of an exponential
adaptation curve had a time constant shorter than the inter-trial interval (τ = 1.4 min) and
an asymptote at 61% of the initial response (Fig. 24D). The amplitude of the MC population
response therefore decreased after the first trial but remained stable thereafter.

Consistent with previous observations [34, 66], the pattern of activity across the population of
MCs was highly reproducible in successive trials. The similarity of population responses was
quantified by the Pearson correlation coefficient (Fig. 24E), a measure that is independent of
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Figure 24. Responses of mitral cells to repeated odor stimulation. A. Calcium signals (ΔF/F0) evoked in the
glomerular/mitral cell layer of the OB by repeated odor stimulation (His, 10−4 M; ISI = 2 min; trials 1, 2, and
5). Grayscale image shows raw fluorescence. See also Fig. 23. B. Top: time course of somatic calcium signals of
three MCs during trials 1, 2, and 5. Black bar depicts odor stimulus. Bottom: time courses of somatic calcium
signals of 64 randomly selected MCs, sorted by response magnitude in trial 1. C. Mean response time course of all
MCs in trials 1–8 (n = 281 MCs from 7 experiments in 5 fish). Shaded area shows time window used to measure
response amplitude. D. Mean response amplitude as a function of trial number across experiments, normalized
in each experiment to the mean response amplitude across trials. Continuous black line shows exponential fit;
dashed line shows asymptote. Only the first trial had a significantly larger response amplitude (one-way ANOVA;
df = 7, F = 2.98, p = 0.026). E. Mean correlation between odor-evoked activity patterns (upper triangle) and
between pre-stimulus activity in the same trials (lower triangle). F. Bars indicate mean correlations between
activity patterns in the first trial and subsequent trials (right) and correlations between subsequent trials. Gray
lines indicate individual experiments (n = 281 MCs from 7 experiments in 5 fish; correlations of trial 1 versus
trials 2–8: 〈r〉 = 0.78± 0.13; within trials 2-8: 〈r〉 = 0.89± 0.05 (p = 0.017; paired t-test; n = 7 experiments).

the mean response amplitude. The mean correlation across all trial pairs and experiments was
〈r〉 = 0.86 ± 0.07 (mean ± SD) (Fig. 24E, upper triangle). However, the correlation between
activity patterns in the first and subsequent trials (〈r〉 = 0.78 ± 0.13) was significantly lower
than the correlation between subsequent trials (trials 2–8; 〈r〉 = 0.89 ± 0.05; p = 0.022; n =
7 experiments; Fig. 24F). Hence, the first response pattern in a series of trials had a unique
component. Pattern correlations between activity patterns before stimulus onset were close to
zero (Fig. 24E, lower triangle; 〈r〉 = 0.11 ± 0.09). Together, these results confirmed that MC
odor representations exhibit high stability, particularly after the first trial.
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Together, these results show that changes of OB responses across repetitions of the same stimulus
are only modest, with the exception of the first stimulus exposure, which evoked stronger and
slightly different activation patterns. Similar experiments to analyze variability and adaptation
were also conducted in a subregion of Dp, but are reported elsewhere, together with a more
involved discussion of the above results by Jacobson et al. [50].

5.2 Functional definition of the boundaries of Dp

The approximate location of the zebrafish homolog of olfactory cortex (Dp) has been described
before [29, 48], but a precise description of its extent and boundaries is still lacking. Olfactory
cortex is typically defined as the cortical areas that are directly targeted by axons of OB pro-
jection neurons [12]. Here, we will refine existing ideas about the location and boundaries of Dp
[48] by functional measurements in an ex vivo preparation (as described before, [48, 53, 71]).
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Figure 25. Functional boundaries of Dp. OGB-1 injected in Dp and its surrounding brain areas of an ex vivo
preparation of the adult zebrafish brain, seen in anatomical view (left) and as a ΔF/F map indicating neurons
responsive to odor stimuli (averaged over a 3 s time window during stimulus response). A horizontal section is
imaged in variable depths d, measured from the ventral surface of Dp. In anterior Dp (aDp), responses are clearly
spatially delimited by a compact line of somata (white arrowheads).

We injected the synthetic calcium indicator OGB-1 unilaterally into Dp and the surrounding
brain areas as described previously [48] and measured neuronal responses towards strong odor
stimuli (food extract) in Dp and the surrounding brain areas using calcium imaging (Fig. 25,
representative example planes from 9 planes in total, and from 1 out of 3 fish with similar re-
sults). Interestingly, neurons responded vigorously both in anterior and posterior Dp (separated
by a large medio-lateral blood vessel, darker area in Fig. 25), both in ventral-most and more
dorsal neuronal layers in posterior Dp. However, a clearly defined stripe of odor-responsive
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neurons in aDp (white arrowheads in Fig. 25) separated the forebrain into responding (poste-
rior/ventral from this stripe) and non-responding (anterior/dorsal from this stripe) areas. This
clear delimitation is consistent with a coarse anatomical atlas of the adult zebrafish brain [29],
but provides a cleaner picture. Anterior Dp (aDp) can thereby be clearly defined as an elongated
and tapering brain area that is delimited by a surface of tightly clustered cell bodies (see also
section 5.3).

On the other hand, this functional characterization did not yield any evidence for a delimitation
of posterior Dp, i.e., Dp posterior to the blood vessel, in the ventro-dorsal direction. According
to Wullimann et al. [29], posterior Dp is delimited from Dl in the ventro-dorsal direction, but we
did not see a sudden decrease of responsiveness like for the aDp boundaries and were therefore
unable to delimit pDp and Dl based on this functional characterization.

5.3 Anatomical characteristics of Dp

To complement the functional description, we performed an anatomical exploration of the bound-
aries and subdivisions of Dp, based on injected dyes or available transgenic lines. Here, we
briefly present key results and a working model of subdivisions of Dp which we derived from
these anatomical experiments. All experiments were performed by recording nearly complete
and high-resolution 3D stacks of Dp with the two-photon microscope described in section 3 in
ex vivo brains of adult zebrafish. Typically, stacks were recorded with a step size of ∆z = 2.5
µm and a lateral pixel size of 0.2–0.7 µm.

Fig. 26A shows an exemplary sagittal section (cf. section 2.3) imaged in a transgenic adult
zebrafish expressing the glia cell marker GFAP [75, 130]. Due to the eversion of the ventricles
in the zebrafish brain during development [47] somata of glia cells were found to sit at the outer
boundary of the brain, projecting long processes in the dorso-ventral direction into the brain -
possibly a scaffold for the migration of neurons and neurites in Dp (Fig. 26).

Similar to the glia-labeled neurons, transgenic lines expressing markers of glutamatergic neurons
(vesicular glutamate transporter 2a, vglut2a) [131] strikingly featured dorso-ventral fibers as
well, presumably neurites of glutamatergic neurons that were aligned along the same direction
as the processes of glia cells (Fig. 26B,C). In addition, a horizontal band of neurons ca. 150
µm from the ventral surface (i.e., bottom in Fig. 26B,C) expressed vlgut2a more strongly than
neurons in the ventral-most layer.

These expression patterns of vlgut2a and GFAP highlight the striking dorso-ventral structures
that are best seen in a sagittal section. As a sidenote, these dominant dorso-ventral linear
structures are also reflected in the orientation of blood vessels (data not shown).

In addition, we also performed un-biased anatomical stainings by injection of sulforhodamine
B into Dp. Sulforhodamine B is taken up by glia cells, but not by healthy neurons [132]
and therefore allowed us to visualize somata as shadows in a matrix of bright neuropil (see
Fig. 26D for a typical result). As a first observation, reflecting the functional experiments
in section 5.2, a clear and compact boundary delimiting aDp could be identified (Fig. 26E).
A clear boundary between a ventral and dorsal part of pDp as seen in Fig. 26B,C could not
be identified unambiguously but could be inferred using the knowledge obtained with vlgut2a
labeling (Fig. 26D,E). Repetition of this unbiased sulforhodamine-staining of the extracellular
space with several fish (n = 7) showed that the main features of Dp are conserved across the
fish, but are often deformed, relocated or resized, depending on the developmental state and the
transgenic background of the respective fish (data not shown).
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Figure 26. Anatomical characteristics of Dp. A. Sagittal two-photon section of Dp (bottom of the image
corresponds to a more dorsal location, top is ventral, right is caudal, left is rostral) in a GFAP-GFP line expressing
in glia cells. B. Same perspective as in (A) onto a zebrafish brain expressing GFP in glutamatergic neurons. C.
Zoom-in of (B), slightly different z-plane. D. Wildtype fish line viewed from the same perspective as in (A),
after pressure-injection of sulforhodamine B into the extracellular space. E. Same image as (D) with suggested
subdivisions of Dp as an anatomical working model of Dp.

Despite these limitations due to natural variability, our experiments allowed to create a tentative
working model of the substructures in Dp (Fig. 26E): aDp is clearly delimited by a compact
surface of neurons in the ventro-dorsal direction (gray); pDp seems to be divided in a ventral
(green) and a dorsal part (blue) as indicated by vglut2a expression and pure anatomy; Dl is
located dorsally from pDp (red) according to Wullimann et al. [29]; large radial glia cells populate
the brain surface and project into the dorso-ventral direction (pink).

In addition, anatomy also shows that the ventral part of pDp possibly contains a small subdi-
vision of densely packed small somata at the ventral surface of the brain, which has previously
been named NT [29] (data not shown). Furthermore, the fluorescence patterns of transgenic
lines expressing glutamatergic or diverse interneuron types (data not shown) indicate that there
is a dorso-ventral fiber bundle that is possibly anatomically distinct from the rest of Dp (see
Fig. 26E).

Finally, as schematically illustrated in Fig. 26E, the large somata in the dorsal part of pDp
together with the specific glutamatergic expression pattern (Fig. 26B,C) would support the
hypothesis that these are the principal neurons of Dp and therefore homologous to pyramidal
cells in the piriform cortex, possibly engaging in an auto-associative network. However, it is
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not clear whether these observations and the appearance of layered structures (Fig. 26C) are a
reflection of the layered mammalian olfactory cortex or a mere coincidence.

These anatomical observations and the associated working model provide a starting point that
can in the future be refined or falsified by studying projection or expression patterns as well as
functional properties of Dp in more detail.

5.4 Discussion

Here, we have shown that odor responses are stable across stimulus repetitions in mitral cells of
the olfactory bulb. As a special case, the first stimulation trial always elicits responses that are
clearly different from subsequent trials not only in Dp, but also in OB (see Jacobson et al. [50]
for a more detailed discussion).

In Dp, response patterns in OGB-1-injected fish allowed to identify the boundaries of aDp. These
boundaries could be confirmed by anatomy through staining of extracellular space by pressure-
injection of sulforhodamine in Dp. Further anatomical experiments based on transgenic fish
lines allowed to propose a working model for anatomically defined subsections in Dp, namely
aDp, both a ventral and a dorsal part of pDp, and a fiber bundle at the intersection of aDp and
pDp along the ventro-dorsal direction. It is tempting to speculate about the subsections of Dp
and especially pDp, but further experiments are required to clearly define their roles.
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Chapter 6

Precise synaptic balance in the
zebrafish homolog of olfactory cortex

The following chapter closely follows the following peer-reviewed publication. I performed all
experiments and analyzed the data, with minor input from Rainer Friedrich. Together with
Rainer Friedrich, I conceived the study and wrote the manuscript.

Rupprecht, P., Friedrich, R.W. (2018). Precise synaptic balance in the zebrafish homolog
of olfactory cortex. Neuron, accepted.

6.1 Summary

Neuronal computations critically depend on the connectivity rules that govern the convergence
of excitatory and inhibitory synaptic signals onto individual neurons. To examine the functional
synaptic organization of a distributed memory network we performed voltage clamp recordings
in telencephalic area Dp of adult zebrafish, the homolog of olfactory cortex. In neurons of
posterior Dp, odor stimulation evoked large recurrent excitatory and inhibitory inputs that
established a transient state of high conductance and synaptic balance. Excitation and inhi-
bition in individual neurons were co-tuned to different odors and correlated on slow and fast
timescales. This precise synaptic balance implies specific connectivity among Dp neurons de-
spite the absence of an obvious topography. Precise synaptic balance stabilizes activity patterns
in different directions of coding space and in time while preserving high bandwidth. The co-
ordinated connectivity of excitatory and inhibitory subnetworks in Dp therefore supports fast
recurrent memory operations.

6.2 Introduction

Information processing in the brain depends on the relative tuning of inhibitory and excitatory
synaptic inputs to individual neurons. Antagonistic tuning of excitation and inhibition can
shape complementary domains of receptive fields such as on- and off-domains of neurons in
visual cortex [133]. Alternatively, the response of a neuron may be determined primarily by the
tuning of the excitatory input while inhibition is global. This organization is consistent with
broad tuning of inhibitory neurons and may normalize or threshold population activity [134]. In
a third scenario, tuning of inhibition and excitation is uncorrelated, as in models of randomly
connected networks [135–137]. Finally, inhibitory and excitatory synaptic inputs can be co-
tuned [138–142] which may stabilize network dynamics [135, 143–146]. Insights into the tuning
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of excitatory and inhibitory inputs to individual neurons are thus important to understand the
computational functions of a neural circuit.

Circuit function also depends on the strength and dynamics of synaptic inputs. When the total
input is modest, action potential generation requires an imbalance between strong excitatory
input and weak inhibitory input. Alternatively, neuronal networks may operate in a ”balanced
state” that emerges when excitation and inhibition are both strong and establish an average
membrane potential near spike threshold [136, 137, 147, 148]. Action potentials are thus gen-
erated by fluctuations in the synaptic balance that may be generated by the internal dynamics
of the network or by external inputs. Balanced network models can reproduce irregular firing
patterns of cortical neurons and have become important general models of neuronal circuits
[135, 136, 144].

Pioneering models of balanced networks assumed sparse and random connectivity, which results
in chaotic behavior [135, 137, 148]. Additional properties including selective amplification of
inputs, preferred activity states and slow dynamics can emerge in balanced networks with specific
structure [147, 149]. Structured connectivity can amplify specific input patterns and generate
runaway excitation, a problem that is prominent in recurrent memory networks [2, 150]. This
problem can be alleviated when excitatory and inhibitory gains are matched by co-tuning of
excitatory and inhibitory synaptic inputs in individual neurons [143, 151]. It has therefore been
proposed that co-tuned connectivity is important to stabilize balanced memory networks [144,
146].

The systematic analysis of balanced networks is facilitated by the distinction between four types
of excitatory-inhibitory balance [135, 144]: (1) Global balance. In globally balanced networks,
excitation and inhibition are balanced at the level of the population but not necessarily in
individual neurons. Hence, inhibition and excitation may be uncorrelated in individual neurons
but their ratio remains similar (balanced) when averaged across neurons or over sufficiently long
times. Global balance is the most general form of balance and occurs in all balanced networks.
(2) Detailed balance requires that excitation and inhibition are balanced also in individual
neurons. This occurs when excitatory and inhibitory inputs are co-tuned and therefore ”balanced
in coding space”. This type of balance is also referred to as ”high-dimensional balance” because
it is maintained in most directions of coding space. (3) Tight balance means that excitatory
and inhibitory inputs to individual neurons co-vary on fast timescales (milliseconds). As a
consequence, synaptic currents in individual neurons remain balanced when the intensity of an
external input fluctuates. (4) Precise balance refers to the coexistence of detailed and tight
balance.

Strong excitation and inhibition consistent with a balanced state has been observed in multiple
brain areas [135, 152–154]. Furthermore, in visual, auditory and somatosensory cortices, exci-
tatory and inhibitory synaptic currents can be co-tuned to basic stimulus features and co-vary
in time [138, 140–142, 155–157]. As these brain areas are topographically organized, co-tuning
may be a result of local connectivity because nearby neurons are expected to receive similar
sensory input. It remains unclear whether co-tuned connectivity represents a general principle
also in less structured brain areas such as autoassociative memory networks.

We addressed this question in the zebrafish homolog of olfactory cortex, the posterior zone of
the dorsal telencephalon (Dp) [29, 47]. Principal neurons in olfactory cortex receive stimulus-
specific excitatory input from the output neurons of the olfactory bulb (OB), the mitral cells.
In addition, neurons in piriform cortex receive recurrent excitatory input from other principal
neurons and inhibitory input from local interneurons [158–160]. Neither afferent projections
nor the prominent recurrent connectivity within olfactory cortex exhibit an obvious topographic
organization [56, 161, 162]. Consistent with this anatomical organization, odor-evoked activity
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Figure 27. Anatomical and biophysical characterization of neurons in Dp. A. Mapping of somata onto an
adult reference brain expressing GCaMP6f. Superficial telencephalic layers around Dp were extracted from a
multiphoton image stack and projected into a horizontal plane. Diffuse red color indicates the furrow below a
large blood vessel (landmark). Dots show positions of somata from which odor responses were recorded in different
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NT, n = 14). B. Surface projection of the reference brain onto a sagittal plane. C. Schematic coronal sections
mapped onto approximate locations of the reference stack. Inset in (B) shows approximate locations of sections.
ON: optic nerve, D: dorsal telencephalon, Tec: tectum. D. Ex vivo preparation (schematic; ventral view) and
region targeted for recordings. E. Input resistance (pDp: n = 89 neurons; aDp: n = 24; NT: n = 22; all p-values
6 0.005; Wilcoxon rank-sum test). F. Morphology of a pDp neuron in horizontal (top) and sagittal (bottom)
projection. See also Fig. 34. G. Equivalent spherical diameter of the convex hull of morphologically reconstructed
neurons (pDp: n = 8 neurons; aDp: n = 9; NT: n = 5; all p-values < 0.005; Wilcoxon rank-sum test). H. Sholl
analysis, averaged across neurons. Drawings in (B) and (C) were modified from the zebrafish brain atlas [29].

in olfactory cortex is highly distributed [40, 41, 163–165]. Similar anatomical and functional
observations were made in Dp [37, 48, 50, 71], suggesting that olfactory cortex/Dp is initially
an unstructured network that establishes autoassociative memories by experience-dependent
plasticity of recurrent connections [12, 41, 166]. Consistent with this hypothesis, olfactory
discrimination training modified pattern separation and pattern completion in piriform cortex
[61] and rodents learned to distinguish optically evoked activity patterns in this brain area [167,
168]. In the piriform cortex of young rats, odors evoked prominent oscillatory synaptic currents
[152]. While excitatory inputs to individual neurons were tuned to odors, inhibition was reported
to be global. Further results are, however, required to understand the precise organization of
synaptic interactions in olfactory cortex and other memory networks.

We analyzed the functional organization of synaptic currents in Dp. Odor responses of Dp
neurons frequently consist of a slow depolarization followed by a plateau phase that exceeds
spike threshold in odor-dependent subsets of neurons [48, 71]. Using whole-cell voltage clamp
recordings we found that this membrane potential evolution reflects the transition of the network
into a balanced state in posterior Dp (pDp). Neurons in pDp received strong recurrent excitatory
and inhibitory inputs that were co-tuned to different odors. Moreover, excitatory and inhibitory
synaptic currents exhibited fast and almost synchronous oscillations that were phase-locked
to the local field potential (LFP) oscillation in the OB. Synaptic currents converging onto
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individual neurons therefore co-varied across coding space and in time, implying that the balance
between excitation and inhibition is precise. These results support theoretical models of precisely
balanced networks and show that the functional synaptic organization in Dp supports efficient
memory storage.

6.3 Results

6.3.1 Basic characterization of neurons in Dp

To analyze the morphology, biophysical properties, and odor responses of individual neurons in
the telencephalon of adult zebrafish we performed whole-cell voltage clamp recordings (n = 247
neurons in 52 animals) in an ex-vivo preparation of the intact brain and nose [53]. Positions of
the recorded somata were mapped onto a 3D reference brain (Fig. 27A-D). We focused primarily
on a region referred to as posterior Dp (pDp; n = 105 recorded neurons; Fig. 27A-C) that is
located posterior to the prominent furrow in the ventro-lateral pallium caudal to the anterior
commissure (Fig. 27C). pDp contains large, scattered somata and accounts for most of the
volume of Dp as defined in the zebrafish brain atlas [29]. In addition, we analyzed neurons in
two adjacent areas of the pallium, anterior Dp (aDp) and the nucleus taeniae (NT). aDp (n =
55 recorded neurons) is located anterior to the furrow and separated from pDp by a population
of densely packed somata. NT (n = 33 recorded neurons) is a superficial nucleus posterior to the
furrow [29] and contains a high density of small somata. Additional recordings were performed
from neurons at the interface between pDp and NT (n = 25) and in the furrow between aDp
and NT (n = 14). Because these neurons could not be assigned unequivocally to pDp, aDp or
NT they were excluded from region-specific analyses.

Input resistances of neurons in pDp, aDp and NT increased in the order pDp < aDp < NT
(medians: 0.98 < 1.50 < 1.81 GΩ; Fig. 27E; pDp: n = 89 neurons; aDp: n = 24; NT: n = 22;
pDp vs. aDp: p = 7.4e-5, pDp vs. NT: p = 7.4e-9, aDp vs. NT: p = 0.005; Wilcoxon rank-
sum tests). Neurons at the interface between pDp and NT had intermediate input resistance
(1.54 ± 0.65 GΩ; median ± s.d.; n = 8; data not shown). Light microscopic reconstructions
of recorded neurons revealed that neuronal arbor size, as quantified by the equivalent spherical
diameter of the convex hull, decreased in the order pDp > aDp > NT (125 > 66 > 29 µm; Fig.
27G; all p-values < 0.005; Wilcoxon rank-sum test), consistent with input resistances. Neurons
in pDp had multiple primary dendrites with extensive, space-filling higher-order branches (n = 8
reconstructions; Fig. 27F; Fig. 34). Neurons in aDp (n = 9) were also multipolar and branched
whereas neurons in NT (n = 5) had simpler morphologies. This observation was verified by
Sholl analysis, which quantifies the amount of neurite as a function of the Euclidean distance
from the soma. Neurite lengths of neurons in pDp and aDp peaked near 50 µm whereas neurite
lengths of NT neurons decreased continuously with distance from the soma (Fig. 27H).

6.3.2 Synaptic inputs to neurons in pDp

To examine effects of sensory stimulation we applied odors (amino acids [40 µM], bile acids [4
µM] or food extract) to the nose for > 10 s (Fig. 28). Multiphoton calcium imaging confirmed
that odor-evoked activity patterns across mitral cells persisted and remained informative about
stimulus identity throughout the stimulus period (Fig. 36 in chapter 5). In pDp, odor-evoked
activity was most prominent during the first two seconds but remained elevated for the full
duration of the stimulus (Fig. 35 in chapter 5). Consistent with previous observations [48, 71],
current clamp recordings showed that odor stimulation depolarized neurons in pDp (Fig. 28C)
with a magnitude depending on the neuron and odor. Sufficiently large depolarizations evoked
action potentials with variable timing in repeated trials.
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Figure 28. Odor-evoked input to pDp neurons. A. Examples of EPSCs (bottom; downward deflections) and
IPSCs (top; upward deflections) evoked by three odors (colors) in a pDp neuron (overlay of two trials each). Grey
bar indicates stimulus. B. Spontaneous currents at higher resolution (box in A). C. Current clamp recordings of
odor responses from two pDp neurons (two trials each). Insets show response onset on expanded timescale. Ticks
(left) indicate -70 and -40 mV. Grey bar indicates odor stimulation. Odor-evoked calcium signals are shown in
Figs. S2 and S3. D. Trial-averaged EPSCs (left) and IPSCs (right) for all n = 155 neuron-odor pairs in pDp (77
neurons), ordered by the mean evoked inhibitory current 0–1.5 s after stimulus onset. Each trace was centered by
subtraction of the median pre-stimulus current and normalized to the pre-stimulus standard deviation. Transient
currents observed occasionally ∼2 s before stimulus onset (t = 0 s) were caused by small flow changes in the
odor delivery system (Methods). E. Average evoked inhibitory (blue) and excitatory (red) currents in pDp. Inset
shows time course of the excitation/inhibition ratio.

To analyze synaptic inputs to pDp neurons we sequentially recorded excitatory and inhibitory
postsynaptic currents (EPSCs and IPSCs) in voltage clamp by holding the membrane potential
near the reversal potential of inhibitory (Vhold = -70 mV) and excitatory synaptic inputs (Vhold

= 0 mV), respectively. In the absence of odor stimulation, pDp neurons received high rates of
EPSCs and IPSCs that could not be separated into discrete events (Fig. 28A,B).

In most pDp neurons, odor stimulation evoked large and transient compound EPSCs and IPSCs
that decayed to a steady-state level after approximately two seconds (Fig. 28D,E; recordings
aligned to response onset, see Methods). In subsets of neuron-odor pairs, persistent currents
were observed after the initial transient (Fig. 28D). Hence, odor stimulation evoked stimulus-
dependent patterns of excitation and inhibition in pDp that were particularly prominent during
the first two seconds.

Dp is expected to receive excitatory inputs from two main sources: long-range input from
projection neurons in other brain areas, particularly in the OB (external input), and local input
from other Dp neurons (recurrent input). To determine the relative contributions of these inputs
we injected the GABAA receptor agonist muscimol (5 mM in ACSF) into aDp, pDp and NT (Fig.
29A. Odor-evoked currents were compared to responses recorded in the absence of muscimol in
different fish (control 1) and to responses of other neurons in the same fish prior to muscimol
injection (control 2). Muscimol strongly reduced the input resistance of neurons in pDp (Fig.
29B). Effects of muscimol on input resistances in aDp and NT were smaller but still substantial,
indicating that neurons in pDp, aDp and NT receive prominent inhibitory input (Fig. 29B).
Consistent with this conclusion, muscimol injections completely suppressed spontaneous and
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odor-evoked activity in pDp, aDp and NT, as demonstrated by multiphoton calcium imaging
(Fig. 29C). No obvious attenuation of odor-evoked activity was observed in the OB, confirming
that direct effects of muscimol remained local (Fig. 37). Hence, muscimol injections isolated
external synaptic inputs by silencing recurrent input.

Muscimol strongly decreased odor-evoked excitatory input to pDp neurons (Fig. 29D,E; n =
15 neurons for muscimol, n = 72 for control 1, n = 6 for control 2). On average, the mean
current during the first 1.5 seconds of the response was reduced to ∼18% of control (Fig. 29F;
13 ± 11 % with respect to control 1, p = 3e-7; 19 ± 18 % with respect to control 2, p =
7e-5; Wilcoxon rank-sum tests; mean ± s.d.). Moreover, oscillatory fluctuations of odor-evoked
currents were diminished, but not completely abolished, by muscimol (Fig. 29D,G). To test
whether effects of muscimol may be mediated by presynaptic GABAB receptors on external
inputs we also co-injected muscimol with the GABAB receptor antagonist SCH50911 (n = 10
neurons for muscimol + SCH50911, n = 5 neurons for control 3 in the same fish) [169, 170].
SCH50911 did not antagonize effects of muscimol on mean EPSCs (Fig. 29E-G; 10 ± 11 % of
control 3, p = 6.7e-4; 13± 21% of control 1, p = 9.1e-7) and oscillatory fluctuations, indicating
that presynaptic inhibition through GABAB receptors cannot account for effects of muscimol.
Consistent with this conclusion, muscimol did not significantly affect excitatory input in aDp
(see below). These results indicate that odor-evoked excitatory input to pDp neurons comes
mainly from recurrent inputs.

To analyze odor tuning of synaptic inputs we used a procedure that takes trial-to-trial vari-
ability into account and makes no prior assumption about tuning curves. Mean EPSCs and
IPSCs were quantified in response to three different odors, each of which was repeated multiple
times (EPSCs: 3.4 ± 1.4 times; IPSCs: 3.2 ± 1.2 times; mean ± s.d.). For each neuron, we
computed the variance of responses across trials and odors (V arpre). We then subtracted the
odor-specific means from the corresponding trials and re-calculated the variance (V arpost, Fig.
30A). The relative difference V arstim = (V arpre − V arpost)/V arpre provides an initial estimate
for the fraction of the variance across all single-trial responses that can be explained by the odor
stimulus. We then re-computed the fraction of the variance explained after shuffling stimulus
labels between trials (V archance). The difference ∆V ar = V arstim − V archance thus provides an
estimate of tuning, or discriminability, that takes trial-to-trial variability into account.

V arstim was significantly larger than V archance for EPSCs and IPSCs. Hence, excitatory and
inhibitory synaptic inputs were both tuned to odors. The difference ∆V ar was large during the
early phase of the response (0–1.5 s; Fig. 30B; p < 1e-6 and p < 1e-8 for IPSCs and EPSCs,
respectively; Wilcoxon rank-sum test) and smaller, but still significant, during the late phase
(2–10 s; Fig. 30C; p < 1e-3 and p < 1e-2). During the early phase, ∆V ar of EPSCs (42%;
Hodges-Lehmann estimator) was not or only slightly larger than ∆V ar of IPSCs (36%; p =
0.06, Wilcoxon rank-sum test). Inhibitory synaptic input was therefore not or only slightly
more broadly tuned than excitatory synaptic input. Similar results were obtained using more
basic analyses of tuning curves that do not consider trial-to-trial variability (not shown). Hence,
excitatory and inhibitory synaptic inputs to pDp exhibit a similar degree of tuning.

6.3.3 Odor stimulation induces a balanced state in pDp

Mean odor-evoked excitatory and inhibitory currents in pDp were temporally symmetric (Fig.
28E), raising the possibility that pDp enters a balanced state during an odor response. In a
balanced state the total synaptic conductance is substantial relative to the resting conductance
and establishes a membrane potential near spike threshold ( 37.2±2.3 mV; mean ± s.d.; n = 10
pDp neurons). To explore this possibility we estimated the total conductance changes evoked
by odor stimulation in individual neuron-odor pairs based on the recorded EPSCs and IPSCs.
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Figure 30. Tuning and balance of synaptic currents in pDp. A. Quantification of tuning: schematic illustration.
The fraction of variance explained by tuning is Varstim = (Varpre - Varpost)/Varpre.. In this example, Varstim
= (30.3 pA2 − 4.0 pA2)/30.3 pA2 ≈ 87%. B. Black: variance of EPSCs and IPSCs in pDp neurons explained by
tuning (Varstim). Currents were averaged over the first 1.5 s of the odor response. Gray: variability explained after
shuffling of trial labels for each neuron (Varchance; p < 1e-8 and p < 1e-6 for EPSCs and IPSCs, respectively; effect
size 42% and 36%; Wilcoxon rank-sum test; n = 42 neurons). C. Variance explained by tuning after averaging
currents 2–10 s after response onset (p < 1e-3 and p < 1e-2; 18% and 16%). D. Mean conductance of pDp neurons
normalized to pre-stimulus baseline (t = 0: response onset). Gray: total conductance (inhibitory plus excitatory)
of 155 individual neuron-odor pairs from 77 neurons (black: mean). Red: mean inhibitory conductance. E. Input
resistance of pDp before and during the first 1.5 s of odor stimulation, measured using test pulses (p = 5.8e-4;
Wilcoxon signed-rank test; n = 6 neurons). F. Conductance change determined by recordings of synaptic currents
(Method 1) and by test pulse injection (Method 2; p = 0.15, Wilcoxon rank-sum test). G. Relation between
excitatory and inhibitory currents during the first 1.5 s of the odor response (n = 155 neuron-odor pairs from 77
neurons). Line shows a linear fit (slope: 1.26; r = 0.73, p < 1e 6).

Conductance estimates were then normalized to the baseline conductance, which was derived
from input resistance measurements (n = 89 neurons, Fig. 27E). During the initial phase of the
response, conductance increased 1.75 fold on average and >4 fold during strong responses (Fig.
30D). Most of the stimuli used in these experiments were individual amino acids, which activate
glomeruli only in a restricted subregion of the OB [125]. In an additional set of experiments
we used food odors, which activate a larger number of glomeruli [105], and determined the
membrane conductance before and during the first 1.5 s of odor presentation by direct input
resistance measurements using brief voltage pulses (50 ms, voltage step ∆V = −5 mV). In these
experiments, the input resistance decreased 2.6 ± 1.0 fold during responses (mean ± s.d.; p =
5.8e-4, Wilcoxon signed-rank test; n = 6 neurons; Fig. 30E), corresponding to a 2.6-fold increase
in conductance (Fig. 30F).

The observed conductance change does not directly reflect the ratio between the total synaptic
conductance and the resting conductance for at least four reasons. First, the seal resistance
contributes significantly to the measured input resistance (Fig. 38A). Second, imperfect space
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clamp reduces synaptic currents in distal processes. Third, the resting conductance was mea-
sured without blockade of spontaneous activity. These three factors result in a systematic and
possibly substantial underestimation of the true ratio between the synaptic and the resting con-
ductance. A fourth factor is the K+ channel blocker Cs+ in the pipette. To assess the influence
of Cs+ we recorded 17 additional neurons in pDp in the absence of Cs+. As expected, the
input resistance was significantly lower in the absence of Cs+ (0.84 ± 0.27 GΩ; mean ± s.d.;
with Cs+: 1.05 ± 0.34 GΩ; n = 89 neurons; p = 0.029, Wilcoxon rank-sum test). The mea-
sured resistance depends on the resting conductance and on synaptic conductances activated
by spontaneous activity. One extreme scenario is that spontaneous activity is negligible and
the input resistance is determined by the resting conductance, which is incompletely blocked by
Cs+. The ratio between synaptic and resting conductance would thus be slightly overestimated
(∼20%). In another extreme scenario, the resting conductance is completely blocked by Cs+
and the remaining conductance reflects synaptic input. The ratio between synaptic and resting
conductance would thus be massively underestimated (∼400%). We therefore conclude that the
conductance of pDp neurons increases approximately two- to ten-fold during an odor response,
with considerable variability between neuron-odor pairs. Hence, even in a conservative sce-
nario, the membrane potential depends strongly on the ratio between excitatory and inhibitory
synaptic inputs.

When mean odor-evoked EPSCs and IPSCs in pDp during the first 1.5 s of the odor response
were pooled across neuron-odor pairs, excitatory and inhibitory synaptic responses were highly
correlated (r = 0.73; p < 1e-6; Fig. 30G; see also Fig. 39), implying that excitation and
inhibition were globally balanced. On average, IPSCs were 1.26 times larger than EPSCs.
As a consequence, the reversal potential of the net synaptic conductance should establish a
membrane potential near action potential threshold (-39 mV), consistent with current clamp
recordings (Fig. 28C) [48]. We therefore conclude that pDp enters a high-conductance balanced
state during an odor response.

Because neurons in balanced networks operate close to their action potential threshold, balanced
networks can follow fast input signals even when membrane time constants are long. In pDp,
we frequently observed large oscillatory fluctuations of EPSCs and IPSCs at a frequency of
∼25 Hz that are likely driven, directly or indirectly, by oscillatory activity in the OB [32, 70,
71]. Consistent with this assumption, oscillatory currents were still observed in the presence of
muscimol (Fig. 29D) although their amplitude was strongly reduced (Fig. 29G; p = 2.9e-4).
These results imply that network activity in pDp can amplify inputs with an oscillation period
(40±2 ms, mean ± s.d.; n = 13 LFP recording sites in 3 fish) that was shorter than the membrane
time constant in the resting state (55± 12 ms, mean ± s.d.; n = 56 neurons) and only ∼2-fold
longer than the time constant in the high-conductance state during an odor response (∼21 ms).
The pDp network therefore exhibits substantial temporal bandwidth during an odor response,
further supporting the conclusion that pDp enters a balanced state.

6.3.4 Odor responses in aDp are not balanced

We next examined whether neurons in aDp also enter a balanced state during an odor response.
In the absence of stimulation, aDp neurons received large and discrete EPSCs and IPSCs at low
frequency. During stimulation, the rate of EPSCs and IPSCs increased but individual events
were still distinguishable (Fig. 31A-C; Fig. 40; see also Fig. 31G). Hence, aDp neurons received
sparse synaptic inputs, contrary to the high-frequency input observed in pDp (Fig. 28B).

EPSCs and IPSCs of aDp neurons showed significant odor tuning that was more pronounced at
later response phases (Fig. 31D,E). Mean odor-induced currents and conductance changes were
substantially smaller than in pDp (Fig. 31C). The total conductance increased, on average, less
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Figure 31. Synaptic currents in aDp are not balanced. A. EPSCs (bottom; downward deflections) and IPSCs
(top; upward deflections) evoked by three odors in an aDp neuron. Overlay of two trials each; grey bar indicates
stimulus. B. Trial-averaged EPSCs and IPSCs in aDp (n = 111 neuron-odor pairs in 46 neurons), ordered by the
average IPSC amplitude 0–1.5 s after stimulus onset. Each trace was normalized by the pre-stimulus standard
deviation after subtraction of the median pre-stimulus current. C. Average odor-evoked EPSC and IPSC in aDp.
Axis scaled as in Fig. 28D. D. Variance explained by tuning in aDp neurons during the first 1.5 s of the odor
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onset (p < 1e-7 and p < 1e-7 for EPSCs and IPSCs; effect size 41% and 35%). F. Relation between excitatory
and inhibitory currents in aDp neurons (black; 0–1.5 s). Dashed line is a linear fit (slope: 1.7; r = 0.57, p < 1e
6). The same relation is also plotted for a later time window of the same duration (gray; 8.5–10 s; r = 0.08, p
= 0.39). The continuous line is the linear fit to data from pDp (Fig. 30G). G. EPSCs during odor stimulation
(bar) in aDp under control conditions and in the presence of muscimol. Each trace is from a different neuron.
See also Fig. 40. H. Rate of automatically detected EPSC events in the absence (x-axis) and presence (y-axis)
of an odor stimulus (p > 0.10 for all comparisons; Wilcoxon rank-sum test). Each data point represents one
neuron. Muscimol (black): n = 9 neurons from 4 fish; Ctrl1 (red; neurons from other fish): n = 22 from 8 fish;
Ctrl2: (green; neurons from the same fish recorded before muscimol injection): n = 4 from 3 fish. I. Same as
(H) but rates averaged over the total recording time (muscimol: 17’692 events; Ctrl1: 23’177 events; Ctrl2: 8’719
events). Whiskers indicate the standard deviation of the rate for a given neuron when evaluated over a moving
1 sec window. J. Event-triggered EPSC probability for the muscimol condition (n = 9 neurons from 4 fish) and
control (right; n = 26 from 11 fish; Ctrl1 and 2 combined). Black line indicates median along the y-axis. K.
Mean currents in a 5 ms window around events, averaged separately for each neuron.
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than 1.2-fold at its peak (not shown). Average EPSCs and IPSCs of aDp neurons during the
first 1.5 s of an odor response were correlated across neuron-odor pairs (r = 0.57, p < 1e-6). The
slope of a linear fit was 1.7, resulting in a combined synaptic reversal potential of 44 mV (Fig.
31F, black). However, unlike in pDp, the average time course of odor-evoked EPSCs and IPSCs
in aDp was not symmetric. While the mean EPSC remained almost constant, the mean IPSC
decayed substantially during the 10 s of odor presentation (Fig. 31C). As a consequence, the
excitation/inhibition ratio changed approximately 10-fold (Fig. 31C), implying that synaptic
inputs were not balanced. Moreover, EPSCs and IPSCs in individual neuron-odor pairs often
evolved differently (Fig. 31B) and became uncorrelated at later response phases (r = 0.08, p =
0.39; Fig. 31F, gray) when inputs were more informative about stimulus identity (Fig. 31D,E).
These results indicate that synaptic inputs to neurons in aDp do not support a balanced state.

Unlike in pDp, muscimol had only minor effects, if any, on spontaneous or odor-evoked EPSCs in
aDp (Fig. 31G-K; n = 9 neurons). To quantify these observations we analyzed short (5–10 ms)
and discrete events representing individual EPSCs (Fig. 31H-K). In the presence of muscimol,
the rate and temporal integral of these events was not significantly different from controls (Fig.
31E-H; p� 0.05; Wilcoxon rank-sum test), both during spontaneous activity and during odor
responses. These results indicate that neurons in aDp are driven mainly by external input.

6.3.5 Detailed balance in pDp

We next asked whether excitation and inhibition in pDp are balanced only at the population
level (global balance, Fig. 32A) or also in individual neurons (detailed balance, Fig. 32B). In
a network with detailed balance, EPSCs and IPSCs in individual neurons strictly co-vary in
response to changing input, which implies correlated tuning curves of excitatory and inhibitory
inputs to stimuli of different identity (”co-tuning”). In a globally balanced network without
detailed balance, EPSCs and IPSCs in individual neurons are not co-tuned to stimulus identity
but correlations between EPSCs and IPSCs can still arise from two factors that we refer to as
”stimulus strength” and ”neuronal size”. First, correlated variations of EPSCs and IPSCs can
occur when different stimuli generate different total amounts of input to the network (difference
in ”stimulus strength”). Second, correlations between EPSCs and IPSCs across a population
occur when mean current amplitudes differ systematically between neurons, for example due to
size differences (”neuronal size”) [154]. The observed balance of EPSCs and IPSCs pooled over
neurons and stimuli (Fig. 30G) may therefore reflect a combination of three factors: ”stimulus
strength”, ”neuronal size” and co-tuning to stimuli of different identity (detailed balance). In
a network with detailed balance, excitation and inhibition are correlated even in the absence of
variations in ”stimulus strength” and ”neuronal size”. We therefore examined whether co-tuning
persists after compensating for variations in ”stimulus strength” and ”neuronal size”.

We first shuffled odor labels of mean EPSCs and/or mean IPSCs recorded in the same neurons.
This procedure independently randomizes tuning curves of excitatory and/or inhibitory synaptic
inputs in each neuron but maintains variations in EPSCs and IPSCs between neurons. After
shuffling, correlations between EPSCs and IPSCs across the population were significantly lower
(0.57± 0.05 vs. 0.73; mean ± s.d.; probability that a value of 0.73 is observed by chance: p =
4e5; Fig. 32C). Hence, correlations between EPSCs and IPSCs in individual neurons depend at
least partially on their tuning. The correlation remaining after shuffling may reflect systematic
differences in ”neuronal size”. Consistent with this hypothesis, the total synaptic input and the
inverse of the input resistance were significantly correlated (Fig. 38B; r = 0.64; p = 4.6e-5).

To analyze co-variations of EPSCs and IPSCs more directly in individual neurons we examined
odor-evoked currents in a two-dimensional space representing mean EPSC and IPSC amplitudes
(Fig. 32A,B; Fig. 32D, inset). We then projected odor responses onto two axes within this space.
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Figure 32. Detailed synaptic balance in pDp. A. Schematic illustration of correlated EPSCs and IPSCs
arising from global balance alone. Even though currents are uncorrelated in individual neurons, correlations
may be created by systematic differences between neurons. B. Detailed balance, in contrast, implies correlations
between currents also in individual neurons (see also Fig. 38B). C. Distribution of Pearson correlation coefficients
between EPSCs and IPSCs after shuffling stimulus labels for each neuron (mean ± s.d.: 0.57± 0.05). Given this
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(counter-balanced) axis for individual neurons (p = 1e-6; Wilcoxon signed-rank test). E. Normalized excitatory
and inhibitory currents evoked by different odors. Centroids represent means while x- and y-axes of the ellipses
indicate standard deviations across neurons (illustrated for Phe). F. Standard deviation of currents projected onto
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The first (”balanced”) axis was chosen to be the direction of positively correlated variability in
the population data (Fig. 30G; ”direction of balance”). The second (”counter-balanced”) axis
was orthogonal to the first, thus representing negatively correlated variability (Fig. 32A,B,D). If
EPSCs and IPSCs recorded in the same neurons were uncorrelated, the variance along the two
axes should, on average, be equal. However, we found that the variability along the balanced
axis, as quantified by the square root of the variance, was significantly larger (ratio of medians
2.24; difference ∆ = 2.41 ± 0.88 pA, pseudomedian ± 95% confidence intervals; p = 1e-6;
Wilcoxon signed-rank test; Fig. 32D). EPSCs and IPSCs were therefore positively correlated
even in individual neurons, implying that the observed co-variation between EPSCs and IPSCs
cannot be fully explained by ”neuronal size”.

The positive correlation of EPSCs and IPSCs in individual neurons could reflect variations in
”stimulus strength”, co-tuning of synaptic inputs to odor identity, or both. To determine the
”stimulus strength” of each odor while taking into account differences in ”neuronal size” we
approximated the responses of all neurons i to all stimuli j by the product sj ·ni, where sj is the
”stimulus strength” of stimulus j and ni is the ”neuronal size” of neuron i, and jointly fitted sj
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and ni for all stimulus-neuron pairs. We then normalized responses of each neuron to ”neuronal
size” and averaged responses to the same odors across neurons to estimate ”stimulus strengths”.
Excitatory and inhibitory ”stimulus strengths” differed between odors. Both increased approx-
imately with the number of glomeruli activated by each odor [105, 125] and showed a strong
tendency to be correlated (r = 0.71; p = 0.07; Fig. 32E; n = 7 stimuli). Differences in ”stimulus
strength” between odors are therefore likely to contribute to the correlation between excitatory
and inhibitory synaptic currents observed in our experiments.

To compensate for both ”stimulus strength” and ”neuronal size” we then normalized responses
to ”stimulus strength” and analyzed the variance of synaptic currents in individual neurons
along the ”balanced” and ”counter-balanced” axes as before (Fig. 32D). The variance along the
balanced axis was still significantly larger than the variance along the unbalanced axis (ratio
of medians 1.56; difference ∆ = 1.32 ± 0.84 pA; pseudomedian ± 95% confidence intervals; p
= 0.0030; Wilcoxon signed-rank test; Fig. 32F). Hence, co-tuning of excitatory and inhibitory
synaptic inputs with respect to odor identity was preserved after removing other sources of
variability. Synaptic currents in pDp therefore exhibit a detailed balance during odor responses.

6.3.6 Tight balance in pDp

To examine whether synaptic currents in pDp are also balanced in time we further analyzed
their dynamics. In current clamp recordings of odor responses, Dp neurons often showed an
initial ramp-like depolarization, ∼400 ms in duration, that was followed by a plateau (Fig. 28C)
[48, 71]. Action potentials were rare during the initial ramp but occurred when the plateau
exceeded spike threshold. To examine the underlying synaptic currents we normalized EPSCs
and IPSCs during the first 1.2 s of the response to their maxima and analyzed their evolution
in a two-dimensional phase plot (Fig. 33A). Most trajectories described narrow ellipses along
the diagonal, showing that excitatory and inhibitory synaptic inputs co-evolved in individual
neurons. On average, excitation and inhibition increased in parallel during the first ∼400 ms.
Thereafter, inhibition decreased slightly faster than excitation, resulting in a small shift of the
ratio in favor of excitation.

To verify these results we performed voltage clamp recordings at different holding potentials
with the cation channel blocker QX-314 in the pipette. Recordings at the reversal potentials for
inhibitory and excitatory currents (-70 mV and 0 mV, respectively) confirmed that the overall
time courses of IPSCs and EPSCs were similar but IPSCs evolved slightly faster (Fig. 33B).
Recordings of mixed synaptic currents at intermediate holding potentials (-35 mV) showed that
the relative contribution of inhibitory currents was largest during the initial phase while the
relative contribution of excitatory currents peaked during later phases (>400 ms; Fig. 33C).
Together, these data show that the balance between excitation and inhibition shifts slightly
towards excitation at later response phases, which is likely to contribute to the delayed generation
of action potentials [71]. However, because the magnitude of this shift was small, the balance
between excitatory and inhibitory synaptic responses did not change substantially.

We then examined whether pDp enters a tightly balanced state, which usually refers to a balance
of synaptic currents on a millisecond timescale [135, 144]. Tight balance would ideally be
examined by simultaneous recordings of EPSCs and IPSCs from the same neurons but this is
technically not feasible. We therefore took advantage of the oscillatory temporal structure of
EPSCs and IPSCs. Simultaneous voltage clamp recordings in pDp and LFP recordings in the
OB showed that oscillatory EPSCs and IPSCs were tightly phase-locked to the odor-evoked
LFP oscillation in the OB (Fig. 33D-F), confirming that the oscillatory temporal structure of
synaptic activity in pDp is likely to originate in the OB. Moreover, the high correlations allowed
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Figure 33. Relative timing of excitatory and inhibitory input currents in pDp. A. Phase plot of excitatory
and inhibitory currents during the first 1.2 s of the odor response, normalized to the maxima of EPSCs and
IPSCs for each neuron-odor pair (n = 155 from 77 neurons). Time is color-coded. Thick line shows average
over neurons. B. Odor-evoked currents in a pDp neuron held at different holding potentials with QX-314 in the
recording pipette. Color scale indicates time as in (A). C. Currents recorded from four neurons with QX-314
in the pipette at an intermediate holding potential (-35 mV; black: average). D. Configuration of recordings.
E. Simultaneous recordings of currents in a pDp neuron (red: IPSCs; black: EPSCs) and the LFP in the OB
(blue; 15–40 Hz). F. Overlay of bandpass-filtered EPSC (black) and LFP (blue) recorded simultaneously during
a response. G. Autocorrelograms of a typical LFP (top) and IPSC (middle) after response onset (t = 0). Bottom:
Cross-correlogram between LFP and IPSC. H. Cross-correlation functions between LFP and synaptic currents in
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LFP in the OB are indicated. Inhibition is delayed relative to excitation by 3.1 ms. I. Delay between inhibition
and excitation for n = 8 neurons. Whiskers indicate s.e.m. of delays with respect to the LFP for single neurons.

us to use the LFP oscillation as a temporal reference in order to determine the relative timing
of oscillatory EPSCs and IPSCs in pDp.

Cross-correlation functions between EPSCs or IPSCs and the LFP for individual neurons (Fig.
33G) showed that EPSC oscillations slightly preceded IPSC oscillations (Fig. 33H). Similar
observations were made in all individual neurons (Fig. 33I). On average, the time shift between
EPSCs and IPSCs was 3.0± 0.3 ms (mean ± s.e.m.), which is short relative to the period of the
oscillation (∼40 ms) and relative to the membrane time constant of neurons in pDp (55 ± 12
ms in the absence of odor stimulation; mean ± s.d.; n = 56 neurons). As a consequence, effects
of EPSCs and IPSCs on the membrane potential neutralize each other with high efficiency.
Consistent with this conclusion, previous current clamp recordings showed only small oscillatory
fluctuations in the membrane potential of Dp neurons [71]. These results provide direct evidence
that synaptic currents in pDp are tightly balanced in time.
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6.4 Discussion

We obtained direct biophysical evidence for a state of precise synaptic balance in pDp that
emerges during odor stimulation and defines a reversal potential near spike threshold. Action po-
tentials thus depend on variations in the balance between excitation and inhibition in individual
neurons, which depend on external inputs and network connectivity. Excitatory and inhibitory
synaptic currents in individual neurons were co-tuned in odor space and highly correlated on
slow and fast timescales. This precise synaptic balance requires coordinated connectivity to
match excitatory and inhibitory inputs to individual neurons. Synaptic connectivity therefore
exhibits functional specificity despite the absence of an obvious spatial organization. Co-tuning
can stabilize specific activity patterns in recurrent networks and thereby support autoassociative
memory. However, unlike classical attractor networks, balanced state networks can operate on
fast timescales. pDp may therefore function as an autoassociative network that allows for the
fast classification of learned inputs.

6.4.1 Synaptic balance in Dp

The homology between Dp and piriform cortex [47] is paralleled by functional similarities in-
cluding the absence of an obvious topography and pronounced mixture suppression of odor
responses [37, 40, 48, 50, 56, 164, 165]. We found that pDp neurons receive strong recurrent
input and weaker input from external sources, as observed in piriform neurons [12, 41, 171],
while aDp neurons received input primarily from external sources. These findings strengthen
the notion that pDp, which comprises most of Dp, is closely related to piriform cortex while the
relationship between aDp and mammalian olfactory cortex remains to be clarified.

Odors evoked large EPSCs and IPSCs in pDp that followed similar time courses (Fig. 28D)
and were correlated across neuron-odor pairs. The combined reversal potential was close to
action potential threshold, consistent with observations in current clamp [48]. Hence, odor-
evoked activity in pDp shows the hallmarks of a balanced state. Neurons in aDp, in contrast,
received sparse EPSCs and IPSCs that followed different time courses during an odor response,
implying that synaptic inputs are not balanced. Hence, pDp is functionally distinct from other
telencephalic targets of the OB.

Large odor-evoked EPSCs and IPSCs consistent with a balanced state have also been observed in
the piriform cortex of anesthetized rats [152]. EPSCs were odor-selective whereas IPSCs were re-
ported to be untuned [152]. In pDp, in contrast, inhibition and excitation were co-tuned. These
different observations may reflect differences in circuit architecture or differences in experimental
variables such as odor concentration. Moreover, as piriform neurons were recorded in young ani-
mals, co-tuned connectivity may be established later in development by an experience-dependent
plasticity process. Consistent with this possibility, postnatal activity-dependent development of
co-tuned inhibition has been described in the auditory cortex of rats (Dorrn et al. [139], but see
also Sun et al. [172]).

Co-tuned EPSCs and IPSCs consistent with a balanced state have also been observed in visual,
auditory, and somatosensory cortices during sensory stimulation [138, 140–142, 155, 157]. In
these brain areas, co-tuning may arise as a consequence of a topographic organization that favors
connectivity between neurons with similar tuning. Our results demonstrate that co-tuning
can also occur in a non-topographic network that is likely to function as an autoassociative
memory system. Co-tuning can, for example, arise when monosynaptic excitatory output and
disynaptic feed-forward inhibition originating from the same principal neurons converge onto
the same targets, which has been observed anatomically in entorhinal cortex [173]. Co-tuning
may therefore be a functional motif of multiple circuits [144].
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Co-tuning implies that individual neurons co-select excitatory and inhibitory inputs based on
their functional properties, presumably by coordinated and activity-dependent modifications of
excitatory and inhibitory synapses [174–176]. Computational studies demonstrated that synap-
tic plasticity rules consistent with this hypothesis can indeed establish co-tuned connectivity
in network models [143, 144]. Our observations therefore support the notion that neural cir-
cuits are refined by complex plasticity processes including the activity-dependent modification
of inhibitory synapses.

6.4.2 Dynamics of synaptic odor responses

After stimulus onset, EPSCs and IPSCs in pDp both increased for approximately 400 ms and
thereafter decreased before approaching a stable level. Hence, large synaptic conductances
supporting a balanced state developed gradually and were transient, despite persistent input
from the OB. The mechanisms underlying this dynamics of balanced synaptic currents during
an odor response may involve short-term synaptic plasticity but remain to be analyzed in detail.

On faster timescales, odor-evoked EPSCs and IPSCs exhibited prominent oscillatory fluctuations
that were most likely transmitted from the OB and amplified in pDp. Similar oscillatory EPSCs
and IPSCs were observed in piriform cortex [152]. Because the time shift was small, EPSCs and
IPSCs largely antagonize each other and should result in small membrane potential modulations.
Indeed, oscillatory membrane potential and firing rate modulations in Dp were minimal when
oscillatory synchronization in the OB was modulated over a broad range [71]. Nevertheless,
the timing of action potentials and synaptic currents followed oscillatory activity in the OB,
consistent with the high temporal bandwidth of a tightly balanced network. Tight balance in
pDp therefore stabilizes firing rates against temporal fluctuations without an obvious loss in
bandwidth.

Previous studies showed that firing rate responses of Dp neurons are insensitive to synchrony in
their inputs and often exhibit long latencies [71]. As a consequence, responses of Dp neurons are
biased towards non-synchronized inputs during later phases, which are particularly informative
about precise odor identity [70]. The slow dynamics of synaptic balance in pDp attenuates
responses during the initial response phase while tight balance reduces the impact of synchrony
on firing rates. Hence, the dynamics of synaptic balance in pDp is likely to support the readout
of odor identity information in pDp.

6.4.3 Computational consequences of precise balance

Balanced networks produce specific responses to external inputs that depend on the precise
pattern and temporal structure of these inputs. When the balance is only global, uncorrelated
excitation and inhibition is prone to saturate the dynamic range of a subset of neurons. In
precisely balanced networks, in contrast, excitation and inhibition are matched in individual
neurons even when the overall variance of synaptic currents is large. Precisely balanced networks
can therefore generate stable responses to a broader set of inputs.

Tight balance reduces uncorrelated fluctuations in excitatory and inhibitory inputs, which would
inject noise into the network [135, 144, 177]. As a consequence, tight balance can make ac-
tion potentials more informative, generate robustness of population activity against temporal
fluctuations, and support auto-encoding [178]. Detailed balance, on the other hand, stabi-
lizes population activity against variations in the amplification of different inputs (Fig. 32G),
which depends on the match between an input pattern and the pattern of recurrent excitatory
connections. Large variations in amplification can occur in autoassociative networks because
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strengthening of specific excitatory connectivity enhances amplification along selected direc-
tions in coding space. Detailed balance prevents instabilities that may arise from non-uniform
amplification because it matches excitation and inhibition in different directions of coding space.
Hence, detailed balance may enhance associative memory storage in pDp [12, 41].

Previous models of piriform cortex are related to autoassociative memory networks with at-
tractor dynamics [41], which act as classifiers and working memory devices because they map
inputs onto stable network states [2, 150, 179]. Some fundamental features of these models
including pattern separation and completion are consistent with experimental observations [41]
but persistent activity does not appear to be prominent in piriform cortex or Dp [163, 164,
180]. It may thus be interesting to consider potential consequences of a balanced state in net-
work models related to olfactory cortex. One feature of balanced networks is that they are
well-suited for intensity-invariant computations because they are insensitive to the mean of ex-
ternal inputs. This property may support the selective readout of odor identity information in
pDp [163]. Second, synaptic balance supports memory and classification operations because it
enhances the ability of recurrent networks to amplify specific input patterns [147, 151]. Third,
balanced synaptic activity suppresses noise arising within the network [146]. Fourth, unlike
classical attractor networks, balanced networks have a high temporal bandwidth and can switch
rapidly between different output patterns. An autoassociative memory network entering a bal-
anced state can thus act as an experience-dependent classifier with a high dynamic range but
without working memory [143, 147], which appears advantageous for sensory processing and
predictive processing. The performance of such classifiers is greatly enhanced by co-tuning of
excitation and inhibition [144, 151], and connectivity consistent with this assumption emerged
after training of a balanced network on a pattern discrimination task [146]. The precise bal-
ance of synaptic activity in pDp may therefore support functions related to fast autoassociative
memory and pattern classification.

6.5 Supplement

6.5.1 Experimental model and subject details

Experiments were performed in healthy adult (5–12 month old) zebrafish (Danio rerio) of both
sexes. Fish from both sexes were combined because sex-specific differences were not examined in
this study. Fish were raised and kept under standard laboratory conditions (26–27◦C; 13 h/11
h light/dark cycle). Electrophysiological recordings and calcium imaging in Dp were performed
in a neuroD-GCaMP6f transgenic line that expresses the genetically encoded calcium indicator
GCaMP6f in most neurons of the dorsal pallium and in all neurons of Dp [63]. Dye fillings
were performed either in the same transgenic line or in a wildtype line (AbEK/TÜ x WIK).
Calcium imaging in the OB was performed as described [50] in an elavl3:GCaMP5 transgenic
line [111] that expresses GCaMP5 predominantly or exclusively in mitral cells of the adult OB
[128]. All experiments were approved by the Veterinary Department of the Canton Basel-Stadt
(Switzerland).

6.5.2 Method details

Surgery for ex vivo experiments

Physiological measurements were performed in an ex vivo preparation of the entire zebrafish
brain and nose [53]. Briefly, fish were anesthetized by cooling to 4◦C and decapitated in artificial
cerebrospinal fluid (ACSF) containing (in mM) 124 NaCl, 2 KCl, 1.25 KH2PO4, 1.6 MgSO4, 22
D-(+)-Glucose, 2 CaCl2, 24 NaHCO3, pH 7.2. After dissection of the jaws, the eyes and the
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bones covering the ventral telencephalon, the dura mater over the posterior zone of the dorsal
telencephalon (Dp) was removed with fine forceps. For experiments in the OB, the ventral bones
covering the OB were also removed. After surgery, the preparation was placed in a perfusion
chamber and slowly warmed up to room temperature.

Odor application

Amino acids (final concentration: 40 µM; Sigma Aldrich) and a bile acid (taurodeoxycholic acid
[TDCA]; final concentration: 4 µM; Sigma Aldrich) were prepared as 100x stock solutions in
double-distilled water, vortexed, sonicated, stored at -20◦C and diluted to the final concentration
in ACSF immediately before the experiment. Food odor was prepared as described [105]. Odors
were applied through a constant stream of ACSF directed at the ipsilateral naris. The total
flow rate was held constant at 5 ml/min by a 4-wheel peristaltic pump (Reglo ICC, Ismatec).
The wheels controlled independent lines for ACSF and three different odor solutions that were
merged downstream by three-way junctions. The speeds of the four pump wheels were controlled
independently via a serial port using a custom-written Matlab interface (see section 2.5). This
setup permitted precisely timed applications of three different odors at arbitrary concentrations,
stimulus durations and combinations. Inter-stimulus intervals (ISIs) were >1 min.

Electrophysiology

Voltage clamp recordings were performed using borosilicate pipettes (4–8 MΩ pipette resistance
for pDp, 5–10 MΩ for aDp, 10–15 MΩ for NT), a Multiclamp 700B amplifier (Molecular Devices)
and Ephus software [181]. Pipettes were filled with an intracellular solution containing (in mM)
132 Cs methane sulfonate, 10 Na2-phosphocreatine, 4 MgCl2, 4 Na2-ATP, 0.4 Na-GTP, 5 L-
glutathione, 0.1 EGTA, 10 HEPES (pH 7.2, 300 mOsm; all Sigma). Current clamp recordings
and voltage clamp recordings without Cs were performed with an intracellular solution that
contained (in mM): 129 K-gluconate, 10 HEPES (free acid), 0.1 EGTA, 4 Na2-ATP, 10 Na2-
phosphocreatine, 0.3 Na-GTP, 5 L-glutathione and 13.1 KOH (pH 7.2, 305 mOsm; all Sigma).
For voltage clamp experiments at multiple holding potentials between -70 mV and 0 mV, 2
mM QX-314 (Sigma) was included in the internal solution to block voltage-dependent cation
channels in the recorded cell only.

Neurons were targeted by the shadow-patching technique [74] with 0.05 mM Alexa488 or Alexa594
(Invitrogen) in the internal solution using a custom-designed video-rate multiphoton microscope
[63], as described in chapter 2.2. When the dura mater over Dp was not completely removed the
pipette was advanced through the dura mater with transient high pressure (100 mbar) to avoid
contamination of the pipette tip. Before making a seal, neurons were approached inside the
tissue with low pressure (20 mbar). After break-in, series resistance and input resistance were
continuously monitored. On average, neurons were recorded for 27 ± 11 min. LFP recordings
were performed in the deep layers of the OB [70] ipsilateral to the whole-cell recording in Dp
using pipettes filled with ACSF (6–8 MΩ).

Mapping of neuron positions onto a reference stack

A stack of transverse multiphoton images covering Dp was obtained from the intact brain of
a neuroD-GCaMP6f transgenic fish [63] within a bounding box of 680 x 420 x 390 µm3 (rostro-
caudal x medio-lateral x ventro-dorsal; resolution: 0.41 µm lateral pixel size, 2.5 µm axial step
size). A stack of sagittal images was subsequently acquired from the same brain volume after
turning the sample by 90 degrees. Both views were then mapped into a common coordinate
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system to obtain high-resolution views of the telencephalic surface from multiple directions (Fig.
27A,B).

Most experiments were performed using the same neuroD-GCaMP6f line as for the reference
stack. Prior to patch clamp recordings, multiphoton calcium imaging was performed to verify
that odor stimulation evoked responses in Dp. After each whole-cell recording, an image stack
was acquired that covered the local environment of the recorded neuron (20–30 sections spaced
by 2.5 µm). After the last recording, a stack covering the full volume of Dp was acquired (150–
200 sections spaced by 2.5 µm). Mapping of individual neurons onto the reference stack was
then performed manually.

Temporal alignment of voltage clamp recordings

The delay between the trigger signal for odor delivery and the arrival of the odor solution at
the naris was approximately 2 s. In order to verify the reproducibility of odor delivery we
used volumetric two-photon imaging (4 planes, volume rate of 7.5 Hz) to detect the arrival
of a fluorescein solution. These measurements revealed no detectable variation in stimulus
onset between trials in the same experiment. However, small variations may occur between
experiments performed on different days due to variable positioning of the ACSF/odor tube
outlet relative to the naris and other factors such as wear of tubing. We therefore aligned results
from different experiments on the earliest observation of an odor response in each experiment.
No further alignment was performed among trials in the same experiment. To determine the
response onset time in a given experiment, responses of all responses to all odors were considered.
The onset was determined as the time point when the fastest-responding neuron-odor pair
reached 15% of its maximum value. This procedure was manually supervised.

The average delay between the stimulus trigger and the response onset was 1.94± 0.38 s (mean
± s.d. across experiments). Hence, the variability in response onset times was small relative
to the temporal resolution of most of our analysis. Note that analyses with very high temporal
resolution did not depend on the precise stimulus onset because the LFP oscillation in the OB
was used as a clock signal.

Some neurons in pDp responded not only to odor stimuli but also to changes in flow, consistent
with the mechanosensitivity of olfactory sensory neurons [182]. Small transient flow changes
occurred when flow rates were changed in the different odor lines, even though the total flow
rate was kept constant in the steady-state. However, these flow changes occurred ∼2 s before the
arrival of the odor at the nose (see Fig. 28D). Small responses to flow changes could therefore
be separated in time from responses to the odor. The baseline activity that was subtracted for
further analysis (Fig. 28D, Fig. 31B) was measured in the time window that preceded these
flow-evoked input currents (up to 2.5 s before odor response onset).

Analysis of biophysical properties of neurons

Biophysical properties were analyzed using voltage steps (50 ms; ∆V = −5 mV; ISI = 100 ms)
that were applied at a holding potential of -70 mV. The asymptotic current Iasymptote after the
capacitive transient was used to calculate the input resistance Rin = ∆V/(Imedian − Iasymptote).
Imedian was the median current during 50 ms preceding the test pulse. The same procedure was
applied before break-in to measure the seal resistance Rseal. Measurements were averaged over
20 test pulses with an ISI of 100 ms. In most neurons, this protocol was performed after each
odor stimulation. The same recordings were used to estimate the membrane time constants
τm = CmRm. Rin was used as a proxy for Rm, and Cm was determined by integrating the
charge accumulated during the falling phase of the capacitive transient. For measurements of

71



6. Precise synaptic balance in the zebrafish homolog of olfactory cortex

input resistance during the odor response (Fig. 30E), Imedian was computed by averaging
median currents during the two 50 ms windows surrounding the test pulse.

Estimates of the membrane resistance neglect the seal resistance Rseal and therefore underes-
timate Rin. To estimate the resulting error we measured Rseal in 15 neurons of pDp before
break-in and subsequently measured Rin after break-in. On average, the error made by ne-
glecting Rseal was 25 ± 5% of the measured value (Fig. 38A). This is probably a conservative
estimate because Rseal may decrease after break-in. The odor-evoked conductance change was
underestimated accordingly.

Tracing of neurites

To visualize neuronal morphology on the background fluorescence of the transgenic neuroD-
GCaMP6f line the concentration of the dye in the intracellular solution (sulforhodamine 101
or Alexa488) was increased to 0.2–0.5 mM. The osmolality of the intracellular solution was
reduced by ca. 2%, which lead to a swelling of the neuron especially at bifurcation points of the
dendrites and facilitated subsequent tracing. After >10 minutes post break-in an image stack
was acquired at high resolution (0.2–0.4 µm lateral pixel size, 1 µm axial step size), typically
with >350 sections and extensive averaging. If the respective neuron appeared to be very small,
acquisition of the stack was repeated >30 minutes later. In none of these cases, additional
neurite trees were recovered. At most one pDp, NT and aDp neuron each was filled in a single
fish in order to prevent ambiguity of tracings through overlapping neurites. Tracings were
performed using the Simple Neurite Tracer [183] and subsequently processed in Matlab to align
the skeletons to the reference stack.

The volume V of the convex hull was calculated to compute the equivalent spherical diameter
of the dendritic tree, dequivalent = 2 · 3

√
3/(4π) · V . In a basic Sholl analysis, neurite length was

quantified in 10 µm radial shells around the soma for each neuron and averaged across neurons.

Muscimol and SCH50911 injection

Muscimol (Thermo Fisher) was dissolved in ACSF (5 mM) and pressure-injected into Dp of
neuroD-GCaMP6f transgenic fish. For experiments using a cocktail of muscimol and SCH50911
(Tocris), muscimol (5 mM) and SCH50911 (7.5 mM) were dissolved in ACSF and co-injected
into Dp. The ratio (1:1.5) followed established protocols to ensure blockade of GABAB but not
GABAA receptors [169]. 0.05 mM Alexa 594 was included in the injection pipette to target
the injection and to visualize the spread by multiphoton microscopy. Typically, three injections
were placed in aDp, in pDp and at the interface between pDp and NT. Electrophysiological
experiments were performed within 60 min after injection and absence of spiking activity in Dp
was verified by calcium imaging. Despite the absence of calcium signals, all recorded neurons
exhibited spontaneous or evoked EPSC events and a fast voltage-dependent conductance that
was engaged by depolarization to ca. -40 mV.

Calcium imaging experiments

Multiphoton calcium imaging in the OB was performed using a resonant scanning multiphoton
microscope equipped with a remote focusing unit that takes advantage of a voice coil motor
for fast z-scanning [63]. To increase the mitral cell imaging yield within a trial, 4 or 8 focal
planes with 512 x 512 or 512 x 256 pixels each were imaged simultaneously at a frame rate of
7.5 Hz. Calcium imaging in Dp was performed using the same microscope but in a single optical
section (1024 x 1024 pixels; frame rate, 15.4 Hz). The microscope was controlled by a scanimage
software [103] with some modifications [63], as described in chapter 3.9.
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6.5.3 Quantification and statistical analysis

Co-tuning analysis for pDp neurons

To correct for the fact that different stimuli have different strengths we first assumed that the
magnitudes of synaptic currents evoked by an odor in a given neuron depend not only on the
tuning of the neuron towards this stimulus (odor identity) but also on the global ”stimulus
strength” s of this stimulus relative to other stimuli, and on the total input received by the
neuron (”neuronal size” n). The response current rij in neuron i evoked by stimulus j was thus
expressed as a product of the stimulus strength sj , the neuron-specific input strength ni, and
additional variability vij that accounts for other factors including tuning and noise:

rij = sj · ni · vij (14)

This linear expression is a heuristic procedure to jointly determine the best parameter estimates
si and nj with as few assumptions as possible. The projections of rij onto the balanced and
counter-balanced axes for each neuron are plotted in Fig. 32D. Because rij,exp was determined
experimentally we estimated the input strength ni of each neuron and the intrinsic strength sj
of each stimulus jointly by minimizing

∑
i,j

(
rij,exp − sj · ni

)2
(15)

The normalized responses for neuron i and stimulus j

EPSCij,norm = EPSCij,exp/sj

IPSCij,norm = IPSCij,exp/sj
(16)

were computed to operate in a normalized space that is corrected for stimulus strength. In
this space, projection of EPSCij,norm and IPSCij,norm of individual neurons onto the balanced
and counter-balanced axes (Fig. 32F) allowed for the quantification of co-tuning independent
of stimulus strength and neuronal size.

Cross-correlation of simultaneous recordings

To measure the phase relationship between the oscillatory components of EPSCs, IPSCs and
the LFP we band-pass filtered all recordings using a non-causal, phase-preserving filter (15–
40 Hz). Auto- and cross-correlograms were calculated using a moving window of 100 ms and
averaged over a 250 ms time window that spanned the oscillatory response phase (Fig. 33G).
Averaging across trials returned cross-correlation functions for EPSC-LFP and IPSC-LFP. The
delay between EPSCs and IPSCs was then determined as the relative time shift of these cross-
correlation functions. To determine the uncertainty of this measurement we quantified the same
delay between two equally large, non-overlapping subsets of IPSC or EPSC trials of the same
neuron and determined the standard error of the mean of the resulting distribution.

Detection of events for aDp recordings

To detect events in voltage clamp recordings from aDp neurons traces sampled at 10 kHz were
median-filtered within a sliding 2 ms-window. Candidate events were then identified as at least
three consecutive samples with a positive first derivative followed by at least two consecutive
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samples with negative derivative. Candidates were accepted or discarded based on two condi-
tions: (1) the mean current in a 7 ms-window around the candidate time point of the high-pass
filtered EPSC trace (cut-off frequency 0.25 Hz) must exceed the standard deviation of the full
trace times a fudge factor F1. (2) The mean of the first derivative of the EPSC trace, weighted
with opposite signs before and after the candidate time point, must together exceed the standard
deviation of the derivative of the trace times a fudge factor F2. The fudge factors were chosen
empirically and constant for all traces (F1 = 0.4, F2 = 1.25). This resulted in reliable detection
of events, with few false negatives and very few false positives (Fig. 40F). All detected events
were subsequently visually inspected.

Power analysis in the 20-30 Hz band

For recordings from pDp neurons in muscimol and under control conditions (Fig. 29G), the
average power in the frequency range of 20–30 Hz was measured within the 500 ms response
window during the first 1.5 s of the odor response that maximized the power for each neuron.
Since the oscillatory power varies considerably between fish (not shown), we normalized the
datasets with respect to the mean of the respective control condition (Fig. 29G).

Analysis of calcium imaging experiments

Regions of interest (ROIs) corresponding to mitral cells or Dp neurons were drawn manually
using a custom interactive Matlab script (see chapter 2.5). Fluorescence was averaged over
all pixels in a ROI. F0 was calculated by taking the minimum value of each recording after
smoothing with a 4 s running average. To infer spiking activity, ΔF/F traces were deconvolved
using state-of-the-art methods based on convolutional neuronal networks for Dp recordings (see
chapter 4, [64]).

Decorrelation and stability analysis in the OB

To analyze odor representations across mitral cells in the OB we calculated the Pearson correla-
tion coefficient between the activity patterns evoked by the same or by different stimuli at each
time point. Measurements were averaged by weighing them according to the number of neurons
that contributed to each pattern.

Statistical analysis

All statistical tests comparing two distributions were performed using the Wilcoxon rank-sum
test; the corresponding effect sizes and confidence intervals were computed in R using the
Hodges-Lehmann estimator. In all box plots the central line indicates the median, edges in-
dicate the 25th and 75th percentiles, and whiskers indicate most extreme data points except for
outliers, which are defined as data points outside of 99.3% data coverage (assuming normally
distributed data).
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6.5.4 Supplementary figures
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Figure 34. Morphology of neurons in Dp. Related to Fig. 27. Examples of reconstructed neurons in aDp (blue),
NT (red) and pDp (white, yellow) in horizontal (A) and sagittal (B) surface projections of the reference brain.
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Figure 35. Odor-evoked calcium activity in pDp. A. Sagittal optical section through pDp. B. Regions of
interest corresponding to neuronal somata in pDp (yellow) overlaid on the same optical section. Small somata
at the top of the image are NT neurons (not marked). C. Red: calcium signals (ΔF/F) of eight Dp neurons
during odor stimulation (grey bar). Black: spiking probability (firing rate) estimated from calcium signals by
an algorithm based on machine learning [64], described in chapter 4. D. Calcium signals (ΔF/F) of all neurons
that were active during the recording period (545 of 3’848 recorded neurons). A total of 15 trials were recorded
in 6 fish (11x food stimulus, 3x tryptophan, 1x arginine). All traces show single trials. E. Spiking probabilities
reconstructed from calcium signals in (D) (arbitrary scaling). F. Average across all ΔF/F traces in (D). G.
Average across traces in (E). The response onset was selected manually based on a plot of average, median and
top 95 percentile ΔF/F activity across all active neurons for each trial. The manually selected onset ΔF/F value
corresponded to approximately 10–15% of the maximum response.
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Figure 36. Activity patterns across mitral cells in the OB. A. Raw fluorescence in one of four simultaneously
recorded optical sections through the OB of a fish expressing GCaMP5 in mitral cells (HuC-GCaMP5, [111]).
Mitral cells (arrows) are distinguished from interneurons by their large somata and characteristic dendritic tufts.
Yellow arrows depict mitral cells with dendritic tufts in the same image plane; red arrows depict additional mitral
cells with dendritic tufts in other planes (not shown). B. Time course of responses (ΔF/F) of four mitral cells
to three different odors, two repetitions each. Odor stimulation (35 s) is indicated by gray bar. C. Response
(ΔF/F) averaged over all neurons (number of neurons = 424 from 10 fish), odors (number of odors = 3) and
trials (number of trials = 2). Odors were [Ala, Arg, Phe] in 302 neurons and [Ala, His, Trp] in 122 neurons.
D. Correlation of activity patterns across mitral cells between trials as a function of time, averaged across fish.
Red: same odor stimulus; blue: different odors. Color bands show s.e.m.. Arrow depicts initial correlation that
decreases subsequently. E. Responses (ΔF/F) of mitral cells that responded strongly to at least one of the three
stimuli (n = 250; three odors, two repetitions each). Stimulus identity ([Ala, Arg, Phe] or [Ala, His,Trp]) is
color-coded. The onset of odor responses was determined by the rise of the baseline-subtracted average to 10%
of the maximum.
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Figure 37. Effects of muscimol on odor-evoked activity in the OB. Related to Fig. 29. Raw fluorescence in an
optical section through the OB (top) and change in stimulus-evoked fluorescence (ΔF/F, food stimulus, bottom).
Left: before injection of muscimol; right: after muscimol injection into Dp (individual trials; time between odor
applications ∆t ∼ 30 min).
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Figure 38. Related to Figs. 30 and 32. A. Membrane resistance error due to seal resistance and break-in.
Resistances measured before (Rseal) and after break-in (Rin) in pDp (n = 15 neurons). The seal resistance Rseal

was, on average, approximately 6-fold higher than the measured input resistances Rin. As a consequence, resting
conductances were overestimated by approximately 25% and odor-evoked conductance changes were underesti-
mated by approximately 25%. Measurements were not corrected for this factor. B. Correlation between inverse
input resistance and odor-evoked input current in pDp neurons. The mean odor-evoked input current of each pDp
neuron was determined by averaging both over the first 1.5 seconds after response onset and over all available
trials and over EPSCs and IPSCs (absolute values). The correlation between the inverse input resistance 1/Rin

and the mean odor-evoked input current was r = 0.64 (p = 4.6e-5; n = 34 neurons). Dashed line: linear fit.
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Figure 39. Related to Fig. 30. Ratio of excitatory and inhibitory currents, averaged over the first 1.5 s after
the odor response onset for all neuron-odor pairs. Data points from the same neurons are connected by lines.
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6. Precise synaptic balance in the zebrafish homolog of olfactory cortex
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Figure 40. Examples of EPSCs in aDp neurons and EPSC event detection. Related to Fig. 31. A-E. Example
EPSCs in five different aDp neurons (three repetitions of a single stimulus: arginine, histidine, food extract,
TDCA, food extract). The dotted black rectangle highlights a 2 s window that is enlarged on the right. Note
large and discrete events occurring at low frequency. Odor application is indicated by the black bar. F. Automated
detection of excitatory events in whole-cell voltage clamp recordings from neurons in aDp. Example is taken from
the time window outlined by the red rectangle in (E). Detected events are indicated by dots.
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Chapter 7

Discussion and outlook

In this chapter, section 7.1 will summarize and highlight the achievements of this thesis. Section
7.2 will discuss the results of this chapter with a specific focus on open questions and future
directions of research.

7.1 Synopsis

In the work underlying this thesis, I have designed and implemented the hardware and software
for a resonant scanning microscope. I have invented a method to use a macroscopic voice
coil motor for remote z-scanning, allowing for multi-plane calcium imaging at high frame rates
(Rupprecht et al. [63]). I have re-designed software to control this microscope and written code
to analyze calcium imaging data. In particular, I have applied, together with Stephan Gerhard,
deep networks and statistical embedding spaces to predict spiking from raw calcium traces,
surpassing the performance of previous state-of-the-art algorithms by a large margin (Berens
et al. [64]).

Using the custom-built microscope for multi-plane calcium imaging, I have contributed to the
analysis of adaptation and variability in the olfactory system of adult zebrafish (Jacobson et al.
[50]), and applied the imaging technique to other brain regions as well to delineate the anatomical
borders of olfactory cortex homolog of zebrafish, Dp (section 5).

In a second methodological approach, I have used whole-cell voltage-clamp recordings to map
the inhibitory and excitatory inputs across Dp. As side results, I have mapped the morphologies
and biophysical properties of neurons across Dp and explored the population responses towards
longer stimuli (>10 s) in the olfactory bulb and Dp. As a central result, I have found that
a subregion that can be identified by anatomy (posterior Dp, pDp) is driven by strong local
excitatory connections that push the network into a transient balanced state when the fish
is stimulated by odorants. I further analyzed this balanced state and found that balance is
maintained both on short timescales and in stimulus space (tight and detailed balance). This
finding connects to results from theoretical neuroscience that predict improved computational
performance of a network with such precise balance. This suggests that the precise balance
in pDp allows the network, among other advantages, to achieve a high temporal bandwidth
through the balanced state while maintaining the capability to stabilize multiple patterns in an
attractor network through the precision of balance (Rupprecht et al. [65]).
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7. Discussion and outlook

7.2 Future directions

7.2.1 Fast z-scanning

Several remote scanning techniques like the one based on a voice coil motor (chapter 3, covered by
Rupprecht et al. [63]) have been described during the last few years. The difference between the
methods is often limited to the movable or deformable part used for remotely shaping the beam.
These methods include various types of voice coil motors [63, 184], spatial light modulators
[185], electrostatic MEMS actuators [186, 187], Alvarez lenses [188] and electro-tunable lenses
[109, 189], sometimes combined with temporal multiplexing as introduced by Cheng et al. [190].

However, the application of fast z-scanning is in most cases not limited by the speed of the remote
scanner but rather by the degradation of the resolution off-axis in the xy-plane or when the axial
focus is shifted in z. To maintain high resolution across a field of view with a diameter of several
millimeters and across a large axial range, custom-designed beam paths, lenses and objectives
are often used [109, 184, 191–193]. Another, not mutually exclusive approach is to compensate
degradation of the excitation point spread function along the relatively slowly scanned z-axis
with aberration correction through adaptive optics, a method to achieve resolution-limited per-
formance in scattering media that has been recently adopted for biomedical imaging [194].

Among the beam-shaping devices used for adaptive optics, continuous deformable mirrors (not
to be confounded with digital micromirrors) offer an additional advantage, despite higher cost.
Deformable mirrors operate at high bandwidths and are not only able to correct for aberrations
caused by scattering and axial focal shifts [194], but are also capable of shifting the focus in axial
direction by applying a positive or negative curvature to the mirror [195, 196]. In the long run,
these methods that provide the possibility to correct for aberrations in addition to z-scanning
will probably replace less flexible actuators, including voice coil motors.

7.2.2 Precisely balanced networks

The observation of a detailed and tight balance of synaptic inputs to the zebrafish olfactory
cortex homolog (pDp) raises a number of open questions that were only partially discussed in
chapter 6.

First, how does this detailed balance arise, and at which spatial precision? Since all recordings of
excitatory and inhibitory inputs in chapter 6 were performed using whole-cell electrophysiology,
no information could be obtained about the subcompartments of neurons and how they integrate
their inputs. More specifically, it is not clear whether the detailed and tight balance is maintained
in compartments of a single neuron or only when integrated in the soma. This could have large
effects on the noisiness or sensitivity of dendritic integration, especially when active conductances
play a major role [197, 198].

The observation of a detailed balance suggests the hypothesis that dendrite-specific plasticity
comes with a dendrite-specific (detailed) balance of inputs, but this remains to be tested in
pDp. In mouse, Chiu et al. [174] found that inhibitory synapses of somatostatin-expressing
cortical neurons onto pyramidal neurons are strengthened upon stimulation of NMDA receptors
that are associated with excitatory synapses in a local environment of the respective post-
synaptic dendrite. Additional recent evidence comes from Iascone et al. [199], finding a fine-
scale covariation between the density of excitatory and inhibitory synapses in terminal dendritic
segments of layer 2/3 cortical neurons. Together, these studies suggest that precise balance,
possibly also in pDp, might be maintained by a plasticity rule that remains local on dendritic
segments. However, additional studies are required to test these interpretations.
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7.2. Future directions

A second question arising from the observation of a precise balance in pDp is the nature of the
computation performed by this biophysical substrate. As has been argued in chapter 6 (and
see also chapter 1.3), there is evidence suggesting that the olfactory cortex and its zebrafish
homolog perform computations similar to an attractor network, but direct evidence so far has
been scarce. As an alternative hypothesis, pDp could instead perform computations similar
to an autoencoder circuit [178]; in theory, any balanced circuit that requires not only fast but
also specific processing would benefit from a detailed and tight balance [135, 144, 146]. It is
likely that a more complete picture of the circuit, e.g., by dense 3D electron microscopy and
circuit reconstruction [200] together with functional recordings will possibly reveal the basic
computations performed by pDp and will eventually allow to test the hypotheses put forward
in chapter 6 about the stabilization of auto-associative memories. In any case, it is clear from
our study that the set of possible computations is constrained by the specific dynamics on slow
and fast timescales in pDp and by the tuning and co-tuning of inputs to individual neurons.

As another open question, how well does the observation of a precisely balanced network gener-
alize to cortex or to neuronal circuits in general? As a first note, another part of the zebrafish
forebrain (anterior Dp, aDp) seems to lack not only the preciseness of balance, but the balance
of inputs itself. This suggests that the balance of inputs is not a universal principle but might
have been adopted only by selected subcircuits. In addition, we observed that the balanced
state in pDp was of transient nature. This demonstrates that the state of the brain or the local
network can determine the mode of processing of its neuronal components. For example, this
could, in theory within a single circuit, allow to trade off processing speed against precision on
demand, or to switch from mean- to variance-sensitive regimes.

Taken together, the work of this thesis underlines the importance of investigating the biophysical
properties of a neuronal network, not only because these properties are interesting by themselves,
but also because they allow to think of the neuronal code and neuronal computations viewed
from a different perspective: in the light of the underlying biophysical substrate.
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