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1 Preface

1.1 Summary

How does a brain process the information about its surrounding world that it gathers
through its sensory systems? How is the external world encoded in neural signals? How are
these codes reformatted, suitable for efficient decoding of the relevant features embedded in
the vast amount of activity?
To study such an external world representation and its transformations by an internal set
of neurons, this work focused of brain of Drosophila melanogaster. This insect’s nervous
system has been subjected to detailed genetical, morphological, functional and behavioral
studies, allowing to address detailed questions about its inner functions.
Using the well described olfactory processing pathways and the influence of learning on them,
I studied several aspects of information processing, learning and perceptual segregation and
in this insect’s brain.
Inspired by the finding that Drosophila can bridge perceptual gaps during associative learn-
ing, this thesis contains work on determining the likeliest neural candidates for maintaining
the required stimulus trace for this cognitive capacity (Chapter 4). We identified the Kenyon
cells (KCs) of the mushroom body, a central brain area for associative learning in insects,
as the only cell type suitable for maintaining a stimulus trace predictive of past stimulus
presentations.
Additionally, this thesis contains work that revealed a novel plastic synapse in the neural
circuitry mediating associative learning in a comparable paradigm: We could show that
the mushroom body associated dopaminergic neurons of the fly modify their response to
reinforced odorants (Chapter 5).
Previous studies have shown, that insects and other invertebrates perform better at an
odor-background segregation task when the olfactory stimulus contains a temporal struc-
ture, although the overall chemical composition remains the same. Such temporal stimulus
cues therefore contain information about the external world that the animals are able to
both de- and encode within their neural activity. This thesis contains work at elucidating
the involved mechanisms of such temporally aided smelling capabilities on both behavioral
and physiological levels (Chapter 6). Behaviorally, we employed a behavioral paradigm in-
volving upwind plume-tracking to confirm temporally aided odor-background segregation
in Drosophila. Physiological experiments include a series of both electrophysiological and
functional imaging studies on olfactory sensory neurons, projection neurons, Kenyon cells
and output neurons of the mushroom body, to search for neural correlates of temporally
aided odorant identity processing.
This study also contained both hardware and software development. A novel type of ol-
factory stimulator that is capable of precisely controlling the relative timing of 2 odorants
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1 Preface

in a binary mixture is presented (Chapter 3). Additionally, several software tools for the
analysis of both electrophysiological and microscopical recordings of neural activity were
developed over the time course of this study (Chapter 7).

1.2 Zusammenfassung

Wie verarbeitet ein Gehirn die Informationen über seine Umwelt, die es mit sensorischen
Systeme wahrnimmt? Wie wird mit neuronalen Signalen die externe Welt kodiert? Wie
werden diese Codes auf eine Art und Weise umgewandelt, sodass die in ihnen enthaltenen
relevanten Einzelheiten effizient dekodiert werden können?
Um die Transformation von solchen internen Repräsentationen der externen Welt zu un-
tersuchen, beschäftigt sich diese Arbeit mit dem Gehirn von Drosophila melanogaster. Das
Nervensystem dieses Insektes wurde auf genetischer, morphologischer, funktioneller und
Verhaltensebene bereits detailliert untersucht, was die Möglichkeit eröffnet, präzise Fragen
über seine inneren Funktionsweisen zu stellen.
Inspiriert von der Entdeckung dass Drosophila während eines assoziativen Lernprozesses
Wahrnehmungslücken überbrücken kann, enthält diese Arbeit eine Studie über die Suche
nach den für diese kognitive Fertigkeit notwendigen Zelltypen (Kapitel 4). Wir identifizieren
die Kenyon Zellen des Pilzkörpers, einer zentralen Gehirnstruktur für assoziatives Lernen
in Insekten, als den einzigen Zelltyp, der dazu geeignet ist vergangene Stimuli korrekt zu
identifizieren.
Zusätzlich enthält diese Doktorarbeit eine Studie, die eine neue plastische Synapse in der
neuronalen Verschaltung entdeckt hat, die an der neuronalen Verschaltung für solche as-
soziativen Lernprozesse beteiligt ist (Kapitel 5): Wir konnten zeigen, dass die mit dem
Pilzkörper assoziierten dopaminergen Neurone ihre Antwortstärke auf Düfte während des
Lernprozesses verändern.
Frühere Studien haben zeigen können, dass Insekten und andere Invertebraten besser zwis-
chen Duft und Hintergrund unterscheiden können, wenn der olfaktorische Stimulus eine
zeitliche Struktur aufweist, auch wenn die insgesamte chemische Zusammensetzung un-
verändert ist. Solche zeitlichen Reizkomponenten enthalten demnach Informationen über
die externe Welt, die Tiere in ihrem Nervensystem sowohl de- als auch enkodieren können.
Diese Doktorarbeit enthält eine Studie, die die dabei involvierten Mechanismen einer solchen
zeitlich unterstützen Geruchswahrnehmung auf sowohl physiologischer als auch verhaltens-
biologischer Seite untersucht (Kapitel 6). Um auf Verhaltensebene zu bestätigen, dass
Drosophila dazu in der Lage ist die Zeitstruktur eines Duftreizes für Duft-Hintergrundtrennung
zu nutzen, führten wir Verhaltensversuche in Windtunneln durch, in denen die Fähigkeit
von Drosophila untersucht wurde, die Quelle raumzeitlich komplexer olfaktorischer Stimuli
aufzufinden. Um nach den neuronalen Korrelaten einer solchen von der Zeitstruktur unter-
stützten Prozessierung der Duftidentität zu suchen, führten wir auf physiologischer Ebene
wir eine Serie von elektrophysiologischen und bildgebenden funktionellen Studien durch,
wobei wir die Aktivität von olfaktorischen sensorischen Neuronen, Projektionsneuronen,
Kenyon Zellen und Ausgangszellen des Pilzkörpers charakterisiert haben.
Diese Doktorarbeit enthält außerdem sowohl Hardware- als auch Softwareentwicklung. Ein
neuartiger olfaktorischer Stimulator der es ermöglicht präzise die Zeitstruktur zweier Duft-
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1.2 Zusammenfassung

stoffe in einer binären Mischung zu kontrollieren (Kapitel 3) wurde entwickelt. Zusätzlich
wurden mehrere Softwarepakete entwickelt, die der Analyse von sowohl elektrophysiologis-
chen Messungen als auch von bildgebenden Verfahren der funktionellen Mikroskopie dienen
(Kapitel 7).
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2 General introduction

At each moment, animals need to make optimal decisions based on the information they
can obtain by their sensory systems. This is essentially the primary task of a brain: to
choose the best behavior given the current environmental surrounding and internal states,
and to generate corresponding motor commands. The selective pressure of evolution has
penalized non-optimal decisions, and has thus led to dauntingly complex brains, processing
large amounts of sensory data in a distributed and parallel manner.
As the environment is always dynamically changing, the connection from sensory input to
optimal behavioral output can not be hardwired, and the plastic properties of nervous sys-
tems account for this. To understand how these self-organizing dynamical systems perform
this process of flexibly mapping sensory input to optimal behavioral output is a central task
of neuroscience.
This study focused on a specific part of the insect brain, the so called mushroom body.
Located close to the periphery by just 2 synapses downstream of olfactory sensory neurons,
it is at the same time already in the center of many cognitive computations, demonstrated by
its plastic involvement in learning and memory. Hence, this sub-system of the insect brain
is an ideal place to study basic computations of nervous systems and their consequences for
higher level cognitive capabilities and their behavioral results.

2.1 Olfaction

Olfaction is a form of chemosensation: It is the sense of detecting chemicals which originated
from a spatially distant source, and this spatial component distinguishes olfaction from
gustation. While the latter can be seen as a form of contact chemical sensing, both can be
grouped into the broader modality of chemosensation, just as somatic touch and hearing
are both based on mechanosensation.
Chemosensation is the process of detection the presence of substances, and is thus involved
in a broad variety of behaviors. For example, finding nutritious food sources while avoiding
toxic substances, communication with conspecifics such as marking territories, coordinating
social behaviors, finding mating partners or locating oviposition sites, just to name a few.
In those examples, the molecules that carry the relevant information are usually the same:
pheromones signal information about conspecific mating state, the smell of rotting flesh
attracts scavengers and moldy fruits repel fructivores. However, while many molecules
have these innate meanings, any molecule of sufficient volatility will evaporate and spread
throughout space, carried mainly by the bulk motion of its surrounding air. And even while
such molecules are a priori meaningless, they carry information about the external world
that can be perceived and used by the organism.

13



2 General introduction

2.2 Olfaction in insects

The insect olfactory systems follows a common bauplan (Ito et al., 2014). Of course, it is
not without exception and many differences between clades exist. As this work focused on
Drosophila melanogaster, the following summary will refer mainly to this species, but will
give a few examples of other species when appropriate.
In the generally shared morphological structure of insect olfactory systems, external sensory
sensilla house olfactory sensory neurons (OSNs) that express a certain olfactory receptor
protein. After the receptor’s activation by an odorant, the OSNs produce action potentials
that travel along the antennal nerve into a neuropil called the antennal lobe (AL). Inside the
AL, OSNs make synaptic contact with projection neurons (PNs) in a spatially organized
manner: All OSNs expressing the same olfactory receptor converge spatially into shared
spherical neuropiles termed glomeruli. Inside the AL, different classes of local interneurons
(LNs) interconnect the glomeruli. The PNs in turn collect the pattern of activity in the
glomeruli and then send their axons into the two separated higher order olfactory neuropils,
the lateral horn (LH) and the mushroom body (MB).
Functionally, it is thought that the AL serves as a preprocessing stage, before sending the
odorant induced activity to both the LH and the MB. There, it is thought that the lateral
horn processes odorants that have an innate meaning, whereas the task of the mushroom
body is to flexibly assign valence to olfactory stimuli based on experience, and bias future
decisions of the animal upon repeated odorant encounter.
The proposed coding principles of this network are the following: First, converging OSNs
onto a few PNs in a single glomerulus leads to an increase in signal-to-noise ratio. Second,
the network of inhibitory LNs modifies this glomerular activity pattern to generate specific
PN responses. Third, the PNs broadly diverge onto a much larger number of MB intrinsic
cells called Kenyon Cells (KCs), projecting the PN activity pattern in a response space
of larger dimensionality. This leads to a sparse and distributed representation of odorant
identity in KCs, a coding format that serves as an ideal basis for precise associations.
Each of these steps will be reviewed in more detail in the following sections.

2.2.1 Olfactory sensilla and odorant detection

The main olfactory sensing organ on insects are the two antennae. They are covered with
olfactory sensilla, which are hollow hair or rod like structures, filled with a sensillar lymph
that bathes the dendrites of the sensory neurons. The sensillar lymph is electrically isolated
from the hemolymph, but shared among all sensory neurons inside one sensillum (Venkatesh
and Naresh Singh, 1984).
The sensory neurons express proteins which are sensitive to different volatiles: Activation by
an odorant leads to a receptor potential, which in turn leads to action potential generation.
In Drosophila, two major gene families have been identified to code for odorant sensitive
proteins, the olfactory receptor (OR) and the ionotropic receptor (IR) families (Vosshall
et al., 1999; Benton et al., 2009). Additionally, gustatory receptors (GRs) can also act as
olfactory receptors (Jones et al., 2007).
Even though the genetic characterization of the olfactory receptors and molecular con-
stituents of the transduction process and following signal transduction is well described,
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2.2 Olfaction in insects

the exact mechanism of the olfactory transduction and its associated regulatory processes
are still under debate: While it is still unsolved whether olfactory receptors gate trans-
duction currents ionotropically or metabotropically (Wicher et al., 2008; Sato et al., 2008;
Nolte et al., 2013), other studies suggest a molecular resonance based transduction mech-
anism (Franco et al., 2011; Drimyli et al., 2016) (but see Paoli et al. (2017) for a critical
reevaluation).

2.2.1.1 encoding of odorant stimuli in olfactory sensory neurons

In contrast to other senses, the olfactory world is very difficult to parameterize. Both
visual and auditory stimuli can described by a spatiotemporal pattern of wavelengths and
intensities, but for odorant no such physical low-dimensional explanation has been found
yet. Quite possibly, it might not exist: Molecules can be described by a sheer infinite
number of physical descriptors, rendering our attempts at imposing meaningful dimensions
on the molecular space futile.
Nevertheless, the activation profiles of olfactory receptors have been characterized in detail
(see Hallem and Carlson (2006) for an initial study, and Galizia et al. (2010) and Münch and
Galizia (2016) for the compilation of many receptor profiling studies into a single database).
The idea that emerged was termed combinatorial coding: The concept is comparable to color
vision, where countless color percepts are constructed by comparing the relative activation
levels of just three different photoreceptor types. Analogously, the relative activation across
the olfactory receptors forms a multidimensional response profile that is odorant specific.

2.2.2 The antennal lobe as an olfactory preprocessing stage

The axons of the OSNs terminate in the glomerular compartments of the AL, where they
form acetylcholinergic synapses with PNs in a spatially organized manner: All OSNs ex-
pressing the same olfactory receptor converge into the same glomerulus, where each PN
receives input from all glomerulus specific OSNs (Kazama and Wilson, 2009). This con-
vergence of OSNs sharing common activity is though to increase the signal-to-noise ratio
in the PNs. Additionally, the OSN to PN synapse exhibits a nonlinearity, amplifying weak
inputs stronger than strong inputs, thereby selectively strengthen the representations of
faint olfactory stimuli (Kazama and Wilson, 2008).
Inside the AL, a heterogeneous population of LNs interconnect the glomeruli. These LNs
come in different morphological types, connecting only few or many glomeruli, different neu-
rotranmitter types (both excitatory and inhibitory), and different levels of interindividual
variability in their wiring patterns (Chou et al., 2010). The largest class of LNs is inhibitory
GABAergic and innervates most but not all glomeruli.
The function of the LN network is to preprocess information gathered by the OSNs, for ex-
ample by decorrelating input patterns. However, how this decorrelation is achieved exactly
is still unclear. A possible scenario is mutual inhibition of cells showing correlated activity.
Such mutual inhibition is common network motif and found in many other sensory systems,
such as the retina, the somatic sense of touch or electric field sensing, where spatially neigh-
boring cells inhibit each other to serve contrast enhancement (Kandel et al., 2014; Menzel,
2013).
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In the AL, no such equivalent spatial chemotopy seems to exist, but studies on the honey
bee AL indicated that the LN network preferentially interconnects glomeruli with overlap-
ping tuning curves in an inhibitory way (Sachse and Galizia, 2002; Linster, 2005). Early
studies in Drosophila found results compatible to this model, such as stimulus specific LN
activation patterns (Ng et al., 2002; Silbering et al., 2008) and glomerulus specific influences
of inhibition (Wilson and Laurent, 2005; Silbering and Galizia, 2007). A more recent study
however found odorant invariant lateral inhibition in the AL (Hong and Wilson, 2015),
which is in line with a previous modeling study that found maximal pattern separation is
achieved by a homogeneous inhibitory interaction (Proske et al., 2012). Irrespective of the
exact mechanism, the result of LN networks influence is an increase in specificity of the
response patterns (Silbering and Galizia, 2007), a wider range of concentration encoding
(Sachse and Galizia, 2003), and more transient responses in PN compared to OSNs (Olsen
et al., 2010).
The PNs then send this shaped representation to the higher olfactory processing centers,
the LH and the MB. Just like the LNs, the PNs themselves come in classes of different
morphologies: uni- or multiglomerular, projecting via different tracts and using different
transmitter types (both excitatory and inhibitory) (Tanaka et al., 2012).

2.2.3 The insect mushroom body as a center for associations

The MB was the first distinct neuropil discovered in insects (Dujardin, 1850) and received
its name due to its shape. It can be separated into two substructures, the calyx and the
lobes. It is highly interconnected with many other brain areas, it both receives input from
many different sensory modalities and has distributed output in many others brain regions
(Mobbs, 1982; Strausfeld and Li, 1999; Strausfeld, 2002; Ito et al., 2014; Kirkhart and Scott,
2015; Aso et al., 2014b; Yagi et al., 2016).
But it is far more than a multi-modal sensory integration center: The MBs involvement
in higher brain functions was discovered by various disruptions of the MB and their conse-
quence on learning and memory abilities (Erber et al., 1980; Heisenberg et al., 1985; Belle
and Heisenberg, 1994). Further studies unveiled a tight link between the MB and asso-
ciative plasticity (Mauelshagen, 1993; Strube-Bloss et al., 2011; Hige et al., 2015a; Owald
et al., 2015), placing it at the center of coincidence detection between the conditioned and
unconditioned stimulus (CS and US, respectively), as will be described in the following
sections.

2.2.3.1 Architecture of the mushroom body

The MB can be divided into two functional units: the calyx, where the MB receives its input
from the PNs, and the lobes, where output is carried by mushroom body output neurons
(MBONs). The primary intrinsic cell type connecting those input and output sides are the
Kenyon cells (KCs). Additionally, dopaminergic neurons (DANs) projecting into the MB
form the major carriers of reinforcement signals, and two intrinsic and widely branching
interneurons, the anterior paired lateral (APL) and the dorsal paired medial neuron (DPM)
serve processing purposes.
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2.2.3.2 Structure and function of the mushroom body calyx

The MB calyx is a cup shaped structure that contains a somatic layer populated by the KCs,
and their dendritic arborizations in the calycal neuropil. Here, the KCs receive synaptic
input from PNs in small substructures called microglomeruli (Leiss et al., 2009). These
microglomeruli also contain other synaptic partners, such as the APL neuron (Tanaka et
al., 2008) as well as innervations from octopaminergic neurons (Busch et al., 2009), a single
DAN (Mao and Davis, 2009) and a single MBON (Tanaka et al., 2008).
One of the key features of the MB is the nature of the connectivity of from PNs to KCs. First,
the PNs to KC connectivity is highly divergent: In Drosophila a total of 59 uniglomerular
and 13 multiglomerular PNs project from the AL to the MB (Tanaka et al., 2012). In
the MB calyx, the PN axons terminate into boutons which form the central core of a
microglomerulus. Wong et al. (2002) reported 2-11 such boutons per PN, which might be
an underestimation as Leiss et al. (2009) counted 1000 microglomeruli in the calyx. Within
each microglomerulus, multiple KCs wrap their dendrites around a single PN bouton in a
claw-like manner: Aso et al. (2010) estimated up to 10, and Butcher et al. (2012) even 20
KCs per bouton. From those numbers, it can be estimated that a single PN distributes its
information to 20 - 276 KCs. Conversely, since each KC has only 6 claws on average (Li
et al., 2013), an individual KC samples information from only 6 PNs. As argued above,
the number of PNs is equivalent to the number of olfactory dimensions, as all PNs from
the same glomerulus get input from all its OSNs. Then, this projection from the AL to
the KC layer constitutes a large dimensional expansion of the olfactory stimulus’ neural
representation.
In addition to this broad divergence, the connectivity of PNs to KCs is mostly random: Not
only sample the KCs the PNs without any detectable bias (Caron et al., 2013), even inside
a single brain, most PNs will connect with different KCs when compared to contralateral
counterpart (Eichler et al., 2017). Combined with the expansion of dimensionality, this
random oversampling generates an unbiased and ideal projection from one response space
into another (Luo et al., 2010; Stevens, 2015; Litwin-Kumar et al., 2017).
Physiologically, KC responses are highly specific: a given KC responds only to a small
number of odorants, and only a small fraction of all KCs will respond to any given odorant.
These sparse responses (Drosophila: (Turner et al., 2008; Honegger et al., 2011), Honey
Bee: (Szyszka et al., 2005), locust : (Perez-Orive, 2002), moth: (Ito et al., 2008)) are
the result of two mechanisms: 1) KCs need input from multiple claws to be driven above
their high firing threshold (Gruntman and Turner, 2013), and 2) a global inhibitory all-to-
all feedback system regulates sparseness across the KC population (locust: (Papadopoulou,
2011); Drosophila: (Lin et al., 2014a); honey bee: (Grünewald, 1999; Ganeshina and Menzel,
2001)): All KCs excite a global inhibitory element, which in turn inhibits all KCs. This
leads to a normalization of total activity, keeping the total amount of KCs that participate
in a representation low. Such sparse response patterns are considered beneficial, because
they show a reduced degree of pattern overlap. In the binary case, the maximal number of
response patterns that can be coded in by a population of N cells is given when N/2 cells
participate in the representation. However, the pattern overlap is decreased at lower values,
hence sparseness increases pattern specificity at the at the sacrifice of coding capacity.
Indeed, the positive influence of APL mediated sparsening on olfactory discrimination has
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been experimentally verified (Lin et al., 2014a).
In addition to its odorant specificity, Campbell et al. (2013) could show that the KC activity
pattern encodes odorant identity: By mixing odorants with different ratios, the authors
created gradually changing KC response patterns, and their pattern overlap coincided with
the generalization profile obtained from flies in a behavioral experiment.
The proof that this pattern also forms the basis for an associative process was then given
by Vasmer et al. (2014). In this study, the authors artificially activated a random subset
of KCs and temporally paired this with a negative reinforcer. Afterwards, the flies avoided
the situation that activated those subset of KCs, indicating that they have associated this
representation with a negative experience, and positions the KCs as the carriers of the CS.

2.2.3.3 Structure and function of the mushroom body lobes

The MB lobes show a high degree of compartmentalization of its input and output, and
this structure is a key component to the current theory of the MBs function in associative
plasticity.
From the calyx, the KCs project their axons into lobe shaped extensions, the horizontal and
medial lobes (in Drosophila, quite some variability exists between different insect species).
Both lobes can further be subdivided: The horizontal lobe consists of an α and α′ part, the
medial of a β, β′ and γ part.
KCs can be classified based on their axonal projection pattern in these lobes. Three main
categories exist: α/β-type KCs, α′/β′-type KCs and γ-type KCs. Based on the position of
the axon within these subgroups, another level of genetical division yields a total of 7 KC
types: α/βa, α/βs, α/βc, α′/β′ap, α′/β′m, γmain and γd (a: anterior, p: posterior, , d:
dorsal, c: core, s: surface) (Tanaka et al., 2008; Aso et al., 2014b). With the exception
of the γ-type, each KC has one axon that branches into both medial and horizontal lobe,
forming en-passant synapses with other cells along the way.
Innervation patterns of DANs and MBONs however tile the lobes in a completely different
pattern. Each of the lobes is tiled along its length into a total of 15 approximately equally
sized subregions: α1−α3, α′1−α′3, β1−β2, β′1−β′2 and γ1−γ5. Each of these subregions
is innervated by specific DANs and MBONs (Tanaka et al., 2008; Mao and Davis, 2009; Aso
et al., 2014b). This complex re-patterning forms the basis the current view of associative
function, in which DANs provide specific information about the type and valence of the US
at specific locations in the MB lobes, where it coincides with the CS carried by the KCs.
The functional relevance of dopamine on the coincidence detection between US and CS in
KCs was shown by Kim et al. (2007). In this study, the authors showed that the lack of a
functional dDA1 dopamine receptor leads to learning specific deficits, which can be rescued
by expressing the receptor exclusively in KCs. Later, Burke et al. (2012) confirmed that
dopamine is indeed the carrier of both aversive and appetitive signals (see Waddell (2013)
for a more detailed review). Further studies revealed the function of the underlying com-
partmentalized structure: US signals of different valence arrive at different compartments,
causing dopamine to act at different locations on the KCs (Cohn et al., 2015; Aso and
Rubin, 2016).
The compartmental innervation pattern is also found in MBONs. In total, 21 types of
MBONs share innervation patterns in distinct compartments overlapping with those of the

18



2.2 Olfaction in insects

DANs (Tanaka et al., 2008; Aso et al., 2014b). Functionally, the MBONs already encode a
valence signal: Artificially activation of the MBON-γ2α′1 neuron causes flies show attraction
behavior, whereas activation of MBON-γ4 > γ1γ2 and MBON-β1 > α leads to aversion
(Aso et al., 2014a). Combined activation of all three neurons leads to neither aversion nor
attraction, indicating that higher brain centers after the MB integrate the output of many
MBONs (Aso et al., 2014a).

The MBONs receive direct excitatory synaptic input from the KCs, and the plasticity of
this KC to MBON synapse has been shown to be regulated by the action of dopaminergic
neurons (Hige et al., 2015a; Owald et al., 2015). Both studies showed that the coincidence
of dopaminergic signaling and KC activity in a given compartment leads to a depression of
the KC to MBON synapse. Combined with the finding that rather the entire population
than a single MBON guide behavioral decisions, these findings point towards a model in
which activity of negative valence coding DANs suppresses the CS induced input into pos-
itive valence coding MBONs (Hige and Turner, 2015; Owald and Waddell, 2015). Hence,
attraction is caused by less aversion, and vice versa.

2.2.4 Plasticity outside the mushroom body lobes

The model presented above is reflecting a working hypothesis of the field. However, several
indications have been published that are not captured by the model. Specifically, the lobes
do not seem to be the only place of associative plasticity.

A study by Thum et al. (2007) focused on a gene rutabaga, which codes for an adenylyl
cyclase that is thought to be a KC internal molecular coincident detector (Gervasi et al.,
2010) of excitatory synaptic input via PNs and US signals via dDA1 receptors in the lobes. If
the rutabaga gene is disrupted, flies show abnormal learning performance. Rescuing rutabaga
in KCs restores learning scores, however as Thum et al. (2007) could show, rescuing rutabaga
in PNs restores learning scores as well. Also, Kremer et al. (2010) could show LTM related
structural changes of microglomeruli. Similar findings from studies in other insects point
into the same direction: memory traces in the AL have been reported in moths (Daly et
al., 2004) and honey bees (Rath et al., 2011). Additionally, Krofczik et al. (2008) found
experience dependent modulation of honey bee microglomeruli, and Szyszka et al. (2008)
reported plastic changes in KC as measured by monitoring somatic calcium levels, which
are unlikely to reflect local changes in the lobes. In line with these findings, a modeling
study successfully predicting several higher order forms of learning in the honey bee also
included a plastic PN to KC synapse (Peng and Chittka, 2017).

Furthermore, Christiansen et al. (2011) found a large number of active presynaptic zones
on the KCs in the calyx. While the postsynaptic partners could not be described in this
study, a recent study describing the full connectome of the Drosophila α-lobe Takemura
et al. (2017) found the majority of synapses to be KC to KC. Additionally, Liu et al. (2016)
reported gap junctions between KCs. These findings are in contrast with the view that
the KC population forms a optimally segregated representation, as crosstalk between KCs
would degrade the separation between those patterns.
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2.2.5 Scope of this thesis

This thesis contains work involving the identification of candidate cell types that can bridge
temporal gaps for associations, plastic changes of synapses outside of the mushroom body
lobes, the influence of temporal structure of olfactory stimuli on their representations and
technical developments aiding the study of those questions. The overarching theme is there-
fore, how information is encoded, how these codes are processed and formated in a way that
allows other brain regions to decode meaningful features from them, and how this can
influence behavioral decisions.
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3 A high-bandwidth dual-channel olfactory
stimulator for studying temporal sensitivity
of olfactory processing

Georg Raiser, C.Giovanni Galizia, Paul Szyszka

3.1 Abstract

Animals encounter fine-scale temporal patterns of odorant mixtures that contain informa-
tion about the distance and number of odorant sources. To study the role of such temporal
cues for odorant detection and source localization, one needs odorant delivery devices that
are capable of mimicking the temporal stimulus statistics of natural odor plumes. However,
current odorant delivery devices either lack temporal resolution or are limited to a single
odorant channel. Here, we present an olfactory stimulator that features precise control of
high-bandwidth stimulus dynamics, which allows generating arbitrary fluctuating binary
odorant mixtures. We provide a comprehensive characterization of the stimulator’s perfor-
mance and use it to demonstrate that odor background affects the temporal resolution of
insect olfactory receptor neurons, and we present a hitherto unknown odor pulse-tracking
capability of up to 60 Hz in Kenyon cells, which are higher order olfactory neurons of the
insect brain. This stimulator might help investigating whether and how animals use tem-
poral stimulus cues for odor detection and source localization. Because the stimulator is
easy to replicate it can facilitate generating the same odor stimulus dynamics at different
experimental setups and across different labs.
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3.2 Introduction

Animals encounter temporally complex olfactory stimuli: turbulences in the air disperse
odor plumes into intermittent filaments that intermingle with filaments from different odor
sources (Murlis, 1992; Celani et al., 2014; Riffell et al., 2014; Soltys and Crimaldi, 2015).
Wind and the movement of the animal itself transform the complex spatial pattern of
odorant filaments into temporal patterns of changing odorant concentration and composition
at the animals’ olfactory organ. These temporal odorant patterns contain information about
the distance of an odor source, as odorant intermittency (defined as the proportion of time
when the odorant is absent) decreases with decreasing distance (Murlis, 1992). They also
contain information about the number of odor sources when different plumes mix, as odor
compounds from the same source exhibit more correlated fluctuations than odor compounds
from different sources (Hopfield, 1991). Animals can use fast-changing temporal odorant
patterns to discriminate between correlated and uncorrelated odorant fluctuations and to
segregate mixed odors from different sources (slugs: Hopfield and Gelperin (1989); moths:
Baker and Fadamiro (1998), Fadamiro et al. (1999), Nikonov and Leal (2002), and Schuckel
et al. (2008); honey bees: Szyszka et al. (2012); locuts: Saha et al. (2013); and crabs:
Weissburg et al. (2012)).
The neuronal mechanisms of odor detection and source localization based on temporal
stimulus cues are not well understood yet. To study how the olfactory system processes
temporal stimulus cues, one needs odor delivery devices that can mimic the temporal stim-
ulus statistics of natural odor plumes with high temporal resolution and reproducibility.
Precise temporal control over olfactory stimuli is technically difficult, because adsorption
of odorants to the inner surfaces and dead volumes inside the stimulator low-pass filter the
odor stimulus (Vetter et al., 2006; Martelli et al., 2013). Thus, olfaction is mostly stud-
ied using slow or temporally non-controlled stimuli and in situations that lack background
odors.
Odor delivery devices are usually custom-built, and each lab has constructed and optimized
their stimulator’s with regard to certain experimental demands. Some designs have been
tailored to produce mixtures of many different components (Galizia et al., 1997; Bodyak
and Slotnick, 1999; Olsson et al., 2011) or step-like or continuous changes in odor concentra-
tion (Burgstaller and Tichy, 2011; Kim et al., 2011). However, these designs lack temporal
resolution. Other odor delivery devices focused on high temporal resolution to produce fluc-
tuating odor plumes (French and Meisner, 2007; Tripathy et al., 2010; Szyszka et al., 2014),
but these devices are limited to a single odor channel. To our knowledge, there are currently
no odor delivery devices that feature both high temporal resolution in the millisecond range
and independent control of the dynamics of separate odor channels. Here, we present a
novel 3-channel odor stimulator that features high-bandwidth stimulus dynamics and inde-
pendent control of the dynamics of 3 separate channels, of which 2 channels can be used to
produce temporally complex binary mixtures as they occur in natural plumes and 1 channel
serves as the blank control. The stimulator is easily reproduced with a computer numerical
control (CNC) mill. We supply all needed technical drawings and computer aided design
(CAD) files as well as electronic circuits diagrams for the valve control. The reproducibility
of this stimulator will enable comparable stimulus dynamics in different laboratories. This
might help to facilitate comparing studies of aspects of temporal olfactory processing.
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Using this stimulator, we investigated how odor background affects the temporal resolution
of antennal responses and demonstrate a hitherto unknown odor pulse-tracking capability
of up to 60 Hz in third-order olfactory neurons in the mushroom body of the honey bee.

3.3 Materials and methods

3.3.1 Design rationale

Our goal was to construct a stimulator that can generate odor mixtures with precise control
of the stimulus dynamics of the individual odorants. To achieve fast stimulus dynamics, we
minimized all internal volumes and we built the entire stimulator of inert materials such as
glass and polymer polyether ether ketone (PEEK) to reduce odorant-surface interactions
wherever possible. To eliminate odorant concentration changes due to loading dead volumes,
residual buildup pressure, and changes in the ratio between odor headspace concentration
and carrier air in the odor container, we do not directly inject odorized air from a headspace
reservoir into a carrier air stream. Instead, we first briefly flush this headspace to a waste
exhaust (Figure 3.1A). This design feature is similar to that of the odor delivery device
developed by Bodyak and Slotnick (1999) and increases stimulus reproducibility. Finally,
the use of automated CNC milling in the manufacturing process eliminates as many manual
construction steps as possible; thus, copies should perform with minimal variation.

3.3.2 Design description

The olfactory stimulator (Figure 3.1B) consisted of (i) a main body made from the organic
chemically inert thermoplastic PEEK; (ii) 5 three-way solenoid valves (LFAA1208010H,
Lee), of which 3 valves controlled the 3 channels usable for stimulation (main valves in
Figure 3.1A, we used 2 odorized and 1 blank control channel), and 2 valves control blank
air (balance valves in Figure 3.1A) to balance the air flow when odorants were injected,
(iii) 2 additional valves (LFAA1200118H, Lee; flush valves in Figure 3.1A, not included
in Figure 3.1B) to inject odorized air into the stimulator; (iv) digital air pressure control
(35898; Analyt-MTC) and flow controllers (rotameter, 112-02GL (odor channel) and 102-
05-N ( carrier air); Analyt-MTC); (v) 2 glass tubes as inlet and outlet; (vi) PEEK nozzles;
and (vii) Teflon-lined tygon tubing (inner diameter 1.6 mm, Saint-Gobain) and Luer plugs
and adaptors for connecting (see Supplementary Material for a parts list).
We chose the valve model LFAA120810H for the stimulator because of its small internal
volumes and fast switching time (as low as 1.5 ms, according to the manufacturer’s data
sheet). We did not preselect the valves for temporal precision. All valves were operated with
a custom-made spike-and-hold driver circuit to minimize opening time (see supplementary
material).
The main body was a milled PEEK block that holds together all components such as the
face-mounted valves and the mount. The carrier air stream entered the body centrally and
passed through a mixing chamber into which the odorants were injected. The PEEK nozzle
downstream the mixing chamber nozzles forced all air streams through a common small port
(2 mm in diameter) before they entered the outlet tube to eliminate any spatially uneven
odorant distribution at its exit (Figure 3.1B).
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Figure 3.1: Olfactory stimulator design. (A) Schematic of the mode of operation for a
single-odorant channel and transistor-transistor logic (TTL) sequence for a single-odorant pulse.
Each channel is independently flow controlled. Before stimulation, the flush valve is closed and the
channel’s flow 300 ml/min is directed into waste. Five seconds before stimulation, the flush valve is
opened, the air is odorized but still directed to waste at the main valve. For stimulation, the main
valve is opened, and the odorized air is injected into the carrier air stream 1.5 L/min. Simultaneous
switching of a balance valve keeps the total flow volume equal. (B) Renderings of the stimulator
in 3-D and 2-D. Flush valve and odorant flask are not shown. Bottom right rendering shows a cut
through the middle plane marked as a dashed line in the rendering above. Numbers indicate the
dimensions in millimeter.
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The stimulator was supplied with pressurized (1.5 bar), charcoal filtered, dry air. The air
was split into 6 channels, the air flow of each channel was adjusted by a variable area flow
meter (rotameter 112-02GL for the odor channel and 102-05-N for carrier air; Analyt-MTC).
The 6 channels were 2 odor channels (300 ml/min per channel), 1 solvent control channel,
2 channels to equilibrate the total air flow, and 1 carrier air channel (1.5 L/min). The total
flow was thus 2.1 L/min resulting to an airspeed of 1.2 m/s at the outlet.
The air waste exhaust was achieved by a tube (diameter 5 cm, placed 7 cm behind the
outlet of the stimulator and the preparation) that draws the air into the atmosphere outside
the building at a speed of 1 m/s. This prevents odor accumulation in the vicinity of the
preparation after repeated stimulation. The waste exhaust ports of the stimulator were
directly routed into this tube via tygon tubing. The glass inlet and outlet tubes had different
diameters (6 and 10 mm), and it is up to the user which side is used as inlet or outlet.

3.3.3 CAD and main body milling

The technical files were drawn using AutoDesk Inventor software (version 2014, AutoDesk)
and machined on a 4-axis CNC mill at the mechanical workshop of the University of Kon-
stanz. The CAD files of the main body, nozzles and additional mounting holders can be
downloaded from https://github.com/grg2rsr/OlfactoryStimulator.

3.3.4 Quantification of stimulator performance

Time-resolved odorant concentration measurements were performed using a photoionization
detector (PID; miniPID model 200A; Aurora Scientific). The inlet nozzle of the PID was
placed centrally at the outlet of the stimulator, and the output voltage of the PID was
digitized at 10 kHz (CED 1401, Cambridge Electronic Design). For all measurements, the
PID gain was set to ×1 and its suction pump was set to “high” to make sure the PID
operates at its highest capable temporal bandwidth. The exact value of the PIDs bandwidth
was unknown, but it is presumably larger than the bandwidth of our stimulator. The
manufacturer’s data sheet of the PID specifies the bandwidth limit at 330 Hz, and a rise
time of 0.6 ms. However, these values were deduced from a calibration with the tracer gas
propylene. Thus, observed odorant-specific differences in stimulus dynamics could partially
be the consequence of their different molecular interactions within the PID.
To compare the kinetics across odorants, we normalized the responses to the average of the
last 100 ms end of a stimulus for odor pulses or to the average of a central 10 s time window
during a 20 s fluctuating stimulus.
For characterizing the kinetics of the rise and fall of the odorant concentration, we fitted a
first-order exponential decay of the form:

y(t) = Ae−t/τ + b (3.1)

to the onset and offset. The τ parameter was then used to describe the overall speed of the
rise or fall.
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3.3.5 PID calibration

We neglected the PIDs slightly saturating nonlinear response curve in cases where we did
not make any absolute odorant concentration measurements. However, we needed to correct
for this nonlinearity to be able to predict the mixed response from the individual channels
response alone. This calibration procedure was carried out by fitting a second-order poly-
nomial equation to the PID output voltage to known gas concentration inputs that were
generated by dilutions from a known headspace concentration. The headspace concentra-
tion for 2-heptanone solved in mineral oil was obtained from Cometto-Muñiz et al. (2003);
for details see supplementary Figure S1.

3.3.6 Odorants

Methyl acetate, ethyl acetate, 2-heptanone, methyl butyrate, benzaldehyde, and 2,3-butanedione
were purchased from Sigma Aldrich. For PID measurements characterizing the stimulator’s
performance, all odors were diluted (1:100, except for 2,3-butanedione, which was diluted
1:1000 to avoid saturation of the PID sensor) in 10 mL mineral oil (Sigma Aldrich) in a
120 mL headspace flask. The odorant solutions were continuously stirred with a magnetic
stirrer to create an equilibrated headspace. Note that the stimulator works with any other
odorant source, including air dilution systems.

3.3.7 Electrophysiological recordings

All electrophysiological recordings were performed with an MA102 amplifier equipped with
a MA103 headstage (electronics workshop University Cologne). Analog-digital conversion
was performed with a CED 1401 (Cambridge Electronics Devices).
Electroantennograms (EAGs) were performed as described earlier (Szyszka et al., 2014).
In brief, an antenna of a honey bee was plucked off from the head capsule, cut at the
base and tip of the flagellum, and placed between 2 silver electrodes covered in a lubricant
(Hydrosensitive Gel, Ritex) to aid electrical contact. Afterward, the antenna was positioned
at the outlet of the stimulator and subjected to the different stimulus protocols. The
resulting voltage change was amplified ×1000, recorded in AC coupled mode (high pass at
0.15 Hz) and low-pass filtered at 5 kHz. Local field potential recordings were performed by
inserting a 23 µm, insulated copper wire (Elektrisola) into the vertical lobe of the mushroom
body of a head fixed honey bee. As a reference electrode, a silver wire was inserted into the
compound eye. The measured potential was amplified ×1000, low-pass filtered at 10 kHz,
and recorded in AC coupled mode.
To eliminate electrical artifacts from the switching of the solenoid valves, we shielded the
stimulator with a layer of grounded aluminum foil.

3.3.8 Data analysis

Data analysis was performed using the python language (version: 2.7) and its numeric
extensions numpy (version: 1.10.4; Van Der Walt et al. (2011)) and scipy (version: 0.
17.1; Oliphant (2007)). Raw data from the .smr files generated by the Spike2 software
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(Cambridge Electronic Devices), were read by the neo library (version: 0.3.3; Garcia
et al. (2014)). Power spectral densities were calculated using the periodogram() func-
tion of the scipy.signal module, and coherences were calculated using the cohere() and
cohere_pairs() function of the matplotlib.mlab module (version: 1.5.1; Hunter (2007)),
which follow the definition of the coherence of 2 signals being the squared magnitude of their
cross-spectral density normalized by the product of the individual power spectral densities:

Cxy = |Pxy|2

PxxPyy
(3.2)

This gives a frequency-resolved measure of power transfer between 2 signals and is inter-
preted in our case as a measure of signal similarity. Coherence for identical signals is 1
and decreases for a given frequency band if either the amplitudes or the phases of the
corresponding frequencies in the 2 input signals deviate.
All analyses codes are available upon request.

3.4 Results

3.4.1 Pulse response

We first tested the stimulator’s performance to square pulse stimuli, in which a valve was
opened for the duration of 1 s (Figure 3.2A). The resulting PID signals to 10 repeated
stimulations were analyzed with respect to the reproducibility of the kinetics as well as
the precision of the onset timing (Figure 3.2B). As reported previously (Martelli et al.,
2013), different odorants exhibited slightly different kinetics, which can be attributed to
different volatilities and interactions with the stimulator’s internal surfaces. To take these
inter-odorant differences into account, we tested a panel of 6 different odorants with vapor
pressures ranging from 0.172 mmHg (benzaldehyde) to 216.2 mmHg (methyl acetate).
We quantified the kinetics by fitting an exponential function to the onset and offset and
extracted the τ parameter as a metric for the speed of rise (see Materials and Methods).
These time constants were odorant specific and ranged from 19 to 50 ms across odorants
for the onset and from 23 ms to 40 ms for the offset (Figure 3.2B, Table 3.1). Within the
individual odorants, the corresponding standard deviations (SDs) ranged from 1 ms to 4 ms.
To determine the repeatability of the stimulus onset timing, we extracted the time point at
which the PID signal rose above 5 % of its final value. For all odorants, the delay of the PID
signal onset occurred around 37 ms after the valve switch, with an average SD of 1.3 ms.
This delay of the PID signal onset corresponded to the time that the odorized air needed to
travel through the valves, internal routings and outlet tube, plus the internal delay of the
PID itself.
Even though we controlled for pressure differences between the carrier air stream and the
individual channels, a small concentration overshoot is persistent. The amplitude of this
overshoot of the initial odorant concentration decreased with decreasing odorant volatility
(Figure 3.2A), and it did not affect the kinetics of fluctuating stimuli (Figure 3.3).
Taken together, these data show that the stimulator is capable of producing odorant stimulus
kinetics with temporal precision in the millisecond range and a high reproducibility.
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3 A high-bandwidth olfactory stimulator

Figure 3.2: Pulse response. (A) PID response time traces of pulse-like odorant stimuli. Stimuli
lasted for 1 s, and the valve was opened at 0 s. All responses are individually normalized to the
average of the last 100 ms of the stimulus. The numbers in each panel indicate the volatility of the
respective odorant at 25 ◦C. (B) Kinetics of odorant concentration’s rise and fall and precision of
stimulus onset. Time constants were obtained by fitting an exponential function to the individual
onset and offset of the PID time trace for 10 individual trials. For each odor, both channels were
tested and plotted separately side by side, left corresponding to channel 1. We quantified the time
point at which the odorant concentration reached 5 % of its final value. Although each odorant
stimulus had different kinetics, the individual time courses varied only little over repetitions and
were comparable between both channels.
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Figure 3.3: PID responses to fluctuating odorants. Normalized time courses of the PID signal
obtained from of all 6 odorants from both channels. Although the different odorants exhibit slightly
different kinetics for pulsed stimuli (as seen in Figure 3.2), they share comparable time courses. Gray
lines in each panel show the TTL sequence that was used to trigger the main and balance valves.

3.4.2 Spectral characteristics

Because natural odorant stimuli exhibit concentration changes on multiple time scales, we
characterized the stimulator’s performance in the frequency domain by calculating the power
spectral density of the PID signal to fluctuating stimuli (Figure 3.4). We generated fluc-
tuating stimuli by randomly opening and closing the main valves, where every 10 ms the
state of the valve was switched or not by a probability of 0.5. Note that even though this
switching pattern has a minimum cycle period of 20 ms, the resulting frequency spectrum
can contain higher frequencies than 50 Hz (see Supplementary Figure S2). The same pseu-
dorandom valve trigger sequence was then used for multiple stimulations to examine the
reproducibility. The power spectral densities (PSDs) revealed a broad frequency range of
elevated power of the odorant signal compared with the noise (Figure 3.4A). Frequencies
well over 100 Hz were still above noise level, even though they were strongly attenuated
compared with lower frequencies. Although this suggests that it is possible to generate
stimuli with very high frequency components, it is unclear whether these high frequencies
are generated by the switching of the valves and thus under the control of the experimenter
or whether they are the result of turbulent air flow within the stimulator.
To quantify which of these frequencies are actually reproducible, we performed a coher-
ence analysis on a set of measurements with the following strategy: The valves of each
channel were switched by a 20 s long segment of randomly closing and opening the valves
as described above, thus generating fluctuating odorant concentrations (Figure 3.4B). The
stimulus sequences for the channels differed in their time points of switching (Figure 3.3),
but they had the same spectral characteristics (Figure 3.4A). These stimuli were repeated 5
times for each channel individually, and within each channel, we calculated the coherence for
all pairwise trial combinations. These values were then compared with the expected chance
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3 A high-bandwidth olfactory stimulator

Figure 3.4: Spectral response. (A) Power spectral density of the PID signal during random
opening and closing of the main valves. Gray spectra were calculated from the PID signal in the
absence of stimulation and represent the noise level. During stimulation, power spectra for different
odorants were almost indistinguishable and contained elevated power up to frequencies well above
100 Hz, although amplitudes decreased strongly. (B) Pairwise coherences of 2 trials with broadband
stimulation for each channel. Thick lines correspond to the average of all pairwise combinations,
gray line is the chance coherence ±5 SDs, obtained by shuffling trial identity. Coherence was above
chance up to 70-80 Hz for all odorants. Colors represent the individual channels, as in Figure 3.2.
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Odorant Channel tau onset [ms] tau offset [ms] 10%-90% rise
time [ms]

Time to 5% Above chance
coherence [Hz]

MaAE
1 18.5±1.5 23.4±0.8 27.9±2.4 38.7±1.7 77.9±1.3
2 19.1±1.2 23.3±0.8 29.3±2.1 37.7±1.4 77.6±2.1

BEDN
1 19.0±1.6 22.7±0.4 29.8±1.5 37.7±0.6 77.6±3.6
2 19.6±1.3 22.5±0.7 29.4±2.2 37.0±1.3 76.2±1.0

EACE
1 22.5±0.8 24.5±1.0 34.7±2.2 38.1±0.9 78.9±2.5
2 21.3±1.1 24.1±0.6 32.5±2.4 38.1±1.2 76.4±2.5

MeBE
1 25.7±2.5 27.7±0.9 37.8±2.9 38.5±1.5 78.9±1.6
2 26.9±1.6 27.4±0.8 41.0±3.1 37.4±1.5 78.4±1.7

HEPN
1 44.6±3.0 39.1±0.7 84.0±8.1 37.6±0.6 78.9±2.2
2 44.2±4.1 37.9±0.6 88.0±8.9 37.9±1.9 77.4±2.2

BEaM
1 49.2±3.9 40.1±0.9 87.6±0.4 38.3±2.1 78.6±1.0
2 50.1±3.2 39.1±0.4 88.1±8.4 37.9±1.6 78.4±1.3

Table 3.1: Summary of the quantification of the stimulator’s performance to pulsed and fluctuating
stimuli. All values are mean ±standard deviation

level, which was obtained by calculating the coherence between 2 time courses that only
share comparable frequency characteristics but are different in their time courses. This was
achieved by mixing the trial labels and subsequently calculating the coherence across the
different channels. We defined coherence as significant when it was larger than the chance
coherence plus 3 SDs. We repeated this analysis for the panel of 6 odorants and found
significant coherences for frequencies up to 76 Hz to 79 Hz (see also Table 3.1). Thus, even
though the odorants show volatility-dependent differences in their kinetics (Figure 3.2B),
these differences hardly influence the time course of fluctuating stimuli (Figure 3.3). Con-
sequently, stimuli with fluctuating concentration changes can be constructed with the same
bandwidth limit for odorants with different vapor pressures, at least for the tested range of
0.172 mmHg (benzaldehyde) to 213.2 mmHg (methyl acetate) at 25 ◦C (Table 3.1).

3.4.3 Channel independence allows arbitrary odorant mixing

To show that the stimulator can generate arbitrary temporal mixtures, we needed to exclude
that the individual channels affect each other’s stimulus dynamics, for example, by uneven
turbulent flow from different channels being directed into the mixing chamber. To verify
the absence of such possible interchannel influences, we tested whether the PID signal that
is measured when both channels are activated is equal to the sum of the signals from the
individual channels. Because the PID has a nonlinear response curve, this is only possible if
this nonlinearity is corrected for. We thus calibrated the PID with known concentrations of
2-heptanone (Supplementary Figure S1) and tested whether our predicted summed response
is equal to the actual physical sum of the channels (Figure 3.5).
First, we added a shorter pulse stimulus onto a longer background stimulus (Figure 3.5A).
We tested for channel equality using either of the two channels for generating the pulse and
background channel. We measured the PID response to opening the individual channels
alone and to opening both channels together. The dynamics of the response to the pulse
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Figure 3.5: Equality and independence of odorant channels. (A) A short odorant stimulus
was added onto a longer background stimulus. The dotted line indicates the predicted response
assuming linear addition. The resulting kinetics were not influenced by the choice of channel for
pulse or background. (B) Onset precision of the individual stimuli in (A), quantified as the time
point when the pulse induced PID signal crossed 10 % of its maximum value. All times are relative to
the time point of switching the valve. All onsets are in a similar range. (C) Adding two fluctuating
stimuli, the predicted response to a mixture of both channels matched the measured signal, showing
that the odorant stimuli from both channels fluctuated independently and did not interfere with
each other.
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with background mixture was equal to the predicted response (Figure 3.5A and B).
We quantified the onset precision for odorant pulses in the presence of a background odorant
(Figure 3.5A) by extracting the time point at which the concentration of the pulse rose above
10 % of the final concentration. We chose the 10 % level (not 5 % as in Figure 3.2B) due to
the higher baseline variance during the background stimulus. The onset times for pulses with
and without background were in the same range (Figure 3.5B), suggesting that the precision
of a single channel is not influenced by the other channels state. The higher variance of
the onset precision of the pulse on the background presumably reflects a higher variability
of the baseline during the background odorant than in the background-free situation. Note
that there was a minor deviation between the predicted and the measured signal at the
onset of the shorter pulse (Figure 3.5A). This could be an effect of the PID being already
preadsorbed by the background stimulus, and this is consistent irrespective of channel order.
Next, we tested the channels’ mutual influence for fluctuating stimuli. Here, the predicted
mixture signal is almost identical to the measured one (Figure 3.5C), indicating that recip-
rocal channel influence is negligible for such fluctuating stimuli.

3.4.4 Background odorant affects the temporal resolution of antennal
responses in honey bees

We next tested the stimulator in a biological experiment, where we measured the influence of
a background odorant on the dynamic responses of honey bee’s olfactory receptor neurons.
We recorded EAGs during fluctuating stimuli of the odorant methyl butyrate, during which
we added a constant ethyl acetate background (Figure 3.6A). To quantify the influence of
the background, we calculated the coherence between the PID and the EAG signal for a
time segment before (pre), during (mix), and after (post) the additional background odorant
(Figure 3.6B). This analysis revealed a decrease in the 10-50 Hz range in the EAG signal
during the presence of a background odor.

3.4.5 Fast olfactory processing in the mushroom body

Various studies in insects demonstrated high temporal resolution in olfactory receptor neu-
rons (Lemon and Getz, 1997; Bau et al., 2002; Hinterwirth et al., 2004; Schuckel et al., 2008;
Schuckel et al., 2009; Kim et al., 2011; Getahun et al., 2012; Szyszka et al., 2014), and in
the first central olfactory processing stage, the antennal lobe (Christensen and Hildebrand,
1988; Heinbockel et al., 1999; Tripathy et al., 2010; Houot et al., 2014). However, it remains
unknown how much of the temporal stimulus dynamics is represented in higher order olfac-
tory processing centers. We therefore measured the temporal resolution of odor-processing
Kenyon cells in the mushroom body, a brain region for odor learning and identification
(Erber et al., 1980; Strube-Bloss et al., 2011; Campbell et al., 2013).
To measure the temporal resolution of Kenyon cells, we stimulated a honey bee with different
high-frequency odorant pulses and recorded the local field potential (LFP) in the vertical
lobe of the mushroom body (Figure 3.7). This signal presumably represents the summed
Kenyon cell activity or the activity of the mushroom body output neurons (Kaulen et al.,
1984). Then, we calculated the power spectral density of the obtained LFP recording
and tested whether the input frequency of the stimulus is present in the potential from
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Figure 3.6: Background odorant affects the temporal resolution of antennal responses.
(A) EAGs to a 20 s long fluctuating methyl butyrate stimulus with and without a continuous ethyl
acetate background during second 8 to 12. An example measurement with a schematic of the
stimulation protocol is shown above 1 s sections of PID and EAG traces as marked by the dashed lines.
The gray area indicates the time regions that were used for the calculations in (B). (B) Coherences
calculated between the PID and EAG signal elicited by methyl butyrate for a 4 s window either before
(pre), during (mix), or after (post) the addition of the background stimulus. During the presence of
the background, the coherence between the EAG signal and the PID signal decreased. The individual
rows of the panel show recordings from 3 individual antennae. Asterisks mark frequencies in which
the coherence differed significantly between the background-added and the background-free case
(two-sided U-test: p < 0.005 with Bonferroni correction).
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Figure 3.7: High temporal resolution in higher order olfactory neurons. LFPs to pulsed
odor stimuli recorded in the vertical lobe of the honey bee’s mushroom body. Top and middle:
example section of LFP traces during stimulation with air and 2-heptanone to continuous and pulsed
stimuli 0.8-1.2 s after stimulus onset. The line indicates the mean and the shaded area the SD of 10
trials. Bottom: power spectral densities calculated for a 1.6 s long segment of the air- and odorant-
evoked LFP signals. At stimulus frequencies of up to 60 Hz, the PSD of the LFP signal showed a
peak at the input frequency (arrows) and its harmonics, at 80 Hz that peak was missing.

the vertical lobe. For stimulus frequencies of up to 60 Hz, a corresponding peak in the
PSD was present (Figure 3.7), demonstrating that at least on a neuronal population basis,
information about the temporal structure of an odorant stimulus is still present. The lack
of a corresponding 80 Hz peak in the PSD does not necessarily mean that we have reached
the upper limit of Kenyon cell temporal resolution, because it is still possible that single
Kenyon cells follow pulses at higher frequencies, but their signal is hidden within the noise.
Alternatively, the stimulus amplitude that we generate at 80 Hz might be too small to elicit
pulse following.

3.5 Discussion

We here present a novel type of olfactory stimulator that is specialized on temporal stim-
ulus control for odorants in a binary mixture. This stimulator is capable of controlling 2
odorant stimuli independently with high-bandwidth dynamics, so that it enables addressing
questions on how mixture component time courses affect odor perception and processing in
the olfactory system.

3.5.1 Importance of temporally precise olfactory stimuli in olfaction research

Insects have a fast smelling capability (Baker and Fadamiro, 1998; Nikonov and Leal, 2002;
Andersson et al., 2010; Szyszka et al., 2012; Saha et al., 2013), and insect olfactory recep-
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tor neurons have short response latencies and broad bandwidth pulse-tracking capabilities
(Schuckel et al., 2008; Szyszka et al., 2014). Second-order olfactory neurons in the insect
brain also transmit information about temporal stimulus cues with broad bandwidth: some
projection neurons in the insect antennal lobe can resolve changes in odorant concentration
at frequencies ranging from 5 and 30 Hz (Christensen and Hildebrand, 1988; Heinbockel
et al., 1999; Geffen et al., 2009; Tripathy et al., 2010), and projection neurons are sensitive
for odoronset asynchrony in the range from seconds to milliseconds (Geffen et al., 2009;
Szyszka et al., 2012; Nowotny et al., 2013; Saha et al., 2013).
As the neural processing of odors relies on timing on a millisecond timescale, odor-processing
studies critically depend on the temporal stimulus integrity in an experimental setup. The
common procedure to generate odorant mixtures by injecting the components simultane-
ously from different channels into a common carrier air stream bears the danger of creating
mixtures in which the onsets of the single components differ in an uncontrolled manner, and
such an “asynchronous mixture” would create a different odor percept than a mixture in
which the onsets of the single components are synchronous (Szyszka et al., 2012). On the
other hand, premixing the odorants in the solvent does not allow for creating complex tem-
poral stimuli and bears the danger of chemical reactions between the 2 odorants. Therefore,
it is necessary to develop odorant-delivery devices that are capable of producing fast and
millisecond-precise odorant stimuli, including mixtures.

3.5.2 Advantages of the stimulator

We quantified the stimulator’s temporal resolution of pulsed and fluctuating odorant stimuli,
and we performed a coherence analysis to quantify stimulus reproducibility. Reproducibly
fluctuating stimuli can be constructed with a bandwidth of 76 Hz for all odorants tested that
had volatilities in the range of 0.172-261.2 mmHg. We also show that the 2 odorant channels
do not influence each other and thus allow generating arbitrary mixtures of independently
fluctuating components.
The ability to generate reproducible arbitrary time courses of odorants in a mixture is the
most important feature of the stimulator, as this allows us to generate fluctuating odor
stimuli with naturalistic statistics to which the olfactory systems have evolved. So far, only
few studies have investigated neural representations of naturalistic olfactory stimuli (Geffen
et al., 2009). Both the visual and auditory system can use temporal correlation for object
segregation (Di Lollo et al., 1994; Bizley and Cohen, 2013), and it appears that the insect
olfactory system also can use temporal stimulus cues for olfactory object segregation (Baker
and Fadamiro, 1998; Nikonov and Leal, 2002; Schuckel et al., 2008; Szyszka et al., 2012).
Because this stimulator makes it possible to construct stimuli with a variable degree of
correlation between the temporal patterns of 2 odorants, it allows studying how olfactory
systems use temporal correlation for odor object segregation.
Note that the stimulator has some limitations when compared with other odor-delivery
devices: The upper limit of the temporal resolution of our stimulator is around 76 Hz,
and this is below the temporal resolution of insect antenna, which can resolve odorant
fluctuations well above 100 Hz (Szyszka et al., 2014). Higher temporal resolution of the
odorant stimulus can be reached by applying the odorant directly via a single valve (Szyszka
et al., 2014). However, such single-channel stimulators cannot be used for generating odorant
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mixtures with independently controlled compounds. Additionally, the absence of a balanced
total flow in a single-valve stimulator always results in a mechanical stimulus component,
creating a multimodal stimulus. Another disadvantage is the limitation to binary mixtures.
This could be overcome by upscaling the total size of the main bodies, thus generating more
room for valves while keeping the other design features identical. However, as this will lead
to a larger body, the device will be less compact, and the resulting increase in dead volumes
will lower the temporal precision. Also, our design does not feature any control of the total
concentration. However, a concentration premixer can simply be attached to the odorant
input port of our design, and thus, odor concentration could be easily controlled.

3.5.3 Applications

To demonstrate the applicability of the stimulator for studying the temporal sensitivity of
the olfactory system and to provide a biological validation, we performed electrophysiological
experiments using the honey bee.
We tested the effect of a background odor on the temporal resolution of EAG signals, and
we found that a background odorant decreased the temporal resolution of EAG signals
in honey bees in the 10-50 Hz range. This effect is in contrast to a previous report in
moth, where background odorants did not affect the temporal resolution of EAG signals
(Riffell et al., 2014). Different mechanisms could contribute to this effect: Mixing odorants
could alter the strength and the dynamics of insect olfactory receptor neuron responses
through inhibitory mixture interactions (Van Der Pers and Den Otter, 1978; De Jong and
Visser, 1988; Kaissling et al., 1989; Carlsson and Hansson, 2002; Silbering and Galizia,
2007; Rospars et al., 2008; Party et al., 2009; Andersson et al., 2010; Hillier and Vickers,
2011; Rouyar et al., 2011; Su et al., 2012; Pregitzer et al., 2012; Münch et al., 2013) and
through excitatory mixture interactions (Kaissling et al., 1989; Ochieng et al., 2002). Our
stimulator can help investigating how temporal stimulus structure affects these different
mixture interactions, for example, to understand under which circumstances a background
odor affects the temporal resolution, one should test the responses of individual and ideally
identified ORNs, for example, in fruit flies (Bruyne et al., 2001; Hallem and Carlson, 2006).
We found a pulse-tracking capability of 60 Hz in the mushroom body output region, demon-
strating that third-order neurons of the olfactory pathway can preserve high-frequency tem-
poral structure of an odorant stimulus. Pulse tracking at 60 Hz in the mushroom body is
faster than the maximum odor-tracking frequencies of 10 - 30 Hz reported so far in interneu-
rons of the first olfactory brain region, the antennal lobe (Christensen and Hildebrand, 1988;
Heinbockel et al., 1999; Tripathy et al., 2010).
The stimulator might also be useful for studying mammalian olfaction. It is not yet known
whether mammals use temporal stimulus properties for odor-background segregation as do
insects. However, the fact that mammals can process odor information within a few tens
of milliseconds (Resulaj and Rinberg, 2015) suggests that mammals can use fast temporal
stimulus cues, too. Our stimulator might help investigating the temporal resolution of
mammalian olfactory processing and whether and how mammals use temporal stimulus
cues to gain information about the number and location of odor sources.
By providing the technical plans to replicate the stimulator, we hope that it can help
researchers to gain a higher degree of olfactory stimulus control and reproducibility, allowing
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to generate equal odorant stimuli at different experimental setups and across different labs.

3.6 Further modifications

3.6.1 Diluting high concentrated odorant vapor with an air-dilution system

The stimulator itself only switches an odorized air stream into a carrier air-stream with
high temporal precision. As mentioned in Section 3.5.2, this odorized air can be of any
source or composition. For the previously published part of this chapter (Raiser et al.,
2016), odorants dissolved in mineral oil were used, a method widely used in the field of
olfaction research. However, it bears a considerable drawback: the concentration of the
headspace vapor inside the flask containing the odorant-mineral oil mixture is not constant,
and decreases each time a stimulus is drawn from it. The headspace concentration then
slowly recovers, presumably depending on the solubility of the odorant in mineral oil and
its volatility. However, the concentration never completely recovers back to baseline, so sub-
sequent stimuli in a single experimental session will suffer from a decrease in concentration.
To mitigate this effect, previous experiments used large bottles (100 ml) filled with 10 ml
mineral oil as odorant reservoirs, and the formation of a stable headspace concentration was
accelerated by continuously mixing the mineral oil with a magnetic stirrer.
Nevertheless, a different approach was developed by Fabian Hersperger (Msc. thesis, un-
published): in his work, the headspace of the pure odorant is diluted to the desired stimulus
concentration by a mixing a series of volume controlled air flows. This approach was adopted
and refined for some of the experiments in this thesis (see Chapter 5 and Chapter 6).

3.6.1.1 Design description and performance

The air-dilution system worked by first generating a maximally odorized air stream, and
then mixing this with a clean air stream in a desired ratio. The achievable minimal ratio
depended on the flow meters precision at low volumes, so additional dilution stages were
added to further achieve lower concentrated odorant stimuli.
First, in-house air supply was charcoal filtered and pressure regulated to 1.5 bar with a
digital pressure controller (35898; Analyt-MTC). Then, the air was split and flow-limited
by two rotameters (112-02GL), one flow being directed through a vial containing the pure
odorant, while the other was left clean and both recombined in another septum sealed flask
(20 ml). With a total flow of 300 ml/min and a desired concentration of 1:100, the odorized
flow was set to 3 ml/min and the clean air flow was set to 297 ml/min.
Because 3 ml/min was the lower end of achievable stable flow by the 112-02GL, further air-
dilution steps were necessary to achieve lower concentrations. For this, a defined amount
of air was removed from the total flow and directed to waste, while the same amount of
clean air was added. In order facilitate this process, a rotameter was connected to a vacuum
pump (set to 0.1 bar). With this method, another 1:100 dilution step was achieved by first
removing 297 ml/min from the total flow and directed to waste, and afterwards the same
amount of clean air is added.
An important detail is that all Y-couplings were made out of septum sealed glass flasks
(20 ml volume). The inputs and outputs to these flasks were stainless steel syringes of
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Figure 3.8: Olfactory stimulus concentration decrease in mineral oil based dilution sys-
tems. Non-normalized PID signals from the set of tested odorants, sorted from top to bottom
according to their volatility (benzaldehyde: 0.172 mmHg, - methyl acetate: 261.2 mmHg). The more
volatile the odorant, the stronger is the decrease in concentration over consecutive trials. Right
hand plots show a quantification of this effect: Markers denote the average PID signal value from
0.25-0.75 s, divided by the value of the first trial. Methyl acetate concentrations nearly decrease by
half after 10 stimulations. Traces and trials are color coded according to trial number.
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3 A high-bandwidth olfactory stimulator
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Figure 3.9: Schematic layout of an air-dilution system. Pressure controlled air from in-house
air supply was flow controlled by rotameters in a 1:100 ratio (3 and 297 ml/min). After the smaller
fraction was routed through a vial containing pure odorant, both flows were recombined. This
served as a initial 10−2 dilution. Further dilutions were generated by first removing 297 ml/min,
and subsequently adding 297 ml/min clean air to the air stream, thus diluting by another factor of
100.

different gauges. Gauge 26 was used for all inlets, and gauge 12 for all outlets. This ensured
a higher resistance on the flow entry than on the exit, and it lead to even mixing of the
gases. This configuration essentially removed the concentration decrease (Figure 3.10).
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3.9 Supplementary material

Supplementary material can be found at http://www.chemse.oxfordjournals.org/. All
technical files necessary for the reproduction of this stimulator can be found at https:
//github.com/grg2rsr/OlfactoryStimulator

40

http://www.chemse.oxfordjournals.org/
https://github.com/grg2rsr/ OlfactoryStimulator
https://github.com/grg2rsr/ OlfactoryStimulator


3.9 Supplementary material

0.0 0.5 1.0 1.5 2.0
time [s]

0.2

0.3

0.4

0.5

0.6

PI
D 

sig
na

l [
au

]

mineral oil dilution

0.0 0.5 1.0 1.5 2.0
time [s]

0.15

0.20

0.25

0.30

0.35

air dilution
trial 1
trial 2
trial 3
trial 4
trial 5

1 2 3 4 5
trial #

0.5

0.6

0.7

0.8

0.9

1.0

1.1

1.2

re
la

tiv
e 

PI
D 

sig
na

l r
ed

uc
tio

n

mineral oil dilution

1 2 3 4 5
trial #

air dilution

Figure 3.10: Air dilution lead to stable concentrations over consecutive trials. Upper plots
show the non-normalized PID signal to 5 consecutive fluctuating 2-heptanone stimuli, produced using
a mineral oil dilution and an air dilution. Even though 2-heptanone is the second most stable odorant
in the tested set (see Fig.3.8), there was some reduction still apparent in the fluctuating traces. This
reduction was not present for the air dilution. Lower plots show a quantification of this, markers
show the average PID voltage calculated from 0.5-2.0 s, and divided by the first trials’ value. Color
code as in Fig.3.8
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3 A high-bandwidth olfactory stimulator

Figure S1: Calibration of the PID to 2-heptanone A) 2-heptanote headspace concentrations
for given dilutions. Blue dots represent data points extracted from Cometto-Muñiz et al. (2003), red
line is an exponential fit. B) PID output voltage for a known 2-heptanone concentration, generated
by diluting a known 2-heptanone concentration obtained from A). Individual data points represent
the voltage readout, red line is a fit of 2nd order polynomial which was used as a transfer function
to calculate odorant concentrations fore the time resolved measurements in Fig.3.5.

Figure S2: Spectral content of signals as revealed by Fourier transform. This figure serves
as a numerical demonstration of the composition of frequency content in a given signal as calculated
by a fast Fourier transform, which was used to calculate both power spectral densities and coherences.
Each row contains a different type of signal, the left hand side shows the representation in the time
domain, and the right side the corresponding representation in the frequency domain (plotted are the
absolute values of the positive frequencies). From top to bottom: A sine with a frequency of 50 Hz
is represented by a single peak at 50 Hz. A square wave of the same frequency contains additional
peaks at harmonics of the fundamental frequency, because sines of higher frequencies are needed
to represent the steeper changes in the signal. Randomly opening and closing the valves with a
time bin of 10 ms (i.e. a maximum of 50 times a second) leads to a broadening of these harmonics.
Bottom row shows a modeled response of our stimulator, obtained by convolving the state changes
with an estimated pulse response (artificially constructed from the time constants for on- and offset
measured in our data). The consequence in the spectral domain is high-frequency attenuation, but
frequencies above 50 Hz still persist.
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4 Stimulus outlasting calcium dynamics in
Drosophila Kenyon cells encode odor
identity

Alja Lüdke, Georg Raiser, C.Giovanni Galizia, Paul Szyszka

4.1 Abstract

Animals can form associations between temporally separated stimuli. To do so, the nervous
system has to retain a neural representation of the previous stimulus until the later stim-
ulus appears. The neural substrate of such sensory stimulus memories are unknown. Here
we search for sensory memory of odor identity information in the insect olfactory system
and characterized odor-evoked calcium activity at 3 consecutive layers of the olfactory sys-
tem in Drosophila: in olfactory receptor neurons (ORNs) and projection neurons (PNs) in
the antennal lobe, and in Kenyon cells (KCs) in the mushroom body. We show that the
post-stimulus responses in ORN axons, PN dendrites and somata and KC dendrites are
odor-specific, however they are not predictive of the chemical identity of past odor stimuli.
However, the post-stimulus responses in KC somata carried information about the iden-
tity of previous olfactory stimuli. This finding shows that the calcium dynamics in KC
somata could encode a sensory memory of odor identity and thus might serve as a basis for
associations between temporally separated stimuli.

4.2 Introduction

Causally connected events are often separated in time. In order to link temporally separated
events, the nervous systems has to form a short term sensory memory (stimulus trace) of
the preceding event. Stimulus traces can be studied in trace conditioning experiments, in
which animals are trained to associate a sensory stimulus with temporally separated reward
or punishment (reviewed in Dylla et al. (2013);(Pavlov, 1927)). Sensory stimulus traces
of different modalities were revealed by trace conditioning in vertebrates in a variety of
paradigms, like eye-blink conditioning (Smith et al., 1969), fear conditioning (King, 1965),
auto shaping (Gallistel and Gibbon, 2000) and conditioned taste aversion (Barker and Smith,
1974). In invertebrates, particularly in insects, trace conditioning was studied using visual
and olfactory stimuli with honey bees, moth, and fruit flies (Opfinger, 1931; Menzel, 1968;
Tanimoto et al., 2004; Grossmann, 2010; Ito et al., 2008; Shuai et al., 2011; Galili et al.,
2011; Szyszka et al., 2011). Olfactory trace conditioning experiments in fruit flies showed
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4 Post-stimulus responses in Kenyon cells

that the olfactory system can retain an olfactory stimulus trace that outlasts odor offset
for several seconds (20 s: Galili et al. (2011); 60 s: Shuai et al. (2011); 8 s: Tanimoto et al.
(2004)).
The behavioral, physiological and molecular characteristics of olfactory trace conditioning
are well understood in insects (Tanimoto et al., 2004; Tomchik and Davis, 2009; Ito et
al., 2008; Shuai et al., 2011; Galili et al., 2011; Shuai et al., 2011; Szyszka et al., 2011;
Dylla et al., 2017). For example, olfactory trace conditioning differs from standard classical
conditioning (with overlapping odor and reinforcement) in its molecular requirements, as
standard classical conditioning requires the adenylyl cyclase rutabaga (Dudai et al., 1983;
Levin et al., 1992), while trace conditioning does not (Shuai et al., 2011). However, both
in insects and vertebrates, the neural substrate of stimulus traces are still unknown (Dylla
et al., 2013; Woodruff-Pak and Disterhoft, 2008).
Theoretical and experimental studies in have suggested that stimulus traces could be en-
coded by biochemical cellular signals such as prolonged calcium levels (Tomchik and Davis,
2009; Szyszka et al., 2011; Galili et al., 2011; Yarali et al., 2012) or synaptic modification
(Drew and Abbott, 2006; Izhikevich, 2007; Cassenaer and Laurent, 2012). Here, we tested
whether intracellular calcium could serve as the neural substrate of olfactory stimulus traces
in the olfactory system of Drosophila. Since calcium plays a prominent role in a current
model of coincidence detection (Livingstone et al., 1984; Zars et al., 2000; Yarali et al.,
2012), we hypothesized, that odor-induced elevated calcium concentration could bridge the
stimulus free gap and keep up the odor-specific ensemble response of neurons after odor
cessation.
The olfactory pathway of Drosophila consists of several layers of neurons (Heisenberg, 2003)
(Figure 4.1A). Odorant molecules bind to different receptors which are expressed in olfac-
tory receptor neurons (ORNs) in the two antennae, evoking odor-specific activity patterns
(Bruyne et al., 2001). ORNs project to the antennal lobe, where they form synapses with
projection neurons (PNs) and local interneurons in distinct neuropils called glomeruli. Typ-
ically, ORNs express only one type of olfactory receptor (OR) and all ORNs expressing the
same receptor type project to the same glomerulus. The glomerular layout of the antennal
lobe is stereotypic between flies (Vosshall et al., 2000). The interaction between ORNs, PNs,
and local excitatory and inhibitory interneurons in the antennal lobe transform the odor rep-
resentation across ORNs such that PNs emphasis odor-onset and become less odor-selective
(Wilson et al., 2004; Bhandawat et al., 2007; Olsen et al., 2007; Silbering and Galizia, 2007;
Olsen and Wilson, 2008; Wilson, 2013; Yaksi and Wilson, 2010). PNs connect the antennal
lobe with higher brain areas, such as the mushroom body and lateral horn. The mushroom
body-intrinsic Kenyon cells (KCs) exhibit relatively sparse odor responses, as individual
KCs respond to fewer odors and generate fewer spikes than individual PNs (Turner et al.,
2008; Honegger et al., 2011; Campbell et al., 2013). The connectivity between PNs and
KCs appears to be quasi random (Caron et al., 2013; Eichler et al., 2017), unlike the more
stereotypic connectivity between PNs and lateral horn neurons (Fişek and Wilson, 2014;
Strutz et al., 2014). Functionally, the mushroom body is the convergence center for infor-
mation about odors and reinforcement signals (Gerber et al., 2004; Davis, 2005), whereas
the lateral horn is generally considered to be involved in innate odor responses (Strutz et al.,
2014); for an alternative functional interpretation, see (Galizia, 2014).
Here, we asked whether odor-induced patterns of calcium activity could encode a sensory
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odor memory after stimulus offset (olfactory trace). We assume that the across neuronal
activity pattern that encodes a sensory odor memory would be similar to the activity pattern
that encodes the actual odor. We base this assumption on the observation that 1) the sensory
memory of an odor has the same perceptual quality as the odor itself (Galili et al., 2011;
Szyszka et al., 2011), and that 2) the perceived similarity between odors correlate with the
similarity between odor-induced spatial activity patterns across neurons (ORNs: Guerrieri
et al. (2005b); PNs: Szyszka et al. (2011) and Badel et al. (2016); KCs: Campbell et al.
(2013)).
Accordingly, we compared the similarity of odor-induced spatial activity patterns across
olfactory neurons (ORNs, PNs, KCs) during and after odor application. By doing so we
found that only the calcium responses in KC somata can encode odor identity for at least
15 s after odor-offset, positioning them as the likeliest candidate for prolonged odor identity
encoding in the olfactory pathway.

4.3 Materials and methods

4.3.1 Flies

For calcium imaging, the genetically encoded calcium sensors GCaMP1.3 (Nakai et al.,
2001), GCaMP3 (Tian et al., 2009), or GCaMP6f (Chen et al., 2013) (Bloomington #42747,
genotype w[1118]; P{y[+t7.7] w[+mC]=20XUAS-IVS-GCaMP6f}attP40) were expressed in
different types of neurons (ORNs, PNs, KCs) by using the driver lines Orco-Gal4, GH146-
Gal4, OK107-Gal4 (refs). In particular: For ORN and PN glomerular recordings, UAS-
GCaMP1.3 expression was driven in approx. 60% of all ORNs and in approx. 60% of
uniglomerular PNs using Orco-Gal4 (Larsson et al., 2004) and GH146-Gal4 (Stocker et al.,
1997; Jefferis et al., 2001; Tanaka et al., 2012), respectively. For the Kenyon cell recordings
(somata and calyx) UAS-GCaMP3 and UAS-GCaMP6f expression was driven with the
OK107-Gal4 line (Connolly et al., 1996) in nearly all KCs. UAS-GCaMP6f expression was
also driven with GH146-Gal4 for the PN somata recordings.

4.3.2 In vivo calcium imaging

For the calcium imaging female flies (aged 2-14 days after eclosion) were prepared either
for antennal lobe recordings, as described previously (Silbering and Galizia, 2007; Galili
et al., 2011), or for accessing the layer of KC somata from the posterior side of the fly’s
head, similar to the methods described earlier (Murthy and Turner, 2010; Honegger et al.,
2011; Campbell et al., 2013). In both preparation methods the fly head was fixed with a
composition of low melting wax (hard wax, soft-sticky wax and myristic acid, composition
ratio 2:1:2, melted and mixed) and the antennae were shielded from the Ringers’ solution
with a plastic coverslip which had a small window to gain access to the head capsule. Gaps
between the cover slip window and the head were sealed with silicone elastomer (Kwik Sil,
World precision instruments, Inc., Sarasota, USA). Through the window the cuticle was cut
open and removed, so that the brain was visible.
Calcium imaging of ORNs and PNs in the AL was performed as described previously (Galili
et al., 2011) with a fluorescence microscope (either BX-50 WI, Olympus, Tokyo, Japan, or
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AXIO Examiner.D1, Zeiss, Jena, Germany), equipped with a 40×water-dip objective (NA
1.0; Zeiss, Jena, Germany). The excitation wave length (475 nm, Monochromator Poly-
chrome II or Polychrome V, Till Photonics, Gräfelfing, Germany) was filtered with a 500 nm
short-pass filter and reflected onto the sample by a 495 nm dichroic mirror. The emission
light (approx. 515 nm) was filtered by a 505 nm long-pass filter, before being captured by
the CCD-Camera (either Imago QE at the Olympus Microscope or pco.imaging SensiCam
at the Zeiss Microscope, both: Till Photonics, Gräfelfing, Germany). On-chip binning of
pixels (4×4 at the Olympus and 8×8 at the Zeiss) resulted in a resolution of 160×120 pixels,
corresponding to 145×109 µm on the preparation (Olympus Microscope) or 172×130 pixels,
corresponding to 242×183 µm on the preparation (Zeiss Microscope). The recording rate
was 5 Hz for 35 s (175 frames). The exposure time was adjusted between 120 and 180 ms
and the basal fluorescence was adjusted either by adding grey filters into the excitation
light beam (5%, 10%, 32% transmission, at the Polychrome II, Olympus Microscope), or
by tuning the intensity and bandwidth of the Polychrome V monochromator (for the Zeiss
Microscope). During the recording, odor stimulation was controlled by the acquisition soft-
ware of the imaging system (Till Vision, Till Photonics). Odors were applied for 10 s in a
pseudo-randomized order. The interval between recordings was 2 min (interstimulus interval
2 min).
The KC and PN somata recordings were performed with the Zeiss LSM 510 confocal micro-
scope, because we encountered that in wide-field fluorescence microscopy the background
light was too high and the resolution too low for suitable PN or KC somata recordings.
The objective was the same 40×water-dip objective (NA 1.0; Zeiss, Jena, Germany). Ex-
citation light was provided by a 480 nm Argon laser, filtered by the relevant filter set and
emission light was captured. During the recording, odor stimulation was controlled by an
external stimulus control device (cRIO-9074 combined with IO module NI-9403, National
Instruments), which was synchronized to and by the image acquisition software. Odors were
applied for 10 s in a pseudo-randomized order. The interval between recordings was 2 min.

4.3.3 Odors

Odors (Sigma-Aldrich, Deisenhofen, Germany) were diluted in 10 ml of mineral oil (Sigma-
Aldrich) in 100 ml rolled-flange glass bottles (Fisher Scientific GmbH, Schwerte, Germany),
which were sealed with silicon–Teflon septa (Schmidlin Labor Service GmbH, Schwäbisch
Gmünd, Germany). The bottles were connected to a custom-built, computer controlled
olfactometer via syringes (1.2 mm diameter) through the septum. Fresh odors were prepared
every 1-4 weeks. A constant airstream (3 L/min) was applied to the fly’s antennae through
a glass tube (inner diameter 6.2 mm), which was located approx. 8 mm away from the fly.
This constant airstream was the sum of a carrier airstream (1.2 L/min) and six channels
(each 0.3 L/min). The olfactometer produced nearly rectangular odor pulses with steep
odor on- and off-sets, as measured using a photoionization detector (PID, Model 200a,
Aurora Scientific Inc., data not shown). Continuous air suction behind the fly cleared
residual odor. For odor stimulation we used the odors in the following dilutions: 1-butanol
(1:500, ButL), propanol (1:500, ProL), acetic acid (1:200, AceA) and propionic acid (1:200,
ProA) for all recordings (ORN axons, PN dendrites, PN somata, KC calyx and KC somata),
methylcyclohexanol (1:1000, MCH) for all, except ORN axon recordings, and ethyl acetate
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(1:1000, EACE) only for ORN axon and three PN dendrite recordings.

4.3.4 Data analysis

The imaging data was analyzed with custom routines written in Python 2.7 www.python.org,
R www.r-project.org and IDL (RSI, Boulder, USA).

4.3.4.1 Data preprocessing

First, the image sequences obtained by calcium imaging were movement corrected (anatomi-
cal landmark based for ORN and PN recordings in the AL, affine and nonlinear registration
for PN and KC somata and KC neuropile) within and between measurements. The rel-
ative fluorescent change ∆F/F was calculated for each time point i of the recording as
∆F/F .= Fi−FB

FB
, where Fi is the absolute fluorescence of the i-th frame and FB is the back-

ground fluorescence, which was calculated as the average fluorescence of 15 frames before
odor stimulation (frames 10-25). Response curves were corrected for bleaching, by fitting
and subsequently subtracting an exponential decay function F (t) = aebt + c to the average
light intensity change in each ROI over time.

4.3.4.2 Region of interest selection in imaging data

Regions of interest were determined manually in each fly using the interactive calcium sig-
nal data analysis suite https://github.com/grg2rsr/ILTIS) or IDL routines. Glomerular
responses were calculated by averaging the fluorescent light intensity of 7×7 pixels (corre-
sponding to 6.3×6.3 µm) in the center of a glomerulus. Glomeruli were identified based on
anatomical cues and on their response profiles (Galili et al., 2011; Silbering and Galizia,
2007; Silbering et al., 2008). For example, the glomerular responses for 1-butanol and pro-
pionic acid corresponded to previously described response patterns (Silbering et al., 2008).
For single cell resolution imaging, somatic signals of cells responding to at least one of the
5 odors during the whole recording were selected. The choice of whether a cell was active
or not was based on visual observation but conservative in the sense that even very weakly
responding cells were selected. Region of interest size was 8-10 pixel diameter and placed
centrally on the soma. KC dendrites in the calyx did not show any clear pattern of single
cell resolution. Hence, we spatially downsampled the recordings by a factor of 4 and treated
each 4×4 pixel bin as one ROI. Only ROIs with an activity larger than 0.75 ∆F/F were
included in later analyses.

4.3.4.3 Categorization of response dynamics

In order to categorize calcium responses according to their response dynamics, we formed
three categories into which a response could fall: on (only responding during the stimulus),
off (only responding after the offset of the stimulus) or prolonged (sustained responses
starting with the stimulus but outlasting it). For our categorization, we defined thresholds
that allowed us to unambiguously classify each recorded response into one of the three
categories: We defined on responses as signals which crossed a threshold of 2.57×s.d. of
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the pre-stimulus noise during odor stimulation (corresponding to a significance level of p <
0.005) but declined below 37% (corresponding to 1/e) of the maximum odor response value
5 s after odor offset. We defined prolonged responses as signals which just as ON responses
crossed the above defined threshold, but did not decline below 37% of the maximum odor
response value 5 s after odor offset, hence showing sustained levels of activity. We defined
off responses as signals which crossed the response threshold 5 s after odor offset but not
during the stimulus.

4.3.4.4 Correlation matrices and traces

Time resolved correlation matrices were constructed to compare the spatiotemporal evolu-
tion of patterns and their similarity along the time axis of an entire trial. This was done
by first combining data from all animals for either a given odorant (as in Figure S2) or all
odorants (as in Figure 4.4) into two matrices, separately for the two individual stimulus
presentations. The Pearson’s r correlation coefficient between each pair of response pattern
vectors for all time points was then calculated. The color scale represents significant cor-
relation values p < 0.005, while non-significant values displayed in grey. Correlation traces
(as in Figure 4.2) are essentially slices through this matrix, but with additional information
about variability. To obtain this estimate the variability of our correlation analysis, we
performed bootstrapping by resampling the animals included in our analysis 1000 times.
Shaded areas show the standard deviation of the bootstrapped values.

4.3.4.5 Classification analysis

Classification analysis was was performed by training a support vector machine (SVM) with
a 2 s averaged response pattern sliding across the total time of the recording, and testing
all other time points afterwards. To asses overall classification performance, the average
fraction of correct classifications during the 10 s stimulus window were calculated. All SVM
classifications were performed with a ν-SVM (python module sklearn.svm.NuSVC with a
ν parameter of 0.9). Chance classification levels were obtained by shuffling all labels and
repeated the classification 250 times, and the upper 95% confidence interval is taken as a
threshold for significant classification (Combrisson and Jerbi, 2015)

4.4 Results

We used calcium imaging to record odor-induced responses in neurons at different stages
of the olfactory pathway: in ORN axons, PN dendrites and PN somata in the antennal
lobe and in KC dendrites and KC somata in the mushroom body (Figure 4.1). We applied
10 s-long odor stimuli and measured the calcium responses until 20 s after stimulus offset
(Figure 4.1B). Stimulus onset was defined as time point t = 0 s. The following 10 s of the
recording during the stimulus are called the odor response. Around time point t = 1 s
the odor response was usually the strongest, thus in our analyses we used the average of
5 frames from t = 1-2 s as the odor pattern (Figure 4.1B, purple rectangle). The entire
duration after odor offset we called post-odor response, while a particular time point t = 15
s (i.e. 5 s after odor offset) was used in our analyses for calculating the post-odor pattern
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(5 frames from t = 15-16 s) (Figure 4.1B, blue rectangle). This post-odor pattern was of
particular interest in our pattern analyses, because this was the commonly used time point
when the electric shock was presented in a behavioral trace conditioning study (Galili et al.,
2011), where flies formed an association between the odor and the electric shock.

4.4.1 Glomerular post-odor response patterns in the antennal lobe are
dissimilar to odor response patterns

The calcium responses of ORN axons and PN dendrites in the antennal lobe were odor-
and glomerulus-specific (Figure 4.2A and B). Axonal ORN activity was mostly reflected
in the dendritic PN response. In most glomeruli (three example glomeruli are shown in
Figure 4.2B) positive responses were stable during the stimulus, but decreased immediately
after odor offset and reached baseline within 20 s, for both ORNs and PNs. Acetic acid
and propionic acid induced negative responses in some glomeruli during the stimulus, which
were sometimes followed by positive off-responses.
In order to categorize calcium responses according to their response dynamics, we formed
three threshold-based categories into which a response could fall: on (only responding during
the stimulus), off (only responding after the offset of the stimulus) or prolonged (sustained
responses starting with the stimulus but outlasting it) (Figure 4.2C, see methods for details
on the construction of thresholds used for categorization).
The result of applying this categorization to glomerular ORN and PN calcium signals is
shown in Figure 4.2C. In ORN recordings, 25% of the glomeruli showed only on responses
to the given odors, 44% showed prolonged responses, and 27% showed off responses. In PN
recordings, 75% of the glomeruli showed on responses 7% showed off responses and 17%
showed off responses.
These results show that ORN responses were often prolonged, while responses of PN den-
drites consisted mainly of on responses, which quickly declined after stimulus offset.
As the spatial activity pattern across glomeruli contains information about odor identity
(Guerrieri et al., 2005a), a stable activity pattern over an extended period of time after stim-
ulus offset would be indicative of a possible odor trace. Thus, we performed a spatiotempo-
ral analysis by calculating the correlation between stimulus evoked activity patterns along
the entire recording (Figure 4.2D). The resulting time-resolved correlation matrices (Figure
4.2D, upper plots) show the correlation between the response patterns at each single time
point of each recording, where each pixel displays the Pearson r value of the two response
vectors at this particular time point. For ORNs, the odor-evoked glomerular patterns dur-
ing the entire 10 s long stimuli were significantly correlated (Figure 4.2D), showing that the
odor-evoked patterns were invariant during the entire odor stimulation and reproducible in
different trials. However, the activity pattern after odor offset was not correlated to the
pattern of the odor response anymore (Figure 4.2D, gray areas to the right and below the
odor stimulus, which show the similarity between the pattern of the odor response of one
butanol stimulus and the pattern of the post-odor response of the other butanol stimulus).
Although the post-odor pattern was not correlated to the odor pattern anymore, it was
stable and reproducible within itself 4.2D). In order to compare the temporal development
of pattern dynamics of the odor pattern (t = 1-2 s) and the post-odor pattern (t = 15-16 s,
i.e. 5 s after odor offset), we plotted only the correlation values of these two time windows of
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Figure 4.1: Odor and post-odor responses along the olfactory pathway (A) Schematic
overview of the olfactory system of Drosophila. The neuronal levels which were investigated in this
study are indicated and correspond to the calcium imaging pictures in (B). (B) Odor evoked calcium
activity and post-odor calcium activity in the neurons of the olfactory pathway were recorded by
calcium imaging. The false-color coded ∆F/F images show the average of 5 s recording time (i.e.
25 frames). For all neurons and neuronal compartments calcium responses upon odor stimulation
(here to 1-butanol) were observed. PN somata and KC somata showed prolonged calcium activity
after odor offset. (Scale bars 20 µm).
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butanol responses compared to all time points of the responses to butanol of a different trial
(Figure 4.2D, lower graphs. Purple and blue frames in upper graphs mark the correlation
values plotted in lower graphs). The ORN odor pattern (purple trace) is stable during the
odor stimulus, but immediately breaks down at odor offset. The post-odor pattern (blue
trace) on the other hand, evolves to a pattern dissimilar to the odor pattern.
The patterns of odor responses of PN dendrites were also correlated between two butanol
stimulations, but when compared to ORNs the correlation values were lower and the sig-
nificant correlation did not last throughout the entire 10 s stimulation (Figure 4.2D, upper
graph). This shows that the pattern of the odor response of PN dendrites was both less
stable during the odor stimulation and less reproducible in different trials. After odor offset,
the pattern was not correlated to the odor pattern anymore (Figure 4.2D, see the gray areas
during and after stimulus offset).
As in ORNs, PNs generated post-odor patterns that were dissimilar to the odor patterns.
However, compared to ORNs, PNs showed a higher degree of odor-specificity in both their
odor and post-odor repsonse patterns (Figure 4.2D, lower values in off diagnoal entries in
4.2E top and middle row), but for all tested odors the correlation between the odor and
post-odor pattern within the tested odor were low (diagonal entries 4.2E bottom row).

51



4 Post-stimulus responses in Kenyon cells

A B

C

antennal 
lobe

PN axons

PN somata

DL5

DM2

VA1lm

ButL ProL AceA ProA

10 s

ΔF/F
0.1

ORN axons
PN dendrites

Odors

G
lo

m
er

ul
i

PN dendrites

ORN axons

Glomeruli

pattern sim
ilarity (r)

ORN axons PN dendrites

pa
tt

er
n 

si
m

ila
rit

y 
(r)

-
-
-

0 .6
0 .4
0 .2

0
0 .2
0 .4
0 .6
0 .8

1

0 5 10 15 20 25 30
time after odor onset (s)

ORN axons PN dendrites

ButL 1 ButL 1

Bu
tL

 2

Bu
tL

 2

tim
e 

(s
)

time (s)

N=10pa
tt

er
n 

si
m

ila
rit

y 
(r)

-
-
-

0 .6
0 .4
0 .2

0
0 .2
0 .4
0 .6
0 .8

1

0 5 10 15 20 25 30
time after odor onset (s)

N=9

ORN axons PN dendrites

odor 
vs 

odor pattern

post-odor 
vs 

post-odor pattern

odor 
vs 

post-odor pattern

od
or

 p
at

te
rn

post-odor pattern post-odor pattern

0 10 20 30

ΔF/F

0

ON
OFF
PROLONGED

time (s)

ON
OFF

PROLO
NGED ON

OFF

PROLO
NGED

0

0.2

0 .4

0 .6

0 .8

1

ButL 1
ButL 2
EACE
AceA
ProL
ProA
MO 1
MO 2

ButL 1
ButL 2
EACE
AceA

ProL
ProA
MO 1
MO 2

MCH

ButL 1
ButL 2
EACE
AceA
ProL
ProA
MO 1
MO 2

ButL 1
ButL 2
EACE
AceA

ProL
ProA
MO 1
MO 2

MCH

ButL 1
ButL 2
EACE
AceA
ProL
ProA
MO 1
MO 2

ButL 1
ButL 2
EACE
AceA

ProL
ProA
MO 1
MO 2

MCH

Bu
tL

 1
Bu

tL
 2

EA
CE

Ac
eA

Pr
oL

Pr
oA

M
O

 1
M

O
 2

Bu
tL

 1
Bu

tL
 2

EA
CE

Ac
eA

Pr
oL

Pr
oA

M
O

 1
M

O
 2

Bu
tL

 1
Bu

tL
 2

EA
CE

Ac
eA

Pr
oL

Pr
oA

M
O

 1
M

O
 2

Bu
tL

 1
Bu

tL
 2

EA
CE

Ac
eA

Pr
oL

Pr
oA

M
O

 1
M

O
 2

M
CH

Bu
tL

 1
Bu

tL
 2

EA
CE

Ac
eA

Pr
oL

Pr
oA

M
O

 1
M

O
 2

M
CH

Bu
tL

 1
Bu

tL
 2

EA
CE

Ac
eA

Pr
oL

Pr
oA

M
O

 1
M

O
 2

M
CH

-0 .6
-0 .4
-0 .2

0
0 .2
0 .4
0 .6
0 .8

-0 .8

D

E

0 5 10 15 20 25 30-5 0 5 10 15 20 25 30-5

0

5

10

15

20

25

30

-5

0

5

10

15

20

25

30

-5

pattern sim
ilarity (r)

-0 .6
-0 .4
-0 .2

0
0 .2
0 .4
0 .6
0 .8

-0 .8

Figure 4.2: Post-odor response patterns of ORN axons and PN dendrites in the antennal
lobe are dissimilar to the odor response patterns (A) Overview of the antennal lobe indicating
ORN axons (blue) which synapse onto PN dendrites (orange) in the glomeruli.
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Figure 4.2 (continued): (B) Calcium responses (∆F/F ) of ORN axons (Orco-Gal4) and PN
dendrites (GH146-Gal4) were recorded in glomeruli and are shown for some glomeruli (odor stimuli
were 10 s long). Glomeruli were identified in several animals (DL5: N=9, DM2: N=9, VA1lm:
N=5, shown is the mean with sem of the ∆F/F values). The direct comparison between responses
of ORN axons (blue lines) and PN dendrites (orange lines) reveals similarities and differences in
the response dynamics. (C) Glomeruli were categorized according to their response dynamics into
on (only responding during the stimulus), off (only responding after the offset of the stimulus) or
prolonged (sustained responses starting with the stimulus but outlasting it) responding glomeruli.
The measurements of all animals (N=9 flies for ORN axons and N=10 flies for PN dendrites) were
pooled and variation was obtained by calculating the fractions independently for each odor (boxplots
show the median and the quartiles of the dataset, whiskers extend to show the rest of the distribution.
(D) Correlation analyses of the glomerular activity patterns of two 1-butanol stimuli show that odor
and post-odor patterns are individually reproducible and stable (see high correlation values during
the odor stimulation and after odor offset), but dissimilar to each other (see the grey areas right
and below the correlated odor pattern rectangles). The color scale represents significant correlation
values (p < 0.005), while non-significant values are grayed out. The correlation traces (lower row)
display the correlation of only two relevant time points, the odor pattern (purple rectangle) and the
post-odor pattern (blue rectangle) of one butanol stimulus with all time points of the other butanol
stimulus (purple and blue traces, respectively). The odor pattern breaks down at odor offset in
both, ORN axons and PN dendrites and is dissimilar to the post-odor pattern, which evolves at odor
offset. (E) Correlation of the response patterns between different odors. Most odors evoke similar
odor patterns (upper row). Post-odor patterns (middle row) are less correlated between different
odors. The odor pattern is not correlated with the post-odor patterns (bottom row).

4.4.2 Glomerular post-odor patterns are not influenced by stimulus length

We next asked whether the post-odor responses of ORN axons and PN dendrites in the
antennal lobe are influenced by the duration of the stimulus, and compared post-odor re-
sponses after a 10 s-long butanol stimulus with post-odor responses after shorter butanol
stimuli (0.2 s, 0.4 s , 1 s, 3 s and 6 s) (Figure 4.3A) and the response patterns (Figure 4.3B).
In both ORN axons and PN dendrites, the calcium responses to stimuli of different length
activated the same glomeruli, irrespective of the stimulus length and consequently the odor
patterns were correlated between the different stimulus lengths (Figure 4.3B). After odor
offset, calcium responses of both ORNs and PNs rapidly decreased back to baseline in the
recorded glomeruli for all measured stimulus durations (Figure 4.3A). Post-odor responses
that were evoked by a 10 s-long stimulus were similar to the post-odor responses that were
evoked by shorter stimuli.

4.4.3 Post-odor response patterns are similar to odor response patterns in KCs

Next, we characterized odor-induced calcium responses further downstream of the antennal
lobe and measured the calcium activity in PN somata, KC dendrites and KC somata (Figure
4.4A,B). As before, we categorized the responding cells/regions of interest again into on,
off and prolonged responding units (Figure 4.4B,C). In all three cell/compartment types
most units showed on responses. off responses were rare in PN and KC somata, and almost
nonexistent in the KC dendrite region. KC somata showed a significantly larger proportion
of prolonged responses than KC dendrites. Many of the observed prolonged responses,
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Figure 4.3: Stimulus length has minor impact on the post-odor response pattern (A)
Calcium responses (∆F/F ) of glomeruli (ORN axons and PN dendrites) to different stimulus dura-
tion (0.2, 0.4, 1, 3, 6, 10 s) of 1-butanol (ButL). (B) Correlation analyses comparing the glomerular
patterns of the 10 s stimulus with that of a shorter stimulus (here: 0.2, 1, 6 s, for other correlation
matrices see Suppl. Figure S1). The color scale represents significant correlation values (p < 0.005),
while non-significant values are grayed out. The correlation traces (purple and blue traces) reveal
that the odor pattern breaks down at odor offset in all measured stimulus durations and is dissimilar
to the post-odor pattern. The post-odor pattern evolves at odor offset, and is more reproducible
and stable with increasing stimulus duration.
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particularly in PN and KC somata, lasted even longer than the 20 s recording time after
odor offset (Figure 4.4B). These results show that KC somata and PN somata have a large
fraction of prolonged responses.
To investigate whether the prolonged responses in PN somata, KC dendrites and KC somata
maintain the odor-specific pattern after odor offset, we performed the same correlation
analyses as done for glomerular signals (Figure 4.4D, and Suppl. Figure S1) and quantified
the time-resolved pattern similarity between two stimulations of the same odor (Figure
4.4D). To allow for a general statement about odor induced pattern similarity, the data
obtained from stimulation with five different odors was pooled (correlation values of the
single odors are shown in Figure 4.4F and Suppl. Figure S2).
Similar to PN dendrites (Figure 4.2C), the odor pattern and post-odor pattern in PN
somata were again individually reproducible, but uncorrelated to each other (Figure 4.4D,E).
Correlation traces (Figure 4.4D) show that the odor pattern (purple trace) breaks down
within 3-4 s after odor offset, and that the post-odor pattern (blue trace), which develops
only slightly at the end of the odor stimulation, lasts for several seconds. This uncorrelated
odor and post-odor pattern suggests that it is rather unlikely that PN somata harbor an
odor trace.
In KC dendrites, the odor pattern and post-odor pattern were also individually reproducible
(Figure 4.4D). Different to any of the cell types/compartments analyzed before, the post
odor patterns are significantly correlated to the odor pattern (Figure 4.4D). Although the
correlation trace (Figure 4.4E, purple trace) shows a decline of pattern similarity within 3
s after odor offset (correlation values from 0.5 to < 0.2), it does not lose the correlation
completely. This indicates that the KC dendrites maintain a pattern correlation to the odor
pattern after odor offset, which could be involved in keeping an odor trace.
Similar to the other analyzed cells/compartments KC somata also showed reproducible odor
and post-odor patterns (Figure 4.4D). However, the time-resolved correlation analysis re-
vealed a significant and elevated similarity between post-odor and odor response patterns:
After odor offset, the similarity to the odor pattern only gradually changed and this devel-
oping post-odor pattern still had significant correlation to the odor pattern (Figure 4.4D,E).
Furthermore, the post-odor pattern already developed during the odor stimulation (Figure
4.4D,E, blue trace). Interestingly, it was significantly correlated to the odor pattern for at
least 20 s after odor offset (until the end of the recording time), which is on a behaviorally
relevant time scale. These results indicate that both KC dendrites and somata maintain
a significantly elevated similarity between odor and post-odor response pattern. Since the
prolonged calcium activity in KCs keep the odor pattern similarity on a behaviorally relevant
time scale, it could be used as an odor trace in trace conditioning.
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Figure 4.4: Post-odor responses in PN somata, KC dendrites and KC somata (A)
Overview of the positions of PN somata, KC dendrites in the calyx and KC somata layer, which
were recorded by calcium imaging. (B) Calcium responses (normalized ∆F/F , normalized to the
strongest odor response in each fly) of somata (PN, KC) or pixels (KC dendrite region) of all mea-
sured odors in all measured flies were categorized into ON, off and prolonged responses.
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Figure 4.4 (continued): (C) Box plots show the fraction responding units (somata or pixels)
per odor in each response category for all three layers. off responding units are rare with some
variability across odors in PN somata. prolonged responses are significantly more frequent in KC
somata than in KC dendrites (p-value: 0.033). Boxes show the quartiles of the datasets , while
the whiskers extend to show the rest of the distribution, except points that are determined to be
outliers and marked as ticks. (D) Correlation analyses of the activity patterns of two repeated odor
stimulations (odor 1 vs odor 1) show that odor and post-odor patterns are individually reproducible
and stable in PN somata, KC dendrites and KC somata (see high correlation values during the odor
and after odor offset). In PN somata the odor pattern breaks down at odor offset (see the grey areas
right and below the correlated odor pattern rectangles), while in KC dendrites and even more in KC
somata the pattern change is rather gradual and the post-odor pattern is similar to the odor pattern.
The color scale represents significant correlation values (p < 0.005), while non-significant values are
greyed out. The correlation traces (lower graphs) display the correlation of only two relevant time
points, the odor pattern (purple rectangle) and the post-odor pattern (blue rectangle) of one odor
stimulus with all time points of the other odor stimulus (purple and blue traces, respectively). The
odor pattern breaks down at odor offset in PN somata and is dissimilar to the post-odor pattern,
which evolves at odor offset. The correlation traces display the mean and the shaded area the s.d.
obtained by bootstrap analysis (on animals, 1000×) (E) Correlation of the response patterns of
different odors and repeated odor stimulations. Odor patterns of repeated odors are reproducible
in all three cell/compartment types (upper row). The post-odor patterns (middle row) are still
reproducible in KC dendrites and KC somata, but less in PN somata. The odor pattern is not
correlated with the post-odor patterns (bottom row).

4.4.4 Post-odor patterns are more reproducible and odor specific in KC somata

To obtain a general statement on the pattern similarity, the previous analyses were per-
formed on pooled responses to different odors. In order to investigate the reproducibility
and odor specificity of the post-odor pattern in PN somata, KC dendrites and KC somata,
we analyzed the responses to odors separately. Figure 4.4E shows the correlation matrices
for all odor pairs for three important comparisons: 1) the odor pattern with itself (t = 1-2 s,
top row), 2) the post-odor pattern with itself (t = 15-16 s, middle row) and 3) across odor
and post-odor pattern (bottom row) (the corresponding correlation matrices over time of
the single odor repetitions are shown in Suppl. Figure S2).
The odor patterns in PN somata of all tested odors (Figure 4.4E top row and Suppl. Figure
S2) were reproducible as visible in the correlations between repetitions of the same stimulus.
Not all responses were entirely odor specific, as some odors were not only correlated to their
repeated odor, but also to some other odors (e.g. ButL and MCH; ButL and ProL; ProA
and ProL).s
KC dendrites revealed highly reproducible response patterns within the repeated odors,
however odor patterns were less odor specific than in PN somata (Figure 4.4E, high similarity
between ButL and MCH; ButL and ProL; MCH and ProL; AceA and ProA).
In KC somata, odor patterns were highly reproducible as in PN somata and KC dendrites
(Figure 4.4). Additionally, they were more odor specific, as the correlation of repeated odors
was higher than the correlation between different odors (Figure 4.4). When regarding the
post-odor patterns, we observed an increase in reproducibility from PN somata, over KC
dendrites to KC somata (Figure 4.4E, middle row). In PN somata, most repeated odors
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elicited relatively little correlated post-odor pattern and thus, the post-odor patterns were
not reproducible (except for propanol).
In contrast, KC dendrites, and even more the KC somata, revealed higher reproducibility
within the repeated odors than the PN somata (Figure 4.4E, middle row): The post-odor
patterns of most odors were more correlated to their own repeated presentation than to
another odor. Thus, we found that post-odor patterns were odor specific in KC dendrites
and somata compared to PN somata (with a few exceptions, where similar odors elicited
similar post-odor patterns, e.g. in KC dendrites: ButL and MCH; ButL and ProL, AceA
and ProA; KC somata: ButL and MCH, ButL and ProL).
Concerning the possible location of an odor trace, the most informative comparison is the
correlation between the odor and the post-odor pattern. This correlation was almost entirely
absent for PN somata. For KC dendrites, strong correlations were observed for EtaS and
ProS1, but correlations were also found between both odors. In KC somata, the correlations
seem more odor specific and reproducible for more odors (Figure 4.4E, bottom row).
Taken together, these results indicate that KC somata post-odor patterns are most suitable
for maintaining an odor trace than KC dendrites. Their post-odor responses are most
reproducible, most odor specific and most similar to the odor pattern.

4.4.5 Only KC somata contain prolonged response patterns predictive of past
odors’ identity

The correlation-based analyses presented above predicts that quantitatively, KC somata
should form the most suited location of an odor trace. To analyze how predictive the post-
odor pattern is about an odor that was presented several seconds before, we performed a
classification-based analysis: We trained a support vector machine (SVM) with the response
pattern at a certain time point, and then tested the SVMs for correct prediction of the
stimulus identity at all other time points (see Figure 4.5A for examples). When trained
with the response patterns taken during the ongoing stimulus, the classification was high for
all responses also only during the stimulus and decays shortly after (Figure 4.5A, leftmost
panel). When trained with a post odor pattern obtained 15 s after the end of the odor
stimulus, the SVM trained on the KC somata responses outperformed all other classifiers
(Figure 4.5A, rightmost panel).
To analyze this effect in a time resolved and quantitative manner, we swept the entire time
span of the recording and calculated the average classification score during the 10 s time
window of the stimulus presentation, thereby testing the predictive power of the response
pattern at the tested time point to the previously perceived odor pattern during the stimulus.
Hence, high classification scores indicate a high predictive content of the post-odor response
pattern to correctly identify the previous stimulus. To assess the statistical significance of
the obtained classification success rates, we obtained a chance classification level by label
permutation testing (Combrisson and Jerbi, 2015).
We found that only the KC somata accurately predict the presented stimulus over an ex-
tended period of time, whereas all other classifiers fall within the chance levels shortly after
the stimulus offset (Figure 4.5B). This observation is in line with the behavioral learning
scores during trace conditioning observed by Galili et al. (2011) (learning scores are super-
imposed in Figure 4.5B)
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Figure 4.5: Only KCs somatic calcium encode past odor identities (A) Classification success
of an SVM trained to the pattern at a time point marked by the purple tick, and tested on all time
points. When the time points of test and train coincide, the classification performance trivially
reaches 1. As can be seen in the rightmost panel, SVM trained on post-odor patterns from KC
somata successfully predict correct stimulus identity of previous responses. Shaded area marks the
odor stimulus. (B) Quantification of the classification success during the stimulus based on the
time point of training. The analysis shown in (A) was repeated for all time points, and the average
correct classification during the stimulus was calculated. Shaded bars denote chance classification
rates obtained by performing the analysis 250×on label permuted datasets. The upper bound of
the shaded area denotes the 95% confidence interval of such chance classification. Only KC somata
are above this chance classification rate for an extended period of time, that coincides with the
behavioral observed learning performance (Data from Galili et al. (2011) overlaid, with 0 learning
scores coinciding the chance level of classification).
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4.5 Discussion

Using calcium imaging in olfactory neurons along the olfactory pathway of Drosophila (ORN
axons, PN dendrites and PN somata in the antennal lobe, and KC dendrites and KC somata
in the mushroom body) we found odor-evoked responses that outlasted the odor stimulus
for several seconds. At all processing levels, the across neuron activity patterns were repro-
ducible and odor-specific, making these calcium signals a potential candidate for sensory
odor memories. Post-odor response patterns differed from the response patterns during
the odor presentation in ORNs, PNs and in KC dendrites, while they were similar in KC
somata. Thus, calcium responses in KC somata could encode odor identity after the odor
offset, which could serve as the neural basis for the olfactory stimulus trace. This olfactory
stimulus trace could explain insects’ capability to learn the association between an odor a
temporally separated reinforcing stimulus (Galili et al., 2011; Shuai et al., 2011; Tanimoto
et al., 2004; Szyszka et al., 2011).
The perceived similarities between odors correlates with the similarity between odor-evoked
calcium activity patterns across neurons in the antennal lobe in honey bees and Drosophila
(ORNs: Guerrieri et al. (2005b); PNs: Badel et al. (2016) and Szyszka et al. (2011); KCs:
Campbell et al. (2013))
However, the during trace conditioning the reinforcing stimulus arrives at a time when the
post-odor activity pattern across ORNs and PNs is dissimilar to the odor-evoked patterns,
and as there is no correlation between the neuronal and perceptual odor-similarity profiles,it
is unlikely that post-odor calcium activity in ORNs or PNs encoded the olfactory stimulus
trace (Galili et al., 2011; Szyszka et al., 2011). Our data confirm this dissimilarity between
odor- and post-odor patterns across ORNs and PNs (Figure 4.2). Thus we hypothesized
that the location of the odor trace is downstream of the antennal lobe.
Also, the post-odor patterns of PN somata did not correlate with the odor patterns, and
only slightly for KC dendrites (Figure 4.4D,E). Only in KC somata the post-odor patterns
remained similar to the odor patterns after odor offset and kept the information content on
a behaviorally relevant time scale (Figure 4.4D,E; Figure 4.5). Thus, we conclude that KCs
keep prolonged calcium levels which could encode odor identity for at least 15 seconds after
odor offset.
This olfactory trace could explain insects’ capability to associate odors with temporally
separated reinforcing stimuli during trace conditioning (Galili et al., 2011; Szyszka et al.,
2011; Shuai et al., 2011). This hypothesis is supported by the findings, that a) perceptual
similarities between olfactory traces matches the perceptual similarities between actual odor
stimuli (Galili et al., 2011; Szyszka et al., 2011), b) perceptual similarities between odors
correlates with the similarities between odor-evoked KC response patterns (Campbell et al.,
2013), and c) trace conditioning requires dopamine signaling in KCs (Shuai et al., 2011)
Our observation of elevated calcium levels in KC somate is compatible with coincidence
detection mechanisms based on odor-evoked calcium activity in conjunction with another
reinforce-induced signal. For example, Yarali et al. (2012) devised a model in which a
prolonged odor-induced calcium signals in KCs bridges the gap between odor and reinforce,
by synergistic activation of a calcium-calmodulin-sensitive adenylate cyclase, which mediates
synaptic plasticity
The most prominent candidate coincident detector in associative learning in Drosophila is
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the adenylyl cyclase rutabaga (Dudai et al., 1983; Levin et al., 1992). However, rutabaga is
dispensable for trace conditioning (Shuai et al., 2011), but this does not rule out the existence
of other calcium dependend adenylyl cyclases or protein kinases (Dylla et al., 2013). For
example, Shuai et al. (2011) discovered the invovlement of Rac on trace conditioning. Rac is
a ρ-family g-protein thought to be invovled in actin cytoskeleton remodelling (Shuai et al.,
2010)
The effect of temporally prolonged calcium levels on this this process is reminiscent of an
eligibility trace (Izhikevich, 2007). What molecular mechanisms could cause the prolonged
calcium elevation? A good candiate is gilgamesh: This gene encodes a casein kinase I-γ
homolog, which mediates intracellular calcium increase in α′/β′ KCs, and has additionally
been shown to be required for rutabaga-independent olfactory learning (Tan et al., 2010).
This molecular separation of both trace and delay conditioning opens the possibility to
dissect the physiological consequences of the genetic alterations in detail. Specifically, we
propose to test for absence of prolonged KC calcium levels in gilgamesh mutants, even
without any previous conditioning. Similarly, flies which lacking functional Rac, and which
show increase learning performance during trace conditioning, could possibly show even
prolonged calcium increases in KCs.
Such studies, readily performed in Drosophila, will lead to a more mechanistic understanding
of a brains capability to bridge perceptual gaps and form associations across them.

4.6 Supplementary figures
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Figure 2: Post-odor response patterns in ORNs and PNs are odor specific and differ from the odor responses.
A) Calcium responses of some glomeruli to odors are shown. Glomeruli were identified in several animals (DL5 
N=9, DM2 N=9, VA1lm N=5). Shown is the mean with +- sem. The direct comparison between responses of 
ORN axons and PN dendrites reveals that especially the post-odor activity differs. 
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5 Trace conditioning in Drosophila induces
associative plasticity in mushroom body
Kenyon cells and dopaminergic neurons

Kristina V. Dylla, Georg Raiser, C.Giovanni Galizia, Paul Szyszka

5.1 Abstract

Dopaminergic neurons (DANs) signal punishment and reward during associative learning.
In mammals, DANs show associative plasticity that correlates with the discrepancy be-
tween predicted and actual reinforcement (prediction error) during classical conditioning.
Also in insects, such as Drosophila, DANs show associative plasticity that is, however, less
understood. Here, we study associative plasticity in DANs and their synaptic partners, the
Kenyon cells (KCs) in the mushroom bodies (MBs), while training Drosophila to associate
an odorant with a temporally separated electric shock (trace conditioning). In most MB
compartments DANs strengthened their responses to the conditioned odorant relative to un-
trained animals. This response plasticity preserved the initial degree of similarity between
the odorant- and the shock-induced spatial response patterns, which decreased in untrained
animals. Contrary to DANs, KCs (α′/β′-type) decreased their responses to the conditioned
odorant relative to untrained animals. We found no evidence for prediction error coding by
DANs during conditioning. Rather, our data supports the hypothesis that DAN plasticity
encodes conditioning-induced changes in the odorant’s predictive power.

5.2 Introduction

Associative learning enables animals to anticipate negative or positive events. The neural
mechanisms of associative learning are commonly studied in classical conditioning paradigms,
in which animals are trained to associate a cue (conditioned stimulus; CS) with a punish-
ment or reward (unconditioned stimulus; US) (Pavlov, 1927). In the standard conditioning
paradigm CS and US overlap in time, while in the trace conditioning paradigm there is a
temporal gap between the CS and US. During both standard conditioning and trace con-
ditioning, the US is mediated by dopaminergic neurons (DANs), in animals as diverse as
monkeys and fruit flies (Shuai et al., 2011; Schultz, 2013; Dylla et al., 2013; Waddell, 2013)
Genetic tools for monitoring and manipulating neuronal activity in the fruit fly Drosophila
melanogaster promoted the understanding of the neural mechanisms of dopamine-mediated
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learning. Those mechanisms are well described for standard “odor - shock conditioning”
in Drosophila, in which an olfactory CS is paired with a temporally overlapping electric
shock US . During conditioning, an odor - shock association is formed in the mushroom
body (MB) neuropil. The intrinsic neurons of the MB, the Kenyon cells (KCs), receive
olfactory input in the MB-calyx and project to the vertical (α and α′) and the medial
(β, β′ and γ) MB-lobes. During odor-shock conditioning, the olfactory CS activates an
odorant-specific KC population (Murthy et al., 2008; Turner et al., 2008), and the electric
shock US activates DANs that innervate the MB-lobes . In KCs, the CS-induced increase
in intracellular calcium and the US-(dopamine)-induced second messengers synergistically
activate an adenylyl cyclase (Duerr and Quinn, 1982; Dudai et al., 1983; Tomchik and
Davis, 2009; Gervasi et al., 2010), which alters the synaptic strength between KCs and MB
output neurons (MBONs). This change of KC-to-MBON synapses is thought to encode
the associative odor memory (Dubnau et al., 2001; McGuire, 2001; Schwaerzel et al., 2003;
Séjourné et al., 2011; Pai et al., 2013; Zhang and Roman, 2013; Aso et al., 2014a; Bouzaiane
et al., 2015; Cohn et al., 2015; Hige et al., 2015a; Owald et al., 2015; Hige et al., 2015b;
Masek et al., 2015).

The MB-lobes are divided into 15 compartments (α1-3, β1-2, α′1-3, β′1-2, and γ1-5), each
of which is innervated by a distinct population of DANs and MBONs (Tanaka et al., 2008;
Aso et al., 2014b). These compartments constitute functional units, which are involved in
different forms of associative learning (Tanaka et al., 2008; Séjourné et al., 2011; Pai et al.,
2013; Plaçais et al., 2013; Bouzaiane et al., 2015; Cohn et al., 2015; Owald et al., 2015; Aso
et al., 2014b; Aso et al., 2014a; Hige et al., 2015a). In compartments such as γ1, γ2, and β2,
DANs mediate electric shock reinforcement. Beside mediating reinforcement during classical
conditioning, Drosophila DANs are involved in long-term memory formation (Plaçais et al.,
2012), forgetting (Berry et al., 2012; Berry et al., 2015), extinction learning and memory
reconsolidation (Felsenberg et al., 2017), and in integrating internal states with memory and
sensory processing (Liu et al., 2012; Alekseyenko et al., 2014; Cohn et al., 2015; Lewis et al.,
2015; Shuai et al., 2011; Krashes et al., 2009; Ueno et al., 2012; Sitaraman et al., 2015; Nall
et al., 2016; Lin et al., 2014b; Musso et al., 2015). A single DAN can even serve different
functions, for example, PPL1-γ1pedc (also referred to as MB-MP1) signals reinforcement
(Aso et al., 2010; Aso and Rubin, 2016), gates long-term memory formation (Plaçais et al.,
2012; Musso et al., 2015), and controls state-dependent memory retrieval (Krashes et al.,
2009).

The functional complexity of Drosophila DANs is further increased by the fact that DANs
show learning-induced associative plasticity: they increase their response to the CS during
classical conditioning (Riemensperger et al., 2005). Mammalian DANs also increase their
CS-induced responses during classical conditioning (Schultz et al., 1993; Schultz et al.,
1997). In addition, they decrease their response to the US, and when a predicted US does
not occur, they decrease their activity below baseline level (Schultz et al., 1993; Schultz
et al., 1997). This pattern of response plasticity in mammalian DANs is compatible with
the hypothesis that animals only learn to associate a CS with a US, when the US occurs
unpredictably (Kamin, 1969; Rescorla and Wagner, 1972). Thus, mammalian DANs appear
to encode this prediction error (Schultz et al., 1997). In Drosophila, however, DANs do not
change their response to the US (Riemensperger et al., 2005). Therefore, Drosophila DANs
appear to encode the US prediction by the CS rather than encoding the US prediction error
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during classical conditioning (Riemensperger et al., 2005). It is not clear whether classical
conditioning in insects is driven by US prediction error. There is evidence for prediction
error-driven conditioning in crickets (Terao et al., 2015), but there is also a controversy
about whether or not the blocking - a failure to learn, when the US is already predicted
by another CS (Kamin, 1969) - occurs in honey bees (Smith and Cobey, 1994; Gerber and
Ullrich, 1999; Hosler and Smith, 2000; Guerrieri et al., 2005a).
Here, we reassessed the hypothesis that Drosophila DANs encode the prediction error dur-
ing classical conditioning (Riemensperger et al., 2005). Different to Riemensperger and
colleagues (Riemensperger et al., 2005) who pooled DAN activity across the mushroom
body lobes, we differentiated between DAN types that innervate different compartments of
the MB lobes. Moreover, instead of using standard conditioning, we used trace conditioning
with a 5 s gap between the CS and the US (Fig. 5.1; (Galili et al., 2011)), which allowed
us to more precisely distinguish between responses to either the CS or the US. We moni-
tored CS- and US-induced calcium responses before, during, and after odor - shock trace
conditioning in DANs and in their synaptic partners, the KCs. To separate associative
from non-associative effects caused by the conditioning procedure, we compared the effect
of paired CS-US presentations against isolated (unpaired) CS and US presentations. We
found that during trace conditioning, DANs increased and KCs decreased their CS-induced
responses relative to the unpaired control group. The occurrence and strength of this re-
sponse plasticity varied across MB compartments. US-induced DAN responses, however,
did not change, and neither did DAN activity change during omission of a predicted US.
These data support the hypothesis that DANs encode predictive power of the CS, but not
the US prediction error (Riemensperger et al., 2005). We discuss the implications of these
data for the neural substrate of sensory odor memories (traces) and the MB circuitry.

5.3 Materials and Methods

See supplemental experimental procedures for more details.

5.3.1 Flies and fly preparation

For imaging DANs, we crossed females homozygous for both UAS-GCaMP3 (Tian et al.,
2009) and TH-GAL4 (Friggi-Grelin et al., 2003) with males homozygous for mb247-DsRed;
mb247-DsRed (Riemensperger et al., 2005) so that DsRed expression in the MBs could be
used as a morphological landmark. We refer to the F1 flies as TH>GCaMP3. To drive
GCaMP3 expression in the KCs we crossed homozygous male UAS-GCaMP3 flies with
homozygous female OK107-GAL4 flies (Connolly et al., 1996). We refer to the F1 flies as
OK107>GCaMP3. For imaging, we anesthetized a single fly on ice, fixed it in a holder,
opened the fly head dorsally and covered the preparation with saline (Figure 5.2A).

5.3.2 Stimuli and stimulus control

We applied electric shocks (four 1.5 s long 90 V pulses) to the fly’s legs by placing the fly on
a custom-build copper grid (Figure 5.2A and Supplementary Figure S4B). We recorded the
shock strength received by an individual fly using a bridge circuit (sampling rate: 16 kHz;
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Figure 5.1: Stimulation protocols. Paired and unpaired stimulation protocol. Both protocols
were identical except for the training phase. Pre-training (trial 1-3): 10-second-long pulses of the
solvent (MO; gray), the olfactory CS (BUT; green) and the control odorant (MCH; blue) were
applied. Training (trial 4-9, shaded in gray): each of the six training trials consisted of a 10-second-
long CS pulse and four 1.5-second-long 90 V US pulses (electric shock; red). The interval between
the onsets of CS and US was 15 s in the paired protocol and 90 s in the unpaired protocol. In the
unpaired group, the sequence of CS and US was pseudorandomized. Note that in both groups there
was a stimulus-free gap between CS and US. Post-training (trial 10-13): CS, control odorant and
US were followed by a last CS presentation at the end of the protocol to detect a possible run-down
of calcium signals. The inter-trial interval was 210 s. Calcium imaging was performed during the
first 45 s of each trial. Therefore, for the unpaired group only the first stimulus in each trial was
recorded. The time of trial onsets is given in minutes. Each protocol lasted 45.5 min.

Figure 5.3A and Supplementary Table 2, Supplementary Figure S4C). We used 1-butanol
(BUT) and 4-methylcyclohexanol (MCH) diluted in mineral oil (MO; BUT 1:500, MCH
1:1000) as odorant stimuli, which we presented as 10 s long stimuli with a custom-build
stimulator (Szyszka et al., 2011). We measured the dynamics of the odorant stimuli with
a photo ionization detector (miniPID, Aurora Scientific Inc). Rapid odorant stimulus ter-
mination (Supplementary Figure S4A) allowed us to distinguish between responses to the
olfactory CS and to the electric shock US.

5.3.3 Calcium imaging

We measured the fluorescence of GCaMP3 and DsRed at a sampling rate of 5 Hz using a con-
focal laser scanning microscope, equipped with a 20×water-immersion objective. Note that
in some physiological paradigms animals are pre-exposed to the stimuli until the induced
neuronal response strength becomes stable (Hige et al., 2015a). Since stimulus pre-exposure
is not common in the behavioral odor-shock conditioning paradigm (Tully and Quinn, 1985),
we did not pre-expose our flies to the applied stimuli.
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5.3.4 Data analysis

5.3.4.1 Imaging data

First, we corrected the movement in the confocal imaging data within each trial by regis-
tering the mb247-DsRed of each frame to a common reference, and applying the obtained
transform to the GCaMP3 signal. Then, we identified the MB-compartments visually ac-
cording to the studies by Tanaka et al. (2008) and Aso et al. (2014b) as regions of interest,
based on the GCaMP3- and DsRed-expression for KCs and DANs, respectively. Note that
we also refer to merged compartments like “α1/α′1” and regions like the “junction” as com-
partments in this study. From each frame we subtracted the background fluorescence before
odorant onset (F0, mean of frames 3-24) to get ∆F/F0. Because the signal amplitude var-
ied between flies, we normalized the ∆F/F0-traces within each fly to the maximum of the
BUT-induced response in trial 2 in the strongest responding compartment. The normalized
∆F/F0-values are referred to as “response trace”.

Color-coded images (Figure 5.2C and Figure 5.5A) For color-coded images of spatial
activity patterns, we calculated the average percentage change in the response traces during
stimulus application.

Changes in response trace (Figure 5.4A) To visualize changes in the stimulus-induced
responses during training, we subtracted response traces before training from response
traces during or after training. Above the response traces we plotted color-coded p-values
(Wilcoxon test) obtained for each single frame to quantify differences between paired and
unpaired group.

Changes in response strength (Figure 5.4B, Supplementary Figure S3) We quantified
training-induced changes in response strength by averaging the response trace over the
time of stimulus application (10 s for odorants and 4×1.5 s for electric shock). To correct for
differences in the baseline fluorescence, we calculated the change in response strength relative
to the frame prior to the onset of odorant onset or electric shock pulse. We calculated the
difference between the respective training or test trial and the corresponding pre-training
trial (trial 2 for the CS, trial 3 for the control odorant, and trial 4 for the US). The calculated
value is referred to as “response strength”.
First, we analyzed left and right brain hemispheres separately and tested for a significant
difference between hemispheres using a linear mixed-effect model on the data (R: lme func-
tion). In some regions the US-induced DAN responses in the unpaired protocol and the
CS-induced KC responses in the paired protocol differed between hemispheres (Supplemen-
tary Table 1). We selected the hemisphere in which the underrepresented MB-compartment
g1 was visible for further analysis.

Associative plasticity (Figure 5.6A) We quantified associative plasticity as the difference
in response strength between paired and unpaired group.
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Spatial activity patterns (Figure 5.5B and Supplementary Figure S6) We compared the
spatial activity pattern induced by a stimulus in the brain of an individual fly over trials. To
this end, we calculated the normalized mean response strength during stimulus application
in each of the nine MB compartments shared between DANs and KCs. We used the mean
response strength values as components of a 9-dimensional vector in a 9-dimensional space.
The dissimilarity between two spatial activity patterns was determined by the Euclidean
distance and by the angle (ϕ) between the two respective vectors (−→α and −→β ).

cosϕ =
−→α · −→β
‖−→α ‖

∥∥∥−→β ∥∥∥
5.3.4.2 Software

For controlling the electric shock application we used software written by Stefanie Ne-
upert, University of Konstanz, for cRIO-9074, module NI-9403, in LabVIEW 2011 SP1
(National Instruments). To remove movement artifacts from the imaging data, across-
channel image registration was performed using a custom elastix-based python toolkit
(source code available at https://github.com/grg2rsr/xyt_movement_correction) and
custom-written routines in IDL (Research Systems Inc.). Further data processing and anal-
ysis we conducted in R (version i386 3.1.2, (R Core Team, 2014)) using custom-written
routines.

5.3.4.3 Statistics

To meet the criteria for parametric statistical methods we used a Box-Cox transformation on
the DAN data to achieve normal distribution. We tested for differences over training trials,
between hemispheres, between experimental groups, and between paired and unpaired group
using linear mixed-effect models. We performed repeated-measures ANOVAs on the linear
mixed-effect models fitted to the data. We provide detailed information on the models
and ANOVAs in Supplementary Table 1. For statistics, we excluded trials in which the
corresponding stimulus presentation was not recorded in the unpaired group. Throughout
the paper we indicate ∗ = p < 0.05, ∗∗ = p < 0.01, and ∗∗∗ = p < 0.001, not significant
p ≥ 0.05.

5.4 Results

To record the CS- and US-induced responses in both DAN and KCs during odor-shock trace
conditioning (Figure 5.1), we performed calcium imaging during which we applied odorants
and electric foot shocks (Figure 5.2A and Supplementary Figure 5.2B). We recorded from
both DANs and KCs in 9 compartments of the MB-lobes (α1/α′1, β2,β′1-2 and γ1-5, cyan
in Figure 5.2B). For imaging DANs, we used the morphologically and physiologically well-
characterized driver line TH-GAL4 (Friggi-Grelin et al., 2003; Mao and Davis, 2009) to
drive expression of the fluorescent calcium sensor GCaMP3. TH-GAL4 drives expression
in DANs such as the protocerebral posterior lateral 1 (PPL1) cluster DANs and the proto-
cerebral anterior medial (PAM) cluster DANs. Each of these DANs innervates one to two
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compartments in the medial MB-lobes: One to two PPL1-γ1pedc DANs and one PPL1-γ1
DAN in γ1, one PPL1-γ2a’1, 1 DAN in γ2 and α′1, and 12 PAM DANs of which three
innervate β2β′α, while the remaining DANs innervate either β′2 or γ5 (Figure 5.2B,C;
(Aso et al., 2010; Mao and Davis, 2009; Aso et al., 2014b). Furthermore, we recorded from
TH-GAL4-labeled DANs in γ3, γ4, and β′1 (Figure 5.2E and Supplementary Figure S1;
(Pech et al., 2013)). Note that TH-GAL4 covers only a small subpopulation of the about
120 PAM neurons that innervate the medial lobe Aso et al. (2012) and Pech et al. (2013).
To image KCs, we used OK107>GCaMP3 flies. Unlike DANs, individual KCs send their
axons across all compartments of a specific lobe (for instance: in the γ-lobe from γ1 to γ5
(Cohn et al., 2015), in the β′-lobe from β′1 to β′2; Figure 5.2B,C). Thus, in our study the
KC response of a compartment reflects the summed response of several hundreds of KCs.
Throughout the paper we show exemplary DAN and KC responses for the MB-compartments
γ1, γ2, γ5, and β′2 (Figure 5.2B). The complete data is shown in the supplement.
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Figure 5.2: Odorant- and electric shock-induced responses in dopaminergic neurons
(DANs) and Kenyon cells (KCs) differ between mushroom body (MB) compartments.
(A) During calcium imaging electric foot shock and odorants were applied to the fly. (B) Top:
schematic view of the analyzed regions. FB: fan-shaped body, EB: ellipsoid body, IPCs: insulin-
producing cells. Nine MB compartments (indicated by cyan) were analyzed in both KCs and DANs.
Bottom: DsRed raw fluorescence image with the MB β’ and γ-lobe (magenta) indicated in the right
brain hemisphere. Four exemplary MB compartments γ1, γ2, γ5, and β’ 2 (cyan) are indicated in
the left hemisphere. Dorsal view, P: posterior, L: left, A: anterior, R: right. Scale bar: 40 µm.
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Figure 5.2 (continued): (C) Color-coded activity patterns obtained for stimulations with odorants
and electric shock in DANs (TH>GCaMP3 fly) and KCs (OK107>GCaMP3 fly) in the unpaired
group prior to training (trial 1-4). The four exemplary MB compartments are identical to those in
B. Scale bar: 80 µm. (D) Response traces obtained for stimulation with odorants and electric shock
in DANs and KCs in γ1, γ2, γ5, and β’2. Traces are normalized to the strongest response amplitude
induced by the first BUT (CS) presentation in any region of interest, and show the median and
quartiles over all flies in the unpaired group (number of flies (n) is indicated in the figure). (E)
Maximum response obtained for stimulation with odorants and electric shock in DANs and KCs in
nine compartments. All curves represent the mean and SEM, n = 2-23.

5.4.1 DAN and KC responses to odorants and electric shock differ across
MB-compartments

First, we measured the DAN and KC responses to odorants and electric shock prior to train-
ing (Figure 5.1, trial 1-4, unpaired group). In DANs and KCs, odorants and electric shocks
induced calcium responses across the MB-compartments (Figure 5.2C). Both response dy-
namics and amplitudes differed between DANs and KCs, and across MB-compartments
(Figure 5.2D, Supplementary Figure S1 and Supplementary Figure S2). Odorants induced
DAN responses and KC responses in all MB-compartments (Figure 5.2E). In general, re-
sponses were strongest to BUT (1-butanol), weaker to MCH (4-methylcyclohexanol) and
weakest to MO (the solvent mineral oil). KCs in the β- and β′-lobe showed off-responses to
the offset of odorants (Figure 5.2D and Supplementary Figure S2). KCs responded stronger
to MO than DANs (Figure 5.2E). DANs responded stronger to electric shocks than KCs
(Figure 5.2C, D, E), although both fly lines encountered equal shock strength (Supplemen-
tary Figure S4C). Note however, that the responses were normalized to the BUT responses,
and that individual KCs could respond stronger to shock than to odorants. DAN responses
to electric shock increased logarithmically with the electric current flow through the fly (lin-
ear regression line slopes ranged from 0.024 to 0.715 ∆F/F0 per log(nA) in in α1/α′1 and
γ1, respectively; Figure 5.3B and Supplementary Table 2), except in the MB-compartment
α1/α′1, and were strongest in γ1 and γ2 (Figure 5.2E). Compared to DANs, electric shock
induced weak responses in KCs (Figure 5.2D, E). There was a positive correlation between
KC response strength and received current in the β′-lobe and in the γ3 compartment (Figure
5.3C and Supplementary Table 2).

5.4.2 Associative plasticity of CS-induced - but not US-induced - DAN and KC
responses

To investigate the effect of odor-shock trace conditioning on DAN and KC responses to
the CS and to the US, we combined odor-shock trace conditioning with calcium imaging
(Figure 5.1). To this end, we adopted the trace conditioning protocol from (Galili et al.,
2011). As Galili and colleagues (Galili et al., 2011) we used BUT as the only CS, because
trace conditioning with BUT yielded the best results in behavioral experiments. Flies of the
paired group received six CS-US pairings, whereas flies of the unpaired control group received
six unpaired CS and US presentations. After the training, responses to the CS, MCH,
and the US alone were recorded in both groups. The unpaired group served as a control
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Figure 5.3: Dopaminergic neurons are more sensitive to the electric shock strength
than KCs. (A) Electric circuit for monitoring the current flow through the fly during electric
shock application. The voltage generator provided constant 90 V pulses. The current flow through
the fly (Ifly) was determined by measuring with an oscilloscope R =150 kΩ the voltage (Udef ) over
a defined resistor (Rdef =29 MΩ). (B) Relationship between electric shock-induced responses in
DANs and individual current flow. Responses correlated with current in all four compartments in
DANs (red regression line). Results of a Spearman rank correlation test and the number of flies (n)
are indicated in the figure. (C) Same analysis as in B, but for KCs. Responses in KCs were small as
compared to DANs, nevertheless responses correlated with current in β′2. For all analyzed regions
Supplementary Table 2.
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for non-biological effects of the experimental procedure (bleaching of GCaMP, changes in
stimulus strength; Supplementary Figure S4 and S5), as well as for non-associative effects of
conditioning (sensitization, habituation, pseudo-conditioning; Tully (1984)). However, note
that our experimental design does not allow us to differentiate between the proportional
contribution of non-biological and non-associative effects to the measured neuronal response
strength. As flies of the paired and the unpaired group received the same number of CS and
US, but with a different stimulus timing, differences in DAN and KC responses between the
paired and the unpaired group reflect associative plasticity.
DAN responses to the CS increased in the paired relative to the unpaired group (Figure
5.4A, B and Supplementary Figure S3A) in eight out of nine MB-compartments (γ1-5, β′1-
2, and junction), but neither in the ellipsoid body nor in the fan-shaped body (Figure 5.4,
Figure 5.6A, and Supplementary Figure S3A). This training-induced associative plasticity in
DANs became visible after the first training trial (trial 5 in Figure 5.1). We did not detect a
correlation between changes in the CS-induced response strength and the US strength that
a fly received in each trial (Supplementary Figure 5.3E).
In addition to the relative increase of CS-induced DAN responses in the paired compared
to the unpaired group, there was an increase in the absolute DAN response strength from
the first training trial to the post training trial in three of the γ-lobe compartments (mixed-
effect model for repeated-measures ANOVA, γ1: F(1,20) = 4.39, p < 0.05; γ4: F(1,22) = 6.23,
p < 0.05; γ5: F(1,23) = 6.67, p < 0.05).
In contrast to DANs, KC responses to the CS decreased in the paired relative to the un-
paired group, and this decrease occurred in three out of nine MB-compartments (β′1-2, and
junction; Figure 5.4A, B, Figure 5.6A, and Supplementary Figure S3B). Training-induced
associative plasticity in KCs became visible after the second training trial (trial 6 in Figure
5.1), one trial later than in DANs.
In the unpaired group, both DAN and KC responses to the CS decreased over trials in
most compartments (Figure 5.4B and Supplementary Figure S3A,B). This response de-
crease could reflect non-associative plasticity due to repeated stimulus exposure, or it could
be due to a decrease in CS concentration or bleaching of the calcium sensor (Supplementary
Figure S4A), or it could reflect non-associative plasticity due to repeated stimulus expo-
sure. Indeed, additional control experiments revealed that DAN responses were sensitive
to odorant concentration (100% compared to 60% of the initial odorant concentration):
DANs generally responded stronger to the higher than to the lower odorant concentration
(Supplementary Figure S5).
In both DANs and KCs, the responses to the control odorant MCH did not differ between
the paired and unpaired group (Figure 5.4B and Supplementary Figure S3A, B), showing
that the associative change in the DAN response was CS-specific and is not generalized to
a different odor.
If Drosophila DANs were to encode the US prediction error similar to mammalian DANs
Schultz et al. (1997), then their US-induced responses should change in the course of the
conditioning as the responses to the CS become stronger and the CS becomes predictive
for the occurrence of the US. However, US-induced DAN (and KC) responses did not differ
between the paired and unpaired group (Figure 5.4C, Supplementary Figure S1, Supplemen-
tary Figure S2 and Supplementary Figure S3C,D). Moreover, unlike mammalian DANs, after
conditioning Drosophila DANs did not change their activity when the US was omitted after
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presenting the CS (Figure 5.4A and Supplementary Figure S1). Therefore, the population
of TH-GAL4-labeled DANs appears not to encode the US prediction error.
Taken together, associative plasticity differed between DANs and KCs in three ways: (1)
Responses to the CS increased in DANs and decreased in KCs in the paired relative to
the unpaired group. (2) Associative plasticity in the CS-induced responses occurred in
DANs in eight out of nine compartments, whereas it occurred in KCs in three out of nine
compartments (Figure 5.6A). (3) Associative plasticity in the response to the CS was visible
after the 1st training trial in DANs and after the 2nd training trial in KCs. The lack of
associative plasticity in US-induced responses suggests that DANs and KCs do not encode
the US prediction error during trace conditioning.
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Figure 5.4: CS-induced responses change during training in a compartment-specific
manner in DANs and KCs. (A) Normalized DAN and KC response traces obtained for stimula-
tions with the CS for γ1, γ2, γ5 and β’2 in the paired (red) and the unpaired (black) group, before
and after training. Top: during pre-training the responses to the CS did not differ between the paired
and the unpaired group. Middle: Post-training, in DANs in all four compartments the response to
the CS was stronger in the paired than in the unpaired group. In KCs, in β’2 the response to the CS
was weaker in the paired than in the unpaired group. Bottom: difference in response traces between
post- and pre-training. Positive values reflect an increase, negative values a decrease in response
strength after training. Traces represent the median and quartiles (number of flies (n) is indicated
in the figure). The bar code above the traces indicates the p-value obtained for each frame from a
Wilcoxon test between paired and unpaired group (black: p ≥ 0.05, dark gray: p < 0.05, light gray:
p < 0.01, white: p < 0.001). All traces of the paired group are shown in Supplementary Figure S1
and Supplementary Figure S2.
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Figure 5.4 (continued): CS-induced responses change during training in a compartment-
specific manner in DANs and KCs. (B) CS-induced response strength in DANs and KCs during
the six training trials and the post-training. The pre-training response strength to the CS or the
control odorant was subtracted from each value. DANs: During training the CS-induced response
strength increased in the paired group relative to the unpaired group in all four compartments (p-
values are indicated in the figure; mixed-effect model for repeated-measures ANOVA). Post-training
the response strength induced by the CS was higher in the paired than in the unpaired group in all
four compartments. The response strength induced by the control odorant (blue background) did not
differ between the paired and unpaired group (Supplementary Figure S3A). KCs: During training
the CS-induced response strength decreased in the paired group relative to the unpaired group in β’2,
but not in the other three compartments. Post-training the CS-induced response strength was lower
in the paired than in the unpaired group in β’2 only. The response strength induced by the control
odorant (blue background) did not differ between the paired and unpaired group (Supplementary
Figure S3B). (C) US-induced response strength in DANs and KCs during the six training trials and
the post-training. The first US-induced response strength was subtracted from each value. In both,
DANs and KCs, US-induced responses did not differ between the paired and the unpaired groups.
All values represent the mean and SEM. For all analyzed regions see Supplementary Figure S3A,
B. Note, that both the paired and unpaired protocol comprise six CS (and six US) presentations.
However, in the unpaired group we recorded DAN and KC activity only during 3 CS and 3 US, in
order to keep the total imaging exposure times (and thus bleaching) for the paired and the unpaired
groups equal. For statistics we used only those trials which have been recorded in both the paired
and unpaired group.

5.4.3 Associative plasticity of CS-induced spatial DAN activity patterns across
MB compartments

It has been proposed that a conditioning-induced change in the cross-compartmental pattern
of MBON activity induced by the CS reflects a change in the valence of the CS (Aso et
al., 2014a; Owald and Waddell, 2015). Because DANs provide compartment-specific input
to the MBs and drive the conditioning-induced changes of MBON responses (Hige et al.,
2015a; Cohn et al., 2015), we asked whether and how odor-shock trace conditioning changes
the cross-compartmental pattern of DAN activity (Figure 5.5A). To quantify the change in
cross-compartmental activity patterns, we translated the recorded compartment responses
for each fly into a vector that comprises the response strength of nine compartments. We
quantified the dissimilarity between two activity patterns as the geometric angle between the
two respective vectors in a 9-dimensional space. This yields a metric of pattern dissimilarity
that is independent of response strength.
To analyze how the CS-induced spatial activity pattern changes during training, we com-
pared the activity pattern for each trial with the pattern induced by the CS stimulation
before the training (Figure 5.5B, “CS vs. 1st CS”). In both the paired and the unpaired
group, the CS-induced activity patterns diverged from the initial pattern. This divergence
was stronger in the unpaired than in the paired group (Figure 5.5B, “CS vs. 1st CS”). We
next asked whether the US-induced activity patterns also change during conditioning. We
therefore compared each US-induced activity pattern with the pattern induced by the first
US stimulation (Figure 5.5B, “US vs. 1st US”). With repeated stimulation, the US-induced
activity patterns diverged from the initial pattern. However, this divergence was less than
in CS-induced activity patterns, and we found no difference in the effect between the paired
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and unpaired group (Figure 5.5B, “US vs. 1st US”). Thus, electric shock-induced activity
patterns in DANs were unaffected by associative plasticity.
During odor-shock conditioning, the CS acquires the potential to elicit the conditioned
response in Drosophila (Tully, 1984). Aversive conditioning experiments in Drosophila larvae
revealed that the CS does not only become aversive, but that it actually gains predictive
power (Schleyer et al., 2015). We therefore asked whether such an associative change in the
predictive power of the CS could be reflected in the CS-induced spatial activity pattern of
DANs. For example, does the CS-induced activity pattern become more similar to the US-
induced activity pattern? To quantify whether the similarity between CS- and US-induced
activity patterns changed during training, we compared each CS-induced activity pattern
with the mean activity pattern induced by the US (Figure 5.5B, “CS vs. mean US”).
In the paired group the mean angles between the CS- and US-induced activity patterns
ranged between 0.6 and 1.0 rad (34-57°). In contrast, in the unpaired group the mean
angles between the CS- and US-induced activity patterns diverged from 0.7 to 1.5 rad (40-
86°). In the paired group the CS- and US-induced activity patterns were equally similar
before and after training. However, in the unpaired group the CS- and US-induced activity
patterns became less similar (Figure 5.5B, “CS vs. mean US”). In contrast to DANs,
the cross-compartmental pattern of KC activity did not exhibit any associative changes
(Supplementary Figure S6). In sum, associative plasticity preserved the degree of similarity
between CS-induced and US-induced cross-compartmental activity patterns in DANs.

5.5 Discussion

We investigated associative plasticity in the responses of DANs and their synaptic partners,
the KCs, across the compartments of theDrosophila MB.Using calcium imaging, we recorded
CS- and US-induced responses of a subpopulation of DANs (labelled by TH-GAL4) and of
KCs (labelled by OK107-GAL4) during odor-shock trace conditioning (Galili et al., 2011).
Note that most compartments are innervated by multiple TH-GAL4-labelled DANs (Aso
et al., 2010; Mao and Davis, 2009; Aso et al., 2014b). Therefore, the average activity that
we recorded in most of the compartments might mask possible differences in the response
properties and plasticity between individual DANs and KCs. Only DAN responses in the
compartments γ2 and α’1 reflect the responses of a single neuron.
Across MB compartments, DANs and KCs differed in their response strength to odorants
and electric shock (Figure 5.2), and they differed in CS-US pairing-induced plasticity (Figure
5.4, Figure 5.6, Supplementary Figure 5.3). Compared to the unpaired control groups, KCs
decreased their responses to the CS in all compartments of the β’-lobe and in the junction,
while DANs increased their responses to the CS in all compartments of the γ- and β’-lobe,
and in the junction. The occurrence of associative plasticity in DANs in the compartments
γ3-5 and β’1 is surprising, given that these DANs are not known to be involved in odor-
shock conditioning (Aso et al., 2010; Aso et al., 2012). Different to mammalian DANs
(Schultz et al., 1997), after training there was neither an associative change in US-induced
DAN responses nor a change of activity during US-omission after CS presentation. We
therefore conclude, that Drosophila DANs do not encode the US-prediction error during
classical conditioning.
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Figure 5.5: Odor-shock conditioning affects CS-induced spatial activity patterns in
DANs. (A) Single animal examples showing color-coded images of responses induced during con-
ditioning in single TH>GCaMP3 flies of the paired and unpaired group. Gray squares indicate
non-availability of data due to the experimental protocol. Scale bar: 80 µm. (B) Dissimilarity of
spatial activity patterns in DANs was quantified as the angle between vectors that comprise the
response strengths of all 9 compartments. CS vs. 1st CS: during training the CS-induced spa-
tial activity patterns became dissimilar to the pre-training spatial activity pattern. This effect was
stronger in the unpaired (red) than in the paired group (black). US vs. 1st US: during training
the US-induced spatial activity patterns became dissimilar to the first US-induced spatial activity
pattern in the paired and unpaired group, however, there was no difference between the paired and
the unpaired group. CS vs. mean US: during training the CS-induced spatial activity patterns
became dissimilar to the mean US-induced activity pattern in the unpaired group, but not in the
paired group. All traces represent the mean and SEM (p-values and number of flies (n) are indicated
in the figure; mixed-effect model for repeated-measures ANOVA). See Supplementary Figure S6 for
KC data and for a pattern analysis with Euclidean distances.

80



5.5 Discussion

γ1 γ2 γ3 γ4 γ5 β’
1

β’
2

jun
cti

on

α1
/α
’1

FB1
FB2

EB β2IP
Cs

D
AN

s
KC

s

−0.4

−0.2

0.0

0.2

0.4

increase

decrease

Δ
no

rm
al

iz
ed

 Δ
F

/F0.27

0.16

0.16

0.2

0.3

0.14

0.14

0.19

0.06

0.02

0.03

0.04

0.12

0.07

0.07

0.11

0.15

0.09

0.09

0.12

0.09

0.07

0.06

0.08

0.15

0.1

0.07

0.12

0.21

0.15

0.13

0.17

0.18

0.14

0.08

0.14

0.03

−0.02

0

0.05

0.01

−0.03

−0.04

0.01

0.01

0.01

−0.04

0.03

10

9

8

7

6

5

4

−0.17

−0.06

−0.13

−0.06

0.03

0.04

−0.05

−0.01

0.06

0.07

0

0.04

0.04

0.07

−0.03

−0.02

0.03

0.04

0

0.02

−0.09

−0.01

−0.12

−0.14

−0.1

−0.02

−0.11

−0.11

−0.17

−0.03

−0.17

−0.18

−0.06

0.02

−0.09

−0.05

0.11

0.35

−0.08

0.14

−0.1

−0.01

−0.1

−0.1

10

9

8

7

6

5

4

trial

nsns ns ns ns ns ns ns

nsns ns ns*** *** *** *** ***

*** *

* * *

associative plasticity in the CS-induced response strength

B

A

KC

MBONDAN

β’

KC

MBONDAN

γ
postsynapse

presynapse

potentiation

depression

Figure 5.6: Summary of associative effects of odor-shock conditioning in DANs and
KCs. (A) Values and color code show the difference in response strength to the CS between the
paired and unpaired group for the different MB compartments and other regions innervated by either
DANs (top), or KCs and IPCs (bottom; differences were calculated on the post-training response
strength plotted in Figure 5.4B and Supplementary Figure S3A,B). Associative effects were defined
as significant difference between the paired and the unpaired group (statistical significances are in-
dicated below each table). In DANs, odor-shock conditioning induced an associative increase in the
response to the CS in most compartments. In KCs, odor-shock conditioning induced an associa-
tive decrease in the response to the CS in three compartments (n = 2 – 24; mixed-effect model for
repeated-measures ANOVA). Non-availability of data is indicated by gray. (B) Hypothetic circuit
model of associative plasticity induced by odor-shock trace conditioning in β’- and γ-compartments.
KC axons (green) traverse a compartment (gray) of either the β’- or γ-lobe. Each compartment
is innervated by compartment-specific DANs (red) and mushroom body output neurons (MBONs;
black). During trace conditioning, odor-induced KC and shock-induced DAN activity induce post-
synaptic potentiation at the KC-to-DAN synapse, and induce synaptic depression in β’-KCs, but
not in γ-KCs.
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5 Plasticity in Kenyon cells and dopaminergic neurons

5.5.1 Compartment-specific responses to CS and US in DANs

Previous studies suggested that DANs in the MB lobes respond strongly to electric shock and
weakly to odorants (Riemensperger et al., 2005; Mao and Davis, 2009). The compartment-
resolved analysis of our calcium imaging data refines this picture: We confirm that DANs
of all imaged compartments respond to both electric shock and odorants, and we show that
their relative response strength to odorants and electric shock differs across compartments.
For example, DANs innervating γ1 responded stronger to electric shock than to odorants,
while DANs innervating β′2 responded equally strong to odorants and electric shock (Fig-
ure 5.2E). We found the strongest DAN responses to electric shock in the compartments γ1
andγ2. These compartments receive input from PPL1-γ1pedc and PPL1-γ2α′1 DANs that
mediate electric shock reinforcement (Aso et al., 2010; Aso et al., 2012). In all compart-
ments, except in α/α′1, the DAN response strength correlated positively with the current
strength encountered by individual flies (Figure 5.3B). Thus, DANs are capable to encode
the strength of the electric shock US (Mao and Davis, 2009), and this property may account
for the positive dependence between electric shock strength and learning performance in flies
(Tully and Quinn, 1985).

5.5.2 Compartment-specific responses to CS and US in KCs

Calcium responses in KCs differ between MB lobes (Turner et al., 2008; Lin et al., 2014a),
and they differ between the compartments of a given lobe, possibly due to compartment-
specific modulation by DANs and MBONs (Aso et al., 2014b; Cohn et al., 2015; Tanaka
et al., 2008). KCs in γ2 and γ3 responded strongest to odorants (Figre 5.2A and Sup-
plementary Figure S2), confirming the results of Cohn and colleagues (Cohn et al., 2015).
KCs generally responded only weakly to electric shocks. Previously published strong KC
responses to electric shock may be because electric shocks were applied to the flies’ abdomen
rather than to their feet, which might have resulted in a stronger stimulation (Akalal et al.,
2010).

5.5.3 Associative plasticity in DAN and KC responses

The associative strengthening of DAN responses to the olfactory CS (as compared to the
unpaired control group; Figure 5.6A), confirms the previous report by Riemensperger and
colleagues (Riemensperger et al., 2005). Associative plasticity occurred in those DANs that
innervate the MBs (PPL1 and PAM cluster DANs) but not in DANs that innervate the
central complex (PPL1 and PPM3 cluster DANs; note that the used TH-GAL4 driver line
covers only a small subpopulation of PAM neurons (Aso et al., 2012; Pech et al., 2013) but
not in DANs that innervate the central complex (PPL1 and PPM3 cluster DANs). This is
in line with the established role of the MBs and of its innervating DANs in associative odor
memory formation, while DANs that innervate the central complex are involved in behaviors
such as wakefulness Liu et al. (2012), locomotion (Kong et al., 2010), arousal (Ueno et al.,
2012), and aggression (Alekseyenko et al., 2014), and are therefore not expected to show
odor-shock conditioning-induced plasticity.
In contrast to previous studies ((Wang et al., 2008; Akalal et al., 2010; Akalal et al., 2011),
we did not find an associative increase in KC calcium responses to the CS in the MB-lobes

82



5.5 Discussion

after odor-shock conditioning (Figure 5.6A). This may indicate either a difference between
trace conditioning (this study) and standard conditioning (published data), or a difference
in other experimental parameters that may also account for inconsistencies in the published
effects of odor-shock conditioning (Zhang and Roman, 2013; Hige et al., 2015a; Boto et al.,
2014).
The associative decrease in KC responses in the β′-lobe compartments (Figure 5.4B) is in
line with previous studies that showed conditioning-induced depression of KC-to-MBON
synapses (Cohn et al., 2015; Hige et al., 2015a). Therefore, we propose that the associative
decrease in KC responses to the CS reflects a presynaptic depression at KC-to-MBON
synapses in β′-lobe-lobe compartments (Figure 5.6B).
What is the site of neural plasticity that underlies the relative increase in DANs’ responses
to the olfactory CS? (Riemensperger et al., 2005) proposed that DANs get odorant-driven
excitatory input via a MBON feedback loop that is strengthened during odor-shock con-
ditioning. However, the DAN population is composed of different neuron types that, to
our knowledge, do not share a common input neither from MBONs nor from other neurons
that could explain the global associative plasticity across MB-compartments. Because KCs
presumably provide the only common odor-driven input to all MB-innervating DANs, we
suggest that the site of associative plasticity is located in a KC-to-DAN synapse. Indeed,
KC-to-DAN synapses exist in Drosophila larvae (A. S. Thum, personal communication, July
2016), but have not yet been reported in the adult fly. Associative increase in CS-induced
DAN responses occurred despite unaltered or decreased KC responses in the same compart-
ment. This suggests that the associative plasticity occurs post-synaptic in DANs and is not
inherited from KCs (Figure 5.6B). Note, that the associative changes in DANs’ response
strength could be influenced by lateral modulation via other compartments, as has been
shown in the study of (Cohn et al., 2015).

5.5.4 Neural substrate of sensory odor traces

What is the neural substrate of CS-US coincidence detection in DANs and KCs? Drosophila
trace conditioning depends on dopamine receptor-triggered signaling in KCs (Shuai et al.,
2011), as is the case for standard conditioning (Kim et al., 2007; Qin et al., 2012). However,
the CS-US coincidence detection mechanism in trace conditioning is unknown (Galili et
al., 2011; Dylla et al., 2013; Shuai et al., 2011). In standard conditioning the CS-induced
increase in KCs’ calcium concentration coincides with the US-(dopamine)-induced second
messengers, which is thought to synergistically activate the rutabaga adenylyl cyclase (Duerr
and Quinn, 1982; Dudai et al., 1983; Tomchik and Davis, 2009; Gervasi et al., 2010), and
ultimately alters the strength of KC-to-MBON synapses (Dubnau et al., 2001; McGuire,
2001; Schwaerzel et al., 2003; Séjourné et al., 2011; Pai et al., 2013; Zhang and Roman, 2013;
Bouzaiane et al., 2015; Cohn et al., 2015; Owald et al., 2015; Aso et al., 2014a; Hige et al.,
2015a). This mechanism would not work for trace conditioning, because (1) at the time
the US occurs, CS-induced increase in KCs’ calcium concentration is back to baseline levels
(Figure 5.2D, Supplementary Figure S2), and (2) trace conditioning does not involve the
rutabaga adenylyl cyclase (Shuai et al., 2011). We therefore hypothesize that a non-rutabaga
adenylyl cyclase (Adams et al., 2000) or a protein kinase C (Choi et al., 1991; Widmann
et al., 2016) could serve as a molecular coincidence detector for the CS trace and the US.
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For example, the CS-induced calcium and dopamine signaling could lead to a sustained
activation of an adenylyl cyclase or protein kinase C in KCs, which then would increase
synergistically and drive synaptic plasticity during the US-induced dopamine signaling.

5.5.5 Function of associative plasticity in CS-induced responses in DANs

DAN responses to odorants and associative strengthening of DAN responses to the CS-
odorant are not included in current models of associative learning in the MB (Owald and
Waddell, 2015). However, associative plasticity is a common feature of US-mediating neu-
rons, which occurs in mammalian and Drosophila DANs (Schultz et al., 1997; Riemensperger
et al., 2005), and in an octopaminergic neuron in honey bees (Hammer, 1993).
What could be the function of odorant-induced responses and odor-shock conditioning-
induced plasticity in DANs? MB-innervating DANs strengthened their response to the CS
(as compared to the unpaired group) during odor-shock conditioning (Figure 5.4B), in line
with Riemensperger et al. (2005). However, other than in monkey DANs Schultz et al.
(1997), Montague et al. (1996), and Steinberg et al. (2013), we did not observe associative
plasticity in DANs’ response to the US (Figure 5.4C). Our data therefore support the idea
that Drosophila DANs encode predictive power of the CS, e.g., US-prediction, but not the
US-prediction error during classical conditioning Riemensperger et al. (2005).
We found shock-induced responses and associative plasticity in DANs that are not involved
in odor-shock conditioning, for example in DANs innervating β′1, γ3, γ4, and γ5 (Aso
et al., 2010; Aso et al., 2012). This suggests that those DANs serve a function in aversive
odor learning which is not captured by the commonly applied conditioning paradigms. For
example, the relative strengthening of CS-induced responses could mediate reinforcement
during second-order conditioning, in which a previously reinforced CS1 can act as US in
subsequent conditioning of a second CS2 (Pavlov, 1927). As Drosophila is capable of second-
order learning (Brembs and Heisenberg, 2001; Tabone and Belle, 2011), this theory can be
tested in behavioral experiments: if associative strengthening of DAN responses to the CS
underlies CS1-induced reinforcement in second-order conditioning, then preventing associa-
tive plasticity in DANs, or blocking their output during CS2-CS1 pairing should abolish
second-order conditioning.
The occurrence of CS-induced responses and associative plasticity in most of the MB-
innervating DANs suggests that the separation between the CS- and US-pathway and
between different US-pathways is less strict than suggested in current models of associa-
tive learning in the MB. Associative plasticity in the spatial pattern of CS-induced DAN
responses (Figure 5.5) makes them a potential neuronal substrate for encoding the US iden-
tity (Burke et al., 2012; Das et al., 2014; Galili et al., 2011; Cohn et al., 2015; Huetteroth
et al., 2015; Lin et al., 2014a) in CS-US memories and the predictive power of a CS.
Our data revealed similar response properties and plasticity rules across Drosophila DANs
in the γ- and β′-lobe. This contrasts with their anatomical (Tanaka et al., 2008; Mao and
Davis, 2009; Aso et al., 2014b) and functional heterogeneity (Aso et al., 2010; Aso et al.,
2012; Burke et al., 2012; Plaçais et al., 2012; Das et al., 2014; Galili et al., 2011; Cohn et al.,
2015; Aso and Rubin, 2016; Krashes et al., 2009; Berry et al., 2012; Felsenberg et al., 2017),
which indicates yet undiscovered mechanisms and functions of DAN plasticity. Note that
we could not test whether the flies learned in the imaging setup, as currently no behavioral
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Figure S1: Related to Figure 5.2 and Figure 5.4: DAN response traces obtained for
paired CS-US presentation for all regions. Normalized DAN response traces obtained for the
paired protocol for the regions γ1-5, β’1-2, junction, α1/α1’, fan-shaped body (FB) 1-2, and ellipsoid
body (EB). Traces represent the median and quartiles (number of flies (n) is indicated in the figure).
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Figure S2: Related to Figure 5.2 and Figure 5.4: KC response traces obtained for
paired CS-US presentation for all regions. Normalized KC response traces obtained for the
paired protocol for the regions γ1-5, β’1-2, β2, junction, α1/α′1, and insulin-producing cells (IPCs).
Traces represent the median and quartiles (number of flies (n) is indicated in the figure).
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Figure S3: Related to Figure 5.4: Associative plasticity in DAN and KC responses.
(A, B) CS-induced response strength in DANs (A) and KCs (B) during the six training trials (green
background) and the post-training for the paired (red) and the unpaired (black) group. The pre-
training response strength to either the CS or the control odorant was subtracted from each value.
(A) In DANs, during training the CS-induced response strength increased in the paired group relative
to the unpaired group for the regions γ1-5, β′1-2, and the junction (mixed-effect model for repeated-
measures ANOVA). Post-training the CS-induced response strength was higher in the paired than
in the unpaired group in those regions, but for the response strength induced by the control odorant
(blue background) there was no significant difference between the paired and unpaired group. (B)
In KCs, during training the CS-induced response strength decreased in the paired group relative
to the unpaired group for the regions β′1-2, and the junction (mixed-effect model for repeated-
measures ANOVA). Post-training the CS-induced response strength was lower in the paired than in
the unpaired group in those regions, but for the response strength induced by the control odorant
(blue background) there was no significant difference between the paired and unpaired group. (C,
D) US-induced response strength in DANs (C) and KCs (D) during the six training trials and the
post-training for the paired (red) and the unpaired (black) group. The US-induced response strength
obtained for the first training trial was subtracted from each value.
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5.10 Supplementary Experimental Procedures

Figure S3 (continued): (C) In DANs, during training the US-induced response strength decreased
similarly in the paired and unpaired group in all regions of interest (mixed-effect model for repeated-
measures ANOVA: p = 0.082). (D) In KCs, during training the US-induced response strength
decreased similarly in the paired and unpaired group in all regions of interest (mixed-effect model
for repeated-measures ANOVA: p = 0.363). Number of flies (n) and p-values are indicated in the
figure. (E) Relationship between the strength of the received electric shock in the first training trial
and the change of CS-induced DAN responses in the second training trial. Response change did not
correlate with the received current (red regression line). Results of a Spearman rank correlation test
(r, p) and the number of flies (n) are indicated above the scatter plots.

5.10 Supplementary Experimental Procedures

5.10.1 Flies

We reared flies on standard cornmeal medium at 25°C and 60% rel. humidity under a 12:12
hours light:dark cycle. For visualizing neuronal activity, we used the GAL4-UAS system
for targeted gene expression (Brand and Perrimon, 1993) to express the calcium-sensitive
fluorescent protein GCaMP3 in DANs or KCs. All experimental flies were 1-11 days old F1
females (average age: 5 days).

5.10.2 Fly preparation

We fixed the flies with wax in a plastic holder such that the fly’s dorsal side could be bathed
in saline while its ventral side in air (including antennae and legs) was accessible for odorant
and electric shock application (Figure 5.2A). In TH>GCaMP3 flies, we fixed the proboscis
with wax to reduce brain movement. After sealing the preparation we cut open the fly head
dorsally and covered the preparation with saline (130 mM NaCl, 5 mM KCl, 2 mM MgCl2,
2 mM CaCl2, 36 mM sucrose, and 5 mM HEPES; pH 7.3). As a last step we removed glands
and trachea from the brain.

5.10.3 Stimuli and stimulus control

5.10.3.1 Electric shock

We applied electric shocks to the fly’s legs by placing the fly on a custom-build copper
grid, such that right- and left-side legs were touching opposing electric poles (Figure 5.2A,
Supplementary Figure S4B). Since the fly could move its legs the received electric shock
strength varied. Therefore, we recorded the shock strength received by an individual fly
using a bridge circuit (sampling rate: 16 kHz; Figure 5.3A and Supplementary Figure S4C).
We measured the mean voltage change (Udef) during each shock pulse by subtracting the
pre-stimulus voltage (mean of 200-100 ms before shock) and excluded cases where this value
was negative. We calculated the current through the fly as . We tested for significance in
electric shock strength differences between the four experimental groups (Supplementary
Figure S4C) using a linear mixed-effect model on log-transformed values (R: lme function;
for the results see Supplementary Table 1).
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Figure S4: Related to Figure 5.3 and Figure 5.4: Stimulus monitoring. (A) The CS
terminates before US onset. Normalized photo ionization detector (PID) signals induced by the CS
(top) and the control odorant (bottom) for pre-training (2, 3), training (4 – 9), and post-training
(10, 11, 13) trials. The maximum PID signal during pre-training was set to 100 %. After CS offset
the CS concentration returns to zero (horizontal red line) before the US starts (vertical red line). All
traces represent the median and quartiles (n = 5). (B) Photo of the fixed fly in the recording set up.
(C) Electric current received by flies during US presentations was similar among groups. Electric
current flow during single US pulses in each experimental group. Top: electric current flow during
DAN imaging in the paired (red) and unpaired (black) group. Bottom: electric current flow during
KC imaging in the paired and unpaired group. The US was applied as a train of four pulses in each
of the training trials (4 – 9) and in the post-training trial (12). All data is displayed as boxplots
(middle line in box represents the median, lower box bound the first quartile, upper box bound the
third quartile, whiskers the 95 % confidence interval of the mean, and dots represent outliers of the
95 % confidence interval; mixed-effect model for repeated-measures ANOVA: p = 0.462). Number
of flies (n) is indicated in the figure.
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Figure S5: Related to Figure 5.4: DANs are sensitive to odorant concentration and
stimulus sequence. (A) PID signals for 1-butanol stimuli. Bars below the signals indicate the
10-second-long opening of the valve for each stimulus. Left: initial 1-butanol stimulus which we
used as CS in the paired and unpaired groups, diluted 1:500 in mineral oil (BUT, n = 1). Middle:
1-butanol stimulus produced by mixing the headspace of pure 1-butanol with air, with mixing ratios
adjusted to match the concentration of the initial BUT (high concentration, H; mean (black) of
3 measurements (grey)). Repeated measurements of the same stimulus show a stable 1-butanol
concentration. Right: Same as H, but the 1-butanol concentration was adjusted to 60 % BUT (low
concentration, L), corresponding to the total drop in concentration over the course of an experiment.
H and L were presented with the olfactory stimulator used in Raiser et al. (2016). The air speed at the
stimulator outlet matched the airspeed at the outlet of the stimulator used in the rest of the paper.
The interstimulus interval of 1-butanol stimuli was 45 seconds. (B) Calcium response strength of
DANs during alternating presentations of 100% BUT (H) and 60% BUT (L). The first-trial response
strength was subtracted in all trials. DANs’ response strength was generally stronger for H than
for L (mixed-effect model for repeated-measures ANOVA, p < 0.01), and in some compartments
depended on the 1-butanol concentration the protocol started with (H or L) (p < 0.001). Calcium
responses were recorded in F1 flies obtained from crossing females homozygous for UAS-GCaMP6f
(Chen et al., 2013) with males homozygous for mb247-DsRed and TH-GAL4.
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Figure S6: Related to Figure 5.5: Odor-shock conditioning does not affect the KCs
spatial activity patterns. (A) Dissimilarity of spatial activity patterns in KCs, quantified as the
angle between two vectors that comprise the response strengths of nine MB compartments. Training
similarly changed the CS-induced spatial activity pattern in the paired (red) and unpaired (black)
group. CS vs. 1st CS: during training the CS-induced spatial activity patterns became dissimilar
to the pre-training spatial activity pattern. This effect was equally strong in the unpaired and in
the paired group. US vs. 1st US: during training the US-induced spatial activity patterns became
equally dissimilar to the first US-induced spatial activity pattern in the paired and unpaired group.
CS vs. mean US: during training the degree of dissimilarity between CS- and US-induced spatial
activity patterns remained unchanged for the paired and for the unpaired group. (B) Dissimilarity
of spatial activity patterns in DANs, quantified as the Euclidean distance between two vectors that
comprise the response strengths of nine MB compartments. (C) Dissimilarity of spatial activity
patterns in KCs, quantified as the Euclidean distance. All values represent the mean and SEM (p-
values and number of flies (n) are indicated in the figure; mixed-effect model for repeated-measures
ANOVA (see Supplementary Table 1 for details).
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5.10.3.2 Odorant stimuli

We used 1-butanol (BUT; Fluka, CAS 71-36-3) and 4-methylcyclohexanol (MCH; Sigma-
Aldrich, CAS 589-91-3) diluted in mineral oil (MO; Sigma-Aldrich, CAS 8042-47-5; BUT
1:500, MCH 1:1000). We prepared 10 ml odorant solutions in 100 ml glass bottles. We
stimulated with 10-second-long odorant stimuli using a custom-build olfactometer (Szyszka
et al., 2011) with a continuous air flow (1.3 m s−1, 43% rel. humidity). For measuring
odorant stimulus dynamics we positioned the inlet of a photo ionization detector (miniPID,
Modell 200B, Aurora Scientific Inc) at the location of the fly, and kept everything else
identical to the imaging experiments. We baseline-corrected the data and down-sampled it
to 10 Hz by taking the mean over 50 data points (Supplementary Figure S4A).
We adopted the stimulation protocols (“paired” and “unpaired”, Figure 5.1) from Galili
and colleagues (Galili et al., 2011). During pre-training we presented the solvent (MO),
the olfactory CS (BUT, without US) and the control odorant (MCH). We trained with six
CS - US pairing trials in which the olfactory CS was followed by the electric shock US
(interval between the onsets of CS and US: 15 s, stimulus-free gap: 5 s). The unpaired
training consisted of six trials of CS and US, in which CS and US were separated by 80 s,
and in which the sequence of CS and US was pseudorandomized. We kept the imaging times
equal for the paired and unpaired protocol by recording only the first stimulus in each of
the unpaired training trials. During post-training we measured the responses to the CS, the
control odorant and the US. To confirm that the fly was still alive, we presented a very last
CS at the end of the stimulation protocol. Each stimulation protocol lasted 45.5 min.

5.10.4 Calcium imaging

We measured the fluorescence of GCaMP3 and DsRed with a confocal laser scanning mi-
croscope (LSM 510 META, Zeiss), equipped with a 20×water-immersion objective (W-
PlanApochromat 20×DIC VIS-IR, numerical aperture 1.0, Zeiss). We used a 488 nm argon
laser line with a 500-530 nm emission filter for GCaMP3, and a 535-590 nm emission filter for
DsRed. We acquired images at 12 bit depth and 5 Hz with 68×131 pixels resolution, corre-
sponding to an area of 204×393 µm in the fly brain. Optical slices were 10 µm for recordings
of KCs and 15 µm for recordings of DANs. When possible, we recorded simultaneously
the γ2 compartment of the MB-lobes in both hemispheres (Figure 5.2B). Additionally, we
sought for a good visibility of the separation of γ- and β’-lobe. When necessary, we read-
justed the focus after each recording period. Each recording lasted 45 s, followed by a 165 s
non-recording period (Figure 5.1).

5.10.5 Data analysis

5.10.5.1 Imaging data

We conducted an automatized movement correction (source code available at GitHub),
which for DANs was based on the DsRed signal. We further conducted a manual movement
correction between trials. For the calculation of ∆F/F0 we subtracted the background flu-
orescence before odorant onset (F0, mean of frames 3-24) from each frame. For normalizing
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the ∆F/F0-traces, we divided the ∆F/F0-values by the maximum response to the CS in
trial 2 within each fly, irrespective of which region showed the strongest response.
Identification of MB-compartments: We based our visual identification of the MB-compartments
on anatomical studies by Tanaka et al. (2008) and Aso et al. (2014b). For this purpose we
used the GCaMP3- and DsRed-expression for KCs and DANs, respectively. To minimize the
risk of mixing up the signals of neighboring compartments we defined the borders for each
compartment in a conservative manner and drew the shape for each compartment smaller
than we assumed the actual compartment to be. Outlines for different compartments never
overlapped (see an example in Figure 5.2B, bottom).
Correlation of electric shock strength and neuronal responses (Figure 5.3B, C and Supple-
mentary Table 2): We tested the neuronal sensitivity to electric shock strength by correlating
the mean electric current (for the calculation see above) with the normalized mean calcium
responses of DANs and KCs during the very first shock pulse in trial 4, referred to as “mean
response”. We analyzed each compartment individually using Spearman’s correlation (R:
cor.test function).
Color-coded images (Figure 5.2C and Figure 5.5A): We calculated the percentage of mean
∆F/F0 during stimulus application which was 10 s for odorants and 4×1.5 s for electric
shocks. For KCs, we defined all raw fluorescence values below 300 as background and set
them to 0.
Changes in response trace (Figure 5.4A): The color-coded p-values above the response traces
were calculated with the wilcox.test function in R.
Spatial activity patterns (Figure 5.5B and Supplementary Figure S6): The dissimilarity
between two spatial activity patterns was determined by the Euclidean distance or the
angle between the two respective vectors −→α and −→β :

cosϕ =
−→α · −→β
‖−→α ‖

∥∥∥−→β ∥∥∥
First, we calculated the Euclidean distance or the angle between the respective vectors for
each fly. Second we averaged these Euclidean distances or angles across flies. Different than
the Euclidean distance, the angle is not influenced by uniform changes in activity strength
but it is affected by the ratio of activity in the compartments. Angles can vary between
0 rad (0°; same vector direction) and π rad (180°; opposite vector direction). To test for
training-related changes in the pattern induced by the CS, we compared each CS-induced
pattern against pre-training. Accordingly, we compared the US-induced patterns against
the naive pattern in trial 4. We also probed the similarity between US- and CS-induced
patterns by comparing the mean response to the US over the trials 4, 7, 9 and 12 (available
for both treatment groups) against the patterns induced by the CS in individual trials. We
tested for differences in pattern dissimilarity between paired and unpaired group using a
linear mixed-effect model on log-transformed values (R: lme function).

5.10.5.2 Software

We created a mask of all regions of interest in Photoshop CS4 (Adobe). We retrieved the
fluorescence values for all regions of interest using IDL. Further data processing and analysis
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we conducted in R (version i386 3.1.2, (Team, 2014) using custom-written routines and the
following packages: reshape Wickham et al. (2007), scales (Wickham, 2012), gridExtra
(Auguie, 2012), tidyr (Wickham, 2014), dplyr (Wickham and Francois, 2015), forecast
(Hyndman, Khandakar, et al., 2007), and nlme (Pinheiro et al., 2009). For schematic
drawings we used Illustrator CS2 (Adobe).

5.10.5.3 Statistics

To meet the criteria for parametric statistical methods we had to use a Box-Cox trans-
formation (R: BoxCox function of the forecast package (Hyndman, Khandakar, et al.,
2007)) on the DAN data to achieve normal distribution. We tested for differences between
hemispheres, between experimental groups, between concentrations, between shock pulses,
trials, and between paired and unpaired group using linear mixed-effect models (R: lme
function of the nlme package (Pinheiro et al., 2009)). To test for a correlation between neu-
ronal response strength and received electric current, we used Spearman’s test (R: cor.test
function).
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6 Temporal coding in the olfactory system
of Drosophila melanogaster

Georg Raiser, Yunusa Mohammed Garba, C.Giovanni Galizia, Paul Szyszka

6.1 Abstract

Animals encounter rapidly fluctuating temporal patterns of odorant mixtures, and behav-
ioral experiments have shown that this time structure aids odor-background segregation.
However, the behavioral performance of such temporally aided odor-background segrega-
tion as observed in honey bees is incompatible with rate based coding schemes of odorant
identity.
To study this discrepancy, we carried out behavioral experiments in Drosophila using a
plume-tracking paradigm confirming temporally aided odor-background segregation in this
species. Further, we searched for neural correlates of such fast temporal processing of
odorant identity by characterizing neuronal responses to temporally structured odorant
stimuli in olfactory sensory neurons (OSNs), projection neurons (PNs) of the antennal lobe
and Kenyon cells (KCs) and output neurons (MBONs) of the mushroom body.
We first measured the OSNs responses to asynchronous binary odorant mixtures by single
sensillum recordings. In the ab3A and ab3B OSNs, we observed faithful encoding of the
individual odorant component’s timing and found no influence of inner sensillar inhibitory
(ephaptic) interactions. These data show that even in the presence of background odorants,
the timing of odorant-evoked spikes in OSNs is precise enough for spike timing-based coding
schemes, which allow much faster odor encoding than spike rate-based coding schemes.
Additionally, we employed 2-photon calcium imaging to measure the responses of PNs, KCs
and MBONs to synchronous and asynchronous odorant mixtures. While PNs responses
seemed not to be influences by the temporal stimulus structure, we found a brief initial skew
of the KC ensemble response towards the leading component in an asynchronous olfactory
mixture However, the overall population response pattern,thought to encode odorant iden-
tity, did not exhibit any bias towards enhanced single component representation, as would
have been expected by a temporally aided enhanced analytic odor processing
To integrate these findings with the behavioral observed increased attraction towards asyn-
chronous mixtures, we propose a model of olfactory processing which is capable of solving
the analytic processing of the odorant components based on the identity of activated KCs,
but uses the temporal features embedded in their activity for spatial source segregation
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6.2 Introduction

6.2.1 Temporal aspects of olfactory stimuli

Olfaction is the sense for detecting the presence of distant volatile chemicals. Volatiles
mainly distribute via two mechanisms, diffusion and passive transport through the bulk
movement of the solvent. Diffusion is usually dominated by transport processes, such as
wind in the case of airborne olfaction, or current in aquatic olfaction. Turbulences in bulk
solvent movement cause the emergence of complex spatiotemporal distribution patterns of
odorant molecules (Celani et al., 2014).
An olfactory sensory organ receives these odorant plumes as time varying concentrations.
These time-dependent concentration signals contain information about the odorant’s source:
For example, the intermittency of odorant filaments (defined as the proportion of time
where the odorant is absent) decreases with decreasing distance (Murlis, 1992). Therefore,
the rate at which an olfactory receptor produces bursts of activity separated by relative
quiescence, would be indicative about the distance to the odorant’s source. Furthermore,
the correlation of concentration between different components can give information about
the number of sources: volatiles emanating from the same spatial location travel together in
filaments, whereas the volatiles coming from different sources stay spatially separated (Kree
et al., 2013)(Figure 6.1), which would allow for a correlation based odor-object recognition
(Hopfield, 1991).
Using correlations to form perceptual objects is a common theme in sensory processing:
individual frequency bands in auditory stimuli are merged to single sounds based on their
temporal correlation (Bizley and Cohen, 2013), and temporally segregated visual stimuli
can be merged based on their correlative properties (Boulton and Baker, 1993; Di Lollo
et al., 1994). Even across sensory modalities, temporal synchrony is the determining factor
if multisensory integration into single perceptual objects occurs (Bertelson and Radeau,
1981). Hence, sensory systems rely on correlations to form individual perceptual objects, a
requirement for foreground-background segregation.
Accordingly, the information present in the time course of olfactory stimuli can be used
for odor-background segregation (Hopfield and Gelperin, 1989; Baker and Fadamiro, 1998;
Andersson et al., 2011; Weissburg et al., 2012; Szyszka et al., 2012).
Notably, honey bees detect previously rewarded odorants in a mixture better when the
compounds of these test mixtures were not presented synchronously. Compound onset dif-
ferences of 6 ms were sufficient to elevate the honey bee’s ability to identify the presence of
the rewarded odorant. This demonstrates that short temporal differences can serve as infor-
mative cues and aid odor-background segregation, and suggests that temporal correlations
are influencing the formation of perceptual olfactory objects.

6.2.2 Mixture interactions in insect olfaction

Odorant mixtures often yields neuronal responses that can not be explained by a summation
of the responses to the mixture’s individual components alone. Rather, various nonlinearities
in the olfactory system cause mixture interactions, rendering the olfactory response difficult
to predict (Joerges et al., 1997; Silbering and Galizia, 2007; Rospars et al., 2008).
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Figure 6.1: Filamentous distribution of molecules in turbulent flow. Two dyes injected in
a turbulent liquid jet form filaments due to turbulence, and stay mostly separated. Intensity values
extracted along the dotted line are shown below the image, the green channel inverted for visual
clarity. Both correlated and uncorrelated changes in intensity are visible. Data reproduced with
permission from Kree et al. (2013).

Mixture interactions and olfaction in general are well studied subjects in insects (for a de-
scription of the insect olfactory system, see Chapter 2). Specifically, the genetic access to
model organism Drosophila has led to a detailed morphological and physiological under-
standing of the olfactory systems structure and function.

In Drosophila olfaction, mixture interactions already arise at the level of olfactory trans-
duction: Ligands can interact competitively for the receptor’s binding pockets, or non-
competitively modify the receptors transduction process by altering its affinity for other lig-
ands (Münch et al., 2013), and co-localized receptor neurons can inhibit each other through
sensillum specific ephaptic interactions (Su et al., 2012). This results in complex interactions
and modified dynamics of the generated responses (Su et al., 2011).

In the following stages of the olfactory system, mixture interactions can arise from network
dynamics: The inhibitory LN network in the AL leads to diverse changes in both intensity
and time course of the responses (Silbering and Galizia, 2007; Silbering et al., 2008; Olsen
et al., 2010). Blocking GABA-mediated inhibition leads to a disruption of those effects,
demonstrating that mixture interactions not only originate at the receptor level, but can
also occur via network interactions.

KCs have been shown to exhibit mostly sublinear summation of their inputs (Honegger et al.,
2011), although it is not clear if these mixture interactions are inherited from downstream
processing elements such as the AL, or generated inside the KCs. However, the divergent
connectivity from PNs to KCs (Caron et al., 2013) combined with the required input at
multiple claws to be driven upon threshold (Gruntman and Turner, 2013) creates a situation
suitable for the generation of mixture interactions.

Such mixture interactions necessarily depend on the temporal configuration of the stimulus:
trivially, if the activities elicited by two odorants are separated by a time span of sufficient
length, they cannot interact. Conversely, only a temporal overlap of activity can lead to
mixture interactions. This necessary time dependency makes mixture interactions good
candidates for changing olfactory representations based on temporal structure alone.
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6.2.3 Aim and scope of this study

The ability to perform odor-background segregation based on rapid temporal cues as ob-
served in some insects (Fadamiro et al., 1999; Szyszka et al., 2012) is incompatible with
the notion of olfaction being a rather slow sense. Previous quantifications of minimum
first-spike latency jitter of olfactory senses were an order of magnitude larger compared
to other senses (Drosophila OSNs: 7 ms (Jeanne and Wilson, 2015); mice OSNs: 12 ms
(Shusterman et al., 2011); Calliphora photoreceptors: 0.1 ms (Tatler et al., 2000); Locusta
auditory receptor cells: 0.16 ms (Rokem et al., 2006)). This raises the question, how such
fast odor-background segregation capabilites are achieved on a physiological basis.
Altogether, relatively few studies took the challenge to study neural mechanisms of temporal
aspects of odor coding, possibly because of the technical difficulties associated with the
precise control of olfactory stimuli. Most studies were performed in larger insects (for
example, cockroaches: (Lemon and Getz, 1997), moths: (Tripathy et al., 2010; Houot et al.,
2014), honey bees: (Krofczik et al., 2009; Stierle et al., 2013; Nowotny et al., 2013), locusts:
(Brown et al., 2005; Broome et al., 2006; Huston et al., 2015)). Generally, those studies
found that temporal structure can modify and sometimes even enhance representations.
So far, only few studies concerning temporal aspects of olfactory coding were performed
using Drosophila (Geffen et al., 2009; French et al., 2011; Martelli et al., 2013; Kim et al.,
2015), and none studied higher order brain centers involved in odorant identification such
as the MB.
This study is a contribution to the efforts in filling this gap of knowledge. Using the olfac-
tory stimulator described in Chapter 3, neural responses elicited by temporally controlled
olfactory mixtures from the periphery until the output of the MB were recorded, in the
search of signatures of temporally modified processing that could aid odor-background seg-
regation. Additionally, evidence from a behavioral experiment suggesting that Drosophila
is capable of performing odor-background segregation on temporal stimulus cues alone is
presented, a necessary prerequisite to study processing of temporal olfactory stimulus cues
in the Drosophila brain.

6.3 Theory

6.3.1 Temporal precision of neural coding schemes

How do neural networks process information? Before approaching this rather broad ques-
tion, a terminological distinction has to be made between the term encoding and decoding.
While encoding refers the process of representing features of the external world with neural
activity, decoding refers to the process of extracting this information and further processing
it or using it to drive a behavior. This distinction is important, because a lot of informa-
tion is encoded but never decoded: Not all stimulus induced correlations in neural activity
are actually meaningful for the animal, or even transferred from sensory organs to central
processing centers (Koch et al., 2006). Furthermore, the term decoding is also used from
the perspective of the experimental observer: in this context, it is usually meant that the
experimenter tries to reconstruct the presented stimulus from the observed neural activity
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(Borst, A. Theunissen, 1999), just as a brain has to decode the information it receives from
its sensors.
Considering neural encoding, two classes of theories have emerged: spike timing and rate
coding theories.
Rate coding theories state that all the relevant information of a spike train is encoded in the
frequency of action potentials, or the neuron’s firing rate. In this view, a spike train is the
result of a stochastic process, where a neuron is emitting spikes probabilistically at the value
of an internal and variable rate function (Lestienne, 2001; Brette, 2015). From this follows,
that the precise time point of each spike train has inherently a random component and thus
can not carry substantial amounts of information. Examples of rate coding can be found
in many sensory systems, including olfaction: Most sensory neurons exhibit a monotonic
relationship between stimulus intensity and firing rate (for Drosophila OSNs, see Bruyne
et al., 2001, for example); what’s more, in higher order processing centers, experimental
support for rate coding has been found (Rolls et al., 2006; Rolls and Treves, 2011).
In contrast to rate coding, spike timing theories assume substantial information in the precise
timing of spikes. This can refer to the interspike interval of two spikes within one neuron,
synchronization of neural assemblies, or fixed latency patterns across neurons (Brette, 2015).
A good example of information encoding via interspike intervals can be found in a study
by Bialek et al. (1991): In this study, the spike trains of a wide-field motion sensitive
interneuron in the optical lobe of the blowfly Calliphora erythrocephela were recorded while
the eyes were stimulated with a pattern rotating at varying angular velocities. Applying a
linear decoding approach, the pattern rotations could be decoded from the obtained spike
trains in a time resolved manner.
It seems like these codes are actually not separated concepts after all. Rather, which prop-
erty of a spike train carries information must depend on the postsynaptic neuron and its
temporal integration properties: A temporally precise coincidence detector requires a short
membrane time constant, otherwise low-pass filtering would degrade any temporal resolu-
tion. Therefore, slow integrators appear as if they are tuned to the presynaptic neuron’s
rate, neglecting any temporal fine structure in the spike train. This argumentation out-
lines a conceptual problem with a “rate” defined as spikes per time. How long is the time
window under consideration? In the limit of sufficiently short time windows (such as sub-
millisecond), a rate estimation would actually recovers the original spike train. Hence, the
argument of rate vs. spike time codes collapses into a question of temporal precision and
time constants of integration.
Brette (2015) argues however, that this unifying position reflects a misconception arising
from the confusion of coding and computation. Brette states that rates and spikes are
fundamentally different logical concepts: postsynaptic neurons do not have access to a
statistical quantity as an average presynaptic rate, they can only perform their computations
on single trial spike trains. While this is logically true, I take a rather pragmatic position and
assume that in the simplest case (and by ignoring all nonlinear processes), the subthreshold
response of a neuron can be described by a convolution of the input spike trains and the
neuron’s impulse response function, which is largely determined by its membrane properties.
Then, the temporal precision of a neuron can be linked to its biophysical properties, and
the distinction whether a postsynaptic neuron performs its computation on a single trial
estimated firing rate or on momentaneous time differences between presynaptic spike arrival
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times loses its meaning.
In this context, how much temporal precision matters for a given network is a valid and
important discussion. Especially, since it is likely that different encoding and decoding tasks
pose different challenges, they would also require different solutions. Therefore, I predict
that the temporal precision at which information is processed is not uniform inside any
given nervous system, and might even be dynamically regulated within one population or
a single cell. For example, a neuron might change its input resistance by expressing more
or less ion channels, and consequently altering its time constant. Alternatively, temporal
precision might be monitored on a network level: Voice over IP telephony uses artificial
neural networks to estimate the necessary bandwidth and adaptively regulate it during the
digital transmission of a phone call (Caviglione, 2010). Similar adaptive processes might
happen in biological neural networks, where the output bandwidth of a given sub-system is
monitored and adjusted accordingly.

6.3.2 Rapid odor-object segregation requires temporally precise odor encoding

The finding that a 6 ms onset asynchrony between components aids odor-background seg-
regation challenges the notion that olfactory encoding is slow and imprecise (Szyszka et al.,
2012). Moreover, it predicts that at least one crucial component in the neural pathway of
odorant identity encoding must have a sufficiently high temporal resolution, at least in the
order of milliseconds.
Inspired by this finding, another study has revealed physiological correlates of high temporal
precision in odorant encoding: Dual recordings from Drosophila OSNs revealed that they
exhibit sub-millisecond precision between different sensilla. the first spike time points jitter
across individual sensilla with an s.d. of only 0.22 ms (Egea-Weiss et al., unpublished). In
accordance, honey bee higher olfactory neurons exhibit high temporal fidelity (Raiser et al.,
2016).
This observed temporal precision is a necessary prerequisite, and a starting point for devising
hypotheses about the implementation of temporally precise odor coding in the following
stages of olfactory processing, based on our current knowledge of the system.

6.3.2.1 Spike latency coding in the olfactory system

Egea-Weiss et al.(unpublished) found that the time point of the first stimulus evoked OSN
spike is a function of odorant identity, thus every olfactory stimulus elicits an unique se-
quence of first stimulus correlated spikes across the total population of OSNs. Additionally,
the sequence of the OSN first spikes is concentration invariant. As a consequence, this tem-
porally precise spike latency pattern encodes odorant identity, as it has been found for the
vertebrate olfactory bulb (Cury and Uchida, 2010; Junek et al., 2010), and piriform cortex
(Haddad et al., 2013). Also, first spike latency codes have been found in the vertebrate
retina (Gollisch and Meister, 2008).
Because the convergence of OSNs to PNs leads to an increase in PN firing precision (Bhan-
dawat et al., 2007; Jeanne and Wilson, 2015), these synchronous spikes are likely to drive
their connected PNs in the same order of activation. Since PNs receiving input from the
same glomerulus retain highly correlated spiking patterns (Kazama and Wilson, 2009), this
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indicates the formation of an odorant-specific pattern of latencies that is transmitted to
higher olfactory centers.
Decoding such a latency pattern code seems, at first, prohibitively complicated: As the brain
has no a priori knowledge about when a stimulus has started, no spike can be considered
as to be the first. As a consequence, all pairwise combinations of all interspike intervals in a
continuous sensory input spike train must be compared against a template pattern of correct
intervals for each odorant identity. This problem suffers from combinatorial explosion: The
number of required comparisons between two spike trains is the product of the number
of spikes in each, and for N considered spike trains,

(N
2
)
such products must be formed.

Considering only 10 responding glomeruli with an average response rate of 50 Hz, a time
window of 100 ms already contains 1125 comparisons. 25 responding glomeruli with an
average rate of 100 Hz already bring this number up to 30000 comparisons. This can in
principle be solved by extensive delay line networks (Cariani, 2001), which could be formed
by the divergent PN to KC connectivity (Caron et al., 2013; Eichler et al., 2017) (see also
Brill et al. (2015) for coincident detecting schemes in the honey bee MB).
However, the necessary computational complexity could be much lower than this “worst
case” assumption: The number of interspike intervals that need to be compared can be
greatly reduced by a global reference signal, such as a low-threshold multiglomerular PN
which all (or most) odorants irrespective of their identity. But additionally, the number of
cells necessary for decoding a latency code can be very low: Thorpe et al. (2001) described a
simple network motif capable of decoding rank order or latency codes which consist of only
2 cells and (N × 2) + 1 synapses for reading out a unique spiking sequence across N input
cells (Figure 6.2). This motif features an output neuron O that receives gradually weighted
input from each of its N input cells, with the weakest weight of the cell that is expected
to spike last. Simultaneously, all cells are connected to an inhibitory element I with equal
weights, and this inhibitory element inhibits the output neuron. In this motif, the decoding
neuron O is driven strongest if the input cells are active in the order of descending synaptic
weights. In that case, the first and strongest input is being least affected by the inhibitory
element.
This motif exists in the Drosophila MB: Inside a microglomerulus, PNs both synapse with
the KCs and the APL neuron (Eichler et al., 2017, Ranft, personal communication, March
2017), which in turn inhibits all Kenyon cells (Lin et al., 2014a). The PCT neurons of the
honey bee, believed to be functionally equivalent, form the same circuit motif (Ganeshina
and Menzel, 2001). This could render the KCs sensitive to the order of their input, and
hence function as rank order or latency decoders.
Alternatively, input order sensitivity can be a single cell feature: Branco et al. (2010) showed
that pyramidal cells are sensitive to the sequence of activated dendritic spines, and that this
is a consequence of an AMPA and NMDA conductance. The mechanism of this interaction is
based on 1) the larger distance between the spike initiating zone and a synaptic bouton, the
larger its effective input resistance, and 2) the nonlinearity of the NMDAR conductance.
If the sequence of activation is ordered from distal to proximal boutons, the nonlinear
component of membrane potential increase has its maximal influence. As a result, specific
sequences of dendritic input can drive the cell over its threshold, while equally strong input
of different order fails to elicit a spike.
Intriguingly, KCs do express NMDA receptors, and NMDA mutant flies exhibit an olfactory
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Figure 6.2: Hypothetical spike latency coding in the insect olfactory system. A) Spike
trains at the different processing stages of the olfactory system are color coded to their identity as in
B). Stimulus evoked spikes in OSNs are colored, reliable spikes depicted by a thicker line width. The
relative interspike interval of the first stimulus evoked spike is marked by a small black line connecting
the relevant spikes. Only spikes that are reliable and synchronous within the OSN population drive
their PNs to spike, preserving the latency pattern. Kenyon cells which are sensitive to the order of
their input, then transform a latency pattern into a ensemble code B) Schematic olfactory network
with rank order sensitivity at the KC layer. C) Network motif capable of reading a rank order or
spike latency code as proposed by Thorpe et al. (2001). The output element O is driven maximally
if the input elements fire in the order 1 − 5, as then the strongest input of 1 is least effected by its
own inhibitory influence, which would arrive at O only shortly after.

learning deficiency (Xia et al., 2005). However, NMDA knockdown in the MB leads to a
disruption of STM but not LTM (Wu et al., 2007). This points towards a more complex
role of the NMDA receptor than simply a sensory deficit as would be predicted from the
hypothesis outlined above.

Advantages and disadvantages of latency coding The hypothesis of latency coding offers
an elegant solution for the problem of rapid odor-background segregation. As mentioned
before, the sensitivity for short onset asynchronies is problematic for a coding scheme in
which activity is integrated over a certain time window. Such short onset asynchronies
would create only minimal rate differences which would be readily ignored by temporal
integrators. For a latency code, this problem would not exist as stimulus evoked spikes can
be fully embedded in both background activity and the activity of a completely different
stimulus, as the specific order decoders would selectively respond to the matching latency
patterns.
But the hypothesis of a latency coding scheme has also difficulties: First, it requires that the
first-spike latency sequence across OSNs for a given odorant is not affected by background
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odorants. Such interactions have been reported in the literature (Su et al., 2012), but
their influence on spike timing was not explored. Second, a template matching mechanism
requires either previously constructed templates via a learning process, or a fixed set of
present templates that can be selectively reinforced. The former would require some form
of associative plasticity in the calyx, for which good indications have been published (Kremer
et al., 2010), and it is predicted by modeling (Peng and Chittka (2017), although potentially
honey bee specific). The latter option would be more compatible with the current model of
associative learning (Heisenberg, 2003; Aso et al., 2014b), where a distribution of delays in
the PN to KC connectivity could sample the space of possible templates.
Either way, both formulations would predict that the response probability of each KC to a
given olfactory stimulus depends on a) whether it is connected to responsive PNs, and b)
if it receives input from them in the correct order. In this hypothetical framework, a spike
latency code at the level of the PNs would be transformed into a pattern ensemble code
at the level of the KCs. However, this coding scheme would also predict that a different
order of odorants A and B in an asynchronous mixture should not yield the same response
pattern. The honey bee’s behavioral responses to a leading or trailing CS+ in a mixture does
not differ (Szyszka et al., 2012), hence this coding scheme would possibly enhance sensory
discrimination, but shifting the task of odor-background segregation to the following layer
of olfactory processing.

6.3.2.2 Persistent temporal precision across olfactory processing layers

An alternative possibility to the coding scheme described above, is that no such rank order
sensitivity of KCs exist, but temporal cue aided odor-background segregation is achieved
by maintaining a high degree of temporal precision in at least some network components at
each processing stage. In this variant of temporally precise odorant encoding, a first spike
latency pattern in PNs deterministically drives a first spike latency pattern of KCs. The
spiking order of the KCs is then read out by the MBONs.
The output of the MBONs should reflect the observed behavior (Aso et al., 2014a). Since
the hypotheses outlined above predicts unequal KC input pattern depending on the order
of A and B in an asynchronous mixture, odor-background segregation then has to happen
via processing within the MB lobes, or at the output sites of the MBONs.
Two scenarios for such an MBON decoding functionality are conceivable: Thorpes rank order
sensitive motif is again present in the MB lobe circuitry: KCs synapse with the APL and
MBONs, and the APL synapses with MBONs as well (Takemura et al., 2017). Alternatively,
MBONs could exhibit sufficient temporal precision and thereby solving the segregation task
based on input synchrony: In this model, while stimulation with synchronous mixtures
would lead to the strongest MBON activation, asynchronous mixtures would cause larger
relative differences between MBONs (Figure 6.3). This hypothesis is based on the finding
that approach or avoidance behavior is determined by the overall balance of the MBON
activity levels (Aso et al., 2014a; Owald et al., 2015; Owald and Waddell, 2015).
Both hypotheses avoids the issues of KC pattern deviation as described above, but require
sufficient temporal precision on all higher stages of olfactory processing. The finding of
temporally precise higher order olfactory neurons in Chapter 3 is supporting this point.
Additionally, although the time constant of MBONs seems to long to serve as precise inte-
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Figure 6.3: A model for odor-background segregation with temporally precise MBONs.
Following the finding that associative learning causes a depression of the KC to MBON synapse at
MBONs of opposite valence to the reinforcer (Owald et al., 2015; Hige et al., 2015a), asynchronous
mixtures of previously learned would lead to a larger difference between positive and negative valence
coding MBONs than synchronous mixtures. As relative activity levels of MBONs drive attraction or
aversion (Aso et al., 2014a), this would lead to a odor-background segregation mechanism irrespective
of the individual components order of arrival.

grators, it is reduced by associative plasticity (Hige et al., 2015a). Furthermore, Berry et al.
(1997) could show sub-ms spike precision in the visual system of the salamander, in a cell
type with a time constant of 50 ms (Pasino and Marchiafava, 1976), arguing that even with
longer integration times, temporal precision can be achieved.

6.4 Methods

6.4.1 Fly husbandry

Flies were reared on standard cornmeal based fly food and kept on a 12h:12h light/dark
cycle in an incubator at 25 ◦C temp and 60% relative humidity.

6.4.2 Olfactory stimulation

Olfactory stimulation were produced by the stimulator described in Chapter 3.

Stimulus nomenclature Throughout this chapter, I will use the terms synchronous or
asynchronous odorant mixtures. These stimuli are produced by switching the olfactory
stimulator’s valves either at the same time (synchronously) or at slightly different times
(asynchronously), but the valves are left open for the same time span. This created odorant
mixtures in which the molecules arrive at the antennae either at the same time, or with a
temporal delay determined by the time between the valve openings. These stimuli will be
called A∆tB or B∆tA with ∆t denoting the time between the valve openings, A and B
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Figure 6.4: Odorant similarity according to OR responses predicted by DoOR data
base. Pentyl acetate and butyl acetate form the similar odor pair, pentyl acetate and ethyl lactate
the dissimilar odor pair. This is also reflected in the euclidean distances (only computed for those
ORs where data for all three odorants exist): PACE - BACE: 0.70, PACE - E2PE: 1.31, BACE -
E2PE: 1.30.

denoting the different odorant identities. Unless noted differently, the total time the valves
were left open was 500 ms for all experiments. Hence, stimuli terminated asynchronously
as well to keep the total number of odorant molecules in all asynchronous and synchronous
stimulus conditions constant.

Stimulus generation and randomization To eliminate any effects induced by the specific
sequence of successive stimuli, all stimuli during one recording were presented in a pseudo-
randomized order. Stimulus protocol generation and randomization was achieved using the
python library RIOlib that was developed in the course of this study (see Chapter 7 link
for details).

Odorants The odorants used in this study were:

Name CAS number Abbreviation
methyl hexanoate 106-70-7 MXHE

2-heptanone 110-43-0 HEPN
pentyl acetate 628-63-7 PACE or PA
butyl acetate 123-86-4 BACE or BA
ethyl lactate 97-64-3 E2PE or EL

methyl butyrate 623-42-7 MEBE or ME
ethyl acetate 141-78-6 EACE or EA

All odorants were purchased from Sigma Aldrich. For all imaging experiments, the odorant
were diluted 1:100, either by dilution in mineral oil or air (see Chapter 3 for details).
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6.4.3 Single sensillum recordings

Electrophysiologal recordings Single sensillum recordings were performed as described
previously (Bruyne et al., 2001; Lin and Potter, 2015). Briefly, flies were immobilized in a
pipette tip and mounted ventral side facing upwards on a custom 3d printed holder. The
antennae were bent outwards from the head and stabilized by a small droplet of eicosane
(Sigma Aldrich) onto a microscopy glass slide. An electrolytically sharpened tungsten elec-
trode was inserted into an ab3 sensillum with a micromanipulator (Sensapex), localized via
a light microscope. Sensillar identity was obtained by applying a sequence of diagnostic
odorants that unambiguously could identify the sensillar identity (ethyl hexanoate, methyl
acetate, isobutyl acetate, 2-butanone, 2,3-butanedione, 1-hexanol, derived from the DoOR
database (Galizia et al., 2010; Münch and Galizia, 2016)).
Electrical signals were recorded with an MA102 amplifier (University Cologne, equipped
with a MA103 headstage) in DC mode, bandpass filtered at 1-8 kHz, and amplified ×1000.
DAC was performed with a CED 1401 (Cambridge Electronic Design) and stored as .smr
files for offline analysis.

Concentration of olfactory stimuli Two different concentration regimes were used in this
study, a high and a low concentration. Both were generated with the air dilution system
described in Chapter 3. However, due to initial inconsistencies, high and low are not the
same concentration across all experiments: high corresponds to dilutions of 1 × 10−2 or
3.5 × 10−2 , but low always corresponds to one hundred fold dilution more (1 × 10−5 or
3.5 × 10−5). Nevertheless, the evoked firing rates are comparatively similar within one
concentration regime, but differ across, recordings inside for both high and low were pooled.

6.4.4 Calcium imaging

For all experiments, GCamP6f (Chen et al., 2013) was expressed in a specific cell type using
the UAS-Gal4 system. UAS-GCaMP6f flies were obtained from the Bloomington Drosophila
Stock Center (line #42747).
2P calcium imaging was performed using a confocal microscope (LSM 510, Zeiss) equipped
with a Ti:Sa laser (Chamelon, Coherent). For imaging, the pinhole was opened maximally.
All measurements were made with a 20×water immersion objective (421452-9900, W plan-
apochromate, NA 1.0, Zeiss). The emitted fluorescence was short-pass filtered at 680 nm
and detected with a GaAsP photomultiplier.
The laser power varied between experiments, but was adjusted to give a good signal to noise
ratio without killing the flies during the time course of the experiment. The laser power
was set by the LSM software to usually in the range of 20-30%. However, this value does
not correspond to a real fraction of 20% of the total laser power, as the filtering has a quite
strong nonlinearity.

6.4.4.1 Projection neurons

To drive GCamP6f expression in PNs, the Gal4 driver line NP225 was used. This line drives
expression in about 70 PNs (both mPNs and lPNs) from 36 out of 56 glomeruli (Tanaka
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et al., 2012). The NP225 fly strain was obtained from Andreas Thum, but is also publicly
available from the Kyoto Stock Center.
The antennal lobe preparation was performed as described previously (Silbering et al., 2012),
and images were recorded at a rate of 10 Hz.

6.4.4.2 Kenyon cells

To express GCamP6f in Kenyon cells, flies bearing the UAS-GCamP6f were crossed with
the driver line OK107 (Connolly et al. (1996)), driving GCaMP6f expression in all KCs.
To image from KCs, a fly was briefly anesthetized on ice and transferred into a small groove
of an aluminum block cooled by a peltier element. Then, the fly was fixed to a needle
mounted on a micromanipulator using a mixture of eicosane (Sigma Aldrich), wax (Deiberit
502, Siladent) and myristic acid (Sigma Aldrich) (1:1:1, from here on will be referred to as
“custom wax”). The micromanipulator was then used to position the fly precisely in the
final imaging holder, which consists of a thin metal sheet (0.01 mm thickness) constructed
after Seelig et al. (2010)), where it was fixed with the custom wax mixture. The head
was bent downwards to expose the posterior side of the head capsule. After submersion
in Ringer’s solution (NaCl:130 mM, KCl: 5 mM, CaCl2: 2 mM, MgCl2: 2 mM, sucrose:
36 mM, HEPES: 5 mM, pH = 7.3), a small opening was cut into the head capsule with a
sapphire blade (World Precision Instruments), and tracheal sacks and fat bodies were gently
removed using fine forceps (Dumont #5SF, Fine Science Tools).
To reduce movement of the brain, the proboscis was fixed in its extended position with the
custom wax. In some preparations, the muscle M16 was severed or removed by pinching
and pulling on the dorsal side of the esophagus at the point where it traverses the brain.
Images were recorded at a rate of 4 Hz.

6.4.4.3 Simultaneous imaging of KCs and classical conditioning

The preparation was identical to the KC preparation described above, but flies were starved
for 24h prior to imaging. In order to keep flies in a starved state during imaging, the glucose
of the Ringer’s solution was replaced by ribose (Sigma Aldrich) (Jeong2016a). Flies were
monitored under the microscope with a Raspberri Pi (Raspberri Pi Foundation) with an
IR camera module. A conditioning protocol consisted of 3 pairings of the CS+ with an
appetitive or aversive reinforcer (US) and 3 non-reinforced stimuli (CS-) were presented in
a pseudorandomized order. Each presentation of CS+ and US or CS- was given during a
10 s odorant stimulus.

Appetitive conditioning For appetitive conditioning, the proboscis was extended by
applying mild suction through the opening of a cut pipette tip mounted on a micromanip-
ulator. When the proboscis was in its extended position, it was fixed at its base. Then,
suction was turned off and the pipette was carefully removed, leaving the labellum and
maxillary palps undamaged. A small syringe with a droplet of sucrose in 2% agarose was
presented to the proboscis via a micromanipulator during conditioning trials (Fig.6.5). The
high agarose percentage was chosen to avoid sucrose sticking to the proboscis, which would
lead to a continuous appetitive reinforcement even during CS- trials.
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Figure 6.5: A preparation allowing simultaneous imaging and appetitive or aversive
reinforcement. textbfA-C) For appetitive conditioning, the proboscis was extended by applying
mild suction through the opening of a cut pipette tip and fixed at its base. E-F) During imaging,
the sucrose reward was presented manually. For aversive conditioning, electroshocks were applied to
the fixed legs.

Aversive conditioning For aversive conditioning, the flies left and right pro- and mesotho-
racal legs were fixed to two copper electrodes with a droplet of custom wax, and a lubricant
(Hydrosensitive Gel, Ritex) was used to aid electric contact. Hence, currents were passing
the body of the fly. Constant current shocks of 1 µA were injected by a constant current
amplifier (MVSC-02C, NPI) equipped with a modified headstage (to output a max of 10 µA.
During a reinforced stimulus trial, 4 shocks (500 ms long and 2.5 s ISI) were presented during
the 10 s odorant stimulus.

6.4.4.4 Mushroom body output neurons

To express GCamP6f in designated MBONs, UAS-GCamP6f flies were crossed with two
split-Gal4 driver lines from the Janelia FlyLight collection: MB549c, driving expression in
MBON-γ4 > γ1γ2 and MBON-β1 > α, and MB434B driving expression in MBON-α′3ap
and MBON-α2sc (Aso et al., 2014b).
The preparation was identical to the one described for the KCs, except the head was tilted
less forward to allow for a more anterior optical access to the MB lobes, as it was also done
in Chapter 5.
Prior to the imaging experiment, flies were appetitively conditioned to one odorant and
aversely conditioned to another. This was achieved by placing flies in a small insect cage
(30×30×30 cm, BugDorm-1, BugDorm). Inside this cage, a piece of cotton soaked in 1 M
sucrose solution was placed in close proximity of a source evaporating with one odorant,
whereas a cotton soaked in 3.4 M NaCl was likewise placed in close proximity of the other.
Odorant sources consisted of a septa sealed glass vial filled with 2 ml pure odorant, and
gauge 14 syringes were used for penetrating the septa (2 syringes for ethyl lactate and 1 for
pentyl acetate). Flies were left in this cage for 24 h, and subsequently starved for 24 h prior
to imaging.
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During imaging, ribose ringer was used instead of glucose ringer as described in section
above.
Images were recorded at a rate of 10 Hz.

6.4.5 Behavioral experiments

To behaviorally test for odor-background segregation, a paradigm was used in which the
flies’ upwind odorant plume tracking behavior was evaluated. In this behavioral paradigm,
flies entered a laminar flow wind tunnel through a small tube, and exit onto a centrally
positioned platform. This platform was 5 cm downstream of the outlet of the olfactory
stimulator, which continuously produced odorant pulses of 500 ms duration and 2 s ISI. The
air speed inside the wind tunnel was 40 cm s−1. Odorant concentrations were adjusted to
match those of the imaging experiments (10−2), and were presented as in other experiments:
synchronous mixtures, asynchronous mixtures and the single components. Prior to wind
tunnel experiments, flies were conditioned as described in 6.4.4.4, were ethyl lactate served
as a CS+ and pentyl acetate served as a CS-.
The wind tunnel’s cross section was 37×37 cm, however relevant area covered by the flies
trajectories was much smaller (approximately 15×15×15 cm).
The flight behavior of the fly was recorded with a single Raspberry Pi picamera at 90 frames/s,
and a mirror was placed inside the wind tunnel at an angle of 45° to observe the flies tra-
jectory from two orthogonal views. Each trial had a maximum recording duration of 300 s.
To quantify the upwind flight behavior, an automated approach for tracking the flies flight
trajectory was developed. However, the video quality was insufficient to reliably apply it in
an automated manner. Therefore, the videos were scored manually after a blindfolding
procedure which rendered the person scoring the video uninformed about the stimulus
identity of the recorded trial. Attraction was defined as the fly exhibiting upwind flight
and landing in an square of 10×10 cm around entry point of the olfactory stimulus in the
wind tunnel.

6.4.6 Data analysis

All data analysis was performed with python 2.7 using the packages scipy (0.19.0) and
pandas (0.20.2) for data analysis and manipulation, matplotlib (2.0.2) and seaborn (0.7.1)
for visualization, statsmodels (0.8.0) for statistics and scikit-learn (0.18.1) for machine
learning tools. Electrophysiological data was analyzed using neo (0.4.1) for data structures
and elephant (0.4.1) for data analysis.

6.4.6.1 Data analysis specific to electrophysiological data

Spike sorting Su et al. (2012) report spike sorting based solely on spike amplitude, which
did not lead to a satisfactory sorting as judged by eye alone. In this experiment, both
neurons can exhibit high firing rates in this experiment, which then leads to many overlap-
ping spikes. Additionally, the neurons exhibit a variable spike amplitude as a function of
firing rate. To minimize the sorting errors induced by those effects, an approach based on
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template matching and spike subtraction was developed and applied in this study. Details
about the spike sorting algorithm can be found in Chapter 7.

Firing rate estimation Firing rate estimation was performed by convolving the estimated
spike trains with a alpha kernel (σ =20 ms). An alpha kernel was chosen because they are
strictly causal, in the sense that their output does not depend on future spikes (Nawrot
et al., 1999). Hence, the predicted firing rates do not rise at times before an actual spike
occurrence, unlike gaussian kernels which contain positive values for negative lags.

Spike train dissimilarity To quantify spike train dissimilarity, the Victor-Purpura distance
was used as a metric (Victor and Purpura, 1996). Briefly, the VP distance between two spike
trains is calculated by transforming one spike train into the other, and each transformation
(removal of a spike, addition of a spike or shift by a defined time) is associated with a cost.
The algorithm then finds the lowest cost to transform one spike train into the other. To
compute VP, the function spike_train_dissimilarity.victor_purpura_dist() of the
python module elephant was used.

6.4.6.2 Data analysis specific to imaging data

For all imaging experiments, movement correction was achieved with the python library
MOCOlib and region of interest (ROI ) selection and ∆F/F traces extraction was performed
using ILTIS (both tools were developed for this study, see Chapter 7). Confocal stacks from
the Flylight Project were analyzed using the software FIJI (Schindelin et al., 2012).

Relative change of fluorescence All raw intensity signals obtained via calcium imaging
are converted to a relative change, normalized by a background intensity:

∆F/F .= Fi − FB
FB

for the fluorescence intensity Fi at frame i and the background signal FB obtained by
averaging the frames before the onset of the stimulus.

Meta-animal formation For pattern analysis, measurements obtained from individual an-
imals were combined into a so called meta-animal, essentially forming one big group from
all recordings and performing pattern analysis on this group.
For KCs, this can be justified by the random connectivity scheme from PNs to KCs: Each
recorded KC receives random AL input, irrespective from which animal it originates (Caron
et al., 2013). Therefore it should not make a difference if 10 cells are recorded from 10
animals or 100 cells from one.
For PNs, this assumption does not hold because of the much lower number of glomeruli
compared to KCs and their stereotypic response profiles (Badel et al., 2016). Nevertheless,
the approach was successfully applied by Stierle et al. (2013), and was analogously done in
this study.
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Euclidean distance The general formulation of euclidean distance between two points P
and Q of n dimensions is:

DE =

√√√√ n∑
i=1

(Pi −Qi)2

In this study, the euclidean distance is mainly used as a metric for pattern similarity. To
do so, the temporal dimension of a response is reduced to a single value by averaging values
in a time window covering the peak of the response, which yields a response vector with a
dimensionality of measured ROIs. The euclidean distance between those response patterns
is denoted in axis labels as DEpeak.

Dynamical time warped distance Dynamical time warped distance (DDTW ) is a distance
metric to compare two time based signals allowing for shift, stretch or compression along
the time axis (Berndt and Clifford, 1994). It is closely related to the euclidean distance: In
the case of no shift, stretch or compression both metrics are identical.
For two sequences S and R of length n, the DDTW is obtained by calculating the matrix
Wi,j = d(i, j) + min(Wi−1,j ,Wi,j−1,Wi−1,j−1) with d(i, j) being the euclidean distance of Si
and Ri. The matrix entry of Wn,n then hold the shortest euclidean distance allowing for
warp.
For the calculation in Section 6.5.3.5, the difference to the euclidean distance is computed.
Unlike described in the previous paragraph, the euclidean distance that serves as a com-
parison is not a distance between patterns, but a distance between two time series, treating
each time point as a dimension. In order to base the difference only on changes in response
kinetics, all traces were normalized to their peak response prior to the calculation of the
distance.

Principle component analysis Each time trace obtained from each ROI can be seen as
a response dimension. In order to visualize the high dimensional datasets obtained by
calcium imaging, principle component analysis (PCA) is used as a method for dimensionality
reduction. For this, the PCA is first computed on the trial averaged peak response of all
ROIs, and the obtained transformation matrix is then applied to all time points of all
responses. To aid the maximal visual separation, only the responses to the stimuli A, B,
and AB are considered in calculating the transformation matrix. PCA calculations were
performed using the decompositions.PCA class of the module sklearn.

Categorization of KC responses for mixture interactions In order determine whether a
KC exhibits mixture interaction, the magnitude of the KCs ∆F/F changes were compared
between the different stimulus classes A, B and AB. Because each stimulus was repeated
only 3 times, statistical testing of the response to stimulus A compared with the response to
stimulus B could not be applied. In order to still have a quasi-statistical approach that takes
response variability into account, a linear regression analysis on all the measured responses
from a single cell was performed. From the fitted model, the 95% confidence intervals were
obtained and served as classification boundaries. For example, for a cell to be classified
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as mixture interaction sensitive, the confidence intervals of the response to A and B must
be non-overlapping with the average response to AB. Is has to be noted that this is not
statistical testing, and thus the term significant differences is avoided.
In detail, the linear model is calculated by ordinary least squares ols.lm() from the module
statsmodels. The obtained intervals were corrected for the heteroscedasticity introduced
by the non-normal distribution of ∆F/F transformation by the covariance matrix type
’HC3’ (MacKinnon and White, 1985).

Stimulus classification with a support vector machine In order to classify whether the KC
response patterns to asynchronous stimuli could be correctly identified as such, a machine
learning approach was applied by testing whether a support vector machine (SVM) could
correctly predict the stimulus identity when tested with a given response pattern.
To make use of the full dataset size, a k-fold cross validation approach was applied: 2/3 of
the data set was used for training and 1/3 of the data for test. This was performed 3 times
for all three possible splitting combinations, and the average classification rate was taken
as the final classification performance.
In order to determine a chance rate of correct classification to which the actual result
can be compared to, all dataset labels were permuted and the SVM calculation repeated.
This procedure was repeated 250 times and yielded a distribution of chance classification
successes. Classification success was significant if the actual classification result of the non-
permuted data was above the 95% confidence intervals obtained (Combrisson and Jerbi,
2015).

6.4.6.3 Data analysis specific to behavioral data

Both frequentist and Bayesian statistics were applied to analyze the binary data result-
ing from the wind tunnel experiment. For the frequentist approach, the fraction of flies
approaching the source was calculated for each stimulus class, and the significance of the
result was assessed by an generalized linear model, followed by false discovery rate (FDR)
correction to adjust for multiple comparisons (Verhoeven et al., 2005).
Additionally, Bayesian inference was applied to avoid thresholded p-value based statements
and rather express the result as a level of confidence. The strategy here was to model the
experiment as a sequence of independent binary trials as draws from a binomial distribution,
and the posterior distribution was inferred with a flat prior. From the posterior distribution,
the 95% credible intervals were calculated and pairwise comparisons of individual draws were
used to generate the confidence value of the flies being more attracted to one stimulus class
compared to another.
A posterior predictive model check was performed to test whether this model forms a good
representation of the actual data. Using the posterior distribution, simulated datasets were
generated and calculated if these simulated datasets contained more or less approaches than
the observed (Gelman et al., 2000). This fraction of simulated datasets containing more
extreme than the real data, called Bayes p-value (Gelman, 2005), is indicative of model
quality: The closer the value to 0.5, the more symmetric the simulated datasets distribute
around the real data. In detail, the glm() function of the statsmodels package was used
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to fit the generalized linear model, and the glm_sim() function was used to simulate 1000
samples of the model’s β coefficients assuming a flat prior distribution.
To obtain the posterior distributions, the β coefficients were multiplied with the model
matrix X and converted to probabilities with the inverse density function of the logistic
distribution:

P = logit−1(Xβ) = eXβ

(1 + eXβ)

The obtained posterior distributions P (θ | y) with the data y and the model parameters
θ have the useful property to allow intuitive evaluation of a claim such as “flies are more
attracted to stimulus A compared to stimulus B”: As both being statistical distributions,
random draws from different posteriors can be compared to be larger or smaller. When
this procedure is repeated many times, fraction of cases where A > B can be seen as a
probability of the result P (A > B) or as a confidence in the result: If this fraction is 0.5,
the initial claim does clearly not hold: A is only 50% of the time bigger than B, hence they
are rather equal than different. If two draws always yield and A bigger than B, the value
will be one.

6.5 Results

6.5.1 Influence of temporal structure if odorant mixtures on OSN responses

Given that the OSNs are grouped in sensilla and thus share the same sensillar lymph,
Vermeulen and Rospars (2004) have predicted in a modeling study that their electrical
potentials should influence each other, and Andersson et al. (2011) and Su et al. (2012)
have experimentally verified this. This so called ephaptic interaction acts non-synaptically
and reciprocally inhibitory.
Both studies have not explored any temporal aspects of this interaction. To test if the tem-
poral structure of an olfactory stimulus influences its processing already at the sensory level,
single sensillum recordings (SSR) of Drosophila OSNs were performed while stimulating the
sensilla with temporally structured odorant mixtures.
To closely match the conditions of Su et al. (2012), the odorants methyl hexanoate and 2-
heptanone (abbreviated in legends as MHXE and HEPN, respectively) were used. The ab3A
neuron responds to methyl hexanoate, but not to 2-heptanone. Hence, methyl hexanoate
is referred to as the cognate odorant for the ab3A neuron, whereas 2-heptanone is referred
to its incognate odorant. The ab3B neuron however responds to 2-heptanone but not to
methyl hexanoate - hence cognate and incognate odorants are swapped. This allows to
experimentally disentangle the influence of an incognate odorant to the response of the
cognate odorant for both neurons.

6.5.1.1 Influence of incognate odorant pulses to persistent cognate odorant stimuli

As a first experiment, the effect reported by Su et al. (2012) was attempted to be reproduced.
Figure 6.6 shows an example recording where a 2-heptanone stimulus is added 2 s after the
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Figure 6.6: The firing rate of ab3B decreases as the firing rate of ab3A increases. Top
panel shows the relative concentration of the individual odorants, middle panel shows the voltage
traces individual trials with predicted spikes drawn in their respective colors, bottom panel shows
the estimated firing rates of the individual trials and their average. t = 0 denotes the start of the
2-heptanone pulse, added onto the longer methyl hexanoate stimulus. Right panels show data of the
same recording as in left panels, but with a higher magnification around t = 0. Compatible with the
finding of Su et al. (2012), the firing rate of the ab3A neuron decreases as the ab3B neuron firing
rate increases. Responses were obtained from stimulations in the high concentration regime.

beginning of an methyl hexanoate stimulus. The ab3B neurons initially changes from its
baseline activity of approximately 15 Hz to 140 Hz and rapidly adapts to about 40 Hz. The
firing rate of the ab3A neuron is however unchanged. However, as soon as the methyl
hexanoate stimulus is presented, the response of the ab3A neuron almost reaches 250 Hz,
and the response of the ab3B neuron is strongly suppressed, initially reaching 0 Hz but then
slowly recovering.
This reduction was also observed to be reciprocal, although to a much lower degree. Figure
6.7 shows the addition of a 2-heptanone pulse to an ongoing methyl hexanoate stimulus.
Here, the rate of the ab3A neuron decreases from 50 Hz to 40 Hz after the onset of the
2-heptanone pulse.
Even though much smaller, the effect is consistent across recordings and the two concen-
tration regimes. Figure 6.8 shows 7 recordings for the low and 5 recordings for the high
concentration. With one exception, the firing rates are reduced in all recordings.

6.5.1.2 OSN responses to odorant mixtures with onset asynchrony

Having established that the reported firing rate reduction can be reproduced in this experi-
mental setting, the next question was whether the response reduction by incognate odorants
is modulated by the time point of the odorants arrival. Hence, the responses to odorant
mixtures with synchronous or asynchronous arrival times at the sensillum were recorded.
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Figure 6.7: The firing rate of ab3A decreases as the firing rate of ab3B increases. Panels
as in Figure 6.6. The same kind of interaction as in the ab3A to ab3B case is observed, but to a much
lower degree. Hence, the interaction between the ab3A and ab3B neuron is mutual but asymmetric.
Responses were obtained from stimulations in the high concentration regime.
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Figure 6.8: The presence of an incognate odorant reduces the response of both ab3
OSNs to their cognate odorant. Quantification of the response reduction at the two different
concentration levels. Compared are the average firing rates between trials with the incognate odorant
present or absent in a time window 0.1-0.35 s after valve switch. Individual data points are trials
averages obtained from one animal, filled bars are averages over animals. N = 7 for the low and
N = 5 for the high concentration regime. Error bars indicate 95% confidence intervals, stars denote
significance level of a paired t-test (p < 0.05 : ∗, p < 0.005 : ∗∗).
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Figure 6.9: Responses of ab3 OSNs to short odorant pulses. Responses to three different
odorant stimuli as marked above each panel are shown. Top panel shows the valve state, middle
panel shows the voltage traces individual trials with tick marked predicted spikes, bottom panel
shows the estimated firing rates of the individual trials and their average. Responses were obtained
from stimulations in the low concentration regime.

In the previous section, the influence of a single incognate odorant pulse onto longer cognate
odorant background stimuli was established. In contrast with this finding, stimulation of
a short pulsed single component reliably activated the neuron cognate to the odorant, but
without any obvious changes to the background activity of the other neuron. (Figure 6.9A
and B, compared to Figure 6.6 and 6.7).

Influence of asynchronous odorant mixtures on response onsets A possible mode of
interaction would be, that the first responding neuron inhibits the later via ephaptic in-
teraction, delaying its response in time further than expected by the stimulus delay alone.
To test if odorant onset asynchrony had such a general influence on the responses timing,
the response onset for each response was compared with the expected onset, which is the
onset time of the single component alone, plus the imposed stimulus delay. The time point
of response onset was defined as a crossing of the average firing rate over 37% (1/e) of the
difference between background and peak response. As can be seen in Figure 6.12, no larger
response delay than expected could be observed.
Alternatively, ephaptic interaction do not influence response kinetics, but rather response
strength. To test this, the peak firing rate of both neurons to each stimulus was compared to
the peak rate elicited by the cognate odorant alone (Figure 6.11). While the ab3A neuron’s
firing rate is invariant to the stimulus onsets, a significant reduction in firing rate could
be observed for the ab3B neuron for asynchronous stimuli with ∆t not larger than 24 ms,
irrespective of the leading odorant’s identity. However, this reduction can be caused by
sorting errors as it is within the range of maximally expected deviation (see Chapter 7).
Another option would be, that only the first spike latencies are influenced by such a tem-
porally delaying ephaptic interaction. To test for this possibility, the time point of the first
spike was extracted and compared between the different stimulus groups. No influence on
the timing of the first spike were observed (Figure 6.12).
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Figure 6.11: Peak firing rate of OSNs is not influenced by ephaptic interactions. Quan-
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centration regime. The ab3A neuron is virtually unchanged, while ab3B shows a significant reduction
for a range of overlapping odorant pulses. This reduction is however in the range of expected sorting
errors at these firing rates.
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Figure 6.12: First spike latency of ab3A is not influenced by ephaptic interactions.
Analysis was performed only in the high concentration regime, where the ephaptic interaction acts
strongest ((Su et al., 2012) and Figure 6.8). However, because of excessive sorting errors, this
restricts the analysis to the ab3A neuron only. because the olfactory stimulator was slightly moved
between different experimental sessions, each recording had a slightly different odorant arrival time.
Hence, the average first spike time per animal was subtracted from all spikes recorded from this
animal. No influence of odorant onset timing on the first spike latency of the ab3A neuron could be
observed. Negative outliers correspond to spikes from background activity that fell within the first
spike detection window by chance.

6.5.1.3 ONS responses to fluctuating stimuli

As visualized in Figure 6.1, odorants spatiotemporally distribute in plumes, and reach an
olfactory organ as a fluctuating concentrations over time. In these plumes, odorants emanat-
ing from the same source exhibit correlated concentration changes, and odorants emanating
from spatially separated locations would show less correlated changes.
To mimic such a naturalistic situation, I stimulated the flies antennae with reproducible
fluctuating odorant concentrations. This was done by switching the olfactory stimulator’s
valves at random time points, where the switching times were generated from a Poisson
point process (with mean interval of 50 ms) for a 10 s long segment. Two sequences of valve
state changes for both odorants A and B were calculated separately. From those sequences,
different correlated and uncorrelated mixture stimuli were constructed: For the uncorrelated
case, the stimulus was simply the simultaneous stimulation with both random sequences for
odorant A and B, abbreviated ABi. Additionally, two correlated mixtures could be derived
from the sequence of state changes: either both odorants A and B could fluctuate with the
time course of A (abbreviated ABA), or conversely fluctuating with the time course of B
(abbreviated ABB).
Such fluctuating stimuli elicited repeatable spike trains in both neurons (Figure 6.13). To
quantify if the presence of an incognate odorant has an influence on the spiking sequence,
the Victor-Purpura distance of spike trains (DV P ) was calculated and compared. If such an
influence was present, the spike trains of the ab3A neuron from the stimulus ABi compared
with the spike train of stimulus A should be more similar than the spike trains resulting
from stimulating with ABA and A, because less ephaptic interactions are expected to occur
if the peaks of activity of both neurons are not coinciding. As Figure 6.14 shows, this was
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Figure 6.13: ab3 OSN responses to fluctuating odorant mixtures. Independently fluctuating
odorant mixtures elicited reproducible spike trains in both units. Left panels shows resulting activity
from stimulation in the low concentration regime, right panels the resulting activity obtained by
stimulation with a high concentration. Colors and panel layout are as in previous Figures.

not observed for the ab3A neuron. However, such a difference was observed for the ab3B
neuron, but as argued before, this difference could also originate from spike sorting errors.
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Figure 6.14: ab3 OSN spiking patterns do not change in the presence of an incognate
odorant. Victor-Purpura spike train distances for different conditions of correlated and uncorrelated
odorant mixture stimulations. Box plots show the distribution of pairwise comparisons for each
stimulus pair. See text for an explanation of the comparisons. While DV P (ABi, A) was expected
to have a lower value than DV P (ABA, A) if ephaptic interactions modulate the response, this was
not observed for stimuli of both concentrations. Such a difference is visible for DV P (ABi, B) and
DV P (ABB , B), but this difference could also result from spike sorting errors.
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Figure 6.15: Glomerular response patterns of PNs. Example calcium signals of projection
neurons from a single fly. The single trial responses to the olfactory stimuli A, B, AB and blank
control are shown. Top row shows the raw fluorescence and the mask used to segment the images
into time traces, the bottom row shows the corresponding ∆F/F images. Both odorants evoked
similar and confined glomerular increase of fluorescence. All images show the average values of
images obtained 0.2-0.7 s after valve opening. Scale bar: 10 µm. Odorant A: pentyl acetate, odorant
B: butyl acetate.

6.5.2 Projection neuron responses to asynchronous mixtures

With the exception of ephaptic interactions as described in the previous section, the AL
is the first layer of olfactory processing where different sensory channels interact with each
other. As described in Chapter 2, the LN network activity modifies the neural representation
of the glomerular pattern, in a way that it decorrelates correlated OSN input, hence serves
as a mechanism to enhance pattern separation.
Based on this assumption, the odorant pair pentyl acetate and butyl acetate (abbreviated
PACE and BACE, respectively) was chosen due to their chemical similarity and hence
expected glomerular pattern similarity (see Figure 6.4 for a comparison).
In order to probe how the time course of the components in a mixture influence AL process-
ing, I measured the responses of PNs to synchronous and asynchronous odorant mixtures.
To do so, I used the Gal4 line NP225 to drive expression of GCaMP6f, and used 2-photon
calcium imaging to optically measure the stimulus induced calcium changes in these neurons.

6.5.2.1 Overview of the projection neuron responses to odorants

Both odorants elicited very similar glomerular response patterns (Figure 6.15). The syn-
chronous mixture elicited a response pattern that was visually similar to a combination of
both. Some minor responses to the blank air stimulus were also observed. Figure 6.16 shows
an overview of all the responses in the dataset.

6.5.2.2 Analysis of glomerular response patterns to asynchronous odorant mixtures

To analyze if the representation of asynchronous odorants differs from the representation
of synchronous, principle component analysis was used to visualize the multidimensional
trajectories from the glomerular response space (see Section 6.4.6.2 for a description). Vi-
sually, individual components separate only slightly, but the peak response patterns elicited
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6 Temporal coding in the olfactory system

Figure 6.16: Combined calcium signals of the projection neurons from all flies. Panels
show the extracted time traces resulting from averaging each frame by the glomerular masks (see
Figure 6.15). Responses obtained from each of the five trails per ROI are stacked vertically, and
white lines indicate separation of data from different animals. In total 35 (unidentified and thus
possibly duplicate) glomeruli from 8 animals were recorded. Odorant A: pentyl acetate, odorant B:
butyl acetate.

by synchronous and asynchronous mixtures fully intermix (Figure 6.17). However, the PCA
trajectories calculated from the responses to the asynchronous odorant mixtures showed a
slight initial detour towards the trajectory obtained from the single components, resembling
the effect observed by Stierle et al. (2013).

As the PCA analysis does not yield a quantitative description and serves more as an ex-
ploratory data visualization, a more thorough quantification was applied by calculating
the pairwise euclidean distances of the responses directly. This revealed that the response
patterns of asynchronous mixtures were more similar to the mixture’s leading component
during the first frame containing stimulus induced responses (Figure 6.18). An odorant
symmetric trend was observed, however only for the comparisons from odorant B to the
asynchronous mixtures was significant. Nevertheless, this significance was only observed for
one frame, hence this result could simply arise from the fact that during this time point
of the measurement, more odorant B was present than odorant A, and no time prolonging
skew in the representations as observed by Stierle et al. (2013) was found in this dataset. A
comparison of all pairwise Euclidean distances along the entire duration of the measurement
revealed no asynchrony induces differences in the overall response pattern (Figure 6.19).

To conclude, the pair of pentyl acetate and butyl acetate elicited activity patterns in the AL
that differed only minimally. Based on Euclidean distance as a pattern analysis, a temporal
onset delay expanding effect on the glomerular representations was indicated, but not found
to be robust against significance testing.
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Figure 6.17: PN responses do not reveal separation of temporally asynchronous mix-
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pure air. Additionally, one mixture is drawn into each panel as indicated above it. While the re-
sponses of the single components A and B separate, the synchronous and asynchronous mixtures
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leading component in an asynchronous mixture seems apparent, and is analyzed in detail in Figure
6.18. Odorant A: pentyl acetate, odorant B: butyl acetate. Values on the axes show the fraction of
explained variance. Circles denote the average of the peak response as shown in Figure 6.15. See
Section 6.4.6.2 for details on the calculation.
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Odorant A: pentyl acetate, odorant B: butyl acetate.
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Figure 6.19: Euclidean distance analysis indicates no difference in the peak responses of
temporally synchronous or asynchronous stimuli. Pairwise time resolved euclidean distance
of all recorded PN responses. Each panel shows comparison of two stimuli as noted at the panel’s
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their representations, and trial to trial variability of of a similar magnitude as the difference between
different stimuli. Shaded gray area denotes the stimulus duration. Odorant A: pentyl acetate, B:
butyl acetate.
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6.5.3 Kenyon cell responses to asynchronous odorant mixtures

As described in Chapter 2, the KC layer is sampling from PN response space, and the way
how this sampling is done has consequences for possible schemes of encoding temporal fea-
tures of olfactory stimuli. Specifically, it is unknown whether temporal cues are transmitted
through or if and how they are processed by the KC layer.
To study this aspect of MB processing, the KC responses to asynchronous odorant mixtures
were measured with 2P calcium imaging of GCaMP6f expressed by the driver line OK107.
Five different data sets were obtained, with different onset delays and different odorant
pairs:

odorant A odorant B ∆t [ms] animals cells
methyl butyrate ethyl acetate 6, 12 4 173
pentyl acetate butyl acetate 33, 66 5 156
pentyl acetate ethyl lactate 33, 66 7 298
pentyl acetate butyl acetate 50 9 304
pentyl acetate ethyl lactate 50 5 221

For each data set, each stimulus was presented 3 times in total.

6.5.3.1 Overview of the Kenyon cell responses to odorants

To unambiguously sample from KC somata, the microscope’s focal plane was adjusted to
cut the MB calyx at a height that contained both dendritic and adjacent somatic layers.
Then, ROIs were placed only on soma responding in one of the trials, hence no statement
about a responsive fraction of KCs or sparseness can be made in this study.
As reported previously, Drosophila KCs form an odorant-specific pattern of cellular activity.
Figure 6.20 shows exemplary responses obtained from single recordings for two odorant pairs,
the similar and dissimilar odorant pair. Figure 6.21 shows an overview of the time traces
that are obtained by slicing the individual recordings along the temporal domain at each
ROI. These traces formed the basis for all subsequent analyses.

6.5.3.2 Analysis of KC response patterns indicates stimulus asynchrony induced
differences in the early response

As visible in Figure 6.21, brief odorant pulses elicited activity changes in KC somata that
outlasted the stimuli, and some KCs did not return to their baseline activity level at the end
of the recording’s time span. As a first analysis, the initial response onset was analyzed for
differences between asynchronous stimuli. Analogously to the analysis of the PN response
patterns, the early phase was visualized by a PCA analysis that captured the dynamics of
the response (Figure 6.23A and 6.22A). Contrary to PNs, the KC responses contained more
stereotypic dynamics, progressing towards their peak pattern and then slowly falling back
towards their baseline without much excursions in the response space.
However, a similar initial detour towards the leading component in an asynchronous mixture
was also observed for KC responses. This visual observation was again tested by pairwise
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Figure 6.20: Exemplary fluorescence signals obtained from KCs. The single trial responses
to the olfactory stimuli A, B, AB (= synchronous mixture) and solvent control are shown. Top row
shows the raw fluorescence and the manually drawn mask to segment the images into time traces, the
bottom row shows the corresponding ∆F/F images. Odorants evoked both increased fluorescence
in the dendritic region, as well as confined somatic signals. Data from a single fly for a dissimilar
(PACE and E2PE) odor pair. All images show the average values of 5 frames surrounding the peak
response, which is 0.5-2.5 s after valve opening. Scale bar: 10 µm.

Euclidean distance analysis: The response pattern during the first frame containing odor-
ant induced responses was for both similar and dissimilar odorants closer to the leading
component (Figure 6.23B and 6.22B), and this difference was significant for the first frame.
Contrary to what was reported above for the PN responses, this effect was significant for
more than one frame for the dissimilar odorant: for at least two frames, the responses pat-
terns of asynchronous mixtures were closer to the response pattern elicited by the leading
component. This difference can not be explained by momentary concentration differences
alone, as each frame integrated responses for 246 ms, and ∆t was only 50 ms. This indi-
cates that the response onset delay had consequences for the early response evolution that
outlasted the delay, similar to what was reported by Stierle et al. (2013) in honey bee PNs.
This observation is however inconsistent between both odorant pairs: While the dissimilar
odorant pair exhibited both an asymmetry in the order of odorant presentation, a leading
pentyl acetate pulse also led to the situation in which the representation was first closer
towards pentyl acetate alone, and then it flipped towards being more distant to it. Also,
for the dissimilar odorant pair, the first frame before the actual stimulus onset contained a
significant difference.

6.5.3.3 Identifying mixture interactions in KC responses

After the analysis of the initial response evolution, the overall response pattern of the KCs
was tested for any odorant asynchrony induced changes in response pattern. When the
entire population of measured KCs was considered, no such differences were found (data
not shown). It was therefore tested, if meaningful subsets of KCs could be defined that
carry an enhanced information content with respect to the stimulus asynchrony.
If the activity of a KC depends on the synchrony or the order of its input, then influence of
onset asynchrony on the response should be visible in KCs that respond to both odorants.
Even more, KCs that exhibit mixture interaction form ideal candidates to test for altered
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Figure 6.21: Exemplary fluorescence traces extracted from KC imaging. Panels show
the extracted time traces resulting from temporal slicing of the image stacks by manually drawn
circular ROIs from Figure 6.20). Displayed are the average ∆F/F values of 3 trials. White vertical
bars separate signals from different animals. On average, 42 responding cells per animal could be
obtained for all 5 datasets.
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Figure 6.22: PCA analysis of KC response patterns to the similar odorant pair. A)
A slight initial detour towards the leading component is visible towards component B. Layout and
logic as in Figure 6.17 B) Frame resolved pairwise Euclidean distances of the response patterns
elicited by the asynchronous mixtures and single components. The response pattern at the first
frame containing odorant induced responses was consistently more similar to the response pattern
of the leading component presented alone. Layout and logic as in Figure 6.18. Odorant A: pentyl
acetate, B: butyl acetate.
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Figure 6.23: PCA analysis of KC response patterns to the dissimilar odorant pair. A) A
slight initial detour towards the leading component is visible towards component A. Layout and logic
as in Figure 6.17 B) Frame resolved pairwise Euclidean distances of the response patterns elicited
by the asynchronous mixtures and single components. The response patterns at the first and at least
one following frame were more similar to the response pattern of the leading component presented
alone. Layout and logic as in Figure 6.18. Odorant A: pentyl acetate, B: ethyl lactate.
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Figure 6.24: Responses from single Kenyon cells. All responses in one row were extracted
from a single cell for all stimuli and trials. Thin lines are data from individual trial responses, thick
lines show the trial average. Upper row show an example of a Kenyon cell classified as exhibiting
synergistic mixture interaction. Lower row show the time traces of a single cell classified as temporally
sensitive. Odorant A: pentyl acetate, odorant B: ethyl lactate.

responses, because they a) either already receive activity that was subjected to interaction,
or b) form the place where the odorant induced responses coincide and interact.
To test if those interactions are sensitive to onset asynchrony, different mixture interactions
and a way how to categorize them need to be defined. Following Duchamp-Viret et al.
(2003), the following terms will be used (with R(X) denoting the response to stimulus X):

1. R(A) > R(AB) < R(B): inhibition
2. R(A) < R(AB) > R(B): synergism
3. R(A) < R(AB) < R(B) and R(A) > R(AB) > R(B): suppression

In words, for a cell to be classified as (for example) showing inhibitory mixture interactions,
both the responses to single components A and B have to be bigger than the response to
the mixture AB. To asses if a response is reliably bigger, a linear model was fit to all the
responses obtained from a single cell. Based on this model fit, a difference was accepted to be
present if the fitted value of the response to the synchronous mixture was non-overlapping
with the confidence intervals from the response to the single components A and B (see
Figure 6.25 for an example and section 6.4.6.2 for details). Figure 6.25C shows the total
observed fraction of mixture interactions in the datasets obtained and analyzed in this study,
which was with one exception approximately 10% of the cells. No consistent pattern of cells
showing mixture interaction were found for the different stimulus categories (6.25D).

6.5.3.4 Peak responses of mixture interaction cells are sensitive to temporal synchrony

After identification of mixture interaction sensitive cells, their responses were quantified for
differences between the synchronous and asynchronous odorant mixtures.
As a first analysis, the euclidean distance of the population response vectors were compared.
As each stimulus was presented 3 times in total, 3 response vectors belong to each stimulus
class. For each stimulus class comparison, all pairwise euclidean distances of these response
vectors were calculated. Across stimulus class comparisons thus yield a distribution of
comparative distances, while within class comparisons serve as a measure for inter-trial
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Figure 6.25: Classification of mixture interactions by linear regression. Individual KCs
are classified based on the overlap of the confidence intervals of the test category overlaps with the
fitted response value of the synchronous mixture. Small circles show the individual measurements,
big circles the models’ fitted values. Bars denote the 95% confidence interval. A) Linear regression
model plot of the cell shown in Figure 6.24 (upper row). The cell was categorized into showing
synergism, because the confidence intervals of stimulus A and B are non-overlapping and below
the average response to AB. Note that it seems as if the mixture interaction is also synchrony
dependent. However, this is rejected by the the linear model categorization because of variability in
response to the synchronous mixture. B) Linear regression model plot of the cell shown in Figure
6.24 (lower row). This cell was classified into both showing suppressive mixture interaction, as well
as being temporally sensitive. C) Occurrence of sensitivity to mixture interaction and temporal
asynchrony in Kenyon cells. Fractions of mixture interaction sensitive cells across the measured
data sets categorized into either inhibition, suppression or synergism. D) Occurrence of mixture
interaction for the synchronous and different asynchronous stimuli in each data set. Yellow marks
the occurence of mixture interaction. While few cells consistently show mixture interaction for all
stimuli, the majority of cells classified as such is differs and showing mixture interaction only to a
subset of synchronous or asynchronous odorant mixtures.
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Figure 6.26: Euclidean distances of the peak response patterns from different stimuli.
Each row shows the same analysis applied to a different data set. Left column shows the euclidean
distances of all pairwise combinations of the response patterns to stimulus A, middle to AB and right
to B. The analysis was restricted to the subset of mixture interaction cells. Each dot is the result of
one comparison, box plots show the respective distribution. Stars denote FDR corrected significance
levels and are always referring to a comparison between the stimulus class of the row where they
are plotted and the reference stimulus as marked above the panel itself. A) dataset: PACE-E2PE,
∆t =33,66 ms. Stimuli with onset asynchronies of 33 ms are significantly different from the mixture,
in one case also with a ∆t of 66 ms. B) dataset: PACE-E2PE, ∆t =50 ms. Here too, one of the
asynchronous odorant mixtures is significantly different from the synchronous mixture.

variability.

These stimulus class comparisons take different perspectives on the data: They both quanti-
tatively show if the responses from asynchronous mixtures are any different to the responses
to the synchronous, as well as if they are closer to the responses of the single components, as
it would be expected if the KC layer has already performed odor-background segregation.

Figure 6.26 shows this type of analysis for 4 of the 5 datasets (the PACE-BACE ∆t =
33,66 ms dataset had to be excluded from pattern analysis as only 1 cell exhibiting mixture
interactions was found). For both PACE-E2PE datasets, some of the responses to asyn-
chronous mixtures show significant differences to the responses of synchronous mixture, but
this effect is not observable for the PACE-BACE and MEBE-EACE dataset (6.27). Also,
no clear prevalent pattern for decreased distance towards the single components is visible.
This shows that the response patterns to asynchronous mixtures can be different to the
response patterns to synchronous mixtures, although they do not change in a systematic
way in which they resemble more the individual components.
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Figure 6.27: Euclidean distances of the response patterns from different stimuli. Same
layout and structure as Figure 6.26. A) dataset: PACE-BACE, ∆t =50 ms. No significant differences
were found. B) dataset: MEBE-EACE, ∆t =6,12 ms. Also here, no significant differences were
found.
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this value is, the more is gained by distorting the time traces relative to each other. No increased
distance of the responses to asynchronous mixtures relative to synchronous mixtures is observed.
See Section 6.4.6.2 for details of the calculation.

6.5.3.5 No detectable influence of stimulus asynchrony on the overall time course of
Kenyon cell responses

The pattern distance of peak responses described in the previous section is based on the
finding that the KC pattern encodes odorant identity (Campbell et al., 2013; Vasmer et al.,
2014). However, another alternative to code temporal features would be, that the overall
pattern doesn’t change much, but rather a modulation of the its time course.
To test for this possibility, a distance based approach that accounts for such temporal
changes was applied: The dynamically time warped distance, DDTW , is a version of the
euclidean distance that allows warping the data in the temporal domain to find the minimum
distance. The DDTW is, if time warping does not decrease the distance, identical to the
euclidean distance. In this approach, the difference of the DDTW and the euclidean distance
DE was calculated, and normalized by the total magnitude of the DE . The resulting metric
is indicative for the relative change in response shape. The larger the value, the more is
gained by distortion, meaning the more different the signals are in their kinetics (see Section
6.4.6.2 for details of the calculation).
The result of this analysis is shown in Figure 6.28: No increased values of the metric for
comparison between synchronous and asynchronous stimuli is apparent. There is however
an asymmetry for the single components, where the metric for PACE has lower values when
compared to the synchronous mixture or E2PE than the other stimulus classes.

6.5.3.6 Mixture interaction cells contain information that enhances stimulus
identification

The results shown in Figure 6.26 suggest that the mixture interactions of some KCs change
if the components do not arrive synchronously at the antenna. To verify if these differences
contain information that can be used for correctly identifying the stimulus, a classification
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approach was used to test if the stimulus class can be correctly predicted from the obtained
response patterns. For this, the data set was split into two parts, one containing mixture
sensitive cells only, and the other all remaining cells. Then, the classification analysis was
calculated separately for both set of cells.

For classification, a ν-SVM was trained on KC responses to two of the three presented
stimulus trials, and the responses measured in the remaining trials were used for testing
correct stimulus class prediction. Repeated 3 times for each testable trial, the classification
success was taken as the average of the three classifications (see Section 6.4.6.2 for details).
Classification was then assessed in a time resolved manner: For each frame, the predicted
stimulus class for each frame was compared to the true stimulus class. Before stimulus onset,
all predicted labels fell into the air or solvent control category, as the response to mineral
oil or air are most similar to the background activity. After stimulus onset, the responses
to the single components were almost always correctly identified, whereas the synchronous
and asynchronous mixtures were better predicted by the mixture interaction sensitive cells
(Figure 6.29).

To determine the significance of classification success, permutation testing was applied by
shuffling all trial labels and repeating the classification. Done 250 times, this yields a dis-
tribution of chance classification success against which the performance of the real classifier
could be compared. The values of the time resolved classification were condensed into a
single data point by taking the average of the number of correct classifications after stimulus
onset until the end of the recording.

This result is summarized for all data sets and all onset time differences in Figure 6.30.
Above chance classification success is present for 33, 50 and 60 ms onset asynchrony for the
PABA - PAEL odorant pair.

6.5.4 KC responses to asynchronous mixtures before and after reinforcement

As shown in Figure 6.26, asynchronous mixtures can alter the response pattern of KCs, but
these changes are not systematically shifting the representations towards an enhanced single
component representation. This could be due to the fact, that the tested flies were naive to
both odorants: no previous template has been formed, no odor is more important than the
other. Previous behavioral experiments studying odor-background segregation on temporal
cues were conducted with either conditioned animals (Hopfield and Gelperin, 1989; Szyszka
et al., 2012) or odorants that contained innate meanings (Fadamiro et al., 1999; Weissburg
et al., 2012).

Therefore, an experiment combining KC imaging and differential conditioning was per-
formed: Flies were subjected to subsequent two imaging sessions, separated by either appet-
itive or aversive conditioning. Appetitive reinforcement was achieved by sucrose stimulation
of the labellum, and aversive reinforcement by applying mild electroshocks to the legs.

The experiments were carried out with two odorant pairs: the similar PACE-BACE and
the dissimilar PACE-E2PE pair.
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Figure 6.30: Enhanced classification success of asynchronous odorant mixtures by mix-
ture sensitive cells. Significance of classification by permutation testing. To test whether the result
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odorant A odorant B reinforcer CS+ N cells
PACE BACE appetitive PACE 5 157
PACE E2PE appetitive PACE 2 117
PACE E2PE appetitive E2PE 3 104
PACE BACE aversive PACE 3 135

If odor background segregation happens at the KC layer and the KC activity pattern codes
odorant identity, then responses to asynchronous mixtures should contain more information
about the single components:

‖R(A), R(A∆tB)‖ < ‖R(A), R(AB)‖ > ‖R(A), R(B∆tA)‖

with ‖R(X), R(Y )‖ being the euclidean distance between of the responses elicited by stim-
ulus X and Y .

6.5.4.1 KC responses to odorants change after reinforcement

Some KCs exhibited different responses in the post conditioning imaging session. These
changes were very diverse and complex: Some of these changes were stimulus class specific,
whereas others were more broad, and both response increases and decreases were observed.
Figure 6.31 shows the response profile changes of two cells recorded before and after appeti-
tive conditioning. Whereas one cell increased its response to all stimuli containing the CS+,
the other cell became responsive to the mixtures only. Figure 6.32 shows the responses from
two cells that were subjected to aversive conditioning. While one decreased its response to
the CS+, the other increased its response to the CS-.
To analyze the distribution of those effects, a classification approach was applied to filter
the cells into exhibiting plasticity or not: A cell was considered to be plastic if the 95%
confidence intervals of the responses before and after conditioning did not overlap, tested
for each stimulus class. Figure 6.33 shows the obtained fractions of changes: For all stimulus
conditions, some changes could be observed, with no clear pattern apparent.

6.5.4.2 Plastic KCs do not lead to better pattern segregation

After the identification of a subset of plastic cells, the next question was whether these
cells contain any enhanced information content useful for segregating the CS+ from the
CS-. Analogously to the prieview analyses for KCs, a pattern analysis was performed on
the subset of plastic cells. As can be seen in Figure 6.34 conditioning generally reduced the
variability of the responses, but did not reduce the distance between the CS+ representation
and the asynchronous mixtures. Rather, as can be seen in the first panel of Figure 6.34B,
all response become more similar to the CS+, although this effect is also not visible for
the similar odorant pair in Figure 6.34A. Also, synchronous mixtures did not become more
distant to synchronous mixtures. Specifically for the aversive conditioning, all responses
seem to move closer together, although this effect can be explained by a generally reduced
response amplitude in the post-conditioning imaging session.
Taken together, the diverse changes observed in the single cell responses did not contained a
better representation of the CS+, or any enhanced segregation of the CS+ in asynchronous
mixtures.
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Figure 6.31: Exemplary responses of single KCs before and after appetitive conditioning.
A) For this cell, all stimuli that contain the CS+ component increased their response B) In this
examples, the cell became selectively responsive to mixtures. Odorants: A=CS+=PABA, B=CS-
=E2PE

Figure 6.32: Exemplary responses of single KCs before and after aversive conditioning.
A) This cell exhibited a reduction of its response to the CS+. The reduction to the synchronous
mixture did not pass the classification threshold. B) Example of a cell exhibiting a increase to the
CS-. Odorants: A=CS+=PABA, B=CS-=E2PE
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Figure 6.33: Fraction of cells categorized as exhibiting plasticity. For all three datasets, the
fractions of cells that were categorized into showing plasticity are shown. Decreases and increases in
all stimulus classes are present.

6.5.5 MBON responses to synchronous and asynchronous mixtures after
associative conditioning

The MBON layer reads the pattern of the KC and transforms it into a valence code that
is thought to drive behavioral decisions (Owald et al., 2015; Hige et al., 2015b). It is
however unknown how MBONs respond to asynchronous odorant stimuli. Following the
published literature, the recorded MBON responses should a) reflect behavioral decisions,
and if behavioral decisions reflect analytic processing of temporally asynchronous mixtures,
a signature of that should be visible here.
To test for this, the activity of both positive and negative valence coding MBONs was
measured with 2P calcium imaging. Because the MBON responses are plastically shaped
by individual experience (Hige et al., 2015b), flies were conditioned prior to imaging to
shape their response profiles accordingly (see Section 6.4.4.4 for details on the conditioning
procedure).

6.5.5.1 Expression patterns of MB549C and MB434B

The two driver lines used for the imaging experiments. MB549C drives expression in two
putative appetitive MBONs: MBON-α2sc and MBON-α′3ap (Aso and Rubin, 2016; Aso
et al., 2014a). MB434B on the other hand drives expression in MBON-γ4 > γ1γ2 and
MBON-β1 > α, both linked to aversive valence (Aso and Rubin, 2016; Aso et al., 2014a).
An overview of their expression pattern is shown in Figure 6.35.
Both lines were crossed to the UAS-GCaMP6f reporter as in previous experiments, and the
F1 flies were imaged after first being conditioned and afterwards starved for 1 day.

6.5.5.2 Overview of the MBON responses to odorants

As expected from the expression pattern analysis, both lines exhibited localized fluorescence
that showed robust odor evoked responses (Figure 6.36). While the fluorescence signals from
MB434B line (MBON-γ4 > γ1γ2 and MBON-β1 > α) could be unambiguously assigned to
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Figure 6.34: Euclidean distances of the response patterns to different stimuli before
and after conditioning. Layout and logic of the figure as in Figure 6.26, with the difference
that both responses, before and after conditioning are shown next to each other. Comparisons are
calculated within the pre- and post-conditioning group, stars denoting significance are color coded
according to group identity. A) Appetitive conditioning of the PACE-BACE odorant pair. While
before conditioning, response pattern odorant A (=CS+) seem indistinguishable from the others,
after conditioning this separation is enhanced. The same is observed for the CS-. B) Appetitive
conditioning of the PACE-BACE odorant pair: while the specificity increase of the CS- is observed
here as well, all patterns become more similar to the CS+ C) Aversive conditioning of the PACE-
BACE odorant pair: All responses become closer to the respective reference pair. For all panels,
stars denote FDR corrected significance tests from each group to the reference group (as noted above
each panel), colored to group identity.
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Figure 6.35: Expression pattern of MB549C and MB434B in the brain of Drosophila.
A1-3) Expression pattern of MB549C. A1) Maximum projection of the entire brain (magenta:
neuropil background staining, green: counter stained expression of MB549C). A2-3) high resolution
scan of the MB and the lateral protocerebrum (magenta: synaptic staining, green: counter stained
expression of MB549C, grayscale: neuropil background staining). B1-3) Expression pattern of
MB434B B1) Maximum projection of the entire brain. (magenta: neuropil background staining,
green: counter stained expression of MB434B). B2-3) detailed insets of the data shown in B1)
Confocal microscopy stacks show data from Aso et al. (2014b), obtained from the Janelia FlyLight
Project.

the respective cell type by spatial location, the expression of the cells in MB549C (MBON-
α2sc and MBON-α′3ap, both in the α-lobe) were spatially too close to separate the cells
with enough confidence to attain single cell resolution. However, as both cells are thought
to code for positive valence and thus expected to behave similarly, their signals were pooled
for all subsequent analyses.
An overview of all traces obtained in this dataset is shown in Figure 6.37.

6.5.5.3 Quantification of MBON responses to conditioned odorants

The plastic process that shapes MBON responses acts by reducing the input strength of
MBONs of opposite valence to the presented reinforcer: For an appetitively reinforced
odorant, the net output of the entire MBON population thus contains less activity from
negative valence coding MBONs, but the response of the positive valence encoding MBONs
is unchanged (Hige et al., 2015a; Owald et al., 2015).
Figure 6.38A shows the response profiles of the recorded MBON types to the presented
stimuli: A slight decrease of CS+ responses compared to the CS- responses was measured
in the negative valence coding MBON-γ4 > γ1γ2, and conversely a decrease of the CS-
response was observed in the input region of the positive valence coding MBON-α2sc and
MBON-α′3ap cells. However, as can be seen in Figure 6.38B, both changes turned out to
be not significant after a pairwise t-test. The output regions of the positive valence coding
MBONs did not show any trend at all. Comparing synchronous and asynchronous odorant
mixtures, no differences could be observed.

144

https://www.janelia.org/project-team/flylight
https://www.janelia.org/project-team/flylight


6.5 Results

Figure 6.36: Example recordings of MBONs in response to odorants. A) Recording from
MB434B driving GCaMP6f in the gamma lobe, hence signals originate from MBON-γ4 > γ1γ2 (see
Figure 6.35B). B) Recording of MB549C driving GCaMP6f in the alpha lobe. The fluorescence
likely comes from MBON-α2sc, but could not unambiguously be distinguished from MBON-α′3ap
(see Figure 6.35A). C) Recording of MB549C driving GCaMP6f in the lateral protocerebrum. As
in B), no distinction can be made about the cellular identity. All panels as in Figure 6.15. Images
show the average value of 46 frames covering the entire response, which is 0.25-4.75 s after the first
valve opening. Scale bar: 10 µm. Odorant A: pentyl acetate, odorant B: ethyl lactate.
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Figure 6.37: Overview over all recorded MBON responses. Dendritic responses from
MBON-γ4 > γ1γ2, dendritic responses from MBON-α2sc and MBON-α′3ap and synaptic responses
from MBON-α2sc and MBON-α′3ap are shown. Black ticks on top mark the stimuli (5×500 ms
stimuli per trial with an ISI of 500 ms) white lines separate individual animals, each row shows the
response of an individual trial. Red line separates the animal groups of different CS+ identity. Both
large variations in the response of the individual flies, as well as systematic changes over the course
of the trials are visible. Odorant A: pentyl acetate, odorant B: ethyl lactate.
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Figure 6.38: MBON responses magnitude to odorants. Responses were recategorized into
CS+/CS-. A) Individual data points show the average ∆F/F of the response. For MBON-γ4 >
γ1γ2, a slight reduction of the CS+ compared to the CS- is visible. For MBON-α2sc + MBON-α′3ap
input, a larger reduction of the CS- is apparent, but no such difference is visible for both neuron’s
output. In all cases, no apparent difference of the mixture was observed. B) Paired data comparison
and statistical quantification of the data shown in A). No significant differences were found with a
paired t-test comparing CS+ with CS-, as well as the synchronous to the asynchronous mixtures.
Colors code animal identity.
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Figure 6.39: Systematic changes within and across trials of MBON responses. A) Slopes
of response change over 5 trials. MBON-γ4 > γ1γ2 consistently decreased its response amplitude
over trials, whereas the dendritic region of MBON-α2sc and MBON-α′3ap consistently increased.
The synaptic output of of MBON-α2sc and MBON-α′3ap was variable. B) Average change per pulse
within a given trial for all individual responses. The inverse of the situation in A) occured: MBON-
γ4 > γ1γ2 consistently increased its response strength, the dendritic region of MBON-α2sc and
MBON-α′3ap decreased, and the synaptic output of MBON-α2sc and MBON-α′3ap was variable.

6.5.5.4 Across and within trial changes of MBON responses

As visible in Figure 6.37, there is quite some apparent structure visible in the traces: Both
increase or decreases within a single trial, as well as differences over several repetitions are
visible. Both effects appeared to be cell type specific, and were analyzed separately.
First, a linear function was fitted to the average response magnitudes of all trials, and the
slope of the fit was extracted. This gives a measure for the decrease of response strength over
the time course of the experiment. Figure 6.39A shows, that MBON-γ4 > γ1γ2 consistently
decreased its response amplitude, while the input region of MBON-α2sc and MBON-α′3ap
consistently increased. No such change was visible for MBON-α2sc and MBON-α′3ap out-
put.
Second, to quantify the change of response magnitude from stimulus to stimulus within a
given trial, the average change per pulse was calculated as ∆R̄ = 1

4
∑4
i=1(R(Pi+1)−R(Pi))

for the i-th pulse Pi over a 400 ms time window starting 200 ms after each valve opening
time. Conversely to the trial to trial decrease, MBON-γ4 > γ1γ2 exhibited a within trial
increase, and MBON-α2sc and MBON-α′3ap decreased their response within a trial.
However, neither of the two metrics revealed any stimulus specific differences between CS+
or CS-, or synchronous and asynchronous odorant mixtures. In conclusion, while these
results show that different MBONs exhibited different integration properties, they did not
seem to be affected by both conditioning or temporal stimulus features.
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Figure 6.40: Upwind odorant source tracking flight behavior of Drosophila After take
off, the fly shows a curved flight trajectory before landing next to the odorant source. Images are
the minimum projection of the frames from video recording after the fly took off from the platform.
Scalebar denotes 1 cm. Extracted trajectory shown next to the raw recordings, a square marks the
10×10 cm target area.

6.5.6 Evaluating odor-background segregation of Drosophila with a behavioral
paradigm

The stimulus correlated information present in a neural recording is not informative if the
animal makes use of the information to guide its behavioral actions. To perform the sufficient
test if Drosophila can use temporal cues for odor-background segregation as other insects, a
behavioral experiment in which flies perform upwind odor-source tracking was carried out.
Synchronous mixtures, asynchronous mixtures and the single components were injected into
the laminar flow of a wind tunnel, and the flight trajectory of individual Drosophila were
recorded. Flies were previously appetitively conditioned to ethyl lactate and aversively to
pentyl acetate.

An example of such an upwind flight can be seen in Figure 6.40: After takeoff, the fly
approaches the location where the odorants were injected into the laminar flow. If a fly
landed within within a 10×10 cm square surrounding the olfactory stimulus injection side,
it was counted as being attracted towards the source. Such a large area was chosen, because
flies did not seem to be precisely attracted to the source. Rather, experiencing odorant
pulses seemed to trigger general and imprecise upwind flight behavior.

As can be seen in Figure 6.41A, flies are generally more attracted to the appetitively condi-
tioned odorant (CS+) compared to the negatively reinforced odorant (CS-). In order to test
for asynchrony aided odor-background segregation, the attraction of synchronous and asyn-
chronous odorant mixtures have to be compared.Statistical testing with frequentist methods
indicated only a significant difference between the synchronous mixture and the CS+ (stars
in Figure 6.41A)

Nevertheless, a more detailed statistical assessment using Bayesian inference revealed fur-
ther differences (see Section 6.4.6.3 for details on the procedure, and Figure 6.41C for a
posterior predictive model check to asses whether the model actually represents the data in
a meaningful way). Differences between the stimulus groups were determined by numerical
sampling from the posterior distributions, and the resulting confidence levels of all-to-all
comparisons were calculated and are summarized in Figure 6.41. From this type of analysis
follows the statement, that we can be 96% confident that the asynchronous mixture with
PABA as the leading odorant was more attractive than the synchronous mixture.
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Figure 6.41: Odorant source tracking performance of conditioned Drosophila. A) Fraction
of flies landing on or near the olfactory stimulus inlet. Error bars show the 95% credible intervals
obtained from Bayesian inference. B) Confidence values obtained by simulating from the posterior
distributions (see Section 6.4.6.3 for details on the procedure). Numbers represent the probability
(or confidence) that the stimulus labeled at the row elicits more attraction that the stimulus labeled
at the column. C) Posterior predictive model check. A p-value of 0.5 indicates a good model in
terms of the probability that more extreme values then expected are observed.

6.6 Discussion

This study focused on the influence of the temporal structure of odorant mixtures along the
olfactory processing pathway of Drosophila. The presented stimuli were synchronous and
asynchronous binary mixtures, in which the asynchrony described a difference in the indi-
vidual components’ onsets. Given the observation that asynchronous odorant mixtures aid
perceptual odor-background segregation, the hypothesis if stimulation with asynchronous
mixtures would reveal neural correlates of enhanced analytic odorant processing was tested.

6.6.1 Ephaptic interactions do not influence OSN response timing

The sensillar ephaptic inhibition observed by Su et al. (2012) could be qualitatively re-
produced in this study (Figure 6.8). Quantitatively, the effect size differs: The firing rate
decreases that were found in this study were lower than those of Su et al. (2012). Two
reasons could explain this discrepancy: First, the concentrations used in both studies might
not be comparable with each other. Second, the incognate was presented 2.5 s before the
onset of the cognate odorant in this study, while Su et al. (2012) constantly injected the
incognate odorant into the carrier air stream of their olfactory stimulator. Potentially, this
leaves more time for the inhibitory influence to build up its strength. However, this would
mean that not only the firing rate and the momentaneous sensillar potential influences the
strength of ephaptic interaction, but also some other slower acting mechanism, such as
adaptation.
Stierle et al. (2013) found that honey bee PNs response patterns to the components of
an asynchronous mixture are initially skewed towards the representation elicited by the
temporally leading component, and this skew was temporally longer than the actual delay
between the physical arrival of the components at the antennae. This was interpreted as a
time expanding function of the AL of input asynchronies, a mechanism that could enhance
segregation of patterns at later stages of olfactory processing. The authors speculate that
this suppression of the trailing odorant’s response could be caused either by a build up of
inhibition in the LN network, or beforehand in the OSNs by ephaptic inhibition.
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Inner sensillar ephaptic interactions have been speculated to be responsible for the high-
temporal resolution in the pheromone processing (Szyszka and Stierle, 2014), as pheromone
sensitive OSNs with antagonistic action are grouped within single sensilla of moths (Baker
et al., 1998). However, although ephaptic interactions in ongoing olfactory stimuli were
observed, brief pulses of asynchronous odorants did not reveal responses to the trailing
odorant that were delayed more than expected by the experimentally imposed delay (Figure
6.10).
This study does therefore not support the above proposed function of ephaptic inhibition
for detecting odorant onset asynchronies. Rather, the results demonstrate that the first
spike latencies of OSN responses during pulsed odorant stimuli is not affected by ephaptic
interactions (Figure 6.12), making first spike latency based olfactory coding schemes (Figure
1.6.2) robust against modification by background stimuli.
The same observation was made not only with brief odorant puffs, but also longer and
more complex stimuli: Two odorants fluctuating with different degrees of correlation did
not seem to influence the OSN responses at all, OSN spike trains faithfully encoded their
cognate odorant irrespective other dynamic activity in the sensillum.
Nevertheless, it can not be excluded that these interactions exist in other sensilla. More
OSN types need to be tested in order to establish whether both the absence of temporal
expansion as well as the immutability of the OSN responses is a general property of OSNs.
For example, Nikonov and Leal (2002) found inhibitory interactions within one olfactory
sensillum that were absent when both odorants were presented 60 ms apart. While this result
can also have chemical rather then electrical origins, it nevertheless presents a mechanism
that potentially allows for the temporal separation of closely following olfactory inputs.

6.6.2 No observed modulation of PN responses by stimulus onset asynchrony

The LN network of the AL enhances the specificity of PN responses compared to OSN
responses, and this function is thought to be mediated by lateral inhibition (Silbering and
Galizia, 2007; Silbering et al., 2008; Hong and Wilson, 2015), and the resulting separation
of similar input patterns in the glomerular response space then would facilitate pattern
segregation. Necessarily, reciprocally acting channels of glomerular inhibition have to be
influenced by the temporal overlap of activity. Indeed, Stierle et al. (2013) observed that
the total amount inhibitory mixture interactions is depending on the onset delay between
the mixtures components, with a maximum at 50 ms.
Moreover, honey bee PN responses to asynchronous mixtures were more initially more
similar to the leading component (Stierle et al., 2013). Similarly, locust PN responses to
synchronous mixtures cannot be predicted from the responses to single components, while
mixture responses partly match those evoked by the individual components if their onsets
differ by 100–250 ms (Broome et al., 2006; Saha et al., 2013).
The odorant pair chosen to test for such aspects in the Drosophila AL was pentyl acetate
and butyl acetate. It was purposely chosen because of their chemical similarity, similar
OSN activation profiles (Münch and Galizia (2016), Figure 6.4) and KC activity patterns
(Campbell et al., 2013). This high degree of similarity was predicted to trigger LN mediated
decorrelative effects in the AL, and thus should serve as an ideal candidate to check for any
temporal dependency of mixture interactions.
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However, no enhanced pattern separation in response space were observable in this study.
While an initial skew towards the representation of the leading component in an asyn-
chronous mixture was observed (Figure 6.17), it was not significant (6.18). This can have
several reasons: Silbering and Galizia (2007) showed that mixture interactions are both
odorant and glomerulus specific. Also, the effects found by Stierle et al. (2013) were de-
pending on the sequence of odorants and hence asymmetric in time. This experiment
contains only one odorant pair, and only very few glomeruli. No attempts at identifying
glomeruli were made, so it is quite possible that the same glomeruli are sampled in different
animals. It is possible that the choice of odorants was - although based on prediction from
the literature - an unlucky one, and the predicted effects are simply absent or too weak to
detect of for this combination of measured glomeruli and odorant pair. The low number
and possible duplicates of sampled glomeruli further complicates the formation of a meta
animal for analysis, as it introduces correlated dimensions in the dataset. Those are filtered
out by the PCA, reducing the effective dimensionality of the pattern and hence containing
less descriptive power.

6.6.3 KCs are sensitive to stimulus onset asynchrony

Currently there are only two studies which investigated the effect of stimulus onset asyn-
chrony in KCs: Locust KCs are sensitive to odorant asynchronies equal or greater 100 ms
(Broome et al., 2006), and Drosophila KCs are not sensitive to asynchronous artificial ac-
tivation of PNs in the 100 ms range (Inada et al., 2017). The present study is the first
investigation of KC responses to behavioral relevant ms-asynchronous mixture stimuli. As
behavioral experiments have shown that component onset asynchrony leads to better odor-
background segregation (see Section 6.2.1), and the KC layer has been shown to encode
odorant identity (Campbell et al., 2013; Vasmer et al., 2014), it forms an ideal candidate
to investigate the influence of temporal structure in olfactory stimuli on the formed neural
odor representations.
This study found indications for an initial skew in the KC response towards the leading
component of an asynchronous mixture (Figure 6.23B) that was longer than the imposed
onset delay between the mixture’s components and is reminiscent of what was observed in
honey bee PNs (Stierle et al., 2013) and can be explained by a winner-takes-all mechanism
in the AL such as proposed by Nowotny et al. (2013). While this skew was indicated, but
not significantly detectable in Drosophila PNs in this study (Figure 6.18), it could be that
it either fell under the detection limit of the applied imaging technique (for example by the
low sampling rate). Alternatively, the inhibitory influence of the APL neuron in the MB
could also implement a winner-take-all scheme that builds up inhibitory strength with time
and thus does not modulate response onsets as strongly.
Either way, this finding argues for a rapid encoding of odorant onsets by PNs that is for-
warded to KCs. No response pattern differences in KCs were found when the entire popu-
lation was analyzed (data not shown), hence subsets of KCs were formed that could reveal
more robust influences of temporally structured odorant mixtures. For this reason, further
analysis was performed on the subset of KCs that exhibited mixture interactions.
Because of a larger overlap of coinciding activity, more mixture interactions were expected
to be found for similar odorants compared to dissimilar odorants. This was not observed in
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the obtained data. With one exception, the percentage of mixture interaction sensitive cells
was approximately 10% of the tested population (Figure 6.25). For the dataset comparing
pentyl acetate and butyl acetate and onset asynchronies of 33 and 66 ms, only one such
mixture interaction sensitive cell was found in the entire dataset. This outlier could be
caused by the overall low quality and high response variance in this dataset, as the applied
method for mixture interaction identification relied on response reproducibility.

A general disclaimer about the terms used to define mixture interactions has to be made.
In this study, each stimulus was given only at a single concentration. Because of this,
synergism as defined by Duchamp-Viret et al. (2003) can actually not be tested for: A
true synergism is present if R(SW ) > R(S) + R(W ) and R(SW ) > R(2 × S) for S being
the stronger component in the mixture. Otherwise, the increase can simply be a result
of additive effects. To test correctly for synergistic interactions, a stimulus with twice the
concentration of the stronger component is necessary (as done by Münch et al. (2013)).
Also note that R(A) > R(AB) = R(B) and R(A) = R(AB) < R(B) can also be considered
as a mixture interaction. Both cases were not included in this study, as they do not result
in an unambiguous or change of the representation, and hence do not necessarily lead to a
enhanced separation of odorant evoked representations.

If pattern analysis is restricted to only the KCs sensitive to mixture interactions, temporally
asynchronous mixtures elicit different responses compared to synchronous mixtures. This
study could show this in two separate analyses: a) their response patterns differ as mea-
sured by Euclidean distance in the response space (Figure 6.26), and b) a SVM classifier
based stimulus identification approach yields significant above-chance classification only for
mixture interaction cells, and not for the rest of the population (Figure 6.29).

This indicates that for the subset of mixture interaction sensitive cells, the responses of
asynchronous odorant mixtures are indeed different to those elicited by synchronous mix-
tures. However, those responses are not closer to the responses to the single components
(Figure 6.26 and Figure 6.27), thus these response changes do not reflect enhanced analyti-
cal processing, which would lead to a higher perceived similarity between the asynchronous
mixture and its components.

Alternatively, KCs could encode single component information in the asynchronous mixture
by their temporal activity pattern. Further analyses testing for changes in the temporal
evolution of the cellular responses were negative (Figure 6.28), but this result could also be
explained by the low-pass filtering of the calcium sensor, essentially obscuring finer changes
of spike timing.

It is also important to note that there is some inconsistency in these findings: only for the
pentyl acetate - ethyl lactate odorant pair, was any significant pattern change observed in
terms of distance in response space and classification success (Figure 6.27 and Figure 6.29).
For the methyl butyrate - ethyl acetate odorant pair, classification success was almost
significant for an onset difference of 12 ms, but the non-overlap of tested conditions makes
a direct comparison of those results difficult. It remains an open question whether similar
significant changes could be observed for longer onset differences for this odorant pair, or if
this difference could also be due to an odorant-specificity of the effect.
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6.6.4 Plasticity in KCs seems not to aid odor-background segregation

The small differences in the response patterns of KCs to asynchronous odorants compared to
synchronous odorants could stem from the fact that flies were naive to these odorants at the
time point of imaging. To account for this, a combined imaging and associative conditioning
experiment was performed, in which first the KC response pattern was evaluated before and
after pairing one odorant with a reinforcer.
Comparing the responses of single cells, a quite large variety of changes could be observed,
both increases and decreases to both CS+ and CS- were found (Figure 6.31,6.32 and 6.33).
When the entire population of measured cells was restricted to only those that changed
their responses, no enhanced pattern separation could be found in a euclidean distance
based analysis (Figure 6.34).
However, any solid conclusions from these data is hampered by the circumstance that too
many factors were chosen as variables compared to the low number of only 11 flies that
were successfully measured. This results in the unfortunate situation, that any observed
effects can not be attributed to the varied factor, be it odorant pair or valence of the
reinforcer. Additionally, the observed effects themselves are unclear: There are observed
pattern changes, but they do not change in a CS-specific systematic way, and the changes
do not result in enhanced pattern separability.
A further problematic point is that the observed response changes can not be attributed to
associative plasticity, as a control group with an equal number of CS and US presentations
without any temporal overlap (e.g. an unpaired group) is missing. Without this control, it
is not possible to differentiate between associative and non-associative effects.
With those shortcomings in mind, it is still noteworthy that response changes to the CS-
odorant were observed (Figure 6.33). CS- learning can not be explained with simple co-
incidence based learning rules, as here it is the lack of coincidence that is learned. It can
however be explained by expectation based learning (Rescorla and Wagner, 1972), but those
require prediction error coding systems, which have yet to be found Drosophila (Dylla et
al., 2017). If CS- specific changes are not the result of non-associative plasticity, they could
argue for the existence of such systems.

6.6.5 MBONs show no signature of odor-background segregation

Two studies have revealed how associative plasticity changes the synapses in the MB (Hige
et al., 2015a; Owald et al., 2015). These studies, together with other findings (for example
Cohn et al. (2015) and Aso et al. (2014a)), have led to the model that the whole MBON
population codes for valence, and learning skews the populations output by synaptic de-
pression: During appetitive learning, it is not the appetitive valence that is strengthened,
but the aversive that is weakened (Owald and Waddell, 2015; Hige and Turner, 2015; Hige,
2017).
With the findings of these studies, the response properties of MBONs can be predicted:

1. RMBON+(A | A = CS−) < RMBON+(A | A = CS+)
2. RMBON−(A | A = CS+) < RMBON−(A | A = CS−)

In words, MBONs coding positive valence should decrease their response to a punished CS-,
and MBONs coding negative valence should decrease its response to a rewarded CS+.
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The recordings from positive and negative MBONs obtained in this study show trends that
are compatible with these predictions: the positive valence coding MBON-α2sc and MBON-
α′3ap decreased their response to the CS- compared to the CS+, and conversely, the negative
valence coding MBON-γ4 > γ1γ2 decreased its response to the CS+ compared to the CS-
(Figure 6.38A). However, these changes are not statistically significant (Figure 6.38B). This
could be caused by the combination of a weak effect size and low sample number. Although
Hige et al. (2015a) reported drastic changes in the MBON firing rates post conditioning, the
authors presented the US by optogenetic activation of the corresponding DAN, a potentially
artificially strong situation. Owald et al. (2015) used a classical training approach by sucrose
based appetitive and electroshock based aversive training, and reported response changes
of just 0.02 ∆F/F comparing pre- and post training.
No study has published physiological MBON responses to odorant mixtures yet, and it is also
difficult to predict mixture responses given the current model. Mixture interactions lead to a
difference between the sum of the responses elicited by single components, and the response
elicited when the single components are presented together: RKC(AB) 6= RKC(A)+RKC(B).
Assuming that A is a CS+, and the presence of B changes the response to A, then the
mixture AB activates fewer KC to MBON synapses that were previously changed by pairing
A with the reinforcer. As a consequence, the mixture AB necessarily activates fewer KC
to MBON synapses that were subjected to associative plasticity than A would do alone.
This could reflect the difficulty of odor-background segregation, however this hypothesis is
difficult to test as the olfactory system has many nonlinear processing steps that violate the
assumption of response additivity made above (Olsen et al., 2010; Galizia, 2014). Combining
both the associative and mixture induced changes, this leads to the complicated situation
where an MBONs response to a mixture of two components should be: a) reduced by the
associatively induced decrease to one component, and b) this reduction should in turn be
reduced by the mixture interaction.
In this study, the responses to the mixtures seem not to differ much from the responses of
the single components. For the MBON-γ4 > γ1γ2, a weak additive effect might be visible,
whereas the MBON-α2sc and MBON-α′3ap rather seem to exhibit hypoadditivity at their
input and output sides (Figure 6.38A). However, those response levels serve as a reference
for the comparison to the responses elicited by asynchronous odorant mixtures. Those,
however, were not significantly different from the synchronous mixture (Figure 6.38B). This
argues against odor-background segregation in MBONs, but can also be caused by the lack
of temporal precision in calcium imaging: temporal integration as described in Figure 6.3
can not be ruled out.

6.6.6 Temporal asynchrony of odorants aids odor-background segregation in
Drosophila

The chosen behavioral paradigm of upwind odorant plume tracking behavior tested the
attraction of different odorant stimuli. The observation that attraction towards an appeti-
tively reinforced odorant is highest is thus a reassuring finding that the paradigm worked as
intended (Fig6.41). However, to be really sure about this claim, the experiment needs to be
performed in a balanced design in which the identity of the CS+ is swapped, as otherwise
this result could also be explained by differences in innate attractiveness of ethyl lactate
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compared to pentyl acetate. Also, Saumweber et al. (2011) reported different levels of
learnability for different odorants, further highlighting the importance of odorant balanced
experimental designs.
However, an innate preference induced skew should act against the observed ethyl lactate
attraction: A study by (Knaden et al., 2012) has measured the innate valence of both
odorants: while pentyl acetate was significantly attractive, ethyl lactate was not. Pentyl
acetate also ranked as one of the most attractive odorants in another study (Badel et al.,
2016), but ethyl lactate was not part of their tested odorant set, making a direct comparison
difficult. But if the innate attractiveness of pentyl acetate is larger, then the result obtained
in this study can only be explained by an associative learning.
Spatially segregated sources produce temporally and spatially separated filaments within a
complex plume(Figure 6.1), and temporally asynchronous odorant stimuli as used in this
study should mimic this property. In the presented behavioral paradigm, asynchronous
odorant mixtures should therefore have a higher attractive value, as they would indicate to
the animal that approach behavior will bring it closer towards the attractive source, which
is spatially separated from a repellent source. Conversely, a synchronous mixture indicates
the spatial overlap of the attractive component with a repellent source.
If Drosophila is capable of performing odor-background segregation on the basis of temporal
cues, then asynchronous mixture should elicit a higher level of attraction compared to the
the synchronous mixture. This is based on the assumption that attraction is stronger than
repulsion, but as flies were starved for 24 h prior to testing, food source location should
have a high behavioral priority.
Indeed, the asynchronous mixture with the CS+ as the trailing odorant is very likely more
attractive than the synchronous mixture (Figure 6.41B). Although insignificant by frequen-
tist statistical testing, a Bayesian inference analysis indicates that the asynchronous mixture
is more attractive than the synchronous mixture with a probability of 96%.
The finding that trailing odorant is dominant suggests that the trailing percept overrides
the leading. However, no such dominance was visible in the physiological measurements.
This effect is reminiscent to backward masking, in which a trailing stronger stimulus masks
a preceding weaker stimulus, and effect found in visual and auditory human psychophysics
(Crawford, 1947; Pickett, 1959). The neural correlate for this effect is probably downstream
of KCs, as no such dominance was visible in the physiological measurements along the
olfactory pathway.

6.6.7 Mixture interactions and processing of temporal olfactory cues

Generally, mixture interactions lead to the situation where the response to the mixture is
not equal to the sum of the mixture’s individual components. This results in a violation
of linearity of pattern addition that has consequences for the encoding of odorant identity:
The set of KC to MBON synapses that are activated for a previously reinforced odorant is
necessarily reduced if that odorant is temporally overlapping with a background odorant.
Odor-background segregation is an analytic processing task, as it requires a feature extrac-
tion of an embedded response pattern from a larger one. Signatures of such interfere with
analytic processing are visible in behavioral paradigms such as done by for example Szyszka
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et al. (2012), and to some extent also in Drosophila plume tracking behavior as shown in
this study (Figure 6.41).

If mixture interactions necessarily interfere with analytical processing, then this raises the
question of their general usefulness. If mixture interactions only would originate as receptor-
ligand binding effects, they could simply be the result of physical constraints arising at the
transduction process and not bear any further functional relevance, rather they are an
unwanted side effect that the network should later correct for. This is however not the
case: mixture interactions are generated also by network effects on later processing stages
(Silbering and Galizia, 2007), and it was experimentally verified that they enhance the
separability of different odor response patterns (Deisig et al., 2010).

Additionally, mixture interactions can be used for synthetic odor processing. As revealed by
Deisig et al. (2001), honey bees can perform negative patterning tasks. In such a paradigm,
the individual components are rewarded, and the animals are tested to differentiate between
the non-rewarded mixture and the single components. This is not compatible with a sim-
ple framework of response addition, as the positive driving force of the single components
inside a mixture on the MBONs would still drive the behavior that was observed to the
single components alone. Interestingly, this would require CS- learning, an effect that was
potentially also observed in this study (Figure 6.32). This is in line with a modeling study
by Peng and Chittka (2017), in which the model successfully performed negative patterning
discrimination. The model did not contain receptor-level based mixture interactions, but
allowed for plasticity at both input and output layers of the KCs.

However, more complex ways of solving the negative patterning can be devised that do not
require synthetic odor processing. For example, a purely analytic olfactory system might
associatively assign meaning to the individual components of a mixture, but use a rule
learning mechanism to infer that this meaning is swapped when they occur together.

Because the time scale of asynchrony in this study was very short compared to the time
span of elicited neural activity patterns (milliseconds compared to several seconds), the
asynchronous odorants did not elicit less mixture interactions (Figure 6.25D) (different to
Broome et al. (2006) and Stierle et al. (2013)). However, those new mixture interactions
are located in mostly different cells than those elicited by the synchronous mixture (Figure
6.25D). When considering that during plume tracking, filaments will generally not reach
the receptors at fixed temporal delays, this leads to the prediction that the subpopulation
of KCs exhibiting mixture interactions is rather stochastically variable over the time course
of tracking. Hence, it would be beneficial for the animal to rather disregard those cells for
odorant identity identification during plume tracking flight.

Nevertheless, the distribution of odorant onset delays contains information to the distance
of the odorants source: The speed at which the identity of mixture interaction sensitive cells
fluctuates inside the representation could encode information about the odorants sources, as
different sources would induce less correlated response dynamics across KCs than odorants
from the same source.
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6.6.8 Possible coding schemes of temporal stimulus structure in the olfactory
system of Drosophila

The hypothesis of rapid odorant encoding outlined in Section 6.3.1 described temporally
precise detection and odorant encoding at the early stages of olfactory processing, and then
branched into two variants of odorant encoding in the MB: Information about the temporal
stimulus structure could lead to a) an altered ensemble response pattern of the KCs, or b) a
KC response pattern unchanged by temporal stimulus structure, but temporal information
is embedded precise time course of KC activity. In the first variant, odor-background
segregation is performed by KCs, whereas in the latter the task of segregation is passed on
to MBONs or even later stages.
Concerning the early stages of olfactory processing, this study found that OSNs faithfully
encode the time structure of both pulsed and high bandwidth olfactory mixtures without
exhibiting inner sensillar ephaptic interactions (Figure 6.10, 6.12 and 6.14). Although this
does not prove the proposed first spike latency coding scheme, the immutability of temporal
stimulus structure by known inhibitory mechanism demonstrates a stability necessary for
such coding schemes.
The hypothesis that the KC activity pattern should be altered by stimulus asynchrony is
derived from two arguments: first, the KC slow response pattern encodes odorant identity
and perceived similarity (Campbell et al., 2013; Vasmer et al., 2014), and second, Drosophila
and honey bees use onset cues for enhanced odor-background segregation (Figure 6.41 and
Szyszka et al. (2012)). Odor-background segregation is an analytic task, thus an enhanced
representation of a mixture’s single components was expected. This study found two in-
dications for onset asynchrony induced changes in the ensemble response of KCs: first,
odor representations in the KCs can be initially skewed towards the leading component
of an asynchronous mixture (Figure 6.23), and second, remnant cues of temporal stimulus
structure are present in the activity of subsets of KCs (Figure 6.29).
However, the observed effects are rather small, and crucially, the peak responses of KCs
do not change in a systematic way towards an asynchronous mixture’s components (Figure
6.26 and 6.27). A mechanism such as the proposed rank order sensitivity at the KC layer
would be expected to have caused larger changes, even an odorant onset asynchrony of just
a few milliseconds should change enough input sequences in the KC population to cause
larger pattern deviations. Even without such a temporally sensitive mechanism, the finding
that 10% of the KCs show mixture interactions can also be interpreted in a way that the
MB codes odorant identity quite robustly, and the small change of only a subset of the
KC population could also reflect a pronounced stability of the MBs coding scheme against
temporal perturbations.
Interpreting the data of this study from such a perspective, it is possible to formulate a
hypothesis reconciling the observed behavioral performance with the reported physiological
data: Brief odorant pulses elicit bouts of activity which are captured precisely by OSNs and
travel up to the MB (Figure 6.10, 6.12 and 6.14). The onset of the induced activity bout is
subjected to less interactions (such as APLs inhibitory influence) as the following activity,
as visible in the KCs skew of representation towards the asynchronous mixtures leading
component (Figure 6.23). Even afterwards, mixture processing influences the representation
only to a minor degree, leaving 90% of the induced response pattern unaltered (Figure
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6.25C). This response pattern form the basis of an analytic feature extraction by MBONs
which disregard temporal features (Figure 6.38) for odorant identification. However, the
temporal structure is present in the MBONs, and it is not simply discarded: Rather, it is
used for a spatial olfactory scene analysis, such as predicting the number and composition
of present sources. The reason that increased behavioral attraction is observed then stems
purely from the animals spatial source composition predictions, and not from enhanced
analytical processing.

6.7 Outlook

Although this study was carried out using the genetically accessible insect Drosophila, only
a fraction of the genetic toolbox that this organism offers was used. Mainly, this study
utilized the GAL4/UAS system to repeatably measure responses from genetically defined
cell types along the olfactory pathway, taking advantage of past screening efforts dedicated
to find specific driver lines, and high signal-to-noise ratio calcium sensors.
However, the olfactory system of Drosophila is likely inferior in performance to that of larger
insects such as the honey bee, and thereby also less likely to exhibit coding complexity.
Therefore, it would also be of interest to repeat some of the experiments performed in this
study in honey bees, where KC imaging is also possible (Szyszka et al., 2005; Szyszka et al.,
2008).
Nevertheless, the presented study serves as an initial step at characterizing the influence of
temporal structure of olfactory stimuli on their representations. Further Drosophila studies
can make use of the available genetic tools to dissect neural contributions by conditional si-
lencing subpopulations of the olfactory pathway, or test for causality by specific optogenetic
activation. Such experiments are currently only possible in Drosophila, but novel genome
modifying techniques such as Crispr/CAS (Jinek et al., 2012) might soon provide cock-
roaches, locusts and honeybees with both defined expression of both sensors and effectors.

6.7.1 Proposed experiments

OSNs The finding of an OSN firing patterns stability against the activity of other OSNs
grouped in the same sensilla needs to be tested for being a general property. For this,
more combinations of sensilla and odorants need to be evaluated. Furthermore, the SSR
recordings in this study were testing for ephaptic interactions only. Other complex chemical
interactions have been described (Münch et al., 2013; Su et al., 2011), and as indicated by
Nikonov and Leal (2002), they should also be sensitive to temporal modulation. Therefore, it
would be important to test if and how much temporal asynchrony perturbs OSN spike trains
in such a case of chemical, compared to the here evaluated lack of electrical interaction.

PNs Just as the SSR recordings, the PN measurements should be repeated with more
different odorant pairs. But here, it would also help to use microscopical techniques that
samples from more glomeruli (Badel et al., 2016). When effects can be found, it would
be interesting to test their dependence on the influence of the inhibitory LN network, for
example by pharmacologically applying GABA receptor antagonists as done by Silbering
and Galizia (2007), or by conditional genetical silencing.
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KCs The argument of measuring more odorant pairs also holds true for KC experiments,
and generally for all other studies that try to make general claims about odorants. Never-
theless, the findings of this study need to be validated, as an inhomogeneous set of odorant
pairs and time delays were tested, and inconsistent results were found.
Previous have shown that the subtypes of KCs exhibit different physiological properties
(Turner et al., 2008; Inada et al., 2017), which raises the question if those differences reflect
dedicated coding tasks. So far, it seems that KCs receiving olfactory input do not sample
the PN response space with any bias, but this is not the case for their output, where KC-
class dependent numbers of synapses to their downstream partners were found (Takemura
et al., 2017). It is thus conceivable, that some KCs carry more information about odorant
identity, whereas others code more for temporal structures. Such weighted encoding of
odorant identity and timing was also found in different honey bee PN populations (Brill
et al., 2013). As dedicated driver lines for the different subpopulations of KCs exist, it
would be feasible to test for their sensitivity to odorant onset dependence.
Overall, the effect of a response pattern modulation by the temporal stimulus structure
found in this study is rather small. As argued above, this could simply reflect the truth, but
it is also possible that the effect size is underestimated because of methodological reasons:
KC activity monitoring by measuring somatic calcium levels is a rather crude readout that
does not fully capture the physiological response changes. Calcium imaging heavily low-
pass filters any state changes, and the response differences caused by temporal structure
changes might be on much faster time scales than imaging permits. Therefore, a direct
electrophysiological readout might be more suitable to search for such influences. As KCs
respond to olfactory stimuli with only a low probability, whole-cell attached recordings might
be extremely laborious. Technical advances in the field of voltage sensitive dye imaging
might soon make those type of recordings possible. Two currently available sensors, ArcLight
(Cao et al., 2013) and ASAP2f (Yang et al., 2016), were tested in the course of this study
(data not shown), but did not show sufficient signal to noise ratio to be useful in MB imaging
experiments.
It was also attempted to study the influence of associative conditioning on the separation of
activity patterns in the MB. This experiment had, as already described, severe shortcomings
which need to be corrected for. Most importantly, an unpaired group as a control is essential
to be able to disentangle associative from non-associative plasticity. Further improvements
would include a simultaneous behavioral readout to asses actual learning performance and
relate it to brain changes. In this study, the leg flailing behavior following an electric shock
was recorded, but no correlation between the total amount of leg flailing and stimulus
identity could be found (data not shown). Nevertheless, as this experiment can serve as a
preliminary test trial only, it might be feasible to repeat the efforts in this aspect, searching
the parameter space of shocks for a configuration that gives a robust behavioral readout.
KC plasticity as observed by calcium changes in the soma unlikely reflects any changes in
the lobes, as they are also thought to be rather heterogeneous, and recent data has shown
them to be very localized (Fiala et al., unpublished). The only candidate cell for mediating
dopaminergic feedback in the calyx is the PPL2ab neuron (Mao and Davis, 2009), which
shows activity correlated to leg flailing (personal observation), an indication for negative
reinforcement (Cohn et al., 2015). Activating or silencing this cell in parallel to KC pattern
imaging should yield a definite answer about its involvement in this process. Alternatively,
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the PPL2ab neuron could be plastic as well: As shown by Dylla et al. (2017), dopaminergic
input into the lobes shows associative plasticity, opening the possibility that this could also
be the case in the calyx.
Additionally, the potential learning of the CS- can be studied by altering the sequence of
CS+ and CS- during the conditioning phase of the experiment. A CS- that was never
preceded by a CS+ is simply a neutral odorant. A CS- that follows after a CS+ however
has specific information about specifying that not all odorants are rewarded but just the
CS+. Thus, two different CS- can be constructed by their sequence of appeareance, and
their consequences for associative plasticity can be studied.
In order to probe for coding schemes compatible with the behaviorally observed odor-
background segregation performance, several questions need to be addressed with more
precision than in this study. For example, the question whether KC exhibit rank order
sensitivity at their claws needs to be examined. For this, the input into the KCs must be
tightly controlled: Even when the time point of the stimulus arrival at the antennae can be
controlled with arbitrary precision, the dynamics of the networks upstream of the MB elim-
inate precise control of spike timing input into KCs. There are generally two ways to solve
this problem: Direct electrophysiological probing by first obtaining a whole-cell attached
recording configuration with a KC, and visualization of its morphology by dye filling. Then,
stimulating electrodes are directed at the visualized KCs microglomeruli, and the order and
strength of the stimulating pulses is varied to test for ordered integration properties. Quite
possibly, this experiment is extremely difficult to be carried out in vivo. Alternatively, the
electrical stimulation can be replaced by optogenetic activation, and focal excitation light
directed at single claws in different sequences would directly test for the ordered sequence
effect Branco et al. (2010) found in piriform cortex neurons in Drosophila KCs.
This order sensitivity could also be implemented via two different scenarios: An inhibitory
circuit element as described by (Thorpe et al., 2001), or an NMDAR based nonlinear con-
ductance (Branco et al., 2010). Both variants could be addressed, for example by genetically
silencing the APL or RNAi mediated knockdown of the NMDA receptor in KCs, and testing
for prevalent sensitivity to input order.

MBONs As previously mentioned, the reason for not observing a difference between the
synchronous and asynchronous mixture’s response can not be ruled out to be caused by
a flaw in experimental design. Not only was the CS+ appetitively rewarded, but the CS-
additionally punished. This could have generated a symmetric learning situation in which
the positive or negative valence coding MBONs received equally altered input from both
directions, causing zero net change in activity. Therefore, the MBON imaging experiments
should be reproduced after absolute or normal differential conditioning. Additionally, cal-
cium imaging might not be an optimally suited technique to study the potentially rapid
change of the MBONs response. As argued above, whole-cell attached electrophysiological
recordings might be a better approach.
To test for potential first spike latency coding in MBONs, a similar approach to that de-
scribed above for the KCs can be pursued: A defined first spike latency pattern can be
inscribed into the KC population by expressing an optically activatable channel, and then
sweeping a bar of activation light from left to right (for example). Each sweep direction will
generate the same amount of KC spikes, but in a different order. Recording from a single
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MBON, the sensitivity of rapid left to right or right to left sweeps can be compared and
tested for differences.

Behavioral experiments The clearly biggest experimental challenge consists in devising a
test that shows the causal influence of precise spike timing on odor-background segregation.
In order to do so, it is both necessary to a) manipulate the spike timing with millisecond
precision, and b) have a parallel behavioral readout.
The ideal experiment would involve two artificially inducible KC activity patterns, which
are optogenetically activated via different wavelengths. After conditioning pattern A with a
reward, a virtual olfactory reality could be generated by controlling the illumination strength
of each color based on the position of the fly in an arena, as done for Drosophila larvae in
Schulze et al. (2015). Then, the modulation of attraction by synchronous or asynchronous
KC activation can be assessed.
Devices for delivering focused laser light to freely walking flies have been build (Bath et
al., 2014), dual optogenetical excitation of dedicated neural circuits has also been achieved
(Klapoetke et al., 2014), but no two stochastic driver systems for addressing two separate
and random KC patterns exist yet. Additionally, combining all the required transgenes into
a single fly is likely a huge challenge. However, given the current pace of emerging new
tools, this experiment could soon be possible.
As argued above, the increased behavioral attraction to asynchronous odorant stimuli could
be caused by spatial reasoning rather than temporally aided analytic processing. A possible
scenario to test for this, would be to interfere with spatial processing and again test for
asynchrony induced attraction. Such experiments could involve silencing of the central
complex (or parts of it), as it is believed to be tightly involved in spatial and navigation
tasks. For example, the Drosophila wind tunnel approach behavior could be tested with flies
that express conditional silencers in central complex neurons, or the honey bee proboscis
extension reflex to asynchronous mixtures by Szyszka et al. (2012) could be combined with
procain injection into the central complex (as done by Plath et al. (2017)).
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Georg Raiser

This chapter serves as a collection for computational tools that were developed during the
work on the other chapters. All tools presented here are open source and available freely
available on https://github.com/grg2rsr/.

7.1 ILTIS- An interactive labeled trial image slicer

7.1.1 Overview

ILTIS - an interactive labeled-trial image slicer - was designed to interactively and flex-
ibly inspect datasets from functional imaging experiments and slice them along the time
axis, a dimensionality reduction operation commonly done for easier graphical display and
subsequent statistical analysis of data obtained by imaging experiments.
A frame based imaging experiment generates data sets of high dimensionality: The indi-
vidual imaging trials, e.g. the response of a certain area to a stimulus is measured as (x, y)
images over time (t), resulting in 3d image stack data (x, y, t). Additionally, different stim-
uli (S) are given with a certain number of repetitions (R), resulting in 5 dimensional data
(x, y, t, S,R).
This program serves the following purposes:

1. To flexibly visualize and inspect each dimension of such data. For example, by inter-
active intensity scaling, choice of different color maps, semi-transparent overlays data
subsets, zooming along spatial axis or averaging along temporal axis.

2. To preprocess the data by calculating ∆F/F0 or spatiotemporal filtering.
3. To select regions-of-interest (ROIs) at which the data set is sliced along the temporal

axis. The resulting time traces are directly displayed and updated upon any change
to the ROI.

4. To extract the resulting time traces for subsequent data analysis, sorted to stimulus
class S and repetition R.

7.1.2 Usage and functionality

A major design goal was to keep ILITS as user friendly and intuitive as possible. Most of
the features are self explanatory, but will be introduced below. A more detailed tutorial
about the usage can be found at https://github.com/grg2rsr/ILTIS.
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7.1.2.1 Mapping stimulus identity to trial number

Giving the stimuli in a fixed order across experiments bears the danger of sequence effects,
where one stimulus determines not only its immediately elicited response, but also influences
the response to future stimuli. Such sequence effects can be minimized by presenting the
stimuli in a randomized order, different in each experimental measurement.
ILTIS contains functionality to “reorder” datasets that were produced by giving such a
random or pseudorandom sequence of stimuli. The user needs to provide a trial label file,
which consists of newline separated strings defining the trial label, with the index of each
line corresponding to the respective data set. ILTIS is then able to generate the (x, y, t, S,R)
multidimensional representation of the data.

7.1.2.2 Interactive visualization

One major design goal of ILTIS was to have a flexible and intuitive data visualization tool.
Mouse clicking and zooming, panning and scrolling along the time axis are all supported.
To subset the currently displayed data set by stimulus identity, a tabular view of the cur-
rently loaded data is displayed (the Data Selector), and it supports intuitive ctrl+click,
shift+click, ctrl+a etc. to select only a subset of the data, or display only individual
trials.
The visible data for each trial can be assigned a custom (multi-) colored lookup table (LUT),
and these LUTs can be individually scaled. Additionally, all currently visible trial can be
blend together with a variety of overlay methods.

7.1.2.3 Preprocessing

Relative signal change In many imaging experiments, the relative change of fluorescence
brightness is calculated and used for subsequent analysis. This corrects for uneven dye
distribution, inevitably caused by manual staining or unequal expression levels in different
cells. ILTIS provides a method for calculating the (FS − F0)/F0 (also often written as
∆F/F ), a measure where a background intensity F0 is used to determine the normalized
instantaneous change in fluorescence. ILTIS lets the user choose frames that will be used to
calculate F0 (usually the first frames of a trial before the stimulus onset) and then calculates
∆F/F according to this definition.

Spatiotemporal filtering The data can be gaussian filtered along spatial image and time
axes, by convolving each of the individual (x, y, t) image stacks with a gaussian kernel of
a user selectable size. This can be used to remove noise from the images, by sacrificing
temporal or spatial precision.

7.1.2.4 ROIs and traces visualization

Different types of ROIs are can be added by the user (circular or polygonal) by a mouse
click, moved by dragging the entire ROI and modified by dragging the ROIs handles. In
the case of polygonal ROIs, new polygons can be added by clicking on the ROI’s edges
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Depending on the selected datasets and the activated ROIs, the displayed data is sliced
along the time domain under the area covered by the ROIs, computing the average for each
frame and each ROI. The sliced traces are color coded and can be displayed in two ways: A)
All traces with a common time base, or B) sorted to stimulus identity. Both display modes
can be accessed by selecting the corresponding tab of the Traces Visualizer. In this window,
the current traces are updated upon any change to the ROIs or data selection, giving the
user an interactive and exploratory access to the data.
A ROI Manager also supports multiple selection of ROIs. If multiple ROIs are selected,
the coloring and traces display mode changes: The traces of all selected ROIs are now color
coded to the ROI instead of the trial. This is useful if instead of comparing the response
in two different trials, one wants to compare the response in two different areas which are
within the field of view.

7.1.2.5 Traces export

After setting up all ROIs, the dataset can be sliced according to the pixels covered by the
ROIs. The average value of those pixels for each frame is calculated and the resulting vectors
can be written in different ways into .csv files: .csv - normal writes one file per loaded
dataset, with the shape (t,ROI) and .csv - sorted writes one file per ROI and stimulus
combination, with the individual columns representing the repetitions.

7.1.3 Implementation details and future extensions

ILTIS is written in python 2.7 and uses scipy for numerical and pyqtgraph/Qt4 for visual-
ization tasks. Porting the code to python 3.x and Qt5 has started, but was not completed
by the time of writing this thesis.
The code itself is written in a fully object oriented manner, but not all user interface elements
are clearly separated from data analysis elements. This segregation will have the advantage,
that the graphical user interface features can be fully detached from computational modules.
This allows for an easy extension by processing plugins for use case specific needs (for
example ratiometric merging of two data files containing fluorescent signals of different
wavelengths, as in fura based imaging experiments), or batch processing by controlling
ILTIS functions via scripts.
These easier extensions would also help an easy integration of the movement correction
tool MOCOlib (described in Section 7.3) into ILTIS. First efforts at including an automated
activity based calculation of ROIs based on non-negative matrix factorization (Soelter et al.,
2014) were also made, but non also not completed at the time of writing.

7.2 Unit Peeler - a spike sorting algorithm for single sensillum
recordings

Spike sorting algorithms are applied to infer the time points of an action potentials se-
quence from an extracellular recording. If a neuron in the vicinity of the recording electrode
generates an action potential, it’s field will be measurable as a spiky deflection from the
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Figure 7.1: ILTIS user interface. Screenshot of the ILTIS UI showing the data visualization
window (upper left), the traces visualization window based on the ROIs (bottom left), the data
selection window (top right) and the ROI manager (bottom right).

baseline potential. Since the exact shape of the spike is determined by the detailed elec-
trophysiological configuration and access to that individual neuron, multiple cells can be
recorded simultaneously and then afterwards separated by differentiating the cells based
on their spike shape. The term sorting then refers to the assignment of unit identity to
each detected spike (Quiroga, 2012). Many spike sorting algorithms have been developed,
and they are generally optimized for sorting many units from many recording electrodes, a
computationally complex task (Rey et al., 2015; Pachitariu et al., 2016).

However, the recording situation in single sensillum recordings (SSR) is quite different:
Typically, SSRs consist of a single electrode (tungsten or glass) that is inserted into the
sensillum. The recording is thus from the sensillar lymph and reflects the transepithelial
potential rather than the extracellular potential in a brain area. Additionally, the voltages
that are generated within the sensillar lymph stem from a low and known number of neurons.
However, these neurons can exhibit high firing rates of over 200 Hz, a situation that is rarely
encountered in the typical use case for which the majority of spike sorting algorithms has
been developed.

Previous SSR studies have used either threshold based, semi-automated approaches or man-
ual sorting. Manual sorting inevitably contains subjective errors (Wood et al., 2004) and
is not a feasible option for large datasets. Because the electrophysiological experiments in
Chapter 6 were of such large size where even the application of semi-automated approaches
was not feasible, an automated spike sorting algorithm specifically for this use case was
developed.
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Figure 7.2: Spike amplitude reduction in SSR recordings. A) An example SSR from an
ab3 sensillum of Drosophila. At t = 0, a methyl hexocylanate stimulus strongly activates the ab3A
neuron. During high firing, the spike amplitude is decreased substantially, making purely threshold
based sorting approaches erroneous. B) Quantification of the spike firing rate reduction.

7.2.1 Algorithm description

The algorithm performs the following sequence of steps, starting with the largest unit and
iteratively applying them to each smaller unit afterwards:

1. all action potentials in the voltage trace are detected in a two-step approach: first, all
spikes are sorted to units based on user defined thresholds. From the detected spikes,
the relation between spike amplitude and firing rate is estimated by an exponential
decay function. Spike thresholds are then adaptively adjusted and spikes are used for
a second pass of spike detection. The detected spikes for are used as templates for the
following steps.

2. From these spike shape templates, a smaller subset of simulated templates is computed
that captures the statistics of the shape variation.

3. These simulated templates are used for a sliding window based template match-
ing. Obtained scores are used for spike detection, and the best matching template
is recorded.

4. These best matching templates are subtracted from original the voltage trace.
5. Steps 2-4 are carried repeated for the next smaller unit.

7.2.1.1 Initial spike detection

As commonly done in all spike sorting algorithms, the input data is first high-pass filtered
100 Hz to remove low baseline fluctuations. After an additional noise reducing low-pass
filtering step, all local maxima (or minima) are found by threshold crossings. As the absolute
spike amplitude is depending on the quality of the recording, these thresholds have to be
defined manually (the only manual step in the process).
From these thresholds, spikes are extracted and a first estimation of the units firing rates
are made by convolution with a gaussian kernel. This firing rate is used to define the
dependency of spike amplitude reduction on the instantaneous firing rate: An exponential
decay is fit to this relation, and the previously static thresholds can now be defined in an
adaptive way, accounting for spike rate decreases.
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7.2.1.2 Statistical template simulation

To simulate a range of spike shapes that capture the range of spike shapes encountered
in the recording, the templates are first reduced in their dimensionality by a PCA. From
this lower dimensional data representation, a statistical distribution is estimated by scipy.
stats.kde. New templates are then simulated by drawing samples from this distribution
and transforming them back to the original dimensionality by an inverse PCA

PCA and inverse PCA Briefly, the principle component analysis can be obtained from the
relationship

T = XW (7.1)

with X being the observed data in the format Nobs × Ndim, W denoting the matrix of
eigenvectors (as column vectors, sorted according to their eigenvalues) from XTX, which is
the covariance matrix. The meaning of T can be visualized intuitively by interpreting W
as a transformation matrix, then T is a rotated, scaled and sheared projection of X into a
new space that is spanned by the eigenvectors.
PCA can be used for dimensionality reduction by selecting a subset of eigenvectors L and
truncating W into WL, thus leading to TL = XWL, rotating and projecting the data X
into a space of L dimensions.
In this application, each spike tL in this new space has L dimensions. L was chosen to be 5,
so each spike is projected to a single point in a 5 dimensional space. From all the spikes TL in
this space, kernel density estimation is used to numerically generate a statistical distribution
from which new 5 dimensional spikes T∗L can be drawn. These are parameterized spikes,
which can be transformed back to the original dimensionality of X: Because the eigenvectors
of the covariance matrix are guaranteed to be orthogonal, the inverse of W is equal to its
transpose,W−1 = WT , and 7.1 can be rearranged to

T∗LWT = X∗ (7.2)

7.2.1.3 Template matching

The simulated templates are used for template matching using the normalized squared
difference CV_TM_SQDIFF_NORMED metric from openCV, which is used in a sliding window
along time t and thus defined as

TM(t) = 1−
∑
τ (T (τ)− V (t+ τ))2√∑
τ T (τ)2 ·

∑
τ V (t+ τ)2 (7.3)

with voltage V and template T with the time base τ . This procedure is carried out for each
simulated template, leading to a distribution of matching scores based on template identity.
From this distribution, the 90% percentile is calculated and whenever it crosses a defined
threshold, a spike is predicted. This leads to two parameters for each unit that need to be
tuned (see Figure 7.7 for a parameter estimation).
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Figure 7.3: Generation of simulated spikes used for template matching. First, the dimen-
sionality of the spike templates is reduced to a 5 dimensional space (3 are shown for visualization
purposes) by a PCA. On this from this lower dimensional representation, a probability density was
estimated via KDE, and new spikes were drawn from this distribution. Inverse PCA transformed
them back into spikes used for template matching.

7.2.1.4 Iterative unit subtraction

Whenever the template matching score crosses the defined threshold, a spike is detected
and the waveform of the best matching template is subtracted from the original data. After
that, the procedure es repeated for the next smaller unit.

7.2.2 Sorting accuracy

To asses spike sorting accuracy, a dataset with both an SSR recording and simultaneous
single cell recordings would be necessary. This was not present at the time of writing. To
nevertheless estimate spike sorting performance, synthetic dataset with a known ground
truth was generated, and the performance was assessed. This was achieved by first creating
two spike trains at a fixed firing rate, and simulating a single sensillum recording by placing
waveforms extracted from a real recording at the time points of simulated spikes. To mimic
the recording situation of the recordings presented in Chapter 6 as closely as possible, the
voltage traces from the real unit were taken from an ab3 SSR. At each timepoint, a template
of random identity was inserted, and afterwards both signals added together. Afterwards,
noise of the same amplitude as present in the recording was added. Repeating this procedure,
the firing rates of both simulated spike trains were swept over a physiologically plausible
range, and the algorithm was applied and its sorting performance was assessed.
Sorting performance was quantified in the following way: Each spike in the predicted spike
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Figure 7.4: Iterative subtraction of best fitting templates from the original waveform. A
subset of a ab3 SSR is shown. Spikes of different amplitudes and different waveform are detected by
template match. Upper panel shows the first pass of the algorithm applied to the ab3A neuron. The
lower panel shows that after subtraction of the larger ab3A unit, the remaining data is suitable for
a second pass of the detection and removal steps. This procedure also captures largely overlapping
spikes that would have been missed otherwise.

true spike train

predicted spike train

correctly predicted = true positive

missed prediction = false negative

falsely predicted = false positive

Figure 7.5: Definitions of spike sorting errors. A scheme illustrating the use of the terms
correct, missed and false spike. A correct spike is present in both ground truth and predicted spike
train, within the tolerance time of 500 ms. A missed spike is present in ground truth, but not in the
prediction, and a false spike is an erroneously predicted spike.

train was compared to the ground truth spike train. If no spike fell within a time window
of 500 µs, it was counted as a false prediction. If in both spike trains a spike falls within
these 500 µs, it is counted as correctly predicted. If a spike is present in the ground truth
spike train but no spike is found in the predicted, it is counted as a missed spike.

7.2.3 Parameter tuning

The described algorithm has 2 free parameters: the percentile of the template matching
score distribution, and the threshold that needs to be crossed by it for spike detection.
Both parameters were deduced from a parameter sweep on synthetic data, and the optimal
values were chosen visually. In practice, the stability of the prediction is
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Figure 7.6: Estimation of spike sorting accuracy. The spike sorting algorithm was applied
to synthetic data with ground truth, and the errors as defined in Figure 7.5 were assessed. While
the first unit is almost always captured with high precision, the sorting accuracy of the second unit
decreases with increasing firing rate of the first unit.

171



7 Software

Figure 7.7: Parameter estimation for the algorithm. Synthetic data of both units firing at
100 Hz were generated, and the two parameters per unit were swept over their possible range. For
the percentile detection threshold, the value of 90% was used, and for the thresholds, 0.65 and 0.25
for the first and second unit were chosen to yield minimal errors.
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7.3 MOCOlib - a python library for movement correction in
imaging data

7.3.1 Overview

Sample movement is a critical problem in in vivo brain imaging experiments in general.
Especially in cellular resolution imaging experiments, optical sample stability is crucial to
assign regions of interests in image sequences obtained in different trials to the same cells.
The problem of sample movement is especially present in fMRI imaging studies, where hu-
man brain scans are inevitably compromised by breathing or otherwise induced movements.
Klein et al. (2010) developed the image registration library elastix to minimize movement
artifacts and register 4D brain scans onto common morphological templates.
In this study, the comparatively simple problem of aligning 2D images with each other was
achieved using the elastix library. To expose the libraries functionality, a small python
wrapper termed MOCOlib was written. MOCOlib has function that are specifically designed
to align multiple (x, y, t)-scans obtained from the same brain region with each other, to
allow for coordinate based access to the regions or cells over consecutive trials.

7.3.2 Available functionality

To register all images from one experimental session to a globally defined morphological
space, a two step process was carried out: First, all images within one trial are aligned with
each other. Afterwards all trials are globally aligned.

7.3.2.1 Alignment of image data from a single trial

The alignment of a single trial is carried out by the function movement_correct_tstack().
It performs the following steps:

1. An average frame of the first frames before stimulus onset is computed. This serves
as the reference image.

2. Affine registration to the reference image is applied to each frame.
3. The reference image is subtracted from each frame, leading to an image stack contain-

ing only the signal.
4. The signal stack is subtracted from the affine corrected stack (result of step 2). This

results in a stack with only the background.
5. A new reference image is computed on the by averaging the background-only stack.
6. The transformation for a nonlinear b-spline transform of the background-only stack

to the new reference image is computed.
7. The nonlinear transformation of step 6) is applied to the result of step 2), the affine

corrected stack including the signals.
This two stage correction works well on images in which the shape of the imaged structure
does not change much, but has a lot of x,y-movement.
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7.3.2.2 Alignment of several data from trials with each other

After the within trial movement correction of (x,y,t)-image stacks, the data from several tri-
als needs to be aligned with each other. This is performed by the function align_tstacks(),
which performs the global alignment by the following steps:

1. A reference trial is chosen (e.g. the first trial)
2. A global reference image is calculated from that trial by averaging.
3. All frames from all trials are registered to that reference image by affine registration
4. The result of step 3 is further refined by nonlinear registration to the global reference

image.

7.3.2.3 Cross-channel alignment

During single trial alignment, first the activity had to be removed from the image stack,
as this would otherwise greatly reduce the performance of the image registration steps. An
alternative solution is to base the registration on morphological information. For example,
the imaging experiments of Chaper 5 used the expression of a activity insensitive maker in
a reference population of cells, thus serving as a stable morphological marker.
The function movement_correct_two_color() was written for such use cases, were one
image stack serves as a reference, and another as a signal. The transformations described
above are only calculated on the reference stack, but afterwards applied to both.

7.4 RIOlib - a python library for programmatic generation of
trigger pulses

7.4.1 Overview

Physiological and behavioral experimental setups often require the synchronization and
communication of several different systems, such as cameras that need to be triggered,
stimulators that need to be switched at certain time points within a trial, or acquisition
devices that record the actual data. Hardware designed for such tasks usually provide
with simple triggerable interfaces, thus a single top-level device communicating with all sub
systems can control an entire experimental setup by providing the timed trigger signals.
Such as system was developed by Stefanie Neupert (Uni Konstanz), based on a programmable
FPGA (cRIO-9074 combined with IO module NI-9403, National Instruments) together with
a a graphical user interface written in LabView (National Instriments) for user friendly gen-
eration of trigger sequences.
However, in some situations a more programmatic generation of stimuli is useful, especially
when the desired trigger sequence contains a random component. This is the case, when
for example the order of stimuli within one experimental session are presented in a random
order, or when the stimulus itself contains some random component. For the randomly
fluctuating stimuli in Chapter 3 and 6, the cRIO system was used to control the valve
state of the olfactory stimulator, and stimuli of fluctuating concentrations were generated
by opening and closing the valves at random time points.
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Therefore, the logical structure of trigger pulse sequences defined by Neuperts program
was replicated in python, with the addition of functions for trigger sequence generation
containing random components. The output is the .sqc format as specified by Neuperts
LabView software, which makes both systems fully compatible with each other.

7.4.2 Functionality

7.4.2.1 programmatic construction of sequences

Following the logical definitions by Neupert, a sequence of trigger pulses consists of patterns,
and each pattern contains the individual pulses. This allows for the construction of complex
pulse patterns from smaller logical building blocks. In RIOlib, each of these are defined
as separate classes to facilitate programmatic construction (RIOsequence, RIOpattern and
RIOpulse, respectively).
As the cRIO system runs with a fixed time, a boolean vector where each time point de-
fines the state of an output channel can be converted into a RIOpattern with the function
States2RIOpulses(), which generates a list of pulses. A RIOpattern then can be con-
structed by passing it the list of pulses RIOpattern.add_pulses(). Alternatively, the
pulses start and stop times can be defined as numbers, just as the graphical user interface.
From these RIOpatterns, RIOsequences are generates in the same manner (RIOsequence.
add_Patterns()).

7.4.2.2 randomization of patterns in a sequence

After the creation of a sequence, the individual patterns inside it can be shuffled by the
function randomize_Patterns(). This function allows both randomization and pseudo-
randomization, the latter guarantees that each pattern has occurred at least once before
its second occurrence. This is useful, when the individual patterns represent stimuli. For
example, from a set of 3 stimuli (A,B and C ) each presented with 5 repetitions, it is by
normal randomization possible that all 3 presentations of A happen to be the last 3 of the
total 15. If then the recording fails after half of all trials, no A stimuli were presented at
all.
With the randomization of a sequence, a file with the corresponding labels is created along-
side the permuted .sqc file. For imaging experiments, this trial labels file can directly be
read into the ILTIS to recreate the order of stimulus to trial mappings.

7.4.2.3 generating random trigger sequences

Two convenience functions are included in RIOlib to generate random state changes. First,
state changes can happen after a fixed time with a certain probability at each time block.
This functionality is provided by performed by calc_random_pattern_blocks(). Alterna-
tively, state changes can be drawn from an exponential distribution, mimicking a Poisson
point process. This can be achieved with the function calc_random_pattern_exponential().
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Figure 7.8: Example of a RIOlib generated complex trigger pulse pattern. Different
channels with different or equal opening and closing times generated by a poisson process with a
τ =250 ms are displayed.
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8 General discussion

8.1 Technical and method development in neuroscience

Neuroscience has always been a highly interdisciplinary field: the electrical nature of neu-
ronal processes interfaces with physics, the molecular nature of neurons with chemistry, and
the output of a brain can only be understood in the context of behavioral biology and the
organisms ecology. With the advent of numerical simulations, new branches of science such
as computational neuroscience have emerged, combining information theory and computer
science.
As a consequence, the common goal to reach a deeper understanding of brain function causes
neuroscience to raise very diverse questions. But what exactly is this common and ultimate
goal? It is helpful to conduct a small gedankenexperiment to construct the dream of a
neuroscientist: Let’s imagine an experimental situation in which we have a fully quantified
and controllable input to all of an organisms sensory systems, we could measure the state of
each neuron with a sufficient temporal and spatial precision to capture all relevant dynamics,
and we could monitor the organisms behavioral output embedded in quantitative behavioral
models. In addition to our ability to observe all stimulus induced correlations, we could
arbitrarily manipulate both the input, as well as the neuronal states and processing aspects
to test the causal role of our alterations on the behavioral output.
This is truly science-fiction, but we are well on our way to achieve this dream: Virtual
reality aims for the generation of fully controllable sensory input (Stowers et al., 2017),
imaging and electrophysiological techniques are sampling from more and more cells (Ahrens
et al., 2013; Pachitariu et al., 2016), optogenetical tools enable state manipulation of defined
neuronal subsets (Zemelman et al., 2002) and advanced models and computational analysis
strive to parameterize the behavioral space (Berman et al., 2014).
Without doubt, we still have a long way to go before that dream experiment becomes
possible. Virtual reality is still in its infancy, optical imaging is still comparatively and
indirect, electrophysiology is generally quite invasive, optogenetical activity control is still
imprecise, genetical access provided by promotor constructs is leaky and for many cell types
still missing, and animal behavior is of such enormous complexity that only the simplest
cases have been successfully parameterized.
Although we can always ask many questions, we can answer only those that are addressable
by the currently available methods, and our conclusions are always limited by the methods
precision. The path towards the dream experiment is thus a path of method development.
As a contribution to this overall process, the work presented in this thesis contains several
small technical developments of both hardware and software.
The development of the precise olfactory stimulator presented in Chapter 3 was driven by
the need to have a high-bandwidth and well characterized stimulus in olfaction experiments,

177



8 General discussion

with the capability of controlling mixtures separately and independently. Additionally, the
stimulators reproducibility was a key design goal, as having the same olfactory stimulus
across different experimental setups and laboratories aids across-study comparisons.
Additionally, several data analysis tools were developed: 1) an analysis suite for interactive
exploration and visualization of imaging data, 2) a movement correction library for imaging
data, 3) a spike sorting routine specifically designed for single sensillum recordings, 4) a
library for generating stochastic stimuli. All tools are open source and freely available on
the Internet. They are all written in the high-level programming language python, built on
top of other numerical and data processing open source libraries. The open source nature
and the implementation in high-level languages facilitates portability and extensability for
the future.

8.2 The function of the insect mushroom body

A large number of studies have positioned the insect MB as a center for learning and memory
(Erber et al., 1980; Heisenberg et al., 1985; Belle and Heisenberg, 1994; Mauelshagen,
1993; Strube-Bloss et al., 2011; Owald et al., 2015; Hige et al., 2015a). Its architectural
configuration of mostly equivalent KCs randomly connected to stereotypical PNs have led
to comparisons to vertebrate brain structures such as the piriform or cerebellar cortex
(Strausfeld, 2002; Litwin-Kumar et al., 2017). Functionally, this randomness implies the
ability for form associations to arbitrary input, a feature that is ideally suited to extract
rules from a dynamic environment.
The finding that flies can bridge perceptual gaps in olfactory associative learning (Galili
et al., 2011) creates the requirement of maintaining a stimulus trace of past stimuli at some
level of the olfactory pathway. This study contains work at identifying candidate cell types
that could maintain such a trace, and found that KCs carry signatures in stimulus specific
elevated somatic calcium levels (Chapter 4), a finding that is in line with the idea of KCs
code for stimulus identity (Campbell et al., 2013; Vasmer et al., 2014).
Previous studies suggested that the KC-MBON synapse is not the only place of plastic
changes during associative olfactory learning (AL: (Rath et al., 2011; Daly et al., 2004; Thum
et al., 2007); KC calyx: (Kremer et al., 2010; Szyszka et al., 2008; Peng and Chittka, 2017)).
This study demonstrated associative plasticity in DANs and predicted a KC-DAN synapse
that has now been verified by connectome studies (Takemura et al., 2017; Eichler et al.,
2017) (Chapter 5). Additionally, imaging from KC somata revealed changes that could be
caused by associative plasticity at the MB calyx (Chapter 6). These findings point towards
a more complex role of plastic changes throughout the olfactory processing pathway, and
their exact contributions and advantages have yet to be determined. It will be interesting to
see if future studies will also reveal plasticity in the lateral horn, as this neuropil is currently
thought to be hardwired and coding for innate hedonic valences (Schultzhaus et al., 2017),
hence plasticity is not expected to be present. However, an alternative interpretation of
published data proposes, that the lateral horns function as a state and context dependent
odor evaluator (Galizia, 2014). Such a function could profit from associative plastiticy, and
the finding of its presence of absence could help clarify this question.
This study also contained work on clarifying if Drosophila DANs serve a prediction error
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coding process like in vertebrate brains (Schultz et al., 1993), and found no sign for it
(Chapter 5). Although prediction error is a central aspect of the Rescorla-Wagner model of
associative learning (Ray and Batzer, 2011), prediction error free learning learning schemes
are possible, for example by a full separation between synapses that are modulated by
positive and negative reinforcement.
Nevertheless, Terao et al. (2015) presented evidence for prediction error based learning in
insects. But prediction errors might simply be carried by other cells than the MB associated
DANs. DANs are also not the only cell type that code for prediction errors in vertebrate
brains: Ranade and Mainen (2009) found signatures of prediction error coding in sero-
tonergic cells in mice. Intriguingly, Scheunemann et al. recently reported about two MB
associated serotonergic cells that gate LTM formation in Drosophila (unpublished).
Further recent evidence points towards different and more complex roles of Drosophila DAN
function: Cohn et al. (2015) observed increased activity of negative valence coding DANs
during leg flailing, and the authors interpreted this as struggling escape behavior that is
in conjunction with a negative behavioral state. However, more recent experiments by
the same authors showed that DAN activity in the MB lobes is also correlated to neutral
locomotion, and from comparing left and right lobe activity levels the locomotor steering
direction of the fly could be predicted (Ruta, unpublised). This raises the possibility of a
general involvement of DANs in motor control, just as it is found in vertebrates, where a
malfunctioning DAN system also leads to severe motor deficits (Ehringer and Hornykiewicz,
1960).
Motor control and prediction error coding can be coalesced into a single concept: In order
to distinguish between self-generated and externally caused sensations, motor commands
are generated alongside with corollary discharges (or efference copies) that are subtracted
from sensory systems feedback, to aid the detection of externally produced stimuli (Poulet
and Hedwig, 2002; Requarth and Sawtell, 2014). This can be seen as an analogous process
to the subtraction of an expectation, leaving the prediction error.
To test if DANs carry an efference copy signal generated by a high level process or reflect
the mechanosensory feedback, a simple experiment would be to fix a flies legs and monitor
its DANs’ activity in the lobes. If the activity would still oscillate as observed by Cohn
et al. (2015), this would indicate a top-down process that is still executed independently
of the received feedback. A lack of activity however could also be explained by an altered
behavioral state and a cessation of escape behavior. A control for this could be achieved by
performing the same experiment where only one half of the legs are fixed, while the other
half is left free to flail.

8.3 Temporal precision in neural coding schemes

The question how much temporal precision of spike timing is used for coding purposes is
an open question in neuroscience, and the insect olfactory system could provide a case
for determining this. The critical test whether an animal is actually decoding the precise
spike time points requires their manipulation, which could in principle be achieved with
optogenetical tools as proposed in Chapter 6.
Besides the examples of peripheral precise spike timing codes (as discussed in Chapter 6),
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experiments in which the artificial activation of higher order neurons were used to drive
complex behaviors are arguing against a large component of information embedded in the
precision of spike timing. For example, Vasmer et al. (2014) and Aso et al. (2014a) activated
subsets of KCs and MBONs respectively, and observed a bias in behavioral decisions leading
to altered spatial preferences. In those experiments, precise control over the activation was
not pursued, and artifical stimulation was thus leading to a general increase in the activated
neurons’ firing rate. Given the large amount of information that can theoretically be stored
in spike trains compared to their firing rates (de Ruyter van Steveninck, 1997), it is surprising
that those experiments have actually worked. However, those experiments do not rule out
spike timing coding schemes, but they show that the particular neurons downstream of
those that were activated did not seem be influenced much about the elicited spike train
temporal statistics.
To reconcile these views, I propose that both timing and rate codes are used for different
purposes under different circumstances. For example, modeling and experimental evidence
from vertebrate studies suggest that spike synchronization between different brain areas
can serve as a mechanism for flexibly routing enhanced information transfer (Palmigiano
et al., 2017), potentially giving rise to cognitive processes such as attention or percept bind-
ing (Fries, 2005). This indicates that higher cognitive processes could utilize information
encoded in spike timing to a different degree than the simpler stimulus-response correla-
tions as they were for example observed in this study. Indeed, evidence for higher cognitive
processing in insects is accumulating (De Bivort and Van Swinderen, 2016; Haberkern and
Jayaraman, 2016), and it is to date unknown if insect brain regions synchronize open chan-
nels of preferential information transmission.
Future studies using artificial and precise manipulation of spike train statistics and timing
in behaving animals will result in a better understanding of its importance in encoding and
decoding of information in nervous systems.
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