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Abstract

Odors naturally exist as mixtures in the environment. Detecting relevant cues amidst other
signals and noise, a task called figure-ground segregation, is important for survival.
Understanding mechanisms that enable animals to solve such a challenging task requires a
paradigm that recapitulates key features of the task, yet ideally should be simple enough that
allows these mechanistic bases to be studied experimentally. In my PhD, I developed a
behavioral paradigm using only binary mixtures as a model for olfactory figure-ground
segregation in mice. Ethyl butyrate (EB) was assigned as target odor and ten other background
odors with differing degrees of chemical similarity to EB were included as part of a Go/No-Go
task. The fact that the mixtures comprised only two odors made the number of possible odor
combinations limited, which therefore made the paradigm tractable and ensured that all
combinations can be presented exhaustively per behavioral session. Despite its simplicity, I
demonstrate that the experimental paradigm can still impose a degree of challenge for mice
through the use of a highly similar background odor. This captures recent findings that the
degree of overlap between odor-evoked neural representations underlies figure-ground
segregation difficulty. Additionally, it was determined that mice performing the binary mixture
task can easily generalize when presented with a novel odor, which suggests that demixing is
likely involved. Finally, two example cases are presented as examples how the experimental
paradigm can be applied to investigate possible neural mechanisms of olfactory figure-ground
segregation. Overall, despite its simplicity, the experimental paradigm using only binary
mixtures may be used to probe neural mechanisms of olfactory figure-ground segregation.
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General introduction

Introduction to figure-ground segregation

Animals are presented with continuous streams of sensory information as they navigate their
environments. To deal with this, their sensory systems have been developed to parse and
detect relevant information. An important aspect of this is to segregate the signal of interest
from the background, irrelevant signals. This task is known as figure-ground segregation
(Lamme, 1995). This ability is crucial for hunting food, avoiding danger, mating - overall,
to survive. For example, during mating season, frogs of different species congregate in the
same area such as a pond in search of suitable mates. Male frogs loudly generate species-
specific “advertisement” calls (Nityananda and Bee, 2011; Bee, 2015). The females then
listen intently to detect the right mating call (i.e. the “figure”) amidst the noisy background,
resulting in a “cocktail party effect” (Cherry, 1953).

Some concepts gained from early studies of figure-ground segregation

In the visual system, research into figure-ground segregation dates back over a century.
During the early 20" century, many psychological studies on this topic often occurred with
respect to viewer’s perceptions of forms in art (Kandel, 2012, 2016). This soon led to the
emergence of the Gestalt (a German word for configuration) psychology, whose early
proponents suggested that humans respond not to the disparate features of visual stimuli but
rather to specific combinations or configurations of stimuli (Kandel, 2012; Wagemans et al.,
2012). Key to understanding perceptions of objects is to relate the configural processing to
representations of these building blocks (Vecera and O’reilly, 1998; Wagemans et al., 2012;
Self et al., 2019). For example, the ambiguous figure by Rubin (1915) famously illustrates
how border ownership determines figural assignment (Figure 1.1).

Figure 1. 1 Rubin face-vase illustration (1915)
Depending on border assignment, one may be able to perceive a goblet or two facial profiles on the ambiguous
figure (Image from Rubin, 1915).

Neural correlates of border ownership have been observed in the visual cortex (Zhou et al.,
2000; Roelfsema et al., 2002; Qiu and Von Der Heydt, 2005; Fang et al., 2009). In one study,
Zhou et al. (2000) could show that firing rates of neuros in V1, V2, and V4 of macaque
monkeys changed depending whether or not the edge belonged to either the figure or the
background. Similar coding principles have been later observed in other sensory modalities
(Zelano et al., 2011; Mesgarani and Chang, 2012; Kok et al., 2017).
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Other known mechanisms of figure-ground segregation include feature extraction,
modulation/contrast enhancement, predictive coding, attention and object recognition
(Vecera and O’reilly, 1998; Rao and Ballard, 1999, Self et al., 2019). In addition, many other
factors influence which stimulus is assigned as the target/figure including prior experience,
attention, and intention (Wagemans et al., 2012; Wang et al., 2019).

Olfactory figure-ground segregation

My thesis work is on the olfactory figure-ground segregation - a task where a target odor is
detected or recognized in the presence of a noisy background. This is because the sense of
smell is a dominant modality in many organisms (Nielsen et al., 2015; Blazing and Franks,
2020), in particular in the mouse, which has become a widely used model system across
laboratories.

Before I discuss the characteristics of the olfactory figure-ground segregation, it is first
necessary to introduce the relevant nomenclature and concepts, including the architecture
and coding principles of the early olfactory system in the mouse.

Organization of the early olfactory system

Transduction of olfactory stimuli begins in the nose. In the mouse, mature olfactory sensory
neurons (OSNs) located in the nasal epithelium express a single olfactory receptor (OR)
gene, which encodes an olfactory receptor (Buck and Axel, 1991). While there is a vast
library of OR genes, it is still outnumbered by odor molecules in existence. To enable
perception of the large repertoire of volatile odor molecules, the olfactory system uses
combinatorial receptor coding (Malnic et al., 1999). A single odorant molecule can bind to
different OR types and multiple molecules can bind to the same OR type. This is because
each odorant molecule contains multiple chemical features and many odorant molecules can
share the same chemical feature, respectively (Chess et al., 1994; Malnic et al., 1999;
Serizawa et al., 2004).

The olfactory bulb (OB) is the first olfactory brain region where synaptic processing of odor
information occurs. OSNs in the nasal epithelium are only coarsely organized in the nasal
epithelium such that OSNs expressing different receptors can be intermingled with one
another in different zones (Vassar et al., 1994). But a highly organized topographic
arrangement is achieved, where the axons of OSNs expressing the same OR coalesce onto
the same glomeruli in the OB. Here, they form synapses with the primary apical dendrites
of the OB output cells, the mitral and tufted cells (MTCs) (Mombaerts et al., 1996). This
forms a distinct spatial map of glomerular activity in the OB that helps confer odor identities
(Uchida et al., 2000; Nagayama et al., 2014).

A vast network of inhibitory cells across its different layers is involved in modifying the
spatial and temporal patterning of the MTCs (Land and Shepherd, 1974; Burton, 2017) —
impacting the odor information transmitted to higher olfactory regions (Figure 1.2A). For
example, inhibition in the OB shifts the timing of MTC activation and adds to the distinction
between the two OB output cells (Fukunaga et al., 2012; Ackels et al., 2020). Additionally,
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centrifugal inputs from downstream olfactory areas contribute to odor information
processing in the OB.

In general, centrifugal input to the OB can be classified into two: those that come from areas
that the OB directly projects to, and those that do not directly receive input from the OB.

The former includes the piriform cortex, anterior olfactory nucleus (AON), and tenia tacta;
while the latter includes areas such as the locus coeruleus (LC), which project
neuromodulatory fibers to the bulb (Matsutani and Yamamoto, 2008).

A

Olfactory sensory neurons

. §0 \/Q%?*

EPL

MCL » > «

IPL

GCL Granule cell

prrese - OB

OSNs AON

ok PCx

Figure 1. 2 Anatomical organization of the mouse olfactory system

A) Anatomical organization of neurons in the OB. (ONL: olfactory nerve layer; GL: glomerular layer, EPL:
external plexiform layer, MCL: mitral cell layer, IPL: internal plexiform layer, GCL: granule cell layer, PG cell:,
sSA cell (Image from Nagayama et al., 2014). B) Sagittal plane illustration of the mouse brain showing the main
targets of the OB output cells in the early olfactory system (OB: olfactory bulb, AON: anterior olfactory nucleus,
OT: olfactory tubercle, PCx: piriform cortex).

One distinct feature of the olfactory system is the OB output simultaneously project to
different cortical regions —without passing the thalamus — rather than a hierarchy of
subdivided cortical regions (Brann and Datta, 2020). Notably, the direct connection between
the OB output cells and their downstream targets is unlike other sensory areas wherein
feedforward sensory information initially goes through the thalamus before reaching the
corresponding early sensory cortex (Courtiol and Wilson, 2015).
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Combinatorial coding and evoked activity patterns

As introduced before, individual OB glomeruli receive input from OSNs expressing the
same odor receptors (Ressler et al., 1994; Mombaerts et al., 1996). Thus, a given odor
activates a distinct subset or pattern of OB glomeruli, which is the anatomical correlate of
combinatorial coding mentioned above (Malnic et al., 1999). However, these odor-evoked
glomerular representations may be thought of as starting points, since the olfactory system
further refines these patterns. Exactly how this occurs may even change dynamically
depending on the behavioral context, experience, state, etc. Indeed, pattern decorrelation is
observed in the olfactory bulb and is behaviorally associated with ability to discriminate
odorants (Gschwend et al., 2015). Refinement of odor information in the OB via processes
such as pattern decorrelation is thought to reduce redundancy and improve the
discriminability of activity patterns evoked by odors. As mentioned later, pattern
decorrelation may be a mechanism that is relevant for olfactory figure-ground segregation
(Gschwend et al., 2015; Otazu et al., 2015; Grabska-Barwinska et al., 2017).

Olfactory cortices

Brain regions that are targeted by the OB outputs are generally called olfactory cortices.
Many regions that fall into this category, including the anterior olfactory nucleus (AON),
piriform cortex (PCx), olfactory tubercle (OT) among others (Figure 1.2B). Of these, the
piriform cortex is the largest. It is a three-layer allocortex, like the hippocampus, with many
similarities in connectivity and the proposed functions, including in learning and memory
(Blazing and Franks, 2020). Pyramidal neurons in the piriform cortex receive input from
mitral and tufted cells from different glomeruli. The stereotyped anatomical segregation like
the OB glomeruli is lost here: pattern of projection to the piriform cortex is random or at
least does not have a clearly discernible topographic pattern (Stettler and Axel, 2009). This
is thought to be important, as this means that piriform neurons are able to integrate features
from different OB cells (Stettler and Axel, 2009). This convergence in the piriform cortex is
thought to be the anatomical correlate of configural representations (Stettler and Axel, 2009;
Howard and Gottfried, 2014). Random convergence, rather than a genetically determined
pattern, may be advantageous where adaptive changes are involved.

Feedback loop

Another unique feature of early olfactory processing is the presence of dense cortical
feedback to the primary sensory area (OB). For example, the AON ends glutamatergic
feedback to the OB, particularly glomerular interneurons and granule cells but also mitral
cells (Markopoulos et al., 2012). While the functional role of the AON is less understood,
recent studies have shown that the AON is associated with olfactory place memory
(Agrabawi and Kim, 2020) and odor recognition and discrimination, especially involving
the superficially located OB output, tufted cells (Chae et al., 2020). There is also dense
feedback from the piriform cortex. While the pyramidal neurons that feed back to the OB
may be unique types (Mazo et al., 2017), it is possible that some of the patterns that the
piriform cortex "learns" may be projected back to the OB.
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Having briefly introduced the anatomical regions and pathways of the mouse olfactory
system, below, I discuss what is known about the olfactory figure-ground segregation.

Olfactory figure-ground segregation: Knowns and unknowns

As mentioned earlier, different odorants may evoke overlapping patterns of neural
representations in the OB (Araneda et al., 2000; Johnson and Leon, 2008). The degree of
pattern overlap of evoked neural representations in the early olfactory system forms the basis
of how difficult it is to detect the presence of a target odor in an odor mixture (Rokni et al.,
2014).

Activity patterns in the OB evoked by odors and underlying circuit mechanisms

Our understanding about the neural mechanisms of olfactory figure-ground segregation is
still limited. For example, whether pattern decorrelation in the OB is a driving force or
merely an outcome of olfactory figure-ground segregation is still uncertain (Grabska-
Barwinska et al., 2017). Additionally, which olfactory features are preserved during pattern
decorrelation of MTCs (Brann and Datta, 2020) and how the vast network of inhibitory
neurons exactly partake in the process is not fully understood. Inhibition mediated by granule
cells has been shown to increase pattern correlation, thereby affecting olfactory performance
in mice (Gschwend et al., 2015), but there are still many unknowns in how other inhibitory
cells spanning different layers of the OB may affect pattern decorrelation and olfactory
figure-ground segregation. These neurons implement inter- and intraglomerular inhibition,
as well as overall normalization of MT cell activity via different circuit motifs (Burton, 2017).
These may contribute to the changes in the patterns of responses that could affect the ability
of animals to perform such olfactory task.

Temporal patterns and odor encoding

Olfactory information is not only defined by spatial patterning but also timing of responses
of different olfactory regions/cells. The primary OB output neurons themselves are
delineated from one another based on their temporal response profiles (Fukunaga et al.,
2012; Ackels et al., 2020). Timing of responses are also crucial in processing odor
information. Early responses in both the OB and piriform cortex are associated with
conferring odor identity (Bolding and Franks, 2017; Wilson et al., 2017), and late responses
indicate odor intensity (Bolding and Franks, 2017). Additionally, fine discrimination
experiments show that animals improve accuracy when forced to sample odors longer, which
has implications in the duration of integration and processing of odor information (Rinberg
et al., 2006). Similar occurrence has been observed during figure-ground segregation in the
visual system. Modulation/contrast enhancement in the early visual cortex, which is
dependent on stimulus complexity, emerges a few milliseconds later than the initial
feedforward input. This modulation is dependent on the figure-ground complexity (Koivisto
et al., 2014; Groen et al., 2018). When it comes to olfactory figure-ground segregation,
which epoch of mixture-evoked responses especially in the early olfactory areas important
in solving the task is unknown.
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Olfactory pathways relevant for figure-ground segregation

While some mechanisms relating to olfactory figure-ground segregation have been revealed
in the olfactory bulb and piriform cortex, the role of other downstream olfactory is even
more limited. For example, the anterior olfactory nucleus (AON) receives direct input from
the olfactory bulb (primarily from tufted cells) and also sends feedback to the OB. The AON

also sends associative input to the piriform cortex (Igarashi et al., 2012). As it has been
recently shown that it has a role in odor discrimination of binary mixtures (Chae et al., 2020),
it would be worth further exploring the role of the AON in olfactory figure-ground
segregation.

Overall, olfactory figure-ground segregation is an important task for the survival of animals.
Mechanistically, there are still many aspects of olfactory figure-ground segregation that
remains to be explored.

Role of experimental models in probing neural mechanisms

Many factors are taken into consideration when using guided behavioral experiment to probe
neural functions. Associative learning has been a powerful approach not just to study the
mechanisms of learning and memory, but to probe the nature of sensory representations in
the brain. Classic examples are Pavlovian conditioning and operant conditioning, differing
in whether or not the experimental animal initiates the task. Other factors taken into
consideration are the choice of environment, animal model, and complexity, to name a few
(Rescorla and Holland, 1982; Carandini and Churchland, 2013).

A crucial aspect to be mindful of the is the practical and ethical use of animal models, thus
task complexity and experimental duration are critical. That is, being able to utilize and
maximize the use of animal models to gather relevant data, suited to question at hand,
without subjecting animals to prolonged used is crucial.

To explore this, designing a practical experimental paradigm is important. My goal in this
thesis is to develop and explore the use of a simple and tractable experimental paradigm to
probe mechanisms of olfactory figure-ground segregation. This would enable a more
practical and time-sensitive approach in collecting behavioral data. To address this, my
specific aims are as follows:

1. Design a simple experimental paradigm for probing figure-ground segregation
(Result Chapter 1)

2. Address how mice are solving the figure-ground segregation paradigm (Result
Chapter 2); and

3. Present use cases showing how the proposed behavioral paradigm can be used to
probe the mechanisms of figure-ground segregation (Result Chapter 3).
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Introduction

Olfactory perception is a complex process influenced by acquired and innate factors such as
repertoire and sensory tuning of olfactory receptor (OR) genes in relation to the stimuli
present, as well as learning or experience and behavioral contexts.

The ligand-receptor interaction is the primary driver of activity leading to olfactory percept.
As mentioned already in Introduction, a single molecule is a ligand for many olfactory
receptors (Malnic et al., 1999), leading to overlapping glomerular activity patterns when
odors occur as mixtures. As an extreme example, Inagaki et al. (2020), report in their study
that a monomolecular odor could have the capacity to activate up to 90% of the olfactory
sensory neurons in the mouse olfactory epithelium (Inagaki et al., 2020). This implies the
need for complex processing for when other — perhaps even just one — background odors are
mixed in. To compensate, olfactory information from the mixture components is modulated
or normalized at different levels of the olfactory circuitry (Reddy et al., 2018; Inagaki et al.,
2020; Zak et al., 2020). These mixture interactions ultimately affect the perceptual qualities
of mixtures, especially compared with their component odors in isolation.

Characteristic of mixture perception: synthesis and analysis

The combination of odors may either create novel perceptual qualities (synthetic/configural
perception) or retain perceptual qualities of one or more component odors
(analytical/elemental perception). Odor complexity and background identity are known to
be strong determinants of whether or not mixtures are perceived configurally or elementally.
In general, the more complex the mixture is, the more likely configural perception takes
place (Livermore and Laing, 1998b; Lindqvist et al., 2012; Thomas-Danguin et al., 2014).

Furthermore, the number of odor components in a mixture impacts configural perception
(Thomas-Danguin et al., 2014).For example, varying “olfactory white” (mixture with about
30 equal-intensity odorant components) mixtures smell alike to non-expert subjects,
regardless of the exact composition of the mixture (Weiss et al., 2012). Note, however, each
component odor could contribute different degree of "complexity" in a mixture, based on its
own molecular structure. It has been suggested that larger molecules evoke a wider array of
olfactory notes than simpler ones among human subjects (Kermen, 2011). Thus, binary
mixtures, albeit the simplest, also could produce perceptual qualities different from their
components (Jinks and Laing, 2001).

Use of binary mixtures to probe olfactory mixture perceptions

It has been shown, that binary mixtures could be perceived elementally or configurally
depending on the perceptual qualities of the component odors (Wiltrout et al., 2003). This
was exemplified in humans where certain perceptual descriptors for monomolecular odors
were lost when these monomolecular odors are combined with others. Configural perception
for binary odors was evident in rats when the mixture contains odors that individually were
perceived as similar to each other (Kay et al., 2003). On the other hand, elemental perception
was evident when the individual component odors were perceptually different from one
another.
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Further, a proposed computational model for binary mixtures comprised of highly similar
odorants showed that overlapping glomerular responses are inhibited - generating a distinct
code that induces configural perception (Linster and Cleland, 2004). Overall, properties of
the component odors (odor identity/similarity, receptor binding, and perceptual qualities,
etc.) as well the mixture as a whole (e.g. mixture size) impact how mixtures are
spontaneously perceived. These same factors also play a role when animals have to perform
specific olfactory tasks such as figure-ground segregation.

Features to capture in the new behavioral paradigm

A study by Rokni et al. (2014) elegantly captured the effects of mixture size, odor similarity,
and more importantly pattern overlap - or masking - in such task (Rokni et al., 2014). They
showed that the size of the mixture may only be relevant if the background components are
similar to the target odor of interest. Although there was some decline in the ability to detect
the target odor (specific tiglates) when increasing the number of background odors that are
dissimilar to the target, the effect was not as impactful as when the number of similar
background odorants increased. This demonstrated the relevance of the background odor
similarity and size on the perceptual task. In essence, the greater the masking index, which
relates to the similarity and size of the background odors, the more difficult the task is for
the animals (Rokni et al., 2014).

As mentioned in the general introduction, insights on neural mechanisms are often revealed
when configural percepts are studied in terms of component responses. However, to do so
exhaustively using complex mixtures (with many component odors) can pose practical
challenges. Thus, my goal for this chapter is to design a behavioral paradigm that balances
the two essential aspects: To impose a degree of perceptual difficulty consistent with
previous studies, while remaining tractable. I therefore chose to design an olfactory figure-
ground segregation task using binary mixtures.

Methods
Animals

Behavioral experiments were approved by the OIST Animal Care and Use Committee
(ACUC) prior to experimentation. Eight to twelve week-old male C57BL/6J (B6) mice were
used in the study.

Olfactometry

Odors were presented using a custom-built olfactometer (Figure 2.2A) that allowed the
presentation of 11 different odors, as well as non-odorized air/blank (“Bl.”). Briefly, during
odor presentation, a controlled flow of air was passed through odor canisters containing
saturated vapor and mixed with a diluting air, and finally presented to the mouse through a
5-way valve placed closed to the nose of the animal. Two separate manifolds with separate
sets of odorants were used to generate binary mixtures. The first odor line (‘Group 1°)
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contained the following odors: ethyl butyrate (W242705, Sigma-Aldrich, >98% purity),
ethyl tiglate (T0247, TCI, >98%), methyl valerate (V0005, TCI , >99%), acetophenone
(A0061, TCI, >98.5%), methyl anthranilate (A0500, TCI, >99%), butyl butyrate (B0757,
TCI, >99%). The second odor line (‘Group 2’) contained the following: methyl butyrate
(B0763, TCI, >99%), methyl salicylate (S0015, TCI, >99%), salicylaldehyde (S0004, TCI,
>98%), methyl tiglate (T0248, TCI, >98%) and eugenol (A0232, TCI, >99%; Figure 2.1A).
Non-odorized air (air that passed through blank canisters) was also presented randomly
during the behavioral tasks. Odors were presented at 1-5% saturated vapor.

Behavioral training

Habituation: Prior to odor presentation experiments, head-fixed and water-restricted mice
were acclimated in the setup for at least three days. Mice were provided with water (10 ul
per droplet). Licks were recorded using an IR-beam sensor (Panasonic PM-F25) positioned
in front of the mouth of the animal. Water droplets were given until mice were satiated for
each habituation day. Habituation was conducted once per day and continued until mice
learned to lick vigorously to receive water.

Pure odor discrimination

After habituation, mice were trained to perform pure odor discrimination. This comprised
training to associate the target odor, ethyl butyrate, with reward (20 pl water), but to refrain
from licking in response to presentations of other single odor presentations. Correct trials
were where anticipatory licks (1-2.2s after final valve offset) were observed upon
presentation of the target odor, but not other, odors. Odors were presented in a pseudo-
random manner using a custom olfactometer. This continued until the mice showed at least
80% accuracy in performance for two consecutive sessions, mice were presented with binary
mixtures, generated by combining odors from Group 1 and Group 2 and presenting them as
one pulse.

Figure-ground segregation

After the habituation and pure odor discrimination training, the head-fixed mice went
through the figure-ground segregation task using binary mixtures. To control the air flow
independently, two odors used in the mixtures came from separate odor manifold of the
olfactometer. Thus, in the experiment, the combination of odors from Group 1 and 2
(including blank) generated 42 possible mixtures.

Target switching
Mice began with training for multiple sessions of pure odor discrimination, where ethyl

butyrate as the target odor was cued with blue LED, and methyl anthranilate as the
alternative target odor was cued with green LED.

11
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After several sessions of training the pure odor discrimination task with ethyl butyrate as the
target, the light cue was changed to a green light and the target odor was changed to methyl
anthranilate. When mice reached at least 80% accuracy for odor discrimination with this
new target odor, they were then trained to switch between the two. The target odor was
changed every 50 trials. I refer to these 50 trials as a “block” for convenience. When mice
learned the switching component using pure odors, they were trained to perform switching
on the figure-ground segregation task, switching between the two assigned target odors
every 50 trials.

Analysis and data display

Custom MATLAB codes were used to analyze and visualize the data. Behavioral accuracy
was calculated as the proportion of correct responses. A correct response was defined as one
or more anticipatory licks on rewarded trial, and no anticipatory lick on unrewarded trial.
Learning curves were calculated as performance in blocks of 50 trials.

Pairwise structural similarities of odors (maximum common substructure (MCS) Tanimoto
coefficient) for each pair of odors were determined using the online service, ChemMine
Tools (Backman et al., 2011). MATLAB function cmdscale was used to perform
multidimensional scaling (principal coordinate analysis) for odor dissimilarities (1-
Tanimoto Coefficient). Statistical analysis was done using MATLAB functions ttest2 for
two-sample t-test and anoval for analysis of variance (ANOVA).

Results
Structural and perceptual similarities of target and background odors

Because of the importance of odor choices in the design of the olfactory figure-ground task,
I first selected a range of molecules that ranged in similarity to ethyl butyrate, the target odor.
Chemical similarities are often evaluated either by using descriptors or structure matching.
In my case, I obtained the pairwise similarities (Tanimoto coefficient) of the selected odors
based on their maximum common substructure (MCS) using the online tool ChemMine
Tools (Backman et al., 2011). For this analysis, a structure matching method using MCS
represents the two-dimensional description, where the similarities of chemical structures of
a pair of molecules as molecular graphs. It identifies the largest common subgraph shared
by them. As such, it puts forth emphasis on the largest matching substructure, which is
assumed to be relevant in the bioactivity of the molecules (Cao et al., 2008; Backman et al.,
2011). This provides a simple and intuitive estimate of the odor similarity based on structure.

Among the non-target odors, methyl butyrate has the highest structural similarity to EB
(MCS Tanimoto coefficient = 0.875). Other odors that are highly similar to EB include butyl
butyrate, ethyl tiglate, methyl valerate and methyl tiglate. Some other odors are dissimilar to
EB but share common substructures to one another (Figure 2.1). The neural similarity of
these odors was confirmed separately through collaboration within the lab, by calculating
the masking indices of odors relative to ethyl butyrate in a manner similar to Rokni et al.,
(2014). Here, the glomerular signals came from apical dendritic activities of mitral and tufted
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cells (Adefuin et al., 2022). Overall, I selected a set of odors that have a variable degree of
similarity to EB based on their structures.
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Figure 2. 1 Molecular structures of odors used.

A) Odors selected for the experiments and their respective structures. Ethyl butyrate (pink) is assigned as target
odor. B) Pairwise structural similarities (Tanimoto coefficients) of the odors based on their maximum common
substructure. C) Multi-dimensional scaling of the odors based on their dissimilarities (1-MCS tanimoto
coefficient) shows how the odors were clustered. Ethyl butyrate in pink.

I then aimed to assess the perceived similarity relative to ethyl butyrate. This was done using
a pure odor discrimination task (Fig 2.2B-D). This, as well as all subsequent behavioral tasks
for the head-fixed mice is a Go/No-Go behavioral task.
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Figure 2. 2 Behavioral experiment for assessing perceptual similarity to target odor.
A) (Top) Layout of olfactometer used for presenting odors. Selected odors were separated into two groups.
(Bottom) Example recordings using a photoionization detector (PID) to estimate the concentrations of the odors.
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Shaded yellow region indicates the duration of the final valve (FV) opening (1s). B) lllustration for head-fixed
mouse. Odorized air is presented in one nostril. A lick sensor, alongside a water port, is placed in front of the
mouse. The beam of the lick sensor is broken whenever a mouse licks and the lick is recorded. C) Structure of
pure odor discrimination task. D) Detailed trial structure. An LED cue indicates the beginning of each ftrial. In
this task, a monomolecular odor is presented in each trial and water is given after the odor presented is the
target odor (EB), while no water is given when other odors are presented. Example responses for rewarded and
non-rewarded trial type are also shown. Correct responses are either hits (anticipatory licking on trial with target
odor) or correct rejection (refraining from anticipatory licking on trial with non-target odor).

Over the course of the pure odor discrimination training, mice learned to lick after
presentation of the target odor and to refrain from licking on non-target odors (Figure 2.3 A-
C; mean anticipatory lick count on first vs. last day for S- and S+ trials: 1.1 £ 0.2 and 5.1 +
1.5 (p= 1.8e%, t-test for equal means, t-score = -5.5) vs. 0.5+ 0.1 and 15.4.+ 4.5 (p = 3.5¢"
07 t-test for equal means, t-score = -10.8), respectively (n= 12 mice). Overall, mice learned
to perform the task with high accuracy, reaching 80% performance accuracy after about 150
trials (Figure 2.3D).
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A) Raster plots showing lick responses of an example mouse during multiple sessions of pure odor
discrimination, separated by trial type (S+, top; S- bottom). Black ticks correspond to incorrect responses on
both. Yellow indicates period for final valve opening. B) Average anticipatory lick count during multiple sessions
of pure odor discrimination task (n=12 mice). Block of 10 trials. C) Average cumulative licks and average
anticipatory lick count of mice during first (left) and final (right) day of training. Yellow indicates final valve
opening. Paired t-test, *** denotes p<0.05, n=12 mice, circles equal individual mice. D) Average performance
of mice during sessions of pure odor discrimination. Block of 50 trials, n=12 mice.

For non-target odors, mice performed worst during trials with methyl butyrate (Figure 2.4A,
mean accuracy = 74.6 % + 0.04). Thus, mice perceived methyl butyrate closest to the target
odor, ethyl butyrate. Furthermore, performance accuracies of the mice declined with their
MCS similarities to ethyl butyrate (Figure 2.4B, correlation coefficient r = -0.74, p-value =
0.015).

Overall, I demonstrate here the perceptual relationship between the target and selected non-
target odors. Among the non-rewarded odors, those with high structural similarity with ethyl
butyrate tend to be perceived similarly.
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Figure 2. 4 Pure odor discrimination task reveals perceptual relationships between target and
non-target odors.

A) Average accuracy in non-rewarded trials. One-way ANOVA showed significant differences between odorants
(F(10, 121) = [2.7], p = 0.004). Post-hoc analysis using Tukey’s HSD confirmed differences in mean correct
responses, particularly on methyl butyrate training. * denotes p<0.05 and ** denotes p<0.01. Data are shown
as mean+SEM. (n=12 mice). B) Relationship between accuracy mean+SEM in non-rewarded trials and similarity
(Tanimoto coefficient) of each odor to ethyl butyrate (r = -0.74, p = 0.015).

Binary figure-ground segregation

Having learned how mice perceived each selected odor, I then tested how well mice could
report the presence of the target odor (EB) when presented in a binary mixture. Here, I used
the same sets of odorants, assigned them into two groups, then combined them together to
form binary mixtures. The structure of the task is similar to pure odor discrimination, except
any mixture with ethyl butyrate in it was associated with water (Figure 2.5).
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Figure 2. 5 Experimental structure for binary figure-ground segregation

A) Odors were grouped into two to generate binary mixtures, with ethyl butyrate in one group and methyl butyrate
on the other. A binary mixture is made of an odor from each group. No mixture contained two odors from the
same group. B) Structure of figure-ground segregation task. An LED cue indicates the beginning of each trial.
In this task, a binary mixture presented in each trial and water is given after the mixture presented contains the
target odor, ethyl butyrate. C) Example odor combinations used during figure-ground segregation. (Top) Prior
to performing figure-ground segregation, mice were habituated and trained in pure odor discrimination. (Bottom)
Odors are combined and presented in a semi-random manner. Ticks indicate odors presented in each trial. Pink

ticks are trials with ethyl butyrate.

Once the mice acquired the pure odor discrimination task, as shown previously, the mice
were subjected to figure-ground segregation tasks. They performed with high accuracy from
the onset, with mean accuracy 0.8 from the first mixture session (Figure 2.6A).
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Figure 2. 6 Using similar background odor in binary mixtures recapitulates properties of olfactory
figure-ground segregation

A) Average performance of mice during sessions of figure-ground segregation. B) Average response of mice to non-target
odors. One-way ANOVA showed significant differences among mean accuracies for the odorants (F(11, 121) =[3.3],p=
6.4¢%). Post-hoc analysis using Tukey’s HSD confirmed differences in mean correct responses, particularly on methyl
butyrate training. * denotes p<0.05 and ** denotes p<0.01. C) Average responses of mice for each odor combination. D)
Average performance of mice, specifically on methyl butyrate (blue) and other group 2 odors (black), during figure-ground
segregation. Each point is an average accuracy in a block of 50 trials. Data are shown as mean+SEM. (n=11 mice).

I then looked at their specific performances on the non-target odors (Figure 2.6B-D).
Consistent with the earlier observation, mice again performed worst on trials containing
methyl butyrate (mean accuracy = 0.85). Regardless of the presence of ethyl butyrate,
animals tended to lick when methyl butyrate was present (Figure 2.6C). The mice needed
more trials to improve, when compared to any other background (group 2) odor (Figure
2.6D; mean accuracy on first bin: 0.68 = 0.06 (MB) vs. 0.86 £ 0.03 (other group 2 odors),
p=0.02, t-test for equal means, t-score = 2.6). Eventually, the mice were able to accurately
discriminate against MB-containing odors. This demonstrates that despite the simplicity of
using binary mixtures could, an appropriate choice of the background odor can pose suitable
level of difficulty.
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Tractability of binary mixture experimental paradigm

One aspect of the task design that was important was the tractability - the ability to compose
all combinations of odors and single, component odors within the timeframe of an
experiment. As described earlier (Figure 2.5A), because there were two independent air
streams, with 6 and 7 odors respectively, this olfactometer generated 42 possible mixture
combinations. Moreover, given that the experimental paradigm was designed with certain
odors having different chances (e.g. rewarded trials had a third of a chance occurring during
a session), I quantified the frequency of each odor combination to ensure all of them were
indeed present in an average training session (Fig 2.7). It is not a uniform distribution, since
rewarded trials occurred on 33% of the trials, making ethyl butyrate appear most frequently.
Overall, the two-component mixtures make the experiment tractable in terms of number of
odor combinations.
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Figure 2. 7 Tractability of the experimental paradigm
A) Average number of trials for each mixture combination per experimental day or session. B) Average total
number of trials for each mixture combination per mouse.

Target switching paradigm to induce attention shifts

Having determined that binary mixtures could be used as a model for figure-ground
segregation I sought to extend the behavioral experiment even further. The main goal here
was to switch the target odor rapidly using the same odor panels. In particular, by choosing
the target odors that are structurally different from each other, a successful paradigm may
enable different kinds of decision boundaries to be analyzed.
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Figure 2. 8 Structure for task switching experiment.

A) lllustration for head-fixed mouse. Blue and green LEDs were placed on opposite sides of the mouse. B) Two
odors, ethyl butyrate and methyl anthranilate, were alternately assigned as the rewarded odors along with
different contextual cues for both olfactory tasks. C) A typical experimental flow for target odor training and
switching during pure odor discrimination and figure-ground segregation. The number of trials and days for each
type of experiment type varied, depending on the performance of each mouse.

Pure odor discrimination training with target switching

Mice were initially trained to perform pure odor discrimination. Separately, two odors were
chosen as reward-associated odor, with two different contextual cues: blue LED flashes for
ethyl butyrate and green LED flashes for methyl anthranilate (Figure 2.8). The two odors
were chosen because of their dissimilarity with one another (MCS Tanimoto coefficient =
0.3571).

After three days of training, performance reached an accuracy of 90% when ethyl butyrate
was assigned as the target odor. After this, a new target odor (methyl anthranilate) was
assigned — with the previous target odor (EB) no longer associated with any reward. Mice
eventually improved on this target as well, reaching at least 90% accuracy after 300 trials
(Figure 2.9A).

Predictably, most errors occurred on trials when the previously rewarded odor was presented
as a non-target (i.e., methyl anthranilate trials when ethyl butyrate is the assigned rewarded
odor, and vice versa). The improvement takes form in the decrease in lick counts for the
odor that was the target odor in the previous block. This trend is even clearer when counting
the number of licks produced in response to the relevant odors (fig 2.9B). Generally, mice
showed significant improvement within each block of 50 trials, as there is a clear difference
between how mice responded to an odor as target versus non-target (Figure 2.9A & C).
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Figure 2. 9 Behavioral performance during switching when mice where presented with
monomolecular odors.

A) Behavioral performance during switching when mice were presented with monomolecular odors. Mean
correct responses for ethyl butyrate (EB, top) and methyl anthranilate (MA, bottom) as target (solid line) and as
non- target (dashed line) odors during target switching. LED colors indicate target odors (blue = EB, light green
= MA). B) Mean number of licks (normalized) of mice on ethyl butyrate (pink) and methyl anthranilate (orange)
within the 50 trial block. Top shows when EB is the target odor, while bottom shows when MA is the target odor.
C) Response difference indicates difference in the mean licking between EB and MA. Data are shown as
mean+SEM (N= 3 mice).

Interestingly, when the target odors switched, the error types changed, too. The mice
performed worst on methyl butyrate when the assigned target odor was ethyl butyrate. When
the target odor assigned was methyl anthranilate, mice performed worst on trials with
vanillin and non-odorized air (Figure 2.10B and C).
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Figure 2. 10 Odor-specific analysis of behavioral performance during pure odor
discrimination with different targets.

A) Behavioral performance during pure odor discrimination with two odors (ethyl butyrate, pink; and methyl
anthranilate, orange) were assigned as the target odor, separately. B) Average response of mice to non-target
odors when ethyl butyrate was the target odor. One-way ANOVA showed significant differences among mean
accuracies for the odorants (F(11,24) = [2.3], p = 5.2e-%]). Post-hoc analysis using Tukey HSD confirmed
differences in mean correct responses, particularly on methyl butyrate training. * denotes p<0.05. C) Similar to
B but with methyl anthranilate as the target odor. One-way ANOVA showed significant differences among mean
accuracies for the odorants (F(11,24) = [8.8], p = 0.04). Post-hoc analysis using Tukey HSD confirmed
differences in mean correct responses, particularly on methyl butyrate training. ** denotes p<0.01 and ***
denotes p<0.001. Data are shown as mean+SEM (N = 3 mice).

Switching performance with figure-ground segregation

After reaching high accuracy on the pure odor switching paradigm, mice were tasked with
identifying the target odors in a figure ground paradigm. Here, mice correctly identified ethyl
butyrate and methyl anthranilate correctly as target odors 40-80% of the time (Figure 2.11A).
While having already learned the switching context from the previous sessions (switching
during pure odor discrimination), many of the errors here were produced when refraining to
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lick to non-target odor that was the target odor in the previous block. The errors may not
relate to the difficulty with which the mice detected the target odor in the presence of
background odors. Generally, after training with single-odor discrimination, mice were able
to perform figure-ground segregation with two-odor mixtures well from the beginning (as
shown in Figure 2.6).
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Figure 2. 11 Behavioral performance during switching when mice were presented with binary
mixtures.

A) Mean correct responses for ethyl butyrate (top) and methyl anthranilate (bottom) as target (solid line) and as
non-target (dashed line) odors for task switching during figure-ground segregation. B) Average response of mice
to non-target odors on ftrials wherein ethyl butyrate is the assigned target odor One-way ANOVA showed
significant differences between odorants (F(12, 39) = [13.9], p = 1.4e"'%). Post-hoc analysis using Tukey's HSD
confirmed differences in mean correct responses, particularly on methyl butyrate training. * denotes p<0.05. C)
Similar to B but with methyl anthranilate as the assigned target odor. odor One-way ANOVA showed significant
differences between odorants (F(12, 26) = [5.86, p = 8.24e-%1). Post-hoc analysis using Tukey's HSD confirmed
differences in mean correct responses, particularly on methyl butyrate training. * denotes p < 0.05. Data are
shown as mean+SEM (N = 3 mice).
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When ethyl butyrate was the assigned target odor, mice performed poorly on methyl butyrate
trials (mean accuracy = 0.77), albeit not the worst. Instead, mice performed worst on methyl
anthranilate trials (mean accuracy = 0.49) (Fig 2.11B). Alternately, when methyl anthranilate
was the assigned target odor, mice performed worst on ethyl butyrate trials (mean accuracy
= 0.74; Figure 2.11 C).

Overall, the errors in the switching task for figure-ground segregation may reflect a target-
specific difficulty, which may have a component of shifting attention between the two
assigned target odors during switching.

Discussion

In this chapter, my main goal was to explore whether binary mixtures can be used in a
relatively simple paradigm for figure-ground segregation. Here, the mice were trained to
detect a target odor (ethyl butyrate) and were tasked to perform binary figure-ground
segregation.

Using the pure discrimination task, I identified that methyl butyrate is perceptually similar
to EB, which is most structurally similar to EB within my odor set according to the structural
analysis. As a result, the errors in the mixture detection task mostly came from methyl
butyrate trials. This pattern of errors is consistent with what we know about odor structure
and evoked pattern overlap in the OB (Rokni et al., 2014).

Another important consideration was that the mice were not overtrained just on methyl
butyrate but were presented with rest of the non-target odors, which helps reduce stimulus
predictability and affect performance accuracy (Zariwala et al., 2013).

Looking specifically at the learning curve of mice on the trials with the background odors
shows that mice performed poorly on MB trials initially but did improve later on (Figure
2.6D). What this shows is that despite the simplicity of the mixture composition, detecting
and reporting the presence of the target odor may not be that readily obvious or attainable.
Thus, the task assigned to the mice actually requires engaging in figure-ground segregation.

A potential argument against binary mixtures versus more complex ones is that the easiness
of the former. There is no denying that more complex mixtures can be more difficult. Such
would require more processing to demix the odors, and perhaps more potential for probing
its mechanism. However, binary odors can still evoke configural percepts, which should
require demixing for one odor to be detected. Further, the use of larger and more complex
mixtures require longer training time (Rokni et al., 2014), which could be at the expense of
the water-restricted animals. The simplicity of our experiment while still being able to probe
the limits of figure-ground segregation makes for a more practical model for figure-ground
segregation. Mechanistic insights that can be revealed with it may be applicable in more
complex mixtures, akin to what animals may encounter in natural environments.

Having determined that binary mixtures could still be used to exhibit known features of
figure-ground segregation, I extended the behavioral experiments to determine how mice
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performed figure-ground segregation when having to switch between two assigned target
odors.

While the mixture task performance demonstrated that the use of a background odor similar
to the target (like methyl butyrate to ethyl butyrate) makes the figure-ground segregation
task difficult despite the simplicity of the mixture composition, results for the switching
experiment showed a different kind of difficulty. Most errors were on odors that were
assigned prior as the target odor, and the mice were slow to switch. This slow speed of
switching may pose some problems with physiological experiments. Further improvement
and optimization regarding this switching experiment therefore need to be conducted. As
such, I halted pursuing this experiment.

Overall, my behavioral experiment using binary mixtures was still able to capture relevant
features, including psychophysical limits, of figure-ground segregation. By making use of a
background odor that shares structural and perceptual similarity to the target odor —
potentially maximizing its masking or evoked pattern overlap compared with the other
background odors — we can stretch the potential of binary mixtures and use it as a model for
figure-ground segregation task.
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Introduction

In the result chapter 1, I designed the olfactory figure-ground segregation using binary mixtures.
Here, I aim to determine analyze further a possible behavioral strategy the mice may be using
i.e., whether or not the mice subject to this behavioral paradigm demix mixtures when reporting
the presence of an odor in a mixture or discriminating mixtures without separating the target
odor from the background. My approach is to assess how prior knowledge of the component
odors impacts the performance of mice in the task, especially when a novel odor is introduced.

Background

The computational process involved in detecting a specific object in a mixture is said to involve
‘demixing’. This is a process where mixture of signals is segmented or decomposed into its
components. Recognizing the presence of the target odor among the decomposed odors through
pattern recognition may be a relevant computation for olfactory figure-ground segregation
(Penker et al., 2020).

Whether demixing occurs in olfactory figure-ground segregation remains unclear. Recent
olfactory studies offer differing insights. In a generative model for olfactory figure-ground
segregation, demixing of odors involves predicting the probability distribution of the odor
components present in the mixture through iterative interactions (Grabska-Barwinska et al.,
2017). Alternately, it has been shown that mice can generalize with smaller mixtures but
struggle with larger, more complex ones (Mathis et al., 2016).

The strategy used by the nervous system to solve the figure-ground segregation may depend
on sensory experiences. Studies from other sensory modalities have shown that having a prior
knowledge about the target pattern helps in figure-ground segregation. For example, humans
who find that a highly familiar voice such as the voice of their spouses’ (Johnsrude et al., 2013)
or native language (Cooke et al., 2008) could help overcome the cocktail party effect.

Prior knowledge or experience is important as it may consolidate the circuitry for recognizing
the template pattern. For example, learning reward-association of visual stimuli produces
notable representations of the relevant stimuli in the primary visual cortex (V1) (Poort et al.,
2015). In humans, predictive signals produced before stimulus presentation may be similar to
stimulus-evoked representations (Kok et al., 2017). Additionally, prior sensory experience may
provide top-down information that interacts with bottom up input to help with figure-ground
segmentation. For example, in guided speech segregation, human subjects with advanced
knowledge of target speech stream exhibited enhanced neuronal responses to the target (Wang
etal., 2019).

Thus, in this thesis, my goal is to assess if knowledge of individual odors beforehand may
affect how mice respond to mixtures. I assess how two groups of mice (with vs. without prior
experience learning the monomolecular odors) acquire the binary mixture task, and further,
how they generalize when exposed to a novel monomolecular odor. I hypothesize that mice
with prior experience to monomolecular odors demix odors and, because they may be better at
decomposing components, outperform in generalizing to the novel mixture.
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Methods

Animals

Behavioral experiments were approved by the OIST Animal Care and Use Committee (ACUC)
prior to experimentation. Eight to twelve weeks old male mice were used in the study.

Olfactometry

The same set of odors as in chapter 1 were presented during these experiments. Additionally,
for the generalization experiment, butyl acetate (BA; Sigma 287725) was added in the
olfactometer set up.

Behavioral training
The structure of the behavioral experiment is similar to chapter 1.

In this chapter, there were two groups of animals. The non-exposed group (non-exposed group)
did not undergo "pure odor discrimination training". Instead, for this group (Figure 2.1E), they
were immediately presented with binary mixtures and tasked to report the presence of EB in
them. The other group (pre-exposed group) followed our behavioral paradigm for figure-
ground segregation: mice underwent pure-odor training before being presented with binary
mixtures to accomplish the same goal. For convention, in this chapter, experiments with
mixtures were simply referred to as mixture training rather than figure-ground segregation.

Generalization with novel background odor

The structure of the generalization task is similar to the figure-ground segregation task already
introduced, except that a novel odor (butyl acetate, BA) is added into the set of odorants. The
generalization experiment was conducted when mice have had an overall performance of about
80% in the mixture training task.

Data analysis
Custom MATLAB codes were used to analyze and visualize the data as before. MATLAB
function boxplot was used to illustrate box-and-whisker plot of the data with the horizontal line

inside the box indicating the median and the whiskers and the upper and lower extremes
showing the 25th and 75™ percentile, respectively. Circle indicates an outlier.
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Results

In this chapter, I wished to determine whether the mice utilizing my behavioral paradigm demix
odors based on its behavioral performance and how prior knowledge relates to this. As stated
before, my general hypothesis for this chapter is that mice that utilize prior exposure to single
odors demix odorants in order to determine the presence of the target in binary mixtures.
Further, 1 hypothesize that this aids generally in performing the olfactory figure-ground
segregation task.

To this end, I trained two cohorts of animals to report the presence of ethyl butyrate in mixtures.
One group comprised mice that went through pure odor discrimination i.e., they were pre-
exposed and trained with all individual odor component before the binary mixture training
(“pre-exposed group”). The other group (“non-exposed group”) underwent the binary mixture
training without prior exposure or training with monomolecular odors (Figure 3.1).

B Pure odor training
Light cue Odor Reward
o1, Target O
_._ —¥ (Ethyl butyrate) -
Lick sensor + = ™S\ Non-target odor @
Water port (Other odors)
C D
Group 1 odors Binary mixture training/generalization
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Figure 3. 1 Behavioral experiment for assessing whether mice demix odors when detecting a
target odor in binary mixtures.

A) lllustration of experimental setup using a head-fixed mouse. Odorized air is presented in one nostril. A lick
sensor, alongside a water port, is placed in front of the mouse. The beam of the lick sensor is broken whenever a
mouse licks. B) Structure of pure odor discrimination task. C) Odor combinations for the binary mixture task. D)
Structure of the binary mixture (and generalization) task. E) Flow of experiments for the two group of mice. The
non-exposed group (grey) immediately underwent the binary mixture training after habituation. On the other hand,
the pre-exposed group (pink) first underwent reward association training with all pure odors first before proceeding
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to binary mixture training. Both performed one day of generalization experiment, which is similar to the binary
training except for the addition of the novel odor, butyl acetate (BA).

With these two groups of mice, I specifically aimed to do the following: 1) first, compare the
rate of mixture task acquisition for the two groups during the initial training phase; 2) determine
if their ability to generalize and detect the target odor upon the introduction of a novel odor is
influenced by prior exposure.

Overall, the pre-exposed group (in pink, Figure 3.2) began to perform a pure odor training task
of up to 350 trials, then performed the binary mixture task, all in all totaled 600 trials. On the
other hand, the non-exposed group (in grey) performed the binary mixture task all throughout,
which totaled up to 650 trials (Figure 3.2B).
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Figure 3. 2 Overall performance of mice during binary mixture training

A) Experimental flow for the two groups. The non-exposed group performed the binary mixture task after
habituation, whereas the pre-exposed group a pure-odor discrimination task before doing the same binary mixture
task as the other group. B) Response accuracy of the non-exposed group (grey) and pre-exposed group (pink)
throughout multiple sessions of odor training. Block of 50 trials. Data are shown as meantSEM. (n=5 mice per

group).

To eliminate the possibility that the two cohorts experienced different amount of reinforcement,
I analyzed the probability of rewarded trial occurrence (Figure 3.3). This is important given
that expectancy of the rewarded signal is known to impact learning rate and accuracy in animals
(Zariwala et al., 2013). I compared the overall chance of rewarded and non-rewarded trials per
experimental session (Figure 3.3B-C). There was no difference in the probability of rewarded
(mean probability: 0.3342 (non-exposed) vs. 0.3345 (pre-exposed), p-value =0.95, t-test, t-
score = 0.06) and non-rewarded (mean probability: 0.6655 (non-exposed) vs. 0.6658 (pre-
exposed), p = 0.95, t-test, t-score = 0.06) trials for the two groups (Figure 2.3C).
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Figure 3. 3 Difference in responses of the two groups during the learning phase of the task

A) Learning curve with blue box showing the initial training phase of the experiments. Mice in the non-exposed
group performed binary mixture training, while mice in the pre-exposed group performed pure odor training during
the same period. B) Example session for one pair of animals showing the instances of individual odors for the non-
exposed group (left) and the pre-exposed group (right). EB trials are highlighted on top of each. C) Overall chances
of rewarded and non-rewarded trials throughout multiple training sessions. Statistical test by two-sample t-test, n.s.

denotes not

significant. N=5 mice per group.
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Detailed analysis of task acquisition

I next analyzed how mice responded to the presence of each odor component, as error types
could reveal insights on the strategy used. Note that this is a comparison of initial phase of
training i.e., acquisition of pure odor discrimination for the pre-exposed group, and mixture
detection for the non-exposed group. An analysis of mixture detection performance for the pre-
exposed group is given later.

Since most of the errors for Go/No-Go paradigms occur on unrewarded trials, I focused on
these trial types. I found a curious lack of odor-specific error that is common to pre-exposed
group. Methyl butyrate still ranked worst on the non-exposed group, this was not statistically
significant from any of the other odors (Figure 3.4B left; one-way ANOVA, F(9,40)=[1.3],p
= 0.25). On the other hand, the pre-exposed group showed preferential difficulty towards
methyl butyrate trials (one-way ANOVA, F(9,40) =[3.3], p = 0.0044; Figure 3.4B right). The
non-specific false alarms in the non-exposed may suggest that the difficulty was less related to
the similarity of the background to the target odor.
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Figure 3. 4 Prior knowledge of component odors results in odor-specific errors

A) Overall performance of mice on non-rewarded trials only. B) Average performance of mice on non-rewarded
trials containing specific component odors. (Left) Non-exposed group: One-way ANOVA showed no significant
differences among odors. (Right) Pre-exposed group. One-way ANOVA showed significant differences among
mean accuracies for the odorants. Post-hoc analysis using Tukey HSD confirmed differences in mean correct
responses, particularly on methyl butyrate training. * denotes p<0.05 and ** denotes p<0.01. Data are shown as
mean+SEM. (n=5 mice per group).

Additionally, to compare the behavioral performance of the two groups, I looked at how they
specifically performed on rewarded trials. Having not learned stimulus-reward association yet,
mice initially performed poorly on ethyl butyrate trials accurately (mean accuracy on first bin:
21.25 £ 7.29% (non-exposed group) vs. 41.25 + 14.87% (pre-exposed group); 16 rewarded
trials per bin). Both groups did reach comparably high accuracy by the end (Figure 3.5A).
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Figure 3. 5. Prior knowledge of component odors aids in correctly responding to rewarded trials
A) A) Overall performance of mice on rewarded trials only. B) Comparison of rewarded trials to criterion between
the two groups. Two-sample t-test, ** denotes p < 0.01. Data are shown as mean+SEM. (n=5 mice per group).

I determined how many rewarded trials mice took to reach a criterion of 80% response accuracy
(Figure 3.5B). I found that it took non-exposed group of mice longer to meet the response
criterion compared with the non-exposed group (mean number of rewarded trials to criterion:
111.6 = 3.9 (non-exposed group) vs. 74.6 = 2.3 (pre-exposed group); paired t-test, p-value
=0.0064, t-test for equal means, t-score = -3.66).

Overall, my results showed that there is a difference in how the two groups of mice learned.
Prior exposure made the errors on non-rewarded odors more specific, and in the rewarded trials,
overall, enabled mice to form odor-reward association. However, the data I analyzed for the
pre-exposed group came from the acquisition of pure-odor discrimination. I next present an
analysis of mixture detection performance.

Prior knowledge of odors improves performance on binary mixtures

Here, I address the question: how does prior knowledge affect how mice report presence of the
target odor in mixtures?

I repeated the from the above section, to analyze how the pre-exposed animals perform on non-
rewarded and rewarded trials. As both groups of mice had already learned the task contingency,
I considered the pre-exposed group as the one with prior knowledge given it was initially
trained to the monomolecular odors alone. Whereas the other group was presented with binary
mixtures, and therefore six different combinations of odors that contain ethyl butyrate. I then
compared this with the corresponding trials for the non-exposed group (Figure 3.6A). This
allowed me to determine how having clear and exact knowledge of the target identity and the
rest of the known background odors aids in detecting the odor of interest.
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Figure 3. 6 Behavioral performance of mice during binary mixture training.

A) Overall performance of mice, blue box indicates the binary mixture training by both the non-exposed and pre-
exposed group. Bin = 50 trials. B) Mean accuracy on rewarded and non-rewarded trials during the binary mixture
task. C) Proportion of error type for non-exposed and pre-exposed group. Two sample t-test, p > 0.05, n.s denotes
not significant. Data are shown as mean+SEM. (n=5 mice per group).

By this stage, overall, pre-exposed group of mice performed with high accuracy; and had a
tendency to have a response accuracy slightly higher than the non-exposed group (mean
accuracy on first bin: 82.4+3.65% (non-exposed group) vs. 93.6+1.47% (pre-exposed group);
Figure 3.6A). However, in both rewarded and non-rewarded trials, the pre-exposed group of
mice tended to perform slightly better than the non-exposed, despite the non-exposed group
essentially performing the same task as they were before (Figure 3.6B). Non-exposed group
had a tendency to make more misses rather than false alarms, that is, there was a tendency for
them miss licking on the non-rewarded odors more frequently (Figure 3.6C).

To delve further, I repeated the analysis broken down by the specific odorant components
(Figure 3.7). I hypothesized that prior knowledge of the odorants would lead to more stimulus-
specific errors if mice were to make mistake — especially if they were demixing. I analyzed 1)
responses of mice on non-rewarded trials with the presence of a specific odor component, then,
2) responses of mice to all possible combinations of odorants.
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Figure 3. 7 Mice with differing learning histories responded differently to non-rewarded trials.
A) Mean response accuracies of non-exposed (left, grey) and pre-exposed group (right, pink) on non-rewarded
odors containing specific component odors. Non-exposed group: One way ANOVA showed no significant
difference. Pre-exposed group: One-way ANOVA showed significant differences between odorants. Post-hoc
analysis using Tukey’s HSD confirmed differences in mean correct responses, particularly on methyl butyrate
training. * denotes p<0.05 and ** denotes p<0.01. Data are shown as mean+SEM. (n=5 mice per group).

I found that, for the pre-exposed group, the presence of methyl butyrate in non-rewarded
mixtures particularly imposed difficulty for mice (one-way ANOVA, (F(11, 24) =[3.03],p =
0.01; Figure 3.7 right). On the other hand, as before, while the non-exposed group also had a
tendency to perform poorly on non-rewarded trials with methyl butyrate, this was overall
indiscriminate from the rest of the odors (one-way ANOVA, F(11, 48) =[0.42], p-value =0.93;
Figure 3.7 left).

The above, odor-specific analysis is informative, but still somewhat blind to the exact
combination of odor (with which odor is the odor of interest was presented in a mixture).
Taking advantage of the simple design, I analyzed how mice responded to all possible odor
combinations (Figure 3.8).
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Figure 3. 8 Mice with prior knowledge of odors performed better on various mixture

combinations

A) Response accuracies of non-exposed (left) and pre-exposed (right) group of mice to all possible mixture
combinations. Data are shown as mean+SEM. (n=5 mice per group). B) Scatter plot showing relationship of A.
Spearman rank correlation coefficient (rho) = 0.31, p-value = 0.04.

I summarized the response accuracies of the mice for each possible mixture combination and
compared how the two groups responded to each. There were 42 mixture combinations possible,
including six that were rewarded. The range of "yellow hue" (poorer performance) is wider in
the non-exposed group than the pre-exposed group (Figure 3.8A). For most odor combinations,
the pre-exposed group performed better than the non-exposed one (39 out of 42 mixture
combinations fell under the unity line; Figure 3.8B). Additionally, there was little association
in how the two groups of mice responded to each odor combination (Spearman rank correlation
coefficient (tho) = 0.31, p-value = 0.04).

Overall, these results suggest that the two groups of mice learned and performed differently to

solve the same binary mixture task. Additionally, these results indicate that prior knowledge of
the odors enable mice to perform better in the binary mixture training.
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Mice with prior knowledge of odors may be demixing to detect the target odorant

To further analyze how a prior exposure to pure odors influence the performance of olfactory
figure-ground segregation, the same cohorts of mice were tasked to perform a generalization
experiment (Figure 3.9A). In this case, apart from the known odors, mice were presented with
mixtures containing butyl acetate, which both groups were naive to. Butyl acetate is an ester
with a fruity aroma that has some structural similarity to ethyl butyrate (MCS Tanimoto
coefficient = 0.78), Figure 3.9B).
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Non-exposed group Ethyl butyrate 1. Methyl butyrate

o) o)
_ - H3C/\)J\O/\CH3 HgC/\)kOCHS

Similarity to EB = 0.88
Pre-exposed group

Bina New background odor:
Habit. Pure odors y Generalizatioa Butyl acetate 2. Acetophenone

mixtures 0 Os_OCHjs
—)
H3C/\/\OJ\CH3 OH

Similarity to EB = 0.78
Similarity to EB = 0.21

Figure 3. 9 Experimental scheme for generalization experiment.

A) Following the binary mixture training, the two groups of mice performed the generalization experiment for one
day or session. The task was similar to the binary mixture training except a novel odor (butyl acetate) was
introduced as another background odorant. B) Chemical structure of the novel background odor, butyl acetate,
compared with the target and some familiar background odorants. Methyl butyrate still had the highest structural
similarity to the target odor.

With its slight similarity to EB, I tested how mice behaved when butyl acetate was introduced
as a novel background odor. I hypothesized that, if mice employ a demixing based on the
knowledge of component odors, then mice will perform on the novel mixture combinations
better.

Both groups of mice performed one day of generalization experiment, which involved at least
100 trials. Overall, both performed above 80% mean accuracy during the generalization session
(Figure 3.10). This suggests that the addition of the novel odor did not drastically affect the
overall performance of both.
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Figure 3. 10 Overall accuracy for the generalization session with a novel background odor

Overall performance of both groups of mice was not drastically affected by the addition the of novel background
odor. Pink denotes pre-exposed group while grey denotes non-exposed group. N = 5 mice per group.

Since the overall performance analysis includes all odor combinations that the mice had already
learned, I focused my analysis on trials with the novel background odor, butyl acetate. Overall,
the pre-exposed group consistently had an average performance above the non-exposed group
and performed above 80% criterion unlike the non-exposed group (Figure 3.11A). I further
looked specifically at responses of mice to butyl acetate when combined with ethyl butyrate
(“rewarded novel mixture”) and other background odors (“non-rewarded novel mixtures”).
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Figure 3. 11 Prior knowledge of component odors may facilitate performance in the presence of
a novel background odor

A. Performance of non-exposed (grey) and pre-exposed (pink) groups of mice specifically on mixtures with butyl
acetate. Data presented as moving average of 12. Horizontal line corresponds to 80% criterion. B) Boxchart
showing the mean accuracies of the non-exposed (grey) and pre-exposed (pink) group of mice for rewarded and
non-rewarded trials with butyl acetate. Two-sample t-test showed significant differences in some pairs, * denotes
p < 0.05, n.s. denotes not significant. (n=5 mice per group).
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Both groups of mice did not differ in their response to rewarded butyl acetate trials, that is, in
combination with ethyl butyrate (mean performance accuracy on rewarded butyl acetate trials:
0.38 (non-exposed group) vs. 0.55 (pre-exposed group), p-value = 0.47, t-test for equal means,
t-score = -0.77.) But the two groups significantly differed in responses to non-rewarded butyl
acetate trials. The pre-exposed group made correct rejections of the non-rewarded trials with
butyl acetate unlike the non-exposed group (mean performance accuracy on butyl acetate trials:
0.83 (non-exposed group) vs. 0.98 (pre-exposed group); p-value = 0.03, t-test for equal means,
t-score -2.57; Figure 3.11B).

Discussion

In this chapter, I sought to understand how mice, following our behavioral model for figure-
ground segregation, may solve the task. I looked at the role of prior knowledge of odor
components, and to see if I could reveal an evidence of demixing.

I found that prior knowledge of mixture constituents (through pure-odor discrimination
training) helped mice perform better in reporting the presence of the target odor, ethyl butyrate,
during the binary mixture task (Figure 3.6). The result here adds to the body of knowledge
regarding the role of prior experience in perception of mixtures, which is evident across
different sensory modalities. The role of prior knowledge on the behavioral response during
olfactory figure-ground segregation, specifically, is limited to a few studies. In one, prior
repeated exposure to a component of a known configural binary mixture affected the reaction
of rabbit neonates to that mixture (Sinding et al., 2011).

As mentioned earlier, mixture complexity may be a factor that determines how the brain makes
computational decisions; and that this is related to the degree of input overlap that drives non-
linearity (Mathis et al., 2016). Since my use of binary mixtures may not be nearly as complex
as using a 14-component mixture (Mathis et al., 2016), the generalizability of my observation
may be limited. In the future, this study may be extended to novel odors with different degrees
of overlap with the target, or mixture complexity. In addition, further studies relating
physiological responses and observed behavior may enable clearer interpretation of the result.

Conclusion

In this chapter, I delved deeper in understanding how mice using our model for binary figure-
ground segregation perform the task. My results give hints that these mice may be demixing —
i.e. decomposing the mixture representation into its component and finding the signal of
interest. Further, I highlight the relevance of prior knowledge of constituent odors in facilitating
demixing strategy.
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Introduction

A simple and tractable experimental paradigm may be a practical approach to probing
mechanisms of figure-ground segregation. In this chapter, I aim to demonstrate this using
two example cases below.

Case I: Using the experimental paradigm to probe mixture encoding in the OB during
awake state

In this example, I worked in collaboration with members of Sensory and Behavioral
Neuroscience Unit to analyze the state-dependent mixture representations in the olfactory
bulb. This study, reported in Adefuin et al., (2022), used on my behavioral paradigm
described earlier. In addition, I modified the "original" paradigm, in particular, by changing
the reward contingencies, to enable different levels of behavioral engagement in naive and
awake mice.

Motivation

Animals naturally encounter odors in the form of mixtures in the environment. Many past
studies have explored how odor information from mixtures are encoded, which have
revealed that evoked neural responses to mixtures are not equal to the sum of the individual
component responses in the OB (Kurahashi et al., 1994; Duchamp-Viret et al., 2003; Oka et
al., 2004; Cruz and Lowe, 2013; Reddy et al., 2018; Singh et al., 2019). A dominant outcome
is a suppression, or sublinear summation. Non-linear summation is an outcome of different
interactions and normalizing mechanisms. This interaction may lead to some loss of
olfactory information, which could then negatively impact the perceptual discriminability
component odors by animals (Laing and Francis, 1989; Kurahashi et al., 1994; Livermore
and Laing, 1998a; Stevenson and Wilson, 2007), although it may also prevent saturation at
the early stage of olfactory processing (Reddy et al 2018b).

Most of the past studies reporting sublinear mixture summation have been conducted under
anesthesia, specifically ketamine/xylazine, which alters network activity. For example, odor-
evoked activity of OB output cells is enhanced during anesthetized state, compared with
awake state, which is in part due to dampened inhibition and top-down modulation (Rinberg,
2006; Kato et al., 2012; Blauvelt et al., 2013). It is therefore important to make a distinction
when drawing physiological conclusions given the effects of anesthesia. With that, it
remained to be explored how mixtures are represented in awake animals, especially when
performing a task like figure-ground segregation; and whether how representations are
summed helps in the task.

To address this, Sander Lindeman, Janine Reinert, Izumi Fukunaga, and I paired my
behavioral paradigm described in chapter 1, with additional modifications in reward
contingency in some cases, with two-photon calcium imaging to record responses of mitral
and tufted cells (MTCs) (Adefuin et al., 2022). My contribution was to train the mice on
three variants of the task (original paradigm, random reward association, and complete
dissociation of odor and reward).
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Findings

We found that mixture responses tend to sum more linearly in the soma of MTCs in the
awake, trained mice performing figure-ground segregation compared with the anesthetized
group. The main explanation for this is due to diminished responses in these mice, keeping
responses to the linear, not saturating, range. We further tested mixture responses in naive
mice that were awake but either task-engaged or disengaged. We observed the same result.
Overall, this showed that linear summation is prevalent across different awake conditions.
However, a more careful analysis of this data showed a decoupling between the linearity of
mixture summation, and information relevant for mixture discrimination. That is, saturation
effect is in general detrimental to the mixture task accuracy, as assed by a decoder
performance, but only to a certain degree. Pattern decorrelation may overcome the
detrimental effects of saturation.

Overall, we found that how binary mixtures are represented in the olfactory bulb depends on
the state of mice. The ubiquity of linear summation across awake states indicates a state-
dependence, while linearity in summation does not strictly correlate with capability to solve
figure-ground segregation. Thus, my design enable an extension of our knowledge regarding
the relevance of pattern decorrelation in the analytical abilities of animals (Wiechert et al.,
2010; Gschwend et al., 2015). My earlier behavioral characterization allowed us to focus
our analysis on EB, MB and EB-MB combinations, and how learning improves mixture
representations in the olfactory bulb. It should be noted that the simpler and easier task
allowed mice to be trained efficiently, which had practical advantages. This is also crucial
given the possibility of craniotomy closure by wound healing (Koletar et al., 2019), which
reduces optical clarity and therefore limits the number of two-photon imaging sessions.

Case I1: Using the tractable experimental paradigm to explore a relevant temporal window
in the OB during figure-ground segregation

Motivation: temporal patterning in olfactory encoding

Temporal patterning in the olfactory bulb is mediated by inhalation and intrinsic dynamics
within the olfactory system. Many studies have revealed the timing of activity of different
cells in the OB, especially in relation to inhalation (Shusterman et al., 2011; Fukunaga et al.,
2012, 2014; Ackels et al., 2020). Understanding temporal response patterns of cells in the
olfactory system is an important factor in further understanding of how odor information is
represented and processed. For example, the two OB output cells exhibit different response
latencies relative to inhalation onset, with the mitral cell having a wider onset unlike tufted
cells that respond later (Fukunaga et al., 2012; Ackels et al., 2020). The temporal relationship
of these cells and their different downstream target may be important in differentiating their
specific functions in odor processing. Overall, the temporal patterns in the olfactory system
is a crucial factor that contributes to odor information, which ultimately drives behavioral
responses.

Despite this, how the timing of olfactory processing relates to performing olfactory figure-
ground segregation is not fully understood. Determining this may be a way to reveal
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mechanisms that underlie this task. Previous studies have revealed that sufficient
information for solving a task like odor discrimination is contained within a single sniff
(Uchida and Mainen, 2003). In more difficult cases of this, forcing mice to sample longer
improves decision accuracy (Rinberg et al., 2006). This demonstrates a close relationship
between processing time and the difficulty or the nature of a task.

Optogenetic probing of behaviorally relevant temporal windows

It has been previously estimated that enough information to identify odors has been relayed
in the OSNs by as short as 100 ms after inhalation (Wilson et al., 2017). This was done by
optogenetic activations of OMP-expressing cells in the nasal epithelium after odor inhalation,
thereby masking the odor-evoked activity. By presenting this masking optogenetics stimulus
at different latencies relative to inhalation, this study narrowed down the relevant temporal
window to sub-sniff range, at least for relaying information in the OSNs.

Here, what I aim apply a similar method to reveal the time window during which the
olfactory information is being processed in the binary olfactory figure-ground segregation.
For example, it is possible that the relevant time window depends on the odors present in the
mixture. For example, a susceptibility to optogenetic perturbation during a late time window
may indicate an interaction between the local circuitry and the centrifugal inputs it receives
(Matsutani and Yamamoto, 2008; Fletcher and Chen, 2010; Grabska-Barwinska et al., 2017).
Refining olfactory information through a process like pattern decorrelation is important in
minimizing redundancy and noise to preserve more informative information. This has been
shown to be associated with improved behavioral response of animals to odors (Wiechert et
al., 2010; Friedrich and Wiechert, 2014; Gschwend et al., 2015; Adefuin et al., 2022). Given
this, I aim to explore whether there is a temporal window in which the OB is most relevant
during figure-ground segregation. I aim to find a causal relationship between this possible
temporal window and the behavioral response of mice when this temporal window is
perturbed.

Methods

Animals

A transgenic mouse line, Vgat-cre::Ai32, which is a cross between a Vgat-IRES-Cre (Vong
etal.,2011) and Ai32(RCL-Chr2(H134R)/EYFP) mice (Madisen et al., 2012) was used. The
mouse heterozygous expresses channelrhodopsin2 (Chr2) in inhibitory Vgat+ cells. Light
stimulation activates these Chr2-expressing inhibitory cells, which then inhibit the mitral
and tufted cells (Fukunaga et al., 2014). All mice used were males.

Surgery

Surgeries were done by Dr. Izumi Fukunaga and Dr. Janine Reinert on 10 to 12-week old
isoflurane-anesthetized mice. A fiber optic cannula (Thorlabs CFMC54L02) or a laser diode
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(Thorlabs L450P1600MM) was implanted on top of the exposed olfactory bulb and fixed
using

dental cement. Additionally, a custom metal head place was attached onto the parietal bone
of the mice using histoacryl (B. Braun) and dental cement. For three consecutive days, mice
were injected subcutaneously with carprofen (5 mg/kg body weight). Mice were then
allowed to recover for 2 weeks before behavioral experiments were initiated.

Initial training of mice to go/no-go task

Head-fixed mice implanted with a pair of fiber optic canula or laser diode were trained
similarly to the behavioral paradigm in Chapters 1 and 2. Briefly, mice were initially trained
to perform a Go/No-Go behavioral task with ethyl butyrate assigned as the target odor, while
other pure odors were the non-rewarded (S-) odors. After mice were proficient in the task
(reaching at least 80% accuracy for two consecutive days), they proceeded to perform figure-
ground segregation of binary mixtures using the same set of odorants and same target odor.

Optogenetics

Once mice were proficient in the figure-ground segregation task, they performed the same
task but with light stimulation at random trials. A T-cube driver™ LED driver (Thorlabs
LEDDI1B) send current to the light sources. The light source connected to the driver was
connected to a fiber patch cable (Thorlabs M126L.01), which was then connected onto the
fiber optic cannula implant either through a mating sleeve (Thorlabs ADALI1) or
interconnect (ADAF2). For mice with an LED implant, the LED driver was connected
through a wire attached to the diode laser socket (Thorlabs S7060R) that can be attached to
the pins of the laser diode during optogenetics experimentation.

During the optogenetics experiment, the onset of reward, in this case, was conditional to the
timing and vigor of anticipatory licks. Licking earlier caused the reward to arrive earlier. A
behavioral window of up to 3.2 seconds was provided. During trials with light stimulation,
failure to generate anticipatory licks within the allotted temporal window was not rewarded
with water. Data was recorded using a data acquisition interface (CED 1401) and Spike 2
software.

Analysis

Data analysis and figures were generated using MATLAB (R2021b). Performance of mice
were analyzed similarly as previous chapters. Change in reaction time for a light stimulation
trial was calculated as the difference between the reaction time during light trial (37 lick
response relative to odor onset) minus the mean reaction time during the control/non-light
stimulation trials (3™ lick response relative to odor onset).
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Results
Part I: Preliminary experiments confirming the effects of light stimulation

In contrast to previous works that used optogenetic stimulation of OSNs to mask activity in
the OB, I wanted to silence the output of the olfactory bulb. The approach I turned to is a
bulk optogenetic activation of GABAergic neurons in the OB, which leads to a robust
inhibition of MTCs (Fukunaga et al., 2014).

To validate this approach for a behavioral experiment, which requires a substantial
proportion of OB output to be silenced, inhibition of OB output cells upon light stimulation
in the Vgat-cre::Ai32 mouse was characterized by Prof. Izumi Fukunaga. This was achieved
by juxtacellular recordings from the MTCs in the OB of anesthetized mice. Light was
presented from the brain surface through a fiber optic cannula (Figure 4.1).
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Figure 4. 1 Confirmation of OB output cell inhibition by electrophysiology
A) Schematic diagram showing head-fixed Vgat-cre::Ai32 mouse for extracellular recording in the OB, with fiber
optic cannula placed over the OB, and connected to a light source via a patch cable for optogenetics. Mice were
anesthetized with ketamine and xylazine (100 mg.kg"'/20 mg.kg™! intraperitoneally). B) OB slice with red dye
injected at the site of recording (scale bar = 500 uym). C) Reduction in the spontaneous activity of cells in the
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OB at various recorded depths and light intensity. D) (Top) Similar to A but with odor port and sniff sensor placed
next to the left and right nostrils, respectively. E) Example traces showing unitary spikes in the control trials (left)
and with light (right). Scale bars = 0.5 V and 0.5 s. Dotted vertical line indicates the inhalation onset immediately
after the odor onset (indicated in D). Light presentation was 100 ms (blue shaded region). Spike raster for trials
without light (left) and with light stimulation (right; blue = light onset). F) Changes in the evoked firing rate relative
to light onset. G) Changes in firing rate for light onset occurring at different time points relative to inhalation
onset. Mean +- SEM shown.

Light presentations led to reproducible reduction of spontaneous activity in anesthetized
mice at different depths of recording and light intensity (Figure 4.1). Light stimulation led
to reduction in the spontaneous activity at different depths, although silencing at deeper
depths in the OB (900-1200 um from surface) required higher light intensity. Odor-evoked
firing rate and changes to it upon light stimulation were also recorded in these mice.

Inhibition of OB output by optogenetics in behaving mice

After validating the optogenetic approach, I proceeded with behavioral experimentation. The
first aim was to determine the general behavioral effect of inhibiting the OB output during
the entire odor stimulation period. In this initial experiment, I explored the parameter of light
stimulus intensity and its effect on task performances.

For this preliminary behavioral experiment, I intended to use mice with a bilateral cannula
implanted on the dorsal OB. There were two variables that I explored here, the first one was
light intensity. I used four different intensities of light: 9-, 50, 92- and 172- mW. A separate
LED driver sending current to a light source was used for each cannula. Thus, prior to the
experiment, | calibrated and confirmed even light stimulation from the two separate light
sources beforehand using a light meter (Figure 4.2).
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Figure 4. 2 Light stimuli used in the test phase of behavioral experiment
A) Schematic diagram of light recording configuration. An LED driver sends current to a light source that is

connected to a fiber patch cable on one end. The other end connects to a fiber optic cannula held by a mating
sleeve or an interconnect. A light meter is placed at the tip of the cannula fiber to measure light output. B)
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Example optical power waveforms (blue) measured for different currents supplied. Black trace indicates duration
of trigger used for testing (100 ms). C) Total light output of the left and right fiber optic canula where modified
with increasing current supplied. The chosen light intensities are shown with the yellow arrows.

For the behavioral experiment of trained Vgat-cre::Ai32 mice, odor was applied for 1 second.
Light stimulation randomly occurred on 40% of the trials in each session. Light onset
occurred simultaneously with the final odor valve opening and also lasted for a second. Only
one light intensity level was used throughout one experimental session or day. Thus, no mice
underwent consecutive days of behavioral experiment with optogenetics (Figure 4.3 A-D).
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Figure 4. 3 Overall performance accuracies of Vgat-cre::Ai32 mice presented with four
different intensities of light

A) Schematic diagram showing head-fixed Vgat-cre::Ai32 mouse with bilateral fiber optic implant on its OB, an
odor port, lick sensor and water port for the behavioral experiment with optogenetics. B) Schedule of behavioral
experiment. Mice performed figure-ground segregation for one session to prior performing the experiment with
optogenetics. Four light intensities (9mW — 180mW) were consecutively used for the optogenetics sessions.
Blue = 9mW, orange = 50mW, yellow = 92mW, and purple = 180mW. C) Trial structure of the experiment. (Blue
= light stimulation period; yellow = odor period). A correct response is indicated as either licking (at least three
times) on rewarded (S+) trials or not licking during non-rewarded trials, regardless whether trial had light on or
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off. D) Example session of figure-ground segregation showing trial raster. Light was presented 40% of the time,
regardless whether the trial was rewarded or not. (Pink = EB trials; grey = other odors in grey; blue = with light
stimulation). E) Overall performance accuracy of mice grouped by light stimulus intensity. Data shown as moving
average of 50 trials. Different light intensities are color coded. F) Mean accuracies on non-rewarded (left) and
rewarded (right). Data are shown as mean+SEM. (n=3 mice per group).

Given the OB's role in gating the olfactory information, I hypothesized that perturbing the
function of the OB during the final odor valve period would prevent mice from accurately
performing figure-ground segregation. I expected mice to perform the figure-ground
segregation task poorly, especially with increasing light intensities. Overall, mice performed
with high accuracy (above 80%) across all light intensities chosen (Figure 4.3 E,F). Looking
at the behavioral performance by trial type, I found that all mice performed accurately on
non-rewarded trials (with and without light stimulation) and rewarded trials without light
stimulation. Variability in response was only evident on the rewarded trials with light
stimulation but overall mean accuracy still remained high. This meant that even with the
light stimulation, mice were largely still correctly reporting the presence of the target odor
(Figure 4.3 E-F). Notably, the lowest light intensity presented (9 mW) seemed to not have
any effect; but using the highest light intensity (180mW) caused the worst response (mean
accuracy on rewarded trials (light off vs. light on): .98 + .01 vs. 0.71 £0.26 (Figure 4.3F).

Given that the behavioral accuracy is calculated with a single threshold and may not have
enough resolution to reveal more subtle effects of optogenetic perturbations, I analyzed
various aspects of licking behavior, including lick vigor and response/lick onset (Figure 4.4).

Figure 4.4A shows the lick responses of one example Vgat-cre::Ai32 mouse across
increasing light intensities. Despite licking and meeting the criterion for a correct trial (at
least three licks on rewarded trials), there was a difference in the lick patterns during light
stimulation trials. Compared with rewarded trials without light, mice licked less on rewarded
trials with light stimulation (from 50-mW onwards). Furthermore, this difference increased
with increasing light intensity (Figure 4.4 B and C).
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Figure 4. 4 Increasing light intensity to inhibit OB output reduced the lick vigor and delayed
response onset of mice during rewarded trials.

A) Lick raster plots of an example animal for all light intensities used. Trials are sorted by type. Yellow = odor
duration, pink = licks on rewarded trials without light stimulation, blue = licks on rewarded trials with light
stimulation, grey = licks on non-rewarded trials. B) Normalized lick count for rewarded trials. Here, licks were
counted and normalized to the maximum number of lick on a rewarded trial for each mouse for each session.
Lick counts on non-rewarded trials is no longer shown. Paired t-test, * denotes p < 0.05, n.s. not significant. C)
Relationship between light output and reduction of lick vigor. D) Cumulative anticipatory licks of the same
example mouse in response to rewarded (S+) trials during optogenetic stimulation (on, blue) and non-stimulation
(off, pink). E) Overall comparison of response onsets across different intensities of light for light on and off trials.
Paired t-test, * denotes p < 0.05, n.s. not significant. F) (Left) Response onset difference was calculated by
subtracting the mean reaction time (3" lick onset) during light stimulation trials (blue) from the mean reaction
time during non-light stimulation trials (blue). (Right) Delays in start of anticipatory licks upon optogenetic
stimulation over different light intensities for all background odors. Black line represents all data, red line
represents randomly sampled data from each session. Data are shown as meantsem (n=3 mice).

Additionally, I looked at the lick resposne onset of the mice. The response onset was defined
as the timing of the third instance of anticipatory lick relative to the onset of odor (final odor
valve opening). For instances wherein there was no anticipatory lick during the alotted 3.2
second response window, I assigned an arbitrary value of 4 seconds as response onset —
regardless whether the rewarded trial had light stimulation or not. This was to account for
trials in which light stimulation effectively inhibited the behavioral response. Similar to
results in the lick vigor, there was a significant delay in the lick onset of mice during light
stimulation especially for the higher light intensities (Figure 4.4 D-F).

Overall, the results so far show that, even though the behavioral response was not

completely abolished, it was indeed perturbed by the light stimulation. And, as expected, the
more intense the light stimulation, which based on the electrophysiological validation
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accessed more inhibitory cells, the bigger the impact on the behavioral response.
Optogenetics stimulation, did not affect the responses of non-rewarded trials or even the
rewarded, non-stimulus trials in any way.

Effect of odor concentration and optogenetic perturbation

Given that methyl butyrate is a difficult background odor when ethyl butyrate is the target,
I briefly explored whether OB output inhibition on increasing concentrations of methyl
butyrate. Three different concentrations of MB were used (Figure 4.5A). These
concentrations were calibrated so that the photoionization signal amplitude was half (“low”),
equal (“mid”) or twice (“high”) relative to the ethyl butyrate signal.

I measured the change in the response onset with increasing concentration of MB on the
same group of mice. I found that increasing the concentration of methyl butyrate in the
background did not drastically affect the response onset change during light (Figure 4.5B).
As such, for the succeeding behavioral experiment, I used only one concentration (low) of
methyl butyrate, similar to what was used in the previous chapters.
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Figure 4. 5 Effect of optogenetic inhibition of OB output on increasing concentration of methyl

butyrate background odor during

A) Photoionization detector (PID) traces of EB (left, black trace) and different relative concentrations of MB (right,
green). Yellow shading = odor stimulus duration B) left: Schematic of Calculation; pink= without light stimulation
blue = with light stimulation. Right: Response onset changes for different concentration of MB, using different
light intensities. Data are represented as mean + SEM, N = 3 mice.
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Probing the relevant temporal window in the OB using a one-sniff behavior

To explore the relevant temporal window for the OB perturbation, I aimed to inhibit the
olfactory bulb at brief and specific time points during the sampling period. To make this
perturbation interpretable, I aimed to allow only one sniff during the stimulus period. This
was first done by reducing stimulus period from 1 s, to 115-147 ms (Figure 4.6 A & B). This
led to majority (92.53 £ 0.01 %) of the trials containing only one inhalation onset during the
stimulus period (Figure 4.6C). In the subsequent experiment, trials with more than one
inhalation onset were disregarded.
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Figure 4. 6 One-sniff behavior with shortened odor pulse duration

A) (Top) Schematic diagram showing head-fixed mouse. A sniff sensor and odor port are located in either nostril.
(Bottom) Trial structure of the experiment. Odor duration (yellow) was reduced from 1s to 115-147 ms. B)
Example traces of sniff from one animal. Yellow shade indicates the odor stimulation period. Inhalation onsets
during this odor period were counted. C) Proportion of trials with zero to three instances on inhalation onsets
during the odor period. D) Histogram showing the proportion of one inhalation onset across the odor period. Bin

size = 30 ms. Data are represented as mean + SEM, n = 9 mice.
For the refined optogenetics experiment, a short light pulse (50 ms) was randomly presented
in about 50% of the trials. The onset of the light stimulation was varied depending on the

sniff cycle but ranged from zero to 400 ms after the opening of the final odor valve.

To determine the effect of the brief light stimulation, I measured the change in reaction time
(difference between the response time on the S+ trial with light and the average response
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time of S+ trials without light). I expected that if there is a relevant temporal window for the
OB, there would be a significant change in the reaction time when the OB output was
inhibited during this time point. I looked at the changes in the reaction time across different
light onset, grouping together data points per 20 ms light onset.
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Figure 4. 7 Probing the relevant OB window with random light presentation

A) Trial structure of the experiment. During light stimulation trials, light onset can occur from 0-400 ms after the
onset of the final odor valve. B) Example session of figure-ground segregation showing the instances of light
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stimulation (blue raster). C) Average number ftrials (black) and average number of trials with light stimulation
(blue) for each odor combination per mouse. D) Odor-specific performance of Vgat-cre::Ai32 mice. E) (Top)
Reaction time was calculated by subtracting the difference between each lick onset during rewarded light
stimulation trials from the average lick onset of rewarded non-light stimulation trials. (Bottom) Pooled data
showing changes in reaction time across different light onsets relative to inhalation onsets of Vgat-cre::Ai32
mice. The average reaction time during rewarded trials without light stimulation was 0.6882+ 0.2131 s (bin size
=20 ms). Data are represented as mean + SD; N = 9 mice. F) Comparison of reaction time differences between
Vgat-cre::Ai32 mice (as in C, n=9) and control (N = 2 mice).

I found that the changes in reaction times for the light stimulation trials (maximum change
in reaction time was 0.07 = 0.27 s) were not significantly different from the average reaction
time without light stimulation (0.68 + 0.21) for the Vgat-cre::Ai32 mice (Figure 4.7E).
Additionally, I compared the changes in reaction time of this mice with control (non-Chr2-
expressing) mice (Figure 4.7F). This indicated that inhibition of OB output in the Vgat-
cre::Ai32 mice at any of the specific time onsets relative to inhalation did not lead to any
detrimental changes in the behavioral response of the mice during rewarded trials.

Even though the current experiment were inconclusive, I was able to demonstrate that my
new behavioral paradigm can be used potentially to reveal insights on neural mechanisms
underlying olfactory figure-ground segregation.

Discussion

In this chapter, I demonstrate two use cases of the simple experimental paradigm in probing
olfactory mechanisms. First, I discussed a recent paper from the laboratory that applied the
experimental paradigm to explore how binary mixture representations are summed in the
OB. Pairing the experimental paradigm with imaging revealed that overlapping binary
mixture representations (of EB and MB) tend to sum linearly in awake state, in contrast to
previous reports in anesthetized animals. The simplicity of the experimental paradigm was
advantageous, enabling efficient training and to easily compare observed mixture responses
against linear sums of component responses.

On the second part, I demonstrated that, when paired with optogenetics, it may be possible
to reveal when OB is critically engaged in the olfactory figure-ground task. The results of
my optogenetic experiment was inconclusive. Potential improvements that could help
address this is as follows. A previous study have shown that in order to achieve complete
anosmia, massive lesions (resulting to only roughly about 15% of the OB intact, or less)
must be induced (Erskine et al., 2019). Smaller lesions may affect response to familiar odors,
but only to some degree. Additionally, downstream regions like the piriform cortex may
recover degraded input from the OB (Bolding et al., 2020). The brief (50 ms light pulse)
inhibition of the OB when probing the relevant time window may have only partially
degraded the relevant input to downstream cortical areas. Sufficient information may still
have remained, which could lead to mice still being able to respond correctly and timely
during the light stimulation trials; in contrast to what was observed on the preliminary
experiment using (using s light stimulation period on a 1s odor pulse period). These factors
may explain, the lack of drastic effect observed during OB output inhibition. Thus, in order
to potentially probe the relevant temporal window for the OB during figure-ground

segregation, it may be imperative to ensure maximizing the volume of the OB that could be
inhibited.
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Additionally, odor and light onset during the experiment occurred was not triggered by
inhalation onset, so the distribution of light onset ranged randomly. Given that primacy
coding has suggested that relevant information about odor identity is relayed as early as 100
ms in the OSNs (Wilson et al., 2017), it may be of interest to further put more focus within
the early window. Possibly focusing on this period, while at the same time gradually
increasing light stimulus period may be a more efficient way to optimize the experiment.

Overall, in this chapter, I demonstrated use cases of the tractable experimental paradigm.
Despite the simplicity, the experimental paradigm may be used to probe different neural
mechanisms. A simple and tractable experimental model can provide opportunities to
explore neural mechanisms in a practical and time-sensitive manner.
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Summary of the thesis

Gaining insights on neural activities and the interactions between different brain circuits, and
their causal relationship to behavior is one of the core pursuits of neuroscience. Doing so
involves probing neural activities in animals under carefully controlled and standardized
experimental conditions that engage the right cognitive processes and accessing the brain
regions of interest.

Practically, the ease of training mice in a task such as figure-ground segregation and being able
to acquire relevant data in a short amount of time is an important consideration when
establishing an experimental paradigm. In my thesis, I presented the design and use of a simple
behavioral paradigm using binary mixtures to study olfactory figure-ground segregation.
Despite the task simplicity and familiarity of mice to all individual odor components, a degree
of difficulty was still imposed by choosing closely related odors as background. By comparing
two training protocols, I found that prior knowledge of odor components enabled animals to
generalize task contingencies more readily when presented with a binary mixture containing a
novel odor. This is in marked/stark contrast to animals that had not been trained on single odors
first, which suggests that their decisions may have involved demixing odors. Lastly, I presented
two use cases of this experimental paradigm, and that despite its relative simplicity, it has the
capacity to probe mechanisms of olfactory figure-ground segregation (Adefuin et al., 2022).

Limitations of the current study: experimental conditions in relation to "natural” conditions

In designing behavioral paradigms, an important factor to consider is how natural or
ethologically relevant behavioral assays are, and to what extent the paradigm captures the
cognitive task of interest. As noted previously, the goal is to represent stimulus features
mimicking these environments without sacrificing repeatability (Bucci-Mansilla et al., 2021).
A balance between these aspects — having carefully-controlled experimental conditions and
approximate naturalistic settings — may be crucial in limiting extraneous variable while
exploring brain-behavior relationships.

Here, I will discuss some aspects of naturalistic behavioral experimentation that were beyond
the scope of my thesis. Specifically, I will be discussing below odor mixture complexity and
constraining animal navigation by head-fixation.

Some limitations related to mechanisms that may be specific to complex odor mixtures

Odors typically encountered by animals are highly complex (i.e. comprised of several odorant
molecules) rather than binary mixtures. For example, (human) food items may contain up to
40 different key volatile odorants (Dunkel et al., 2014). On the other hand, a single species of
flower that can be sensed and pollinated by honeybees can have 15 different odorants in them
(Rachersberger et al., 2019).

My thesis deliberately simplified the behavioral paradigm to two odors in mixtures and I did
not probe any aspect of figure-ground segregation beyond this mixture size. Notably, some
seminal technical olfactory figure-ground segregation studies have used binary and more
complex odor mixtures to probe the limits of odor perception (Rokni et al., 2014; Mathis et al
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2016; Penker et al., 2020). One might question that given some have pursued studying the task
using more complex mixtures on animals, is using binary odor mixtures a significant
limitation?

Whether or not experiments using binary mixtures fail to capture behavior or neural processing
involved in more complex mixtures is not fully explored. On the behavioral level, odor mixture
complexity is associated with how difficult it is to spontaneously perceive its component scents
—i.e. whether odors are perceived elementally or configurally (Thomas-Danguin et al., 2014).
Studies probing olfactory figure-ground segregation using more complex odor mixtures have
been previously explored (Rokni et al., 2014; Mathis et al., 2016; Penker et al., 2020). Binary
mixtures tend to be easier for animals compared with more complex ones — with animals
performing the task with higher accuracy and shorter training period (Rokni et al., 2014).
However, even a binary mixture of the same two components can be perceived either
configurally or elementally — depending on the relative concentration ratios (Wilson et al.,
2020). Thus, it is worth noting that task difficulty and potential differences in neural
mechanisms involved for decision making is not necessarily about the sheer number of odor
components per se, but rather the identity and properties of the component odors.

Another aspect that may be affected by mixture complexity is the strategy used by the nervous
system to solve the figure-ground task. As shown recently, mice trained on monomolecular
odorants were able to generalize task contingency when presented with mixtures spanning a
range (3, 8, and 14) of components (Mathis et al., 2016). Mice were poorer generalizers on
more complex mixtures but could do so when robustly when trained beforehand — suggesting
that dealing with significant noise and successfully accomplishing the task with more complex
odors requires adjusting decision boundaries (Rokni et al., 2014; Mathis et al., 2016). It should
be noted that decision boundaries exhibit flexibility and may depend on numerous factors
including sensory evidence itself, task demand, learning, and internal controls by the organism
(Zhang, 2012).

Features common with more complex forms of olfactory figure-ground segregation paradigms

Perceptual learning and improvement, overall, require changes in the tuning and specificity of
cells (Gilbert et al., 2001). While decision boundaries in an olfactory figure-ground task may
differ between simple vs. more complex odor mixtures, this may merely indicate that different
neuronal populations undergo plastic changes or modulation, rather than involving entirely
different mechanisms or rules to solve the task.

Additionally, binary and complex mixtures evoke responses with some common physiological
features. For example, non-linear interactions in mixture responses of olfactory sensory
neurons (OSN) input to the OB in anesthetized animals is evident in both binary and more
complex mixtures, but they differ in the extent or severity (Cruz and Lowe, 2013; Zak et al.,
2020). Secondly, response pattern changes typically associated with improvement in
behavioral tasks have been reported in both types of mixtures. Pattern decorrelation, for
example, has been reported upon presentation of binary (Gschwend et al., 2015) and more
complex mixtures (Barnes et al., 2008). Thus, there is evidence of similar neural processes
occurring in mixtures of different sizes, making the use of binary odor mixtures still a plausible
choice when investigating figure-ground segregation.
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Overall, there are similarities and differences in behavior and physiology when mice are
presented with binary and complex mixtures. Further investigation is needed to determine the
extent to which mechanisms of figure-ground segregation involving binary and more complex
mixtures truly differ. As such, binary mixtures may still capture and mimic, to a degree, similar
conditions offered by more complex odors so long as these criteria are met.

Head-fixation of mice

Animals simultaneously perform olfactory figure-ground segregation while roaming around or
foraging, which demands the active use of olfactory and non-olfactory functions in response to
the high variability and sensory complexity of their natural environments. However, many
behavioral paradigms use head fixation of animals. This has an advantage of reducing
variability in many factors crucial for the task acquisition and performance, including the
duration and concentrations of odor presentation, inter-trial intervals. Further, it gives more
mechanical stability crucial for capturing highly accurate sniff measurements, physiological
recordings as well as imaging studies. Because head-fixation is restrictive to animal movement
and can cause stress, mice are situated on a running wheel, which provides continuous
locomotion. This, to an extent, mimics naturalistic conditions for the animal in that it somewhat
mitigates stress (Hughes et al., 2020; Juczewski et al., 2020).

Alternatives to head fixation

Another aspect is that my paradigm was a classical conditioning, not instrumental. Because the
trials are not initiated by the animals themselves, there may be a whole set of behavioral
strategies that our paradigm fails to induce. Some studies have explored more naturalistic
settings for mice by applying olfactory search tasks, which require collaboration of different
sensorimotor functions (Baker et al., 2018). In this case, a mouse typically performs the task
solo in an open field/arena. The behavior they exhibit depends on several factors including how
far they are from the stimulus of interest, which relates to the relative concentration of the odor
stimulus they sensed (Baker et al., 2018; Liu et al., 2020); and how familiar or predictable the
location of the stimulus source is (Gire et al., 2016). One crucial aspect that olfactory search
tasks have highlighted is the changes in sniffing pattern of mice (Wesson et al., 2008; Findley
et al., 2021). As pointed out recently, the nose movements of freely moving animals to locate
the odor source with concentration-variable turbulent plumes is far more dynamic than when
mice are exposed to square odor pulses, which is typically used in tasks with head-fixed or
nose-poking mice. This is not merely an artifact of the sniffing behavior but rather a behavioral
strategy that mice employ. More importantly, sniffing rate was typically faster here upon trial
initiation compared to reports of active sampling when mice are head-fixed (Shusterman et al.,
2011; Bolding and Franks, 2017) This would have consequences on neurophysiological
responses (Findley et al., 2021), which may mean some differences in mechanisms of figure-
ground segregation in freely moving compared with head-fixed animals.

Another option for freely moving mice is by using automated home cages. The setups involve
an operant conditioning task, typically presenting odor pulses upon nose poking, and have the
advantage of recording behavior from tagged animals that are housed together with minimal
experimenter interaction. This allows for long-term and high throughput behavioral data
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collection without much human intervention, especially when obtaining neurophysiological
data is not necessary (Erskine et al., 2019; Reinert et al., 2019; Voikar and Gaburro, 2020).

These setups enable observation of other parameters such as social interactions among animals
and circadian rhythm. For example, mice are known to be active during dark cycles (in a
12h/12h light/dark cycle) such that behavioral experiments are typically conducted during this
period. The use of automated home cages may be useful when intending to study the behavioral
response of animals to a larger set of highly similar binary mixtures, which may require a
relatively long experiment period compared with what was used here.

Overall, enabling more naturalistic settings for conducting animal behavioral experiments may
be important if the goal is to understand ethological processes of animals. Nonetheless, the
behavioral paradigm I presented here offers significant advantages due to its simplicity and
may be improved to provide more complex or ethologically relevant features, for example,
presenting turbulent plumes to head-fixed mice (Ackels et al., 2021), despite its limitations.

Outlook: potential applications to study unresolved questions on the olfactory figure-ground
segregation

The rodent olfactory bulb, an experimentally accessible primary sensory area, is a recipient of
various top-down inputs — despite being the first locus of synaptic processing of olfactory
signal in the brain. Thus, the mouse olfactory system offers unique advantages for studying
figure-ground segregation and its mechanisms. Centrifugal input to the OB can be classified
into two: those that come from areas that the OB directly project to, and those that do not
directly receive input from the OB. The former includes the piriform cortex, anterior olfactory
nucleus (AON), and tenia tacta; while the latter includes areas such as the locus coeruleus (LC)
and raphe nuclei, which project neuromodulatory fibers to the bulb (Matsutani and Yamamoto,
2008).

OB granule cells and short axon cells are targets of the piriform cortex — overall promoting
odor-evoked inhibition (Shipley and Adamek, 1984; Boyd et al., 2012). Disrupting PCx
feedback affect spatial patterning, by increasing odor responsiveness of mitral cells (Otazu et
al., 2015). The AON also targets the granule cell layer (GCL) and the glomerular layer (GL)
— leading to mitral and tufted cell (MTC) inhibition (Markopoulos et al., 2012). Functional
studies show that part of the principal region of the AON affects sensitivity to odors. Inhibition
of this AON sub-region improved detection of weak odorants (Aqrabawi et al., 2016), which
could have a functional role during figure-ground segregation. Additionally, neuromodulatory
centrifugal fibers release neurotransmitters that diffuse throughout the OB, which can have
broad effects on neurotransmission of OB output to other regions (Matsutani and Yamamoto,
2008).

As we know that evoked spatial patterns in the OB relate to figure-ground segregation difficulty
(Rokni et al., 2014), it would be interesting to explore how these top-down inputs refine odor
information in the OB to implement improvement in the figure-ground task. Binary mixtures,
as I have presented in this thesis, may be paired with optogenetic or genetic perturbations and
two-photon calcium imaging, to provide us an idea which among and how these top-down
inputs provide the most task-relevant role in figure-ground segregation. Furthermore, as I have
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General discussion

stated in the third chapter of my results, while I have attempted to resolve the behavioral
window in which the OB is most relevant, this question remains to be answered.

Conclusion

The field of olfaction is still full of unknowns including on the mechanisms of olfactory-figure-
ground segregation. Behavioral models involving animal experimentation remain to be
indispensable in this endeavor. Many factors have to be considered to design behavioral
experiments including whether or not they probe the right function, reproducibility and
practicality — on top of careful consideration of the use and welfare of animals. In this study, I
presented a simple and tractable experimental paradigm for probing olfactory figure-ground
segregation using binary mixture that capture some key properties of the olfactory task.
Combining the experimental paradigm with neurophysiological techniques offers potential in
contributing to our understanding of olfactory processes.
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