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ABSTRACT
On Dynamic Neural Responses and Neural Network Interactions during Taste Processing

A dissertation presented to the Faculty of the
Graduate School of Arts and Sciences of Brandeis University
Waltham, Massachusetts

By Abuzar Mahmood

The computational capacity of the brain (and artificial neural networks, which draw inspira-
tion from brain function) is derived from the nonlinear transformations carried out in neural
circuits. Such non-linearity is instantiated in the brain, not only by nonlinear transforma-
tion of neural “codes” across brain regions (which could be taken to correspond to layers
in an artificial neural network), but also by similar dynamic (i.e. changing) transformations
within single brain regions over time. Such temporal transformation of encoding in brain
regions is allowed by recurrency of neural connections (circuits providing inputs to them-
selves) and generates dynamic activity patterns during neural processing for many tasks.
Furthermore, such dynamics allow the same neurons to essentially behave in different ways
over time, and hence perform different functions over time. Consequently, this means that
neural circuits interact with each other in different ways over time. However, brain func-
tion is further influenced by (long-lasting) body states (e.g. sickness), context (e.g. new
vs. familiar environments), and behavioral modes as attention vs. disengagement or awake
vs. sleep. Therefore, “intrinsic” dynamics in the brain are occurring with a backdrop of
changing external input, hence, to advance our understanding of neural processing we need
to account for the intra- and inter-circuit interactions and dynamics that are embedded in a

hierarchy of timescales.

Although the dynamics of neural activity is a rapidly evolving topic of research, the
contribution of this aspect of neural processing is still being understood. The work in this

thesis investigates how neural processing and communication between neural populations
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change with brain/body states, and over shorter periods of time during stimulus-evoked
responses in the context of taste processing. Starting with a general introduction into neural
dynamics, and inter-region communication, I go on to discuss how the same neural population
responds differently depending on body state (sickness). From there, I move on to discuss the
dynamics of multi-region communication during taste processing, ending with an exploration
of changing neural “encoding” over time, and discussing how any instance of neural responses

can be considered as being generated from hierarchical processes at multiple timescales.
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Chapter 1

Introduction

Historically, neurons have been assumed to maintain simple, constant response profiles to
stimuli. While neural responses were known to be modulated by the magnitude/intensity of
the stimulus, neurons were considered transducers of stimuli such that there was a neural
response when the stimulus is present, but not otherwise. Examples of this can be seen in
investigations of taste processing in which a taste either evokes an on response in a single
neuron or doesn’t (Mark et al., 1988; Yamamoto et al., 1989; Yaxley et al., 1988), and in in
investigation of higher order visual regions in which, again, a visual stimulus is considered
to evoke a binary response (Gross et al., 1992; Hasselmo et al., 1989; Rolls and Tovee,
1995). However, an increasingly large number of studies demonstrate that neural responses
are dynamic — which is unsurprising considering that the stimuli we interact with are all
dynamic — and that these dynamics play an important role in neural processing (Brincat
and Connor, 2006; Brincat et al., 2018; Katz et al., 2001; Sadacca et al., 2016; Saravani

et al., 2019; Sugase et al., 1999).

The work presented in this thesis explores how changes in neural processing are related
to dynamics. The two data chapters attack this broad topic at two points (arguably) close
to opposite ends of the time-scale spectrum: 1) dynamics occurring on the order of hundreds
of milliseconds; and 2) those occurring on the order of tens of minutes and hours, influence
taste processing. In the final chapter, we discuss how these dynamics are intricately tied to
the function of the neuron, such that the instantaneous function of the neuron (or neural
population) is governed by when we are viewing that response in relation to long- and short-
term dynamics.

As a prelude to these investigations, I will discuss briefly (since there is plenty to read
in the main body of the thesis) what phenomena/actions processing at the above-mentioned

timescales are associated with. I will go on to discuss how dynamics at these timescales can



be jointly studied despite having disparate mechanisms and, finally, how at each time-scale
these dynamics are a sign of multiple brain regions interacting with one another — something

which has not been investigated in taste processing previously.



1.1 Neural responses exhibit dynamics both slow and fast timescales

Similar to any system capable of performing “complex” tasks (Cash et al., 2006; Frentz et
al., 2015; Garcia et al., 1993; Graumann et al., 2022; Hekstra and Leibler, 2012; Jonas and
Kording, 2017; Leong et al., 2016; Ribeiro et al., 2021; Tao and Moncrieff, 2009), evoked
activity in the brain exhibits dynamics at multiple spatio-temporal scales (Engel et al., 2013;
Kaplan et al., 2020; Raut et al., 2020; Tomasi et al., 2017). Such multi-scale organization is
theorized to be directly linked to the information-processing capacity of the system (Mediano
et al., 2022; Tononi et al., 2016). Neural dynamics on the order of hundreds of milliseconds
are often seen in sensory processing and decision-making paradigms and are associated with
the finest granularity of behavior (J. Guo et al., 2015; Z. Guo et al., 2014; Kaplan et al.,
2020; Markowitz et al., 2018; Rastogi, 2020; Vincis et al., 2020), e.g. the process of delivering
a single spurt of liquid into the mouth of a rat evokes multiple phases of mouth movements
and concomitant (although not necessarily generated by the movement itself) phases of
neural activity — hence, these neural dynamics are associated with the sensory processing
required for a single ingestion/egestion behavior (Mukherjee et al., 2019; Sadacca et al.,
2016). Increasing the timescale, we see that body states (such as sickness or disengagement)
are related to neural changes which occur on the timescale of minutes, tens of minutes, and

hours.

While short-scale dynamics (up to seconds) are constrained by how long it takes activity
to flow through the network (synaptic propagation and ion channel time-constants), as well
as emergent phenomena which influence dynamics on timescales longer than these physical
constraints (such as attractors formed by recurrence of activity), long-term dynamics are
usually thought to be wrought by synaptic plasticity, in collaboration with the influence
of neuromodulators (Abarbanel et al., 2002; Abarbanel and Rabinovich, 2001; Bazzari and
Parri, 2019; Deperrois and Graupner, 2020; O’Donnell et al., 2011; Yasumatsu et al., 2008),

which are further (likely jointly) governed by physiological rhythms/state and visceral input
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(Azzalini et al., 2019; Candia-Rivera et al., 2022; Critchley and Garfinkel, 2015; Critchley
and Rolls, 1996; Ly et al., 2016; Paul et al., 2020). However, while the mechanisms generating
these dynamics may be different, it is important to recognize that the neural dynamics at
these different timescales themselves may be considered as parametric counterparts for their
evoked effects and their role in behavioral and information processing. In essence, the effect
of both short- and long-term mechanisms is to change the state of the system; hence, we
can similarly study the influence of this “state” regardless of how long the state persists.
However, things may certainly become more involved (and interesting) when investigating
longer timescales as, depending on the granularity of the question, one may have to study

the influence of nested dynamics in the system (as in Chapter 2).



1.2 Regional communication dynamics (likely) underlie taste processing

Our lived experience almost exclusively involves dynamic input (none of our sensory inputs
are naturally point processes), and such dynamic input is better modelled /understood using
recurrent — rather than feedforward — networks (Alamia, 2020; Kietzmann et al., 2019).
Hence, it is not surprising that our brains contain strongly recurrent connectivity (Bergen
and Kriegeskorte, 2020; Matsumoto et al., 2022; Rigotti et al., 2010). Despite this, much
previous work has been devoted to studying the feedforward aspects of processing in the
brain (Carleton et al., 2010; Heidari-Gorji et al., 2021), a view that strongly persists to-
day; however, the monopoly of this aspect of processing in neural processing is now being
challenged, and more research is recognizing the degree to which such recurrent connectivity
plays an important role. In the brain, we find recurrent connections not only within indi-
vidual brain regions (a circuit modulating itself), but also between multiple brain regions
(modulating each other in a loop; Hart and Huk, 2020; Kotekal and MacLean, 2020; Mante
et al., 2013). The role and ubiquity of recurrent connectivity, coupled with the fact that
many taste-processing regions exhibit “connected” dynamics on a single-neuron level (Baez-
Santiago et al., 2016; Fontanini et al., 2009; Grossman et al., 2008; Jezzini et al., 2013; Li
et al., 2013) strongly suggests that recurrent interactions between these regions underlie the
dynamics that we observe. However, hitherto, there have been no experiments investigating
"real-time” communication between regions processing taste. Chapter 3 provides the first
such study investigating interactions in the taste circuit, and opens the door for extensions
to study other taste-related processing (e.g. sickness, in Chapter 2) from a lens of changes in
network interactions. Further avenues of investigation of communication in taste processing

are mentioned in the thesis discussion.



1.3 Summary

In the following articles, this thesis will explore modulation of gustatory processing on 1) long
timescales (tens of minutes) due to change in body states (sickness), 2) on short timescales
(hundreds of milliseconds) focusing on dynamics and coherence between brain regions for
the purpose of taste processing, while performing a comparison of information gleaned using
“canonical” and new methodologies to assess communication (which will suggest that pro-
cessing in the taste circuit is not strictly hierarchical, as previously thought), and conclude
with 3) a discussion that cautions neuroscientists to not assume the function of neurons with-
out considering the temporal dynamics and context in which the response of that neuron is

embedded.
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2.1 Abstract

Gustatory cortex (GC), a structure deeply involved in the making of consumption decisions,
presumably performs this function by integrating information about taste, experiences, and
internal states related to the animal’s health, such as illness. Here, we investigated this
assertion, examining whether illness is represented in GC activity, and how this representa-
tion impacts taste responses and behavior. We recorded GC single-neuron activity and local
field potentials (LFPs) from healthy rats and rats made ill (via LiCl injection). We show
(consistent with the extant literature) that the onset of illness-related behaviors arises con-
temporaneously with alterations in 7 to 12 Hz LFP power at approximately 12 min following
injection. This process was accompanied by reductions in single-neuron taste response mag-
nitudes and discriminability, and with enhancements in palatability-relatedness — a result
reflecting the collapse of responses toward a simple “good-bad” code visible in the entire
sample, but focused on a specific subset of GC neurons. Overall, our data show that a state
(illness) that profoundly reduces consumption changes basic properties of the sensory cortical

response to tastes, in a manner that can easily explain illness’ impact on consumption.
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2.2 Introduction

Neural responses in primary sensory cortex are often thought to faithfully represent physical
stimuli, and while recent studies (including ours) have challenged this view by documenting
enhancements and decrements in stimulus-induced firing related to animals’ internal states,
there has been little work setting these changes in any sort of functional, mechanistic context.
Here, we show that a state (illness) that profoundly reduces consumption changes basic
properties of the sensory cortical response to tastes, and then go beyond this to precisely
characterize this response plasticity, connecting it to the specific perceptual changes that

drive illness” impact on consumption.

A host of external and internal contextual variables work with experience to shape an
animal’s behavior in response to sensory stimulation. Prominent among these variables
are the animal’s own internal states, which can be extremely positive (e.g., “euphoria”) or
negative (e.g., “depression”), and which profoundly influence the animal’s interactions with
its environment (Livneh et al., 2020); systemic illness, for example, such as that induced
by the intake of toxins, drastically alters an animal’s behavior in relation to food stimuli
(Nachman, 1963; Nachman and Ashe, 1973; Parker, 1982). Such states are likely instantiated
in broadly distributed neural networks, and as such, they can be indexed using spectral
properties of the electroencephalogram (M. Li and Lu, 2009; Lofhede et al., 2010) or local
field potentials (LFPs; Kelly et al., 2010; Okonogi et al., 2018).

One mechanism whereby illness might influence feeding behavior is via modifications of
taste perception. Sickness changes taste palatability (Aubert, 1999; Aubert and Dantzer,
2005), making even normally preferred substances aversive (potentially prolonging infirmity
by demotivating the ingestion of nutrients and/or a possible cure for said illness; Provenza,
1995). This impact of illness on taste palatability can be long-lasting, and even permanent
(Garcia et al., 1974), an intimacy of interaction that makes it reasonable to propose that

illness may manifest, at least in part, as changes in the function of brain regions within which
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one can record palatability-related taste responses.

An obvious candidate region is gustatory cortex (GC; a fairly broad swath of granular and
dysgranular insular cortex anterior to visceral cortex), which is involved both in processing
of palatability and illness-related learning (Flores et al., 2018; Lin et al., 2014). As of now,
however, little is known about the cortical processing of malaise. Much is known about the
basic mechanisms of function for malaise-causing agents such as lithium chloride (LiCl) at
the nonneural and peripheral levels (Cloutier, Kavaliers, et al., 2012, 2017; Cloutier, Rodowa,
et al., 2012; Nachman, 1963; Nachman and Ashe, 1973; Nachman and Hartley, 1975; Parker,
1982; Zhang et al., 2021), but the impact of these basic mechanisms on activity in regions

critical for chemosensory learning remains uninvestigated.

The work presented here begins to fill that knowledge gap, taking a cue from studies
showing that basic information about brain states can be assessed in analyses of LFPs,
and more specifically from studies showing: (1) that spectral properties of LFPs shift with
changes in an animal’s internal state (Ching and Brown, 2014; Cimenser et al., 2011); and
(2) that these changes are coupled with changes in single-neuron firing dynamics (Canolty
et al., 2012; Lee and Dan, 2012; Olcese et al., 2018). These effects apply to GC taste coding
(Fontanini and Katz, 2005), which reliably fluctuates with changes in attentional state in a
manner that is specifically linked to palatability coding (Fontanini and Katz, 2006). Here,
using extracellular single-neuron recordings, we test the degree to which the onset of an illness
state (indexed in terms of changes in mobility) is related to changes in GC LFPs, and go on
to test how these behavioral and LF'P phenomena correlate with changes in identity-related

and hedonic information in GC single-neuron ensemble responses.

Our results suggest that LiCl-induced changes in GC p (7 to 12 Hz) power reflect the
onset (but not the maintenance) of sickness, in that they specifically emerge around the
time at which sickness-related behaviors also emerge (Kent et al., 1992; Nachman, 1963;
Nachman and Ashe, 1973; Parker, 1982; Towers et al., 2018). This change is accompanied

by reductions in the magnitude of taste-driven responses, which convey less information
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about taste identity in sick rats, and simultaneously by enhancement in the palatability-
relatedness of the same responses, which appear to collapse toward a simple “good/bad”
judgment. These results provide evidence that emesis caused by LiCl modulates network
activity in GC and plays an important role in shaping the cortical taste responses that are
necessary for learning and decision-making, and further expand our insight into the state

dependence of sensory coding.
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2.3 DMaterials and Methods

Ethics statement
All experimental protocols were conducted according to the National Institutes of Health

(NIH) guidelines for animal research and approved by the Institutional Animal Care and

Use Committee (IACUC) at Brandeis University (IACUC protocol # 22007).

Subjects

Female Long—Evans rats (n = 26, 250 to 300 g at time of surgery; Charles River Laboratory,
Raleigh, North Carolina) that were naive to tastants served as subjects in this study. Animals
were maintained on a 12-h light/dark schedule, with experiments performed in the light
portion of the cycle from 7:00 to 11:00 AM. Rats had ad libitum access to food and water

except during experimentation (see below).

Apparatus

Neural recordings were made in a custom Faraday cage (21 x 24 x 33 cm) connected to a PC
and Raspberry Pi computer (Model 3B). The Pi controlled the opening time and duration of
solenoid taste delivery valves. The PC controlled and saved electrophysiological recordings
taken from electrode bundles via connections to an Intan data acquisition system (RHD2000
Evaluation System and Amplifier Boards; Intan Technologies, LLC, Los Angeles). Each
bundle consisted of 32 microwires (0.0381 mm formvar-coated nichrome wire; AM Systems)
glued to a custom-made interface board (San Francisco Circuits) and soldered to a 32-channel

Omnetics connector, which was fixed to a customized drive (Mukherjee et al., 2017).

Surgery

Rats for recording experiments were anesthetized using an intraperitoneal (IP) injection of
a ketamine/xylazine mix (1 mL ketamine, 0.05 mL xylazine/kg body weight). Maintenance
of anesthesia followed 1/3 induction dose every 1.25 h. The anesthetized rat was placed
in a stereotaxic frame (David Kopf Instruments; Tujunga, California), its scalp excised,

and holes bored in its skull for the insertion of self-tapping ground screws and an electrode
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bundle. Each bundle was painted with a lipophilic membrane stain (Thermo Fisher Scientific,
Indianapolis, Indiana) and inserted 0.5 mm above GC (coordinates: AP +1.4 mm, ML +5.0
mm, DV -4.4 mm from dura) — a location corresponding primarily to layer V of the granular
and dysgranular segments of the insular midsection, in which we have reliably found taste
responses in the past (see Katz et al., 2001a; Katz et al., 2001b; Sadacca et al., 2016).
Assemblies were cemented to the skull, along with 2 intraoral cannulae (IOCs; flexible plastic
tubing inserted close to the tongue in the cheek and extending upward to the top of the skull)
using dental acrylic (Fontanini and Katz, 2006). The rat’s body temperature was monitored
and maintained at approximately 37°C by a heating pad throughout the duration of the
surgery. Rats were given 6 d to recover from the surgery, after which electrode bundles
were lowered by 30 to 50 pum/d until discriminable GC neuron waveforms were visible in
multiple channels; there they stayed through the entire protocol, which lasted (at most) a

single session of each type (saline and LiCl; see below).

Water restriction

During experimentation (Fig 2.1A), mild water restriction (ad libitum access to 20 mL
every day at 4 PM, 6 h after experimental sessions), started 6 d following surgery, ensured
engagement in the task. Daily records were kept of weight and water intake to ensure that

rats did not fall below 85% of presurgery weight.

Experimental design
On the second day of water restriction, rats began 2 d of habituation to liquid delivered
directly to the tongue via IOC, with 60 and 120 30-uL infusions of water delivered each day;,
respectively. To maximize our ability to record from neurons held stably across both (saline
and LiCl) sessions, electrodes were lowered to their recording depth (approximately 4.5 mm
DV from dura) on the second day of habituation and left at that depth.

For Experiment 1, on the morning following the second habituation session, in vivo
recording sessions commenced: Rats received a subcutaneous (sc; 0.50% of body weight)

injection of isotonic saline followed 20 min later by an injection of either a second saline
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Figure 2.1: General sickness induction protocol and histological verification of
recording location in GC. (A) On Day 1, rats received a single injection of saline followed
by either an injection of saline (Control Group; top) or 0.15 M LiCl (Experimental Group,
bottom). GC activity was recorded for 20 min following each injection, after which tastes
were delivered via IOC across an approximately 40 min session, and 48 h later, only a single
saline injection was administered to both groups, 20 min before the taste testing period.
(B) A coronal slice (left) from 1 rat, stained with cresyl violet. The track is an electrode
bundle lesion, with the end of the lesion marking the final resting location of the wires. A
coronal slice schematic (right) with circles indicating the electrode bundle resting location
for each rat (experiment 1: purple, experiment 2: green). (C) The average waveform of a
representative putative pyramidal cell [top] and interneuron [bottom]. Light blue shading
represents the standard deviation of the noise in the waveform. GC, gustatory cortex; I0C,
intraoral cannulae; LiCl, lithium chloride.
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injection (Control) or illness-inducing LiCl (Experimental; Fig 2.1A); following each injec-
tion, neural and behavioral data were collected — 20 min of “passive” recording followed
by 120 taste delivery trials in which 1 of 4 gustatory stimuli (0.1 M sodium chloride [NaCl],
0.3 M sucrose, 0.1 M citric acid [CA], and 0.01 M quinine-HC1 [QHCI]) was delivered via
IOC in a pseudo-random order. Stimuli and concentrations were chosen to ensure a range
of distinct taste identities and palatabilities and to maximize comparability to our (Gross-
man et al., 2008; Levitan et al., 2019; Moran and Katz, 2014; Sadacca et al., 2012) and
others’ (Samuelsen et al., 2012; Spector and Grill, 1988) studies. A second testing session,
identical to the first session with the exception that only a single sc. injection of saline was
administered 20 min prior to taste delivery, was given 48 h after the first testing session (Fig
2.1A), with the electrode bundle remaining in the same place. To test whether any observed
LiCl/saline differences were not order effects, a subset of animals (N = 5) were subjected to
the same experimental protocol with the exception of the order of injections being reversed
(2 saline injections on the first day, LiCl injection on the second). Our analyses revealed no
difference between the orders (ps >0.05).

For Experiment 2, additional (N = 3) taste-naive animals were subjected to a single

recording session in which the injection of LiCl was immediately followed by taste deliveries

via the 10C.

Illness induction

Because we wished to elicit a mild illness that would not cause large scale, overt behaviors
that might serve as confounding explanations for any observed changes in neural activity, we
induced malaise using a mild concentration of LiCl (0.15 M, delivered sc). Multiple studies
demonstrate that the malaise induced using this concentration is strong enough to cause

conditioned taste aversion (CTAs) without causing gross changes in behavior (Nachman and

Ashe, 1973; J. Smith, 1971).

Behavioral analyses

The assessment of lethargy provided a basic measure of sickness (Kent et al., 1992; Parker,

19



1982). Three cameras (positioned below, above, and diagonally within the behavioral cham-
ber (see Apparatus) captured mobility in a separate subset of animals implanted only with
IOCs (N =4 and 5, Control and Experimental). Each video was manually scored for lateral
(grid-line crossings) and vertical (rears; 2 forelimb paws off the ground for >0.5 s) movements
by a trained, but blind to condition, observer. Such events have been shown to be sensitive
measure of welfare in rodents-healthy, nonanxious mice/rats will perform lateral and vertical
movements as a means to explore their environment (Cross-Mellor et al., 2009; Nachman
and Hartley, 1975). Given the small size of the recording chamber, the rats had limited
ability to move laterally, which led us to focus our analyses primarily on vertical movements.
Healthy /sick differences in frequency and duration of these movements were analyzed and
fit with sigmoid functions so that we could determine whether and when LiCl-treated rats

became ill.

Histology

At the completion of the experiment, rats were deeply anesthetized with ketamine/xylazine
(200:20 mg/kg, IP) and then perfused transcardially with physiological saline followed by
10% formalin. The brains were extracted and stored in a 10% formalin/30% sucrose solu-
tion for at least 3 d before staining, after which they were frozen and sliced on a sliding
microtome (Leica SM2010R, Leica Microsystems; thickness 60 pum). Slices were mounted,
and sections were stained with a Nissl stain (Thermo Fisher Scientific, Indianapolis, IN) to
evaluate cannulae and electrode tracks, respectively, via inspection of fluorescence on a light

microscope (Fig 2.1B).

Electrophysiology methods and analyses

Differential recordings from the micro-electrodes were sampled at 30 kHz using a 32-channel
analog-to-digital converter chip (RHD2132) from Intan Technologies. The signals were digi-
talized online at the head stage/amplifier and saved to the hard drive of the PC. The collected
recordings were filtered for either single-neuron action potential isolation (300 to 3,000 Hz

bandpass) or LEPs (1 to 300 Hz lowpass) and analyzed off-line. Putative single-neuron wave-
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forms (3:1 signal-to-noise ratio) were sorted using a semi-supervised methodology: Putative
action potentials were grouped into clusters by a Gaussian mixture model (GMM) with strict
noise tolerance and refined manually; conservatism was enhanced via a requirement that the
variability in spiking be random (and thus not reflecting biased cluster cutting; for the details
of the recording system and Python scripts, see Mukherjee et al., 2017). To further ensure
that the isolated waveforms represented single-neuron records, we also calculated the inter-
spike intervals and removed units for which >1% of the intervals disobeyed the biological
constraints of refractory period. By this approach, a total of 266 and 190 GC neurons were
isolated from, respectively, 7 Experimental (saline-LiCl) and 5 Control (saline-saline) rats

across 24 sessions (2 sessions/animal).

All analyses, unless otherwise stated, were performed using all neurons; in a few cases
(noted in the text), analysis was restricted to neurons that were taste responsive (see also

Table 1.1 below).

Figure Animals Neurons Experiment: Detail
Fig 2 N/A LEP
Panel A 1 Sal-LiCl
Panels B/C 5 Sal-Sal vs. 7 Sal-LiCl rats
Fig 3 N/A Behavioral verification
Panel B 4 Sal-Sal vs. 5 Sal-LiCl rats
Fig 4 Sal (n =136) Single unit spiking activity
Panel C 7 Sal-LiCl rats LiCl (n = 174)
Fig 5 7 Sal-LiCl rats Sal (n =136) Single unit spiking activity
LiCl (n = 174)
Fig 6 Sal (n =136) Single unit spiking activity
Panels A/B | 7 Sal-LiCl rats LiCl (n=174)
Fig 7 56 taste-responsive units Single unit spiking activity
Panel B 3 LiCl rats
Fig 8 Single unit spiking activity
All panels 7 Sal-LiCl rats 44 held units

The same experimental data (all neurons recorded from the experimental group (Fig 1A: Experimental [Saline-LiCl; Sal-LiCl]; main dataset) were used for Figs 2 and 4-
6 with additional control data (Fig 1A: Control [Saline-Saline; Sal-Sal]) were also used in Fig 2. Fig 7 involved collection of a new dataset from 3 rats that received LiCl

injection prior recording. Fig 8 used all neurons that were held across sessions from the main dataset. LFP, local field potential; LiCl, lithium chloride.

https://doi.org/10.1371/journal.pbio.3001537.t001

LFPs were extracted only from channels containing isolated single-neuron data, in order
to avoid potential signal artifact arising from noisy/broken channels. Data were averaged
across electrodes within and across session for each animal, and analyzed across the 1 to
20 Hz frequency bands, with focus on the p bands (7 to 12 Hz, [Thomson, 1991; Tort,

Fontanini, et al., 2010; Tort, Komorowski, et al., 2010] in 1-min time bins). After normalizing
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LFP Power Mean : u, us ~ N(0,1)
LFP Power Variance : o ~ Half — Cauchy(1)
Changepoint Position : 7 ~ Uni form(20)

N(u,0) t<t
N(pz,0) t>71

Observed LFP Power : Obs(t) ~ {
(across the entire session) each animal’s u power to between 0 and 1, the LiCl vectors were
subtracted from the saline vectors to reveal changes in p following LiCl administration, and
an ANOVA was used to compare groups. Differences were considered significant only if 3 or

more consecutive time bins reached a p <0.05 criterion.

Changepoint analysis

To determine the position of a change point in GC p power, we used a custom model im-
plemented in the PyMC3 probabilistic programming package (Salvatier et al., 2016), with
parameter estimation performed using Markov Chain Monte Carlo sampling (see details
below). The LFP power time series were z-scored, and then modeled using 2 normal distri-
butions; the model attempts to detect a single change point (7) in the mean value of the LFP
power as the time series switches between distributions. Change points were determined for

each animal independently.

Since sampling returns a distribution over the parameter values explaining the data, dis-
tributions of 7 with low variance (high peaks) indicate strong presence of a change point.
To mark the position of these change points using the 7 distribution in an unbiased manner,
we compared the 7 distributions (containing equal numbers of samples) of our time series
(actual data) to those of 50 temporally shuffled time series (shuffled data), which, by defi-
nition, have no change points. Points in the actual data distribution higher than the 99th
percentile of the shuffle distribution were marked. The average of these marked time points

was taken to be the position of the change point for that time series.

The calculation of the behavioral changes and LFP change points was performed on
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separate cohorts of animals. We then quantified the likelihood that the close synchroniza-
tion between the behavioral and neural changes seen in our data could have happened by
chance, by comparing the data to simulated data produced under the assumption that the
latencies of the average behavioral and LFP change points are drawn from independent, uni-
form distributions. We calculated the distribution of summed, absolute distances between
the behavioral and LFP change points, testing the hypothesis that the change points in
our data are clustered more tightly than those drawn from the simulation (a p-value less
than 0.05 indicates a significantly more coupled relationship than if time points were truly

independent).

Taste responsiveness

We defined basic responsiveness to taste delivery by first subtracting the across-trial averaged
1 s of prestimulus firing from the first 1 s of taste-evoked firing for each neuron (ignoring
the first 200 ms of post-taste activity; see below), and subjecting the resultant single-neuron
data to a Mann—Whitney U test to determine whether a significant change in firing rate
occurred when the taste hit the tongue. These data were then pooled to ascertain the overall
magnitude of response change under different conditions. But because taste delivery could
reduce firing to below baseline levels in some neurons (thereby masking the true magnitude
of effects in the averaging of enhanced and reduced firing rates), we divided the sample
into those in which firing normalized to pre-stimulus baseline was greater than zero, and
those in which it was less than zero. We refer to these as “excitatory” and “inhibitory

Y

responses,” respectively, but note that this designation only refers to the direction of firing
rate change — we make no claims regarding whether or not “inhibitory responses” are caused
by direct inhibitory influence on these neurons; nor do we intend to imply that these are

responses found in inhibitory interneurons. We used a 2-way ANOVA to test whether LiCl

administration changed taste response magnitude.

Note that in these analyses, as well as in those described below, we typically ignored

the first 200 ms of post-taste activity. This was done because we have repeatedly observed
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that these early responses are seldom chemosensory in our paradigm, reflecting only tactile
stimulation of the tongue (see Fontanini and Katz, 2006; Jones et al., 2007; Katz et al.,
2001a; Katz et al., 2001b; Sadacca et al., 2016; Sadacca et al., 2012). This differentiates our
paradigm from those in which rats perform active licking or lever-pressing for fluid delivery
(Bouaichi and Vincis, 2020; Dikecligil et al., 2020; Graham et al., 2014; Gutierrez et al.,
2010; Stapleton et al., 2006), wherein researchers observe a much shorter pre-chemosensory
response, likely because the rodent is able to anticipate taste acquisition (see also J. Li et al.,

2016).

Taste specificity

The above analysis is performed on data averaged across tastes, and therefore serves only
to estimate whether, and how, GC is responsive to oral stimuli-not whether that response
depends upon stimulus identity. To determine how LiCl impacted the taste specificity of GC
responses, we subjected whole ensembles to a standard linear discriminant analysis (LDA)
classifier used in previous studies (Katz et al., 2001b; Nicolelis et al., 1997; Sadacca et
al., 2016). This classifier tests the reliability with which a trial of taste-evoked responses
in an ensemble of simultaneously recorded neurons can be identified among responses to
other tastes. We binned neural responses into 250 ms bins and used a linear classifier with
a leave-one-out validation approach, calculating the prediction accuracy of the classifier
averaged across each excluded trial for each time bin. Paired-sample t tests (with Bonferroni
correction) were performed for each post-taste delivery epoch (see above) to determine the

impact of LiCl.

To assess changes of taste discriminability within a single session, the ensemble-wise LDA
classifier was trained on the first 5 trials (per taste) and tested on later trials. Here, and when
testing the degree to which sickness impacted discriminability in real-time, we restricted the
analysis to taste-responsive units (typically >70% of the total number of recorded neurons
[Jones et al., 2007; Katz et al., 2001a; Katz et al., 2001b]; see Table 1.1): Across-iteration

averages were computed for each tested trial and the resulting means were binned into 5-
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trial blocks (approximately 6 min/block). Blocks were normalized (between 0 and 1) across
animals, and results were subject to a repeated measures ANOVA and a series of paired-

sample t tests (with Bonferroni correction).

Finally, it is worth noting that taste responsiveness and taste specificity provide slightly
different types of information about GC activity. It is possible for a neuron to be taste
responsive and not respond distinctly to different tastes, and it is possible for a neuron to
respond in a manner that is taste specific without the average, across-stimuli response being

significantly modulated from baseline. Both are useful.

Taste palatability

Using our now-standard palatability-correlation analysis (J. Li et al., 2016; Moran and Katz,
2014; Piette et al., 2012; Sadacca et al., 2016), we evaluated the degree to which LiCl altered
the amplitude of palatability-relatedness in late epoch GC taste responses. Using a moving
window (window size: 250 ms, step: 25 ms), we correlated firing rates with well-established
palatability ranks (sucrose >NaCl >CA >QHCI; [J. Li et al., 2013; Sadacca et al., 2016])

and compared the magnitude of this correlation in healthy and sick rats.

In a further analysis of palatability-relatedness, we computed what we termed a “pure
palatability index” (PPI), adapting methods from (Fontanini et al., 2009) to test the de-
gree to which GC taste responses could be described to code a simple “good versus bad”
dichotomy. Specifically, we compared the Euclidian distances between single neurons’ re-
sponses (normalized to -500 ms pre-taste delivery) to tastes with similar palatability (i.e.,
sucrose and NaCl, CA and QHCI) to those between tastes with different palatability (sucrose
and CA, sucrose and QHCI, NaCl and CA, NaCl and QHCI). This amounts to evaluating

I

the ratio of the distances between “different-palatability” and “same-palatability:” a lack of
palatability-related information results in a PPI of 0 (because tastes of similar palatability
and tastes of different palatabilities are equally distant from one another); the more polarized

the response into “good versus bad” — the larger the ratio — the more positive the PPI. To

avoid artificially attenuating the effect via the inclusion of information from different epochs
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in single averages, the PPI was calculated from firing within the middle of our standard
epochs (Katz et al., 2001a; Katz et al., 2001b). The results were significance tested using a
Wilcoxon test.

We hasten to emphasize that these analyses of the degree to which firing is palatability-
related are quite different from the above-described analysis of the degree to which firing
is taste specific. In fact, taste information and palatability-relatedness are actually very
different variables-one makes use of any cell-specific differences in responses to different
tastes, and one is specifically measuring whether a particular pattern of responsiveness exists-

necessitates these differences in analysis.

Stability of single-neuron waveforms across days

A subset of analyses required the stable tracking of neurons held across testing sessions
(i.e., “held neurons,” Table 1.1). To evaluate whether a neuron was “held,” we performed a
spike shape analysis the likes of which has been brought to bear in several previous studies
(Grossman et al., 2008; Herry et al., 2008; Moran and Katz, 2014; Nicolelis et al., 2003).
We applied a conservative criterion for stability based on within-session data (comparing
each neuron’s waveforms from the first third of the session to those of the last third) — only
neurons for which the between-session (nonparametric clustering statistic) value was less
than the 95th percentile value calculated from the within-session data were deemed to have
been stably held. Of the entire population of recorded GC neurons, a total of 44 (23.2%)

satisfied this criterion.

Cluster detection in patterns of healthy-ill response differences

A clustering analysis was used to identify groups of held neurons for which LiCl impacted
palatability-related firing similarly. A condition response was determined for each held unit
(under each condition) by taking the average (minmax-normalized) pre- (-750—250 ms) and
post-delivery (250—750 ms) firing rates (presented as a percentage of maximum respon-
siveness). We then calculated and plotted the distance and Cartesian direction between

condition responses or each neurons’ taste response, yielding 176 (44 held units x 4 tas-
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tants) response differences (RDs) — quantification of how LiCl administration changed the
excitatory or inhibitory response to the taste. As a conservative estimate of RD likeness, we
determined the number of clusters that best fit a GMM probability distribution (calculating
the Bayesian information criterion) as done previously (Athey and Vogelstein, 2019). Clas-
sifications were considered valid only if they fell within the 95% confidence interval from the
centroid of each respective cluster (see Fig 2.8D), after which we constrained our analyses

to neurons within the same cluster.

Cluster-specific taste palatability

Using methods described above, we evaluated the effect of LiCl administration on palatability-
related firing for neurons within clusters. A nonparametric 2-way ANOVA was used to reveal
whether differences (saline-LiCl) in hedonic coding (Spearman rho?) differed across cluster

and time during taste processing.
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2.4 Results

2.4.1 LiCl administration changes GC LFPs and behavior

We recorded activity for 20 min following subcutaneous injections of either LiCl or saline,
before beginning to record taste-driven activity (Fig 2.1A); GC single-unit responses (Fig
2.1C) and LFPs were acquired from drivable bundles of 32 wires. Given that network
function, measured in terms of spectral properties of LFPs, appears to change with even
the most innocuous of body states (e.g., sleep versus wake, (Abdsolo et al., 2015; Mukamel
et al., 2014), and that single-neuron firing is altered in concert with these changes (Fontanini
and Katz, 2008; Manning et al., 2009), our investigation into the characterization of illness
started with assessment of changes in GC LFPs. We focused on power in the mu (u: 7 to
12 Hz; Fontanini and Katz, 2005) range, because power in this frequency band has proven
particularly sensitive to changes in even general states related to wakefulness and attention
(Ching and Brown, 2014; Fontanini and Katz, 2005, 2006; Tort, Fontanini, et al., 2010;
Vijayan et al., 2013). While the results described below were also observed in frequency

ranges above (e.g., 5) and below (i.e., ) u, they were centered on and largest in the u range.

Save for the brief period immediately following handling and injections, the amplitude of
i in the LFPs remained relatively stable across the first half of the (20 min) post-injection
recording periods for both experimental groups, but an impact of LiCl injections emerged in
the second 10-min period following injections for the saline-LiCl group (Fig 2.2A: LFPs spec-
tral power from a representative rat following either saline [top] or LiCl injection [bottom]).
The precise nature of this impact varied with individual, in some cases (N = 3) involving
a reduction of p power and in some cases an increase (N = 4), but a change point analysis
quantifying the time points and likelihoods of change in p power for each animal (across
both experimental groups) revealed that LiCl-induced changes in GC p power reached sig-
nificance at around the same time in the majority (5 out of 7) of rats (Fig 2.2B, bottom).

That is, the timing of the change in spectral properties was remarkably reliable across the 7
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rats, despite the fact that in some cases the change involved an enhancement of the power
in the p range, and in some cases the opposite: had no change occurred, or had the change
been gradual/subtle following injection (as in saline-saline-injected rats, Fig 2.2B, top, N
= 5), the likelihood of change (7; posterior distribution) would be spread uniformly across
post-injection time; instead, the analysis reveals that a change in GC p power reliably occurs
between 10.89 and 17.07 min post-injection (never before and never after), with the mean

likelihood occurring at 15.11 min.

An analysis of the group data confirms these rat-by-rat results, demonstrating that ab-
solute changes in p power following LiCl injection emerged late in the 20-min post-injection
recording session (compared to saline-saline animals, Fig 2.2C). A 2-way ANOVA on these
data revealed a significant interaction between group and quartile (F(3, 33) = 3.62, p =
0.023); a subsequent 1-way ANOVA confirmed that the absolute difference reached signif-
icance only in the 16 to 20-min post-injection bin (F(1, 11) = 5.14, p = 0.04) for the
saline-LiCl group. While in some cases, an apparent change in spectral power (in this case,
w power) could in fact be an artifactual effect of firing rate changes (Waldert et al., 2013),
our investigation failed to observe concomitant changes in firing rate at any time across the
20-min post-injection recording session (F(3, 33) = 2.39, p = 0.09; see also Fig 2.8A); this
suggests that our observed effect on p is not simply a reflection of firing rate change, but

rather a matter of network synchrony being modulated.

Overall, these results accord well with those of previous studies, in that they demon-
strate: (1) that changes in LFP activity are hallmarks of the onsets of cortical state changes,
regardless of the specific directionality of the changes (Pachitariu et al., 2015; Tan et al.,
2014; Zhou et al., 2014; Zucca et al., 2019); and (2) that sickness-related behaviors such as
immobility emerge at approximately this time point following LiCl injections (Cross-Mellor
et al., 2009; Lopez et al., 2019; Nachman and Hartley, 1975; Parker et al., 2004; D. Smith,

1978; Tomasiewicz et al., 2006).
To more completely test this last point, we compared our LFP data to (independently

29



Saline

Frequency (Hz)

Normalized Power (mV%/Hz)

Frequency (Hz)

1 2 3 a 5 6 7 8 9 10 1 12 13 14 15 16 17 18 19 20

B. Time post-injection (min)

Saline-Saline

Frequency of T

Frequency of T

8 9 10 1n 12 13
Time post-injection (min)

O

mmm Saline-Saline

§ s Saline-LiCl
23 0.6
T3
N o
28
E g 0.4
o
3 P
< 0.2
15 6-10 11-15 16-20

Time post-injection (min)

Figure 2.2: LiCl administration alters GC LFP 15-min post-injection. (A) Repre-
sentative spectrograms from 1 animal (saline-LiCl condition) showing activity after saline
(top) or LiCl (bottom) injection. LiCl reduces power in during the last half of the 20-min
period. (B) The posterior distributions for a single change point model identify the proba-
bilities of a change (shown as frequency of 7) in power (each color represents distribution
for single animal) for saline-saline (top, N = 5) and saline-LiCl (bottom, N = 7) groups. The
horizontal dashed lines indicate the 99th percentile from temporally shuffled data, and the
overlaid boxplot depicts the range in peak likelihood of change in power for distributions
with values higher than the 99th percentile: Each dot represents a single animal (the animal
from panel A is noted with a red circle); the box extends from the lower to upper quar-
tiles (red line: median, black diamond: mean) of likelihood. The mean onset of the change
in power occurs at 15.11 min, with all change points occurring after 10-min post-injection
and before 18-min post-injection. (C) The absolute difference in for saline-saline (purple)
and saline-LiCl (teal) groups reveals a significant interaction between change in power and
quartile (p <0.05, 2-way ANOVA), with LiCl changing power significantly within the fourth
quartile (* p <0.05; 1-way ANOVA). The error bars represent SEMs. LFP, local field po-
tential; LiCl, lithium chloride. 30



collected and blindly coded) video recordings of illness-related behaviors, predicting that
the above-described changes in network activity would roughly coincide with times at which
changes in mobility appeared following LiCl injections. Because we specifically injected a
low concentration of LiCl in order to avoid gross movement changes that could confound
interpretation, and because the small recording chamber limited the rats’ ability to move
laterally, we focused our measurement of mobility on rearing events in which the animal
lifted both forepaws off the floor simultaneously without proceeding to grooming (Grill and
Norgren, 1978a, 1978b). We specifically hypothesized that reduction of such rearing events,
which has been linked to mild LiCl-induced illness (D. Smith, 1978), would occur at around

the time that we observed changes in cortical LFP p power (Fig 2.3A).

In fact, the durations of rearing events declined following LiCl (N = 5) injection, but not
following saline injection (N = 4). A 2-way repeated measures ANOVA brought to bear on
the 20-min recording session (again binned into 5 min quartiles to ensure sufficient power;
Fig 2.3B, top) revealed a significant difference in rearing duration emerging post-injection
(F(3, 182) = 3.14, p <0.05) — a change that, like the change in cortical LFP power, became
significant (according to post hoc Wilcoxon signed-rank tests) only in the 15- to 20-min
post-injection bin (W = 158, Z = 0.65, p = 0.024, r = 0.50), compared to rats receiving only

saline injections.

A sigmoidal curve fit to the normalized LiCl-saline difference in rearing duration (Fig
2.3B, bottom) confirmed that the appearance of this illness-related change in behavior (the
asymptote minima of fit; 1> = 0.72) aligned well with the above-noted change in GC p
power (compared to Fig 2.2, top), again suggesting that the onset of LiCl-induced illness is
reflected in the function of the GC network. The fact that the Figs 2.2 and and 2.3 data were
collected from separate groups of rats only increases the conservatism of this interpretation
— the likelihood that this close alignment of behavioral and neural changes would occur if
LFP change points of the first cohort and behavioral change points of the second cohort were

random (uniformly distributed) and uncoupled is extremely low (difference between real and
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Figure 2.3: LiCl administration reduces rearing approximately 12 min after LiCl
injection. (A) An example rat’s movement through time around the cage space (color
coding shows the rat’s position in the box, Quadrant 1-4) overlain with rearing (black bars)
durations after saline (top) and LiCl injections (bottom). (B) The average normalized
LiCl-saline difference in rearing duration across animals (N = 4 and 5, saline and LiCl)
reveals (top) a significant reduction of rearing occurring in the fourth quarter of the session
(* p <0.05, Wilcoxon-rank sum). A more fine-grained analysis (bottom) suggests that the
change in behavior (black line) begins at 12-min post-injection; the dashed red line illustrates
the sigmoidal fit (r* = 0.72). The error bars represent SEMs. LiCl, lithium chloride.
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modeled data, p = 0.03). While this result does not conclusively rule out the possibility that
LiCl could independently cause illness and cortical changes (see Discussion), the pattern of
results implicates the emergence of illness (as reflected in behavior) in the change in GC

spectral properties.

2.4.2 LiCl administration causes GC taste responses to collapse into a “good-

bad” distinction between tastes

Fig 2.4A shows 2 examples of GC single-neuron taste responses — one for which taste
administration caused inhibitory firing rate changes, one excitatory — from each type of
session (saline/healthy and LiCl/illness). As an initial look at how illness impacts these
responses, we evaluated the magnitudes of responses elicited by tastes delivered directly
into the mouth via IOC. While initial paired-sampled t tests (with Bonferroni correction for
multiple comparisons) performed across the entire pooled sample failed to reveal an impact
of LiCl, this apparent non-effect proved to be an artifact of averaging across neurons with
“excitatory” and “inhibitory” taste responses: When we performed separate analyses of those
2 types of taste responses, it became clear that LiCl-induced illness reduced the magnitude of
both excitatory and inhibitory GC taste responses (Fig 2.4B). A 2-way ANOVA performed
on these data revealed a significant interaction between the condition and taste response
direction (F(1,3191) = 6.05, p = 0.014); a Tukey post hoc comparison showing the main
effect of illness was larger for excitatory responses (p = 0.003) but not for inhibitory responses

(p >0.05).

The above analysis, however, examines only responsiveness, providing no information
regarding whether the impact of LiCl-induced illness differs for different specific tastes. We
therefore performed an LDA, quantifying the reliability with which GC responses to one
taste could be differentiated from responses to other tastes. As shown in Fig 2.5 (blue
trace and bars below), LDA enables us to correctly identify administered tastes from middle

epoch responses on over 40% of the trials in healthy sessions (well above chance, which =
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Figure 2.4: LiCl administration reduces magnitudes of taste responsiveness. PSTHs
of trial-averaged firing rates of 4 representative neurons recorded in (A) saline and (B) LiCl
states. The examples in the top panels show excitatory responses, and the bottom examples
show inhibitory responses. Vertical dashed lines indicate the time of taste delivery. Subtle
variances in firing rates observed between 0-200 ms are not statistically significant (1-way
ANOVA, ps >0.05, see Methods). (C) Illness decreased the magnitude of these responses;
for neurons with excitatory responses, this reduction was significant (** p <0.01; 2-way
ANOVA with Tukey post hoc). Error bars represent SEMs across neurons. LiCl, lithium
chloride; PSTH, peristimulus time histogram.
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25%); this percentage quickly rises to over 50%, despite the use of a small time bin sliding
window analysis that left the data at the mercy of unsmoothed trial-to-trial variability.
More to the point, this distinctiveness (i.e., classifiability) of responses was significantly
diminished following systemic LiCl administration (coral trace and bars in Fig 2.5), with the
decrement becoming significant in the “middle epoch” and continuing into the “late epoch”
(Mann—Whitney U (1-tailed) = 1,952, M = 34.06%/43.77%, SD = 11.09%/14.58%, p =
0.0003; U = 2,045, M = 39.78%/47.83%, SD = 15.72%/14.64%, p = 0.001, respectively).

Taste responses carry less identity-related information when the rat is ill.

The fact that this decrement in discriminability extends into the “late” epoch led us to
ask whether LiCl-induced illness might also change the palatability-relatedness of coding as
well (a feature that is known to emerge at this point in GC taste responses; see Katz et al.,
2001a; Katz et al., 2001b). We began with the simple hypothesis that reduced discriminabil-
ity should imply reduced palatability-relatedness, testing this hypothesis in the standard
manner (Levitan et al., 2019; J. Li et al., 2016; Piette et al., 2012; Sadacca et al., 2016) —
i.e., calculating moving window correlations between firing rates and the known canonical

palatability ranks of the administered taste stimuli.

As has been observed many times previously, palatability-related information in our
GC taste responses climbed (regardless of condition) across the period leading into the late
epoch (Fig 2.6A; note that we currently have no explanation for the small, low magnitude, but
significant saline-LiCl session difference in palatability-related firing in the earliest responses,
but see Discussion); despite the well-known, oft-commented upon variability of sensory neural
activity (Shadlen and Newsome, 1994, 1998), this property of GC taste responses shines
through reliably in assessments of large numbers of neurons and across multiple animals.
The climb calculated following saline and LiCl injections diverged significantly; however,
particularly as the late epoch was reached — peak correlations following LiCl injections
were higher than those observed in saline condition within this epoch (H(1) = 8.68, p =

0.003). This means that our initial hypothesis was disconfirmed: Whereas illness reduces

35



Early Middle Late

0.55 1
0.50 -
0.45 -
3]
2 0.40-
} %9
(o}
(@)
2
.g 0.35 -1
-
G
(o]
c
o 0.30 -
)
(8]
@©
I.t 0.6
0.25 - ” * % * %
Qo5
S
g 0.4 I
0.20 A -g 03 . |
s
: 0.2 .
S == Saline
0.15 1 G o1 .
= LiCl
0.0 || — ||
0 250 500 750 1000 1250 1500

Time from taste delivery (ms)

Figure 2.5: LiCl administration reduces taste discriminability in neural ensembles.
The time course of trials in which the taste could be correctly identified by ensemble firing,
according to LDA, shows reduced discriminability of responses when an animal is sick (LiCl;
coral, n = 174) in comparison to when they are healthy (saline; purple, n = 136). The verti-
cal dashed lines delineate approximate epochal boundaries, as defined in previous research;
collapsed into these epochs (bottom bars, the effect of illness only becomes significant within
the middle (400-700 ms) and late (800-1,100 ms) epochs post taste delivery (** p <0.01;
pairwise t test with Bonferroni correction). The error bars represent SEMs. LDA, linear
discriminant analysis; LiCl, lithium chloride.
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Figure 2.6: LiCl administration shifts GC taste responses in the direction of a sim-
ple “good vs. bad” judgment. (A) The time course of average correlations (Spearman
rank-correlation coefficient) between firing rates and known palatability shows the expected
increase as responses reached the late epoch, but this rise reached a higher peak following
LiCl (n = 174) than saline injection (n = 136, Kruskal-Wallis H-test, ** p <0.01). (B) The
sickness-induced reduction of taste discriminability, juxtaposed with this sickness-induced
enhancement of palatability-relatedness, suggests that illness selectively decreases the dis-
tinctiveness of tastes with similar palatability. As predicted, a PPI, which evaluates this
possibility (see inlaid equation), peaks at a larger late epoch value following LiCl injection
than following saline (unpaired 2-sample Wilcoxon test; * p <0.05), reflecting sickness-
induced polarization of coding. The error bars represent SEMs. GC, gustatory cortex; LiCl,
lithium chloride; PPI, pure palatability index.

taste response discriminability, it increases late epoch taste response palatability-related

content.

The above results beg the question “how can illness reduce information pertaining to
identity while enhancing the palatability-relatedness of the same taste responses?” We hy-
pothesized that these seemingly contradictory results could be reconciled if (and only if)
illness causes GC coding to collapse toward a simple “good versus bad” judgment, prefer-
entially decreasing the differences between the coding of tastes with similar palatabilities-
making sucrose and NaCl (the palatable tastes) responses more similar and making quinine
and citric acid (the aversive tastes) more similar-and leaving GC responses closer to a sim-

plistic, “pure” code of whether or not a taste is palatable. We tested this hypothesis by
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quantifying the distance in Euclidean space between neural responses for all pairs of similar

(e.g., sucrose and NaCl) and dissimilar (e.g., sucrose and quinine) taste stimuli.

Specifically, we calculated what we term a “pure palatability index” — the difference
of the distances (DistDissimilar-DistSimilar) between responses to “different-palatability”
and “same-palatability” tastes. By this analysis, the more polarized the response into “good
versus bad” — the larger the difference — the more positive the PPI; a PPI of one (or greater)
would indicate that GC neural responses are determined purely on the basis of whether the
taste in question is pleasant or aversive. Fig 2.6B shows the results of this analysis. One-
sample t tests comparing each PPI to a null result revealed that the PPI reaches significance
only after the early epoch in both conditions (p-values <0.01); meanwhile, a Wilcoxon signed-
rank test (performed because the data differed significantly from normal, p >0.05) revealed
that LiCl-induced illness significantly enhances the PPI in the late epoch (W = 68379, Z
= 0.54, p = 0.037, r = 0.09), reflecting enhanced polarization of the coding of palatable
and aversive tastes. Thus, our second hypothesis was confirmed: Illness shapes the coding
of taste hedonics by enhancing the polarization between similar and dissimilar tastes in the
late epoch GC taste responses, and thereby simultaneously increases the overall palatability

correlation and reduces the average discriminability of the responses.

2.4.3 Illness-related changes in taste coding occur in single neurons

The above results suggest that ensembles of GC neurons assayed approximately 20 min
after LiCl administration code tastes differently than ensembles of GC neurons assayed in
healthy rats. The implication of these results is that coding in individual neurons changes as
sickness emerges, but the analyses above provide only indirect evidence for this implication;
they stop short of directly testing whether single-neuron responses truly change with the

onset of illness.

We therefore moved on to performing this direct test-2 such tests, in fact. First, we

collected a new dataset using a modified experimental protocol in which we administered
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Figure 2.7: Reduction in taste discriminability emerges with sickness within ses-
sion. (A) A schematic of the second testing protocol, in which an injection of 0.15 M LiCl
was immediately followed by delivery of tastants via IOC for approximately 40 min. (B) Bar
plot shows the percent of trials in which the proffered taste was correctly identified using an
LDA (trained on the first 5 trials) from GC responses. Across N = 3 animals (n = 56 taste
responsive neurons), taste discrimination is significantly reduced post-sickness induction. *
p <0.05; paired t test with Bonferroni correction. The error bars represent SEMs. GC,
gustatory cortex; IOC, intraoral cannulae; LDA, linear discriminant analysis; LiCl, lithium
chloride.

(and acquired spiking responses for n = 74 GC neurons to) tastes starting immediately
after the injection of LiCl (Fig 2.7A). As already established, illness-related behaviors and
changes in GC p power emerge by 20 min after LiCl injection (Figs 2.2 and 2.3); we therefore
hypothesized that the above-described coding changes would emerge within single ensembles
at approximately this same time point — that coding in trials delivered before sickness onset

(“Pre”) would differ from that in trials delivered after sickness onset (“Post”; Fig 2.7A).

We again used LDA to test whether and when taste response coding changed by testing
the similarity of the first 5 “healthy” trials of each tastant to each subsequent taste delivery
(binned; 5 trials/taste/bin). As expected, a repeated measures ANOVA performed between
bins (bin = 6 min, approximately 3 trials/min) on taste responsive neurons (n = 56) revealed
that the classifiability of tastes decreased significantly as rats became ill (F(4, 8) = 5.42, p

= 0.02, np2 = 0.64), with this disruption becoming significant approximately 30 min into
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the session (Fig 2.7B, ps <0.05). This result is a fairly good match for the above-described
changes in GC p power and illness-related behaviors (Figs 2.2 and 2.3), particularly given
the necessarily small sample of trials. While one could speculate that this effect is driven
simply by time (as opposed to illness), this explanation is rendered unlikely by previous
results demonstrating that, in the absence of illness, within-session taste discriminability
does not vary significantly across much longer time spans (Fontanini and Katz, 2006). The

far more likely explanation is that taste responses change following the onset of illness.

We went on to more closely examine the precise nature of these changes in the subsample
of our recorded neurons that were held across sessions-neurons in which we were able to
assay responses after both LiCl and saline injections (see Methods for criteria). For each
of 44 held neurons, we first examined session-specific firing rates for the 500 ms before and
after taste delivery (starting after the initial 200 ms, which, as expected, was shown to be
devoid of taste information in paired t tests). Visual examination of the data suggests that
pre-stimulus firing rates in these neurons were not affected by LiCl administration (note
that the small dots, which plot pre-stimulus firing, form a cloud going up the diagonal of
Fig 2.8A, which plots the data for 1 representative taste [CA]). A paired t test confirmed
that the mean pre-stimulus activity did not differ between saline (M = 6.68, SD = 4.71) and
LiCl (M = 5.46, SD = 5.02) sessions (t(43) = 1.46, p = 0.15), and a Kolmogorov—-Smirnov
test confirmed the lack of a condition-specific impact on baseline firing rates (D(44) = 0.045,
p = 0.98; Fig 2.8B), revealing that saline-LiCl difference in pre-stimulus firing rates were

normally distributed and centered around 0.

Further scrutiny of Fig 2.8A, meanwhile, suggests 3 distinct “types” of impact. Cluster
analyses confirmed these appearances, revealing 3 distinct and discrete clusters of taste-
response changes wrought by sickness (identified with distinct colors attached to neurons
in each cluster): (1) in some neurons, taste responses were excitatory in saline sessions but
inhibitory during LiCl sessions; (2) in others, the reverse was true; and (3) in a third group

of neurons, responses were excitatory in both states, but these excitatory responses were
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Figure 2.8: Neurons held across post-LiCl and post-saline tasting sessions pro-
duce distinct clusters of taste response profiles. (A) Firing rate trajectories for single
neurons before (small circles) and after (large circles) taste delivery to the presentation of
citric acid reveal condition-specific (sickness—y-axis, healthy—x-axis) taste response proper-
ties. Responses are colored with respect to angle of the response trajectory (0-90°, 90-180°,
180-270°, and 270-360° are yellow, teal, magenta, and blue, respectively), which highlights
the distinct natures (excitatory, inhibitory) of responses in each condition. (B) A compar-
ison of pre-stimulus activity suggests that post-injection firing rates did not differ between
conditions: The peak of the distribution of saline-LiCl differences hovers around 0, and the
distribution is fit well by a Gaussian (Kolmogorov—Smirnov test; p = 0.98); these facts sug-
gest 0 difference (plus random noise). (C) A population response histogram (n = 44) held
neurons depicting each neuron’s taste response (change from pre taste) as a function of vec-
tor direction in panel B confirms the presence of 3 unique peaks of vector direction (peaks
indicated with red Xs). (D) A GMM was used to cluster cells based on response magnitude
and trajectory. This analysis confirmed distinct cluster responses, revealed here in a polar
plot (dashed lines denote 95% confidence interval of cluster classification with respect to
black-filled centroids). PSTHs for representative neurons are seen adjacent to the detected
clusters, indicating taste responses post-saline (black) and post-LiCl (colored, cluster spe-
cific). (E) Cluster 3 (magenta) neurons reliably and selectively experience a sickness-induced
increase in palatability-relatedness in the late epoch (nonparametric 2-way repeated-measure
ANOVA; *#* p <0.001). Vertical lines represent SEMs. GMM, Gaussian mixture model;
LiCl, lithium chloride; PSTH, peristimulus time histogram.
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generally less strong following LiCl injections. Ancillary analysis confirmed the presence of
these clusters in the full dataset, showing 3 peaks in the angle of the Fig 2.8A vectors (Fig
2.8C and 2.8D, the latter with representative examples of each type, as well as of the few
neurons that fail to cluster).

These 3 clusters of neurons, which were sorted without regard to the types of informa-
tion within the taste response, nonetheless differed with regard to how illness-inducing LiCl
impacted palatability-relatedness in the dynamics of the taste responses. A 3-way nonpara-
metric mixed ANOVA run on the palatability content of all neurons represented in Fig 2.8D
revealed a significant interaction between cluster, epoch, and condition, F(4, 478) = 4.80, p
= 0.001, indicating that the relationship between cluster (whether the neurons were in cluster
1, 2, or 3) and the coding of palatability within epoch was significantly different across the
saline and LiCl conditions. Specifically, the late epoch enhancement of palatability-related
firing described earlier proved to be primarily a function of one group of neurons — those for
which normally excitatory responses were turned into inhibitory responses by LiCl-induced
illness (F(1, 130) = 33.47, p = 5.12 x 10~8; Fig 2.8E). This result both confirms the validity
of the separation of neuron types and reveals that this separation is related to the impact of

illness state on palatability processing.
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2.5 Discussion

Nutritional requirements, environmental conditions, and experience work together to guide
consummatory behavior (Flores et al., 2018; Parker, 1982; Provenza, 1995), in cooperation
with an animal’s internal state (e.g., hunger, illness) (Livneh et al., 2020). The study of
how physiological states impact perception is an important one, because this relationship
intrinsically controls the animal’s likelihood of survival. The fact that neurons are embedded
in networks, and that the states of such networks can be indexed in terms of EEG power
(particularly in 6 and u frequency ranges; Fontanini and Katz, 2005, 2006, 2008), motivated
our decision to characterize changes in LFP activity within GC as an animal shifts from a
healthy state into one of emesis, and to then relate this shift to changes in the dynamics
of taste coding. This analysis reveals a modulation of y power occurring approximately 15
min after LiCl injection — a result consistent with human (Chen et al., 2010) and rat data

(Aguilar-Rivera et al., 2020).

The finding that rearing durations, a measure of healthy exploratory behavior (Aguilar-
Rivera et al., 2020; Alves et al., 2005; Lépez et al., 2019; Parker, 1982; Rosana et al., 2012;
Tomasiewicz et al., 2006), drop at approximately the same time is consistent with decades of
work showing that poisoning-related behaviors, and specifically those brought on by systemic
nausea, emerge (depending on dose) at roughly 10 to 15 min post administration (Aguilar-
Rivera et al., 2020; Nachman, 1963; Nachman and Ashe, 1973; Parker, 1982). In our hands,
the emergence of this LiCl-induced behavioral change closely mirrors the change in GC p
power induced by the same LiCl dose, implicating the process whereby an animal experiences

illness in generation of these neural changes.

Of course, the comparable timing of GC LFP activity and the emergence of sickness
(as indicated by behavioral changes) cannot exclude the possibility that changes in GC
activity could conceivably reflect, not illness per se, but rather a direct effect of LiCl on GC

neurons. While unlikely, this alternative explanation would persist as a possibility even if
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we had shown illness-related behaviors and GC changes in the same rats (we used separate
groups because the intentional subtlety of the illness-related rearing changes, which allowed
us to avoid the possibility of GC changes reflecting massive changes in oral fluid handling,
cannot be observed in rats attached to the electrophysiology /TOC harness). To completely
disprove this hypothesis, an additional set of experiments would be required, in which we
somehow block every pathway whereby visceral inputs carry information regarding LiCl-
induced gastrointestinal distress and test whether this manipulation also blocks cortical
changes. In the absence of the huge expenditure of time and resources required for these
experiments, the best solution involved testing a particularly rigorous and risky prediction:
Rather than just predicting that LiCl would change cortical activity, we specifically predicted
that LiCl would change cortical activity at about the same latency that it caused illness
(measured in rearing behavior). Given the success of this prediction (see Figs 2.2, 2.3, and
2.7), the most likely explanation (by far) is that the two are linked — that LiCl-induced

illness is reflected in cortical activity.

The change in GC p power is phasic, meaning that it is not simply the case that health
connotes one p amplitude and illness a different x4 amplitude. This concept is not novel —
while body states can be indexed in terms of LFP power fluctuations, behavioral states (e.g.,
sleep/wake) and muscle movements do not always correspond with a particular amplitude of
field potential discharge (Aston-Jones and Bloom, 1981) nor do significant changes in LFP
power necessarily imply an observable change in body states (Rojas-Libano et al., 2014).
Like many dynamical systems, the cortex experiences transient periods of instability at the
time of state changes; we postulate that the observed transient impact of LiCl administration
on GC p power signals the onset of an illness state, and that the relaxation to a lower power
regime shortly (approximately 7 min) thereafter nonetheless leaves the network changed in
a way that impacts the processing of internal and external stimuli. In this, GC is akin to
an automobile engine: Shifting from one gear to the next requires a brief transition from

a steady state to a transient and then back to a steady state for optimal efficiency (Horn,
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2006; Oglieve et al., 2017).

In addition to altering p power, LiCl also significantly altered GC taste responses. This
fact dovetails nicely with data presented by Arieli and colleagues (Arieli et al., 2022), who
examined how GC activity changes following CTA learning, identifying 2 types of impact
resulting from the pairing of taste with LiCl-induced illness — an “immediate” impact of
LiCl administration on taste responses in GC single neurons and a “delayed” impact on GC
ensemble population dynamics in taste response. Arieli and colleagues hypothesized that the
late impact is driven by CTA formation, and that the immediate impact is likely caused by

the illness state induced by LiCl injection. Our current findings are consistent with theirs.

We went on to show that the impact of LiCl administration on taste coding is epoch de-
pendent. The drug disrupted identity coding while (somewhat incongruously) enhancing the
palatability-relatedness of the responses, with the latter effect localized to the oft-described
late epoch of the responses (Katz et al., 2001a; Katz et al., 2001b; Sadacca et al., 2016). We
also observed a small but significant illness-related increase in palatability coding in the early
epoch. While an explanation for this unexpected result awaits further experimentation, we
would speculate, based on work showing that expectation of stimulus availability can reduce
that latency of gustatory coding (effectively eliminating the 200 ms non-chemosensory period
observed in our work, see Bouaichi and Vincis, 2020; Dikecligil et al., 2020; Graham et al.,
2014; Gutierrez et al., 2010; Samuelsen et al., 2012; Stapleton et al., 2006), that illness might
similarly enhance the “readiness” of cortex and reduce the latency of taste-specific coding;
since illness biases GC toward palatability-related coding (see below), it could very well be

palatability coding that appears early when the animal is ill.

These findings may at first blush appear to be in conflict with previous studies examining
behavioral changes following LiCl-induced illness; Baird et al., 2005; Eckel and Ossenkopp,
1996; Spector and Grill, 1988, which suggested that sickness has no effect on palatability
(e.g., as measured via evaluation of taste reactivity to a single taste; Spector and Grill, 1988).

In fact, however, our findings regarding sickness polarizing palatability processing are largely
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consistent with these results, in that they do not suggest wholesale changes in palatability
of individual tastes, or even changes in the order of preference. Rather, we argue that illness
simplifies taste coding, making aversive tastes more similarly aversive and palatable tastes

more similarly palatable.

The results described in Figs 2.4-2.6 suggest, but do not prove, that single neurons change
their coding as a function of illness. It is always possible that neurons coding taste identity
and palatability during illness represent a distinct set of neurons from those coding these
properties in healthy rats, and that the differences in overall sample responses reflected the
addition of this new set of “illness-only” responses. In the first test of the hypothesis that
illness changes the processing of taste stimuli in individual neural ensembles, we showed that
taste discriminability is significantly changed as an animal enters the emetic state. And since
the small number of trials available in this analysis rendered it impossible to reliably compare
palatability correlations, we performed a second analysis in which we leveraged our ability
to hold a subset of our single neurons across both testing sessions. This analysis revealed
that LiCl-induced illness enhances palatability-relatedness in an epoch-specific manner but

went beyond this to reveal 3 distinct subpopulations of illness-related response profiles.

We cannot, as of yet, provide a definitive explanation of this functional dissociation of
GC neurons, but we can speculate as to several mechanisms that could explain our results.
The most parsimonious of these explanations might be that the clusters come from either
functionally or physiologically distinct populations of cells which in turn code specific features
about the state of the animal (and thus responses to external stimuli) in unique, yet beneficial
ways. However, cross-correlational analysis (methods adapted from J. Li et al., 2013) failed
to reveal differences in the strength of the functional connectivity between (nor within) the
individual clusters, which would have been expected with such an explanation (J. Li et al.,
2013). Furthermore, analysis of wave shapes and basal firing rates failed to reveal groups
to be made up of different percentages of putative pyramidal and interneurons. While it is

always risky to reach conclusions on the basis of a null result, particularly in small datasets,
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we find it unlikely that these clusters represent distinct types of GC neurons.

An alternative explanation for the observed differences in palatability coding across these
putative clusters has to do with the possible sources of input to these neurons. It has recently
been shown that specific area postrema neuron types are responsible for providing illness-
related information to brain regions (Zhang et al., 2021), and that these influences may reach
GC by way of either the nucleus of the solitary tract (Shapiro and Miselis, 1985) or other
regions (e.g., amygdala) known to be impacted by the physiological state induced by LiCl
(Spencer et al., 2012). It is possible that the palatability-coding differences between GC
clusters are a downstream result of cell type—specific projections. Future work will examine
this possibility, incorporating the use of video recordings of oral-facial reactivity to establish
the link more concretely between these putative clusters and their behavioral relevancy in

consummatory behaviors.

Regardless of the answers to these questions, the work presented here demonstrates that
illness, or at least that caused by LiCl, impacts cortical function in a far more refined manner
than via a simple wholesale disruption of activity. The effects of illness on GC activity are
complex, but this complexity seems linked to an animal’s need, when ill, to simply tell good
from bad. In fact, this is not the first case we have found a manipulation that biased GC
response toward stimulus palatability. Fontanini and Katz, 2006 also found that when the
behavioral state of an animal changed from a task-oriented to a disengaged (or inattentive)
state, GC response became less discriminative between palatability-similar tastes but more
distinct for tastes with opposite valences. The similarity in impact of illness and engagement
states provides further support for the general finding that GC is involved in the making and
putting into action of decisions related to palatability (Mukherjee et al., 2019; Sadacca et
al., 2016): While the most basic circuit involved in these decisions is found in the brainstem
(Geran and Travers, 2006; Grill and Norgren, 1978a, 1978b), the taste system is very much
like other vertebrate and invertebrate sensorimotor systems (Geran and Travers, 2006) — in

situ, top-down modulation plays a major role in determining behavior. Here, GC plays that
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role, and this is possibly why body states are reflected in GC as well.
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3.1 Abstract

Gustatory cortical (GC) single-neuron taste responses reflect taste quality and palatability in
successive epochs. Ensemble analyses reveal epoch-to-epoch firing rate changes in these re-
sponses to be sudden, coherent transitions. Such nonlinear dynamics suggest that GC is part
of a recurrent network-that GC produces these dynamics in concert with other structures.
basolateral amygdala (BLA), which is reciprocally connected to GC and central to hedonic
processing, is a strong candidate partner for GC: BLA taste responses evolve on the same
general “clock” as GC; furthermore, inhibition of activity in the BLA—GC pathway degrades
the sharpness of GC transitions. These facts motivate, but do not test, our over-arching hy-
pothesis that BLA and GC act as a single, co-modulated network during taste processing.
Here we provide just this test of simultaneous (BLA and GC) extracellular taste responses
in female rats, probing the multi-regional dynamics of activity in these regions to directly
test whether BLA and GC responses contain coupled dynamics. We show that BLA and GC
response magnitudes covary across trials and within single responses, and that changes in
BLA-GC LFP phase-coherence are epoch-specific. Such classic coherence analyses, however,
obscure the most salient facet of BLA-GC coupling: sudden transitions in and out of the
epoch known to be involved in driving gaping behavior happen near-simultaneously in the
two regions, despite huge trial-to-trial variability in transition latencies. This novel form
of inter-regional coupling, which we show is easily replicated in model networks, suggests

collective processing in a distributed neural network.
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3.2 Introduction

As a rat feeds, gustatory cortical (GC) single-neuron taste responses take the form of a se-
quence of distinct “epochs” separated by sudden ensemble transitions. The epoch that starts
at 0.5-1.5sec (depending on the trial) contains firing that is staunchly palatability-related;
the transition into that epoch, which is so sudden that it is analytically indistinguishable
from state switching (Sadacca et al., 2016 see below for distinction of the terms “epoch”
and “state”), both predicts and drives taste-related oral behavior (Li et al., 2016; Mukherjee
et al., 2019; Sadacca et al., 2012). Theory suggests that such dynamics are most easily gen-
erated by a distributed circuit in which strong recurrent connectivity (Edelman and Gally,
2013; Kietzmann et al., 2019; Maass et al., 2007; Mante et al., 2013; Miller and Katz, 2010,
2013) couples “separate” regions into a single processing unit; such recurrence is abundant
within the taste circuit (Bielavska and Roldan, 1996; McDonald, 1998; Shi and Cassell,
1998).

Particularly notable in this regard is the reciprocally-connected GC-basolateral amygdala
(BLA) dyad. Work investigating these brain regions separately (Fontanini et al., 2009; Katz
et al., 2001; Sadacca et al., 2012) has revealed striking similarities in the trial-averaged
dynamics of their taste responses. Furthermore, BLA-GC connectivity has proven important
for both taste learning (Kayyal et al., 2019; Lavi et al., 2018; Lin et al., 2015; Lin and Reilly,
2012) and taste processing (Lin et al., 2021). This latter study specifically demonstrated
that the suddenness of the behaviorally-relevant GC ensemble transitions to the palatability
epoch are degraded by inhibition of BLA—GC axons. These results provide indirect evidence
for a general hypothesis that BLA and GC work together during taste processing, but stop
far short of testing the existence of dynamic BLA-GC coupling; in fact, there has been little
work directly investigating communication between any pair of taste-relevant brain regions

(but see Lorenzo and Monroe, 1997).

Work investigating pairs of regions involved in other processes — decision making (Antzoulatos
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and Miller, 2016; Place et al., 2016; Zielinski et al., 2019), sensory-motor transformation
(Arce-McShane et al., 2016), vision (Bastos et al., 2015; Lundqvist et al., 2020; Saravani
et al., 2019; Zandvakili and Kohn, 2015), and motor planning (Ames and Churchland, 2019;
Yates et al., 2017) — has revealed inter-regional spiking and field potential coherence, but has
done so using metrics for which temporal resolution, particularly at the single-trial level, is
limited. Given the epochal nature of taste processing, the suddenness of GC ensemble transi-
tions into palatability-responsiveness, and the trial-specific latency of this transition, testing
BLA-GC coupling requires techniques that permit evaluation of the moment-to-moment evo-
lution of the BLA-GC relationship. The fact that the suddenness of GC ensemble transitions
(Mukherjee et al., 2019; Sadacca et al., 2016) depends upon an intact BLA-GC pathway (Lin
et al., 2021) motivates our novel, central prediction: that this moment of transition will be
coupled across BLA-GC ensembles.

Here, we present an in-depth investigation of BLA-GC taste-response coordination, begin-
ning with “canonical” methods (correlations of spiking in whole trials, and phase-coherence
of local field potentials [LFP] across trials) and progressing to the testing of our novel hypoth-
esis. The former allows us to show trial-specific and time-varying coupling in BLA and GC
taste responses — reductions in phase-coherence (Stitt et al., 2017) that appear and vanish in
an epoch-specific manner. But since these analyses necessarily obscure coupling in the trial-
specific timing of sudden state-to-state ensemble transitions, we move on to explicit modeling
of state transitions in ensemble timeseries data (Rabiner, 1989; Sadacca et al., 2016); these
analyses allow us to confirm our prediction that BLA-GC coordination integrally involves
sudden, brief coupling of the specific transitions that predict and drive palatability-related
behavior. Finally, computational modeling demonstrates that these results (coordinated
state transitions with variable state-wise functional connectivity) are easily recapitulated
within a simple multi-region network. These results overall lead us to suggest that BLA and

GC form a functional “unit” for purposes of taste processing.
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3.3 Materials and Methods

Subjects

Adult, female Long-Evans rats (n = 8; 300-350g at time of electrode implantation, Charles
River Laboratories) served as subjects in our study (we have observed no sex differences in
the basic cortical dynamics of taste responses between male and female rats, and therefore use
female Long-Evans rats because they are, in our hands, calmer than males). The rats were
housed in individual cages in a temperature- and humidity-controlled environment under a
12:12 hr light:dark cycle, given ad libitum access to food and water prior to the start of
experimentation, and weighed daily following surgery to ensure that they never dropped
below 80% of their pre-surgery weight. All experimental methods were in compliance with
National Institutes of Health guidelines and were approved in advance by the Brandeis

University Institutional Animal Care and Use Committee.

Electrode and intra-oral cannula construction

Custom microwire bundle drives were made with either 16 or 32 electrodes per recording site
(design and construction details available at https://katzlab.squarespace.com/technology).
Intra-oral cannulae — flexible tubing with a flanged tip and washer to ensure stability,
connected to a plastic top complete with a locking mechanism — were built to allow the

delivery of tastants directly onto the tongue (Fontanini and Katz, 2006).

Acquisition of electrophysiological data

Electrophysiological signals from the micro-electrodes were sampled at 30 kHz using 32-
channel analog-to-digital converter chips (RHD2132) from Intan Technologies, digitized on-
line at the head stage and sampled jointly, along with signals from actuators marking tastant
delivery, using an Intan RHD USB interface board (Part #C3100), which routed records to
the hard drive of a PC for saving. The experimental chamber was ensconced in a Faraday

cage that shielded recordings from external electromagnetic influences.
Surgery
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Rats were anaesthetized with an intraperitoneal injection of ketamine/xylazine cocktail
(100mg/kg and 5.2 mg/kg respectively) and mounted in a stereotaxic instrument (David
Kopf Instruments; Tujunga, CA) with blunt (atraumatic) ear bars. A midline incision ex-
posed the skull and trephine holes (approx. 2 mm diameter) were drilled above BLA and
GC. For 6 (out of 8) rats, microwire bundles were implanted 0.5mm above GC (coordinates:
AP +1.4 mm, ML -5.0 mm, DV -4.4mm from dura) and BLA (coordinates : AP -3.0mm,
ML -5.0mm, DV -6.8mm from dura). For the remaining 2 rats, bundles were instead im-
planted bilaterally above BLA. Once in place, electrode bundles were cemented to the skull.
Once electrode bundles were secured, an intra-oral cannula (I0OC) was threaded through the
masseter muscle (inside the zygomatic arch) to the space between the lip and gums, and the
top of the cannula was cemented to the rest of the assembly with dental acrylic (Fontanini
and Katz, 2006). The rat’s body temperature was monitored and maintained at approx.

37°C by a heating pad throughout the duration of the surgery.

Habituation and passive taste administration

Following their recovery from surgery, we habituated rats to the experimental chamber for 2
days, to the IOC/electrode harness for the next 2 days, and to passive water deliveries for the
following 2 days, before beginning data collection. Starting with the second habituation day;,
we also placed rats on a mild water restriction schedule — 20mL of water (not including
the approx. 4ml delivered during habituation sessions themselves) per day. This water
restriction schedule was maintained till the end of the experiment. For the 2 final habituation
sessions, we attached the rats to the taste delivery apparatus, and infused 120 pulses of
distilled water (approx. 30uL per pulse; 20s inter-pulse interval) into the animal’s oral cavity
through the IOC, and drove electrode bundles deeper (by 250 pm) into target structures.
By the end of this procedure, the tips of the electrodes lay within GC and BLA. We then
recorded taste responses during 3-4 days of taste delivery sessions, between each of which
the microwire bundle was driven down approximately 60 um. During these sessions, Sucrose

(0.3M), Sodium Chloride (0.1M), Citric Acid (0.1M), and Quinine (1mM), dissolved in ultra-
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pure water (approx. 30uL per pulse; 20s inter-pulse interval, 30 trials/tastant) were delivered
to passive rats (i.e., no behavior was required to elicit delivery). These concentrations were
chosen to represent a range of hedonic values, and because they are known to evoke robust

responses in both GC and BLA (Fontanini et al., 2009; Sadacca et al., 2012).

Histology

In preparation for histology, rats were deeply anesthetized with an overdose of the ke-
tamine/xylazine mixture. We perfused the rats through the heart with 0.9% saline followed
by 10% formalin and harvested the brain. The brain tissue was incubated in a fixing mix-
ture of 30% sucrose and 10% formalin for 7 days before being sectioned into 50um coronal
slices on a sliding microtome (Leica SM2010R, Leica Microsystems). Sections containing the

electrode implant sites around GC and BLA were imaged at 2x.

Data and statistical analyses

The analysis of data and statistical tests were performed using custom written software in

Python and MATLAB (The MathWorks, R2018a), as described below.

Local Field Potential processing and analysis

Filtering / power and phase extractions LFPs were extracted from broadband digitized sig-

nals using a 2nd order bandpass Butterworth filter (1-300Hz), to de-emphasize spiking and
emphasize frequencies typically of interest in such data. In order to avoid contamination
from noise/artifacts on noisy/broken channels, only channels containing isolable single neu-
rons (see below) were used for analyses. Estimates of instantaneous power and phase in
delta (1-4Hz), theta (4-7Hz), mu (8-12Hz), beta (12-30Hz), gamma (30-100Hz) bands were
extracting using the Short Time Fourier Transform (STFT) implementation in Scipy (Vir-

tanen, 2020) with a 500ms window and 99% window overlap.

LFP Phase Coherence Phase coherence analysis was performed, as per Kramer and Eden,

2020, to provide a basic, dynamic, trial-averaged evaluation coupling of BLA and GC as
visible in LFPs. We selected for this analysis the electrodes from which activity was most

similar to the mean activity for the region (smallest mean-squared error relative to the mean
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phase across all channels for each region; this selection of channels was constant for all trials
in a single analyzed session, and the same set of channels was used for all frequencies),
to ensure reliable representation of each. The difference in phase between the (GC and
BLA) pair of electrodes for each timepoint was calculated across all trials, and the mean
of those phase-difference vectors was calculated for each timepoint, the magnitude of which
represents the coherence strength. Coherence values were averaged across small canonically-
defined frequency bands: theta (4-7THz) and mu (8-12Hz). Results in other bands were

comparable (see Results). The specific calculation was as follows:

1

Coherencegoospra(f) = —

N
05 (£) 0B LA(f)
(&
N2

n=1
Where 09 (f) and 0PL4(f) are the GC and BLA LFP phases for time “t” and frequency

“f7 and “n” is the counter for number of trials.

The error term for the evaluation of coherence magnitude was estimated using bootstrap-
ping, by resampling trials with replacement from individual recordings (500 such resamples
were performed for each recording). Changes in taste-induced coherence were determined rel-
ative to baseline (the 750 to 250ms period prior to stimulus delivery was selected as baseline,
with timepoints closer to stimulus delivery ignored to avoid temporal “bleed” of coherence
between pre- and post-stimulus periods due the slow frequencies considered here); if the
mean value of the coherence during taste responses fell outside the 95% CI of the baseline
period (see above), the deviation was deemed significant. The fraction of recordings with
significant deviations were summed at each timepoint and across all recordings, enabling an
estimation of the aggregate dynamics of these changes, and the resultant time-series were
smoothed (to remove brief, spurious deflections) using a 2nd order Savitzky-Golay filter
with a 101 ms kernel (Press and Teukolsky, 1990). To visualize the dynamics of this phase
coherence, changes in coherence from baseline were calculated for 4-7, 7-12, 12-30, 30-70,
and 70-100Hz, smoothed as above, and projected into 3-dimensional space using Principal

Component Analysis implemented in scikit-learn (Pedregosa et al., 2011).
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A trial-shuffled control was used to test whether calculated phase coherence reflected a
default similarity in BLA and GC LFP —i.e., to test whether there were similarities between
the regions on single trials above and beyond those visible in trial-averaged presentations.
Essentially, the same phase-coherence calculations as above were performed on data for
which trial order was shuffled between the pair of channels being compared. Differences
between datasets (inter-region, intra-region, and shuffle) were then evaluated using the Re-
peated Measures ANOVA implemented in Pingouin (Vallat, 2018), with Comparison Type
and Frequency Band as factors, followed by pairwise Mann-Whitney U Tests for post-hoc

analysis.

Analysis of Spiking Activity

Single Unit Isolation Spikes from electrophysiological recordings were sorted and analyzed

off-line using in-house Python scripts (https://github.com/abuzarmahmood/blech_clust).
Putative single-neuron waveforms with >3:1 signal-to-noise ratio were sorted using a semi-
supervised algorithm: recorded voltage data were filtered between 300-3000Hz, grouped into
potential clusters by a Gaussian Mixture Models (GMM) fit to multiple waveform features;
clusters were then labeled and/or refined manually (to increase conservatism) by the exper-

imenters (for details see Mukherjee et al., 2017).

Evaluating single-neuron response taste specificity. To statistically determine the degree to

which a single neuron’s response contained taste-specific information, firing rates were esti-
mated by binning spikes using rectangular rolling windows (length: 250ms, step: 25ms). A
one-way ANOVA (between tastes) was then run on each window to identify if the response of
a single neuron to one taste was different from its responses to any other tastes at that time-
point; as the ANOVA was run separately for each time-bin and trials of different “conditions”
(i.e., tastes) were separated by tens of seconds and randomized in order, the assumption of
data independence (to which the analysis is fairly robust) was not inappropriately held.
To lessen the likelihood of misidentifying random noise from true responses, a time-bin was

deemed to have significantly discriminative responses if it was part of 3 consecutive time-bins
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with a p-value < 0.05.

Evaluating single-neuron response palatability-relatedness. To statistically determine the de-

gree to which a single neuron’s response reflected the hedonic value of the stimuli delivered,
we smoothed firing rates as described above, and calculated the Pearson’s correlation coeffi-
cient between the evoked firing rates and the palatability ranks of the tastants. Palatability
ranks — sucrose (1) > NaCl (2) > citric acid (3) > quinine (4) — directly reflected consump-
tion of (earlier-run squads of) rats in a Brief Access Task (see Sadacca et al., 2012). This
ordering is canonical, and has been replicated in many studies and with multiple measures of
stimulus appreciation (Clarke and Ossenkopp, 1998; Fontanini and Katz, 2006; Travers and
Norgren, 1986). Again, we reduced the likelihood of spurious positives in the noisy time series
of neural firing by deeming neural responses to be significantly correlated with palatability

only if the calculated r value reached a p-value of < 0.05 for 3 consecutive time-bins.

BLA-GC Spike Count Correlation We extracted paired time-series of spike counts across the

0-2000 ms post-stimulus delivery for each trial. First-order differencing was performed on
these timeseries to mitigate effects of serial correlations, after which the data were stan-
dardized using Z-scoring. Correlations between the spike trains, and corresponding p-values,
were calculated using Scipy’s implementation of Spearman’s Rho (Virtanen, 2020). To aggre-
gate comparisons within a single recording, the fraction of correlations achieving significance
across all combinations of inter-region neuron pairs (for a single recording session) was cal-
culated. As a control, this same fraction of significant correlations was calculated for 4000
trial-shuffled comparisons for each dataset, to generate bounds on the fraction of significant
correlations expected by chance. If the value for fraction of significant correlations present
in the actual data was beyond the 95% percentile for the corresponding shuffle distribution,

the value was deemed significant.

Changepoint Modeling of Population Activity

Model fitting for GC. GC ensemble taste responses have been repeatedly shown to involve

sudden, coherent firing rate transitions. Because these transitions typically involve firing
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Figure 3.1: Dependencies between the random variables for constructing the
changepoint model. Different colors denote different parts of the model: Blue = Emission
Variables, Red =Changepoint Position Variables, Green = Likelihood. Numbers on top left
of each module (rectangle) correspond to the variable (equation) each module represents.
Numbers on bottom right of each module correspond to the shape of the variables (and
match with the shapes defined in the equations above). nrns = neurons, st = states, t =
tastes, tr = trials, time = time bins
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rate changes in approx. 50% of the neurons in simultaneously recorded ensembles (Jones
et al., 2007), and because they are sudden and stark (see below), they can be observed
in single trials using any of a number of methods (see Mukherjee et al., 2019) and can be
robustly inferred from ensembles as small as six neurons (Jones et al., 2007). Here, a multi-
changepoint model written in the probabilistic programming language pymc3 (Salvatier et

al., 2016) was used to determine the presence and latency of changes in ensemble responses.

It is important to note the uncertainty inherent in measuring the latency (and hence
duration) of these transitions between hidden states using point process data (spike trains).
This uncertainty is a function of the magnitude of firing rate changes, the noisiness of the
spike trains themselves, and the number of simultaneously recorded neurons. Taking these
constraints into account, previous work has shown (Sadacca et al., 2016) that the durations
of transitions in recorded data are statistically indistinguishable from those observed using
simulated data for which the underlying transition was by design instantaneous—i.e., for
which the firing rates of simulated spike trains changed instantaneously at state transitions
(note that the latency of these transitions were taken from analysis of experimental data,
and therefore the simulations generated spike trains with PSTHs identical to those in the
real data). Such analyses allow us to confidently conclude that the transitions detected in
actual data (though they might appear longer due to noisy inference) likely correspond to

instantaneous changes in the underlying firing rates of the neurons.

A detailed explanation of the change-point model structure and code used to identify
ensemble transition times can be found online (GitHub). Briefly, taste-evoked spike trains
(the 2000ms after stimulus delivery) were binned into 50ms bins. Poisson likelihood was
used to model the binned spike counts. The model is broken down, in a manner similar to a
Hidden Markov Model, into two sets of latent variables: 1) the emission variables (i.e. firing

rates), and 2) the changepoint position variables (i.e. when changepoints occur).

A single-neuron’s response to different tastes will be more similar than the responses of

different neurons (even to the same taste). Equations 1-3 below hierarchically model firing
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Emission Variables:

(1) Anrn ~Exponential(p;,  shape = neurons) VYV p; = Mean firing for neuron;
(2) Astate ~FExponential( Ay, shape = states x neurons)
(3) A ~Exponential(Agiare,shape = tastes x states x neurons)

Changepoint Position Variables:

(4) Ta, T ~HalfNormal (3, shape = states — 1)

(5) Tiatent ~Beta (Tas T, shape = (tastes x trials) x states — 1)

(6) T ~Deterministic(Tigent, shape = (tastes x trials) x states — 1)
Likelihood:

(7) obs ~ Poisson(f(\, 7), shape = (tastes x trials) x neurons x timebins)

(8) Where f(A, 1) —Firing rates(shape = (tastes x trials) x neurons x timebins)

rates (emissions) to exploit this similarity, such that the mean activity of each neuron is
modelled independently A, Eq. 1),emissions for each state and neuron Ay are dependent
on A\, (Eq. 2), and emissions for each taste, state, and neuron A are dependent on Agqe (Eq.
3). This results in values of A being drawn from a distribution of Ay values, which in turn
are drawn from distributions of \,,, values. This organization better constrains the space
of emission values during different states for each neuron (i.e. the model knows the emission
for State 1 for Neuron 1 will be similar to State 2 for the same neuron), allowing the model
to fit more robustly. Equations 4-6 model the changepoint positions, assuming that the
distribution of hyperparameters 7,, 7, for a changepoint are shared across all trials for each
given changepoint (e.g. hyperparameters for first transition is shared for the first transition
across all trials, likewise the second transition, etc), but different for different changepoints.
Finally, the latent emissions and changepoints are combined to generate timeseries of firing
rates with sequential states (Eq. 8 is a deterministic function, refer to URL above for
exact implementation), which is used to evaluate the likelihood of the data given the latent

variables (Eq. 7). The dependencies between the equations are visualized in Fig. 3.1 below.

A modularized pipeline was used to fit and analyze the models across datasets (PyTau-

GitHub).
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Model fitting for BLA. The same changepoint analyses described above were also brought to

bear on BLA ensembles, to test whether BLA population dynamics can be validly described,
like those observed in GC, as transitioning suddenly and coherently. For these analyses, we
used a separate cohort of 2 rats (9 recording sessions in total) in which we performed bilateral
BLA recordings to obtain larger neural populations (results were qualitatively similar for

those obtained from BLA-GC dual-region recordings).

We compared goodness-of-fit for changepoint models fit to the recorded (actual) data
with that for models fit to two surrogate datasets in which the single-trial coordination
of the neural population was perturbed. To generate these surrogate datasets, we started
with the actual observed spike train data, and either 1) randomly shuffled whole trials for
single neurons (e.g., such that Trial 1 for one neuron was paired with Trial 4 for another
neuron), or 2) shuffled individual spikes from one trial to the same time-bin in another trial
for the same neuron. Both of these shuffling processes create datasets for which single-neuron
PSTHs remain identical to the original, while disrupting any coherent changes in population

activity present on single trials (see Fig. 3.4A).

Model fitting was performed using Automatic Differentiation Variational Inference (ADVI,
Kucukelbir et al., 2016) capabilities present in pymc3. The ADVI algorithm optimizes the
Evidence Lower BOund (ELBO) of the model. The ELBO is a lower limit on the marginal
likelihood of the model (Blei et al., 2017); it automatically penalizes more complex models
(which necessarily provide better apparent fits because they have more free parameters),
allowing for model comparisons similar to the various Information Criteria. The ELBO is an
integral part of the model fitting procedure, which makes it convenient and efficient to use
as a tool for performing model comparisons. Statistical significance of differences between
ELBO values for the actual data and shuffie conditions were determined using the 2-Way

Repeated Measures ANOVA (from Pingouin) with Model States and Shuffle Type as factors.

Determining number of states. Since a timeseries can be fit with a model containing an

arbitrary number of states, we performed model comparison to determine the most parsi-
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monious number of states to describe BLA taste ensemble activity (0-2000 ms post-stimulus
delivery). We fit models with 2-10 states to each BLA population and used the ELBO for
model comparison. For each dataset, we ranked the different models using their respective

ELBOs.

Transition-aligned changes in recorded activity vs. “smooth” surrogate data. To supplement

the above comparisons (and thereby further test and/or strengthen our conclusions), we com-
pared the magnitude of firing rate changes across inferred changepoints in the actual data
to that in the two above-described surrogate datasets. Given that these magnitude changes
should be maximal only when changepoints are correctly identified at the ensemble level-i.e.,
when all neurons in the ensemble change their rates simultaneously in the trial-we would
expect that changes in both single-neuron and population activity would be greater across in-
ferred changepoints for the actual data vs the shuffled datasets. After inferring changepoints
for models with 4 states (this number of states was determined to provide the best fit to our
data; see Fig. 3.4), we computed the average firing rate in 500 ms bins on either side of each
changepoint, calculating the magnitude of change across the changepoint for both single neu-
rons and of the whole neural population (analyzed as changes in an instantaneous-activity
vector comprised of all simultanteously-recorded neurons in a session). To compare both
the average magnitude and pervasiveness of differences between activity in the datasets (to
enhance conservativeness by accounting for the few large outliers skewing average changes in
magnitude), we calculated: 1) The number of neurons for which, on average, the actual data
had larger magnitude of change across the transitions; 2) the number of neural populations
for which the actual data had a larger magnitude of change across the transition; 3) the
fold-change of magnitude in firing for single neurons (shuffled data/actual data); and 4) the
fold change in magnitude of the population vector. The number of larger neural transitions
was calculated by assessing which group (actual data, whole-trial shuffle, spike-trial shuffle)
had the largest change in activity across the transition, for every transition; this produces

ratios for which group he largest transition belonged to.

69



Testing for significance of the likelihood that transitions are larger in the recorded data
than in control simulations (points 1 and 2 above) was carried out using a One-Way ANOVA
followed by Tukey’s post-hoc test. Hypothesis testing for differences in magnitude was
performed using Wilcoxon signed-rank test with Bonferroni’s correction (points 3 and 4

above).

Coordination of BLA and GC Transition Times

To test our central hypothesis regarding the coupling of BLA and GC transitions in single

trials, we assessed synchronization of transition times using simple correlative statistics.

Testing transition-time correlation as a coordination metric. To test the utility of this ap-

proach, we first performed pilot analyses on GC ensembles (which are known to transition
suddenly) with higher counts of simultaneously recorded neurons (n>10neurons/population).
We divided these ensembles into two populations randomly, repeating the splits 10 times/ensemble
to avoid any issues related to selection of unrepresentative groups. Transition times were in-
ferred independently for each half-ensemble (using techniques described above), after which
the values for transition times in the two halves were correlated (Spearman’s Rho). The
significance of these correlations was tested as described for the BLA-GC inter-regional cor-

relations below.

BLA-GC transition time synchronization. Coupling between BLA and GC transition times

were assessed as described above. Transition times were inferred independently for simul-
taneously recorded GC and BLA ensembles. Statistical significance of each correlation was
determined at the single transition level, and also by aggregating across all experimental
recordings.

At the single transition level, the correlation coefficient of each transition was compared
to the distribution of coefficients calculated by trial-shuffling the data (1000 shuffles per each
correlation) and deemed “strongly correlated” if it was more highly correlated than 90% of
the trial-shuffled datasets. To determine whether the correlations we see across all recordings

and transitions are collectively (i.e., at the aggregate level) significant, we determined the
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fraction of strong correlations for all datasets, and compared this number to the fraction
expected from random data. The fraction of significant correlations for random data was
generated using trial-shuffled data similar to the single-transition correlation comparison;
however, in this case, shuffled data were generated up to the number of transitions present
in the original data (creating a dataset of the same size as the actual dataset, but with
shuffled data). The fraction of significant correlations was counted for this shuffled dataset,
and the process repeated x1000 times. This provided us with a distribution for “Fraction of
Significant Correlations” expected from random data, and the fraction present in the actual
data compared to this shuffle distribution. The p-values for transitions in the actual data
were calculated using the percentile relative to this shuffle distribution. Values from actual
data were deemed significantly different if they had p<0.05 for one-tailed comparisons with
Bonferroni’s correction against the shuffled distribution. For completeness, this was followed-
up with a Binomial test with alpha = 0.05 (with Bonferroni’s correction). The two tests

gave identical results.

Relationship between changepoint uncertainty and transition correlation strength. As alluded

to above, uncertainty in estimating the timepoint of transitions limits the calculated cor-
relation strength of transitions across populations (thus causing potential underestimation
of BLA-GC transition coupling). This uncertainty is an inevitable result of inferring state
changes from noisy firing rates. Because we use a Bayesian model, we are able to quantify
the uncertainty in a transition latency estimate, in the form of the variance of the posterior
distribution of the transition position 7. To assess the degree to which this uncertainty in
changepoint position impacted the calculated BLA-GC transition correlation strength, we
used the trial-averaged variance of transition posterior distributions, summed across regions,

as a proxy (n) for the uncertainty contribution from each neural population (BLA/GC, see

below).
M= >, Ui
i=GC,BLA

var = average variance of 7 across trials
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¢ = brain regions, j = transitions, k& = recording sessions

Once calculated, n was then linearly regressed against its respective correlation coefficient
to determine the strength of the relationship. Significance of this relationship was determined

using 2-tailed Wald’s Test with T-distribution.

Network model with state specific coherence

Network Model Simulation We instantiated a simple network simulation to test whether

groups of neurons, that were by definition coupled, produce responses with the properties
observed in our BLA/GC recordings. Conceptually, the model is a firing rate model, con-
taining four units, each representing an ensemble of similarly responsive mixed excitatory
and inhibitory cells, with the mean rate of each group being the relevant variable. Units are
connected first as pairs, with each pair representing one unit from GC and one unit from
BLA. Within these cross-regional pairs, the connectivity is set up like that of an oscillator
with strong self-excitation within one unit, and cross-connections being excitation in one
direction and feedback inhibition in the other. It happens that the pairs do not sponta-
neously oscillate, but oscillatory-like activity is produced by the uncorrelated background
noise added to each unit. One of the pairs has stronger cross-connections and is closer to be-
ing an inherent oscillator than the other pair, resulting in greater coherence in the activities
of one pair than the other. Finally, the connections from one pair to the other are inhibitory,
such that one pair’s activity suppresses the others and vice versa. Noise causes occasional
spontaneous transitions between states, with each state consisting of one cross-regional pair
of active units. For a graphical representation of the model structure, see Fig. 3.10A.
Specifically, each model unit, i, has a firing rate, r;, which responds linearly to its total

input, I; and varies according to:

dr;
Tdfzz—T‘mL]i—Ti, r; 20

where T; is a threshold, indicating the minimum input needed for activity, or (if negative) its
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magnitude indicating the level of spontaneous activity in the absence of input. Importantly,
since rates cannot be negative, we enforce r;>0 whenever the above dynamical equation
would indicate otherwise. The input current to each unit is given by the weighted sum of

connected units plus an independent white noise term:

Ii(t) = Z Wiir;(t) + o'n(t)

where ¢! is the standard deviation of the noise and 7(t) is an uncorrelated white noise
term with zero mean and unit standard deviation, (n(t))=0 and (n(t)n(t’))=0(t-t’). Values
of the parameters are given in Table 1 below. Simulations were carried out in MATLAB
(R2018a) using the Euler-Mayamara method for integration. Code is freely available online

at https://github.com/primon23/Two_State_Oscillators.

Table 1: Model Parameters for Simulated Network

Parameter Value Notes
12 00 050 First t tion strengths from GC dt
irst two rows are connection strengths from GC, second two
Connectivity Matrix, W ( -11.-51 -0-1é9 % 0182) tows are connection strer?gths from BLA.
-1.5 -1.3 -08 0
Threshold Vector, T (-15 -12 1 2) First two values for GC units, second two for BLA units.
Noise amplitude, o' 0.6 sec’0S 0.6/v/dt when coded in simulation.
Time constant, T 0.010 sec 10m:s is typical for many cells.

Simulation time-step, dt 0.0001 sec 100-fold smaller than the time constant for accuracy.

Phase Coherence for Network Model The simulation described above was used to generate
20 trials of neural activity. The activity of both units in each “region” was summed to
produce a single time-series which was treated as an analog for LFP. This LFP was then
bandpass filtered (10-40 Hz) and subjected to a Hilbert transform, and instantaneous phase
was estimated using the analytical signal from the transform. Since latencies of state transi-
tions in the simulated activity are random (unlike experimental data where they are roughly
bounded in latency and occur in a sequential order, a fact likely related to the model’s omis-
sion of biological processes with longer time constants, like synaptic depression/facilitation

or firing rate adaptation), we calculated phase coherence for the simulated data in each state
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using windows of activity centered around the transition from the more—less coherent state.
Data across trials were aligned to state transitions from the more—less coherent states and
snippets with radius = 350ms (minimum duration of states across all trials) of the LFP
phase were taken around the transition time. Inter-trial phase coherence calculation was

performed on these aligned snippets as described above.

Data Availability

We have structured our electrophysiology datasets in a hierarchical data format (HDF5) and
are hosting the files on a university-wide network share managed by Library and Technol-
ogy Services (LTS) at Brandeis University. These HDF5 files contain our electrophysiology
recordings, sorted spikes, single-neuron and population-level analyses (and associated plots
and results). These files are prohibitively large to be hosted on a general-purpose fileshare
platform — we request anyone interested in our datasets to contact the corresponding au-
thor, Donald Katz (dbkatz@brandeis.edu) who can put them in touch with LTS in order
to create a guest account at Brandeis through which they can securely access our datasets
(hosted on the katz-lab share at files.brandeis.edu). Code to perform the network model

simulations can be found at https://github.com/primon23/Two_State_Oscillators.
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3.4 Results

In order to appropriately contextualize our novel central hypothesis and analysis, we build
the following accounting of the Results in a step-by-step manner. We start by replicat-
ing/confirming basic results from our prior work (Figs. 3.2 & 3.3) and move on to testing
basic questions concerning whether BLA responses show within-trial firing-rate transitions
that could conceivably be coupled with those of GC (Figs. 3.4 & 3.5). From there, we move
on to using field-standard techniques to test whether GC and BLA responses show simple
trial-to-trial coherence (Fig. 3.6), and whether coherence changes from one response epoch
to the next (Figs. 3.7 & 3.8). Once epoch-specificity of response coherence is established,
we move on testing whether BLA-GC coupling during taste processing is specifically instan-
tiated in the synchrony of transitions into and out of the GC palatability-related epoch,
and whether the entirety of these phenomena is truly consistent with the function of tightly

coupled networks (Figs. 3.9 & 3.10).

3.4.1 Simultaneous single-neuron ensemble recordings from BLA and GC

We isolated multiple single neurons simultaneously from both GC and BLA in 6 rats. Elec-
trode bundle tip placements are shown in the top panels of Fig. 3.2: a coronal schematic of
the regions (GC: Fig. 3.2A.i, BLA: Fig. 3.2B.i), with the locations of all bundle tips marked,
is displayed in the left half of each panel; the right half of each panel is a photomicrograph

showing an example placement.

The rest of Fig. 3.2 presents representative recordings from each region. Fig. 3.2A.ii
and B.ii show overlain peri-stimulus time histograms (PSTHs) of example GC and BLA
neuron responses to each taste. The colors behind the PSTHs show the average periods of
GC coding epochs described previously (Fontanini et al., 2009; Katz et al., 2001; Sadacca
et al., 2012). Note that both GC and BLA responses re-arrange themselves (i.e., the ordering

of which tastes induce the larger/smaller response magnitudes changes, y-axis) around the
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Figure 3.2: Histology and example PSTHs from recorded regions. Column A is
GC; column B is BLA. (i) Schematics and sample histology (x2 magnification) showing
electrode bundle placements. Brain slices were registered to brain atlas schematics at 1.4
mm anterior to bregma for GC and 3.00 mm posterior to bregma for BLA. Dashed lines
outline GC and BLA, with gray squares showing the final locations of each electrode bundle.
Gray circles in the photomicrographs outline electrolytic lesions (schematics were modified
from Paxinos, 2007). (ii): PSTHs for representative GC and BLA single-neuron responses to
each taste. Previously described response epochs (e.g., Katz et al., 2001) are denoted with
different colored shading behind the PSTHs. (iii) Boolean timeseries reflecting whether
neural activity significantly differentiates tastants (0 = no, 1 = yes) at a particular time
point, with shading emphasizing periods of significant differences among responses. (iv)
Correlation of neural activity with taste palatability (see Methods) through time; shaded
regions denote periods of significant correlation.
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times of epochal boundaries. The nature of the “coding” performed by each neuron changes
with these epochal re-arrangements, as well (Katz et al., 2001; Li et al., 2016; Moran and
Katz, 2014; Sadacca et al., 2012); in GC, the early epoch has little taste specificity, but the
middle epoch responses “code” at least a subset of tastes distinctly, and in the late epoch
responses become generally organized by palatability (note, for instance, in Fig. 3.2A.ii that
the late response is ordered from most aversive to most palatable — the strongest response
is to quinine, followed in order by citric acid, NaCl, and sucrose). In BLA, meanwhile,
palatability-related responses appear in the middle epoch, and (unlike the GC responses)
primarily reflect strong responses to tastes of only one (in this case, negative) valence; both
of these aspects of BLA taste responses replicate previous investigations (Fontanini et al.,

2009).

These findings are statistically confirmed by analyses summarized in the panels below the
PSTHs. The middle row (“Discrim” in the y-axis, Fig. 3.2A.iii and B.iii), which plots the
significance (p<0.05) of a moving window of ANOVAs for Tastes, reveals that the responses
displayed in Fig. 3.2A-B.ii become distinctly taste-specific starting at approximately 250
msec after taste delivery (i.e., at the start of the 2nd epoch; the BLA neuron stops doing so
at the end of this epoch); the bottom panels (“Palatability”, Fig. 3.2A.iv and B.iv) which
plot Pearson’s R between the known palatability of each taste and the neuron’s response to
each taste — i.e., the correlation (shaded region, p<0.05) between the two variables — show
that the palatability-relatedness of the GC responses becomes significant a little before 1000
msec after taste delivery (i.e., at the onset of the 3rd [late] epoch), and that the palatability-
relatedness of the BLA responses is significant for the one-epoch entirety (middle epoch)
of the taste-specific response. Again, these results confirm findings published in multiple
previous papers (Fontanini et al., 2009; Grossman et al., 2008; Katz et al., 2001; Sadacca
et al., 2012), and motivate our basic hypothesis that the systems-level mechanisms of taste

coding will intrinsically involve epoch-specific processes.

A good deal of previous research has demonstrated that taste-response epochs translate
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into this sequence of states (each lasting hundreds of msec) in single-trial evoked GC ensemble
activity (Jones et al., 2007; Mukherjee et al., 2019; Sadacca et al., 2016), separated by sudden
(50-200 msec) coherent firing-rate transitions (spontaneous GC activity also contains such
transitions; see Camera et al., 2019; Mazzucato et al., 2015). We note here that we use
the term “epoch” to describe periods of distinct activity seen in single neuron PSTHs (Fig.
3.2), whereas “state” is a term borrowed from modelling literature and is used here to
describe simultaneous changes in the recorded neural population activity while accounting
for temporal variation at the single trial level. However, since state transitions correspond
to epoch transitions across trials (on average, see Fig. 3.9C and D for a comparison of
average state-transition times in our data and previously shown epochal-transition times), it
is sometimes difficult to cleanly delineate single-trial from trial-averaged analyses; in these

cases, we use the term that seems most appropriate.

These state transitions represent an integral part of neural activity, in that they both
predict the onset of (Sadacca et al., 2016) and drive (Mukherjee et al., 2019) consumption-
related behavior — that is, rather than being trivial reflections of mouth movements, the
dynamics represent the processing of tastes that leads to discriminative mouth movements
(see also (Jones et al., 2007; Katz et al., 2001). The seeming “ramping onset” of the above-
described late epoch containing palatability-related firing (see Fig. 3.2) proves to be an
artifact of averaging across the large trial-to-trial variability (on the order of hundreds of
milliseconds) in the latency of this sudden transition (Jones et al., 2007; Sadacca et al.,
2016). Furthermore, because this phenomenon is not sparse — approximately 50% of the
neurons in an ensemble will change their firing rates at any particular transition — it can
be reliably observed in sub-ensembles as small as 6 simultaneously-recorded neurons (Jones

et al., 2007).

Once again, the current data replicate these findings (Fig. 3.3), showing that even a small
ensemble of simultaneously-recorded GC neurons (here, 10-again, almost 2x the number of

neurons needed to resolve this phenomenon; (Jones et al., 2007)) can be observed to undergo
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Figure 3.3: GC evoked population activity contains sudden state transitions. (A) A
single trial of GC taste-evoked activity in 10 simultaneously recorded single neurons. Inferred
states (here identified using an ensemble change-point algorithm) are indicated in overlain
shading. For the transition leading into the period of palatability-related activity (i.e., from
State 2—3), spike trains that increased in firing rate are underlined in green, and spike trains
that decreased in firing rate are underlined in red. (B) (i) Identified time-courses for the
State 2—3 transition in 30 trials for a single ensemble. (ii) aligning the middle (i.e., 0.5
probability) of the transitions shows that they typically occur suddenly. (iii) when averaged
across data synchronized to stimulus onset, however, the transition appears smooth and slow
(similar to neural activity in trial-averaged PSTHs). (C) (i) The raster plot (above) and
PSTH (below) for a single, representative GC neuron that shows a sudden decrease in its
firing rate occurring at variable latencies across trial. The time of the transition, inferred
by the change-point algorithm on activity of the entire simultaneously recorded ensemble,
is shown with a red hash mark. (ii) By aligning activity to calculated transition times
(producing a “peri-transition time histogram”), the sharp decrease in neural activity across
the transition can be better appreciated.
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sudden, coherent firing-rate changes in the process of responding to tastes (Fig. 3.3A). The
states and state transitions identified by our change-point algorithm are overlain on the
ensemble raster plot, and the 6 (of 10; 60%) neurons that significantly increased or decreased
their firing rates at the time of the transition into the 3rd (putative palatability-related) state
are indicated with green or red lines, respectively (note the sudden increase in the rate of
spiking in neurons 4, 6, and 7, and the simultaneous decrease in firing rate in neurons 1, 2,
and 3) under their spike trains. The algorithm was able to progress to near-perfect confidence
in the transition across an extremely short time interval in almost every trial (Fig. 3.3B.i),
which is to say that these changes in neural activity are, on average, very sudden on a
single-trial basis (Fig. 3.3B.ii); because the latency of the transition could vary wildly from
trial-to-trial (Fig. 3.3B.i), however, the onset of the post-transition state appears to be a
slow-ramping onset of the late epoch when averaged across trials synchronized to stimulus

delivery (Fig. 3.3B.iii).

Once calculated from the ensemble data, the time of transitions could then be used to
directly illustrate the sharpness of the firing-rate changes in even single-neuron data. Fig.
3.3C shows a representative GC neuron: note that the firing-rate change that seems like
a slow ramp in data synchronized to stimulus delivery (Fig. 3.3C.i: “Unaligned” rasters
above and associated peri-stimulus time histogram below) is in fact precipitous when the
trial-to-trial variability of that change’s latency is accounted for (Fig. 3.3C.ii: “Aligned”
rasters and associated peri-transition time histogram). Keep in mind that this change is
not caused by the stimulus being removed from the tongue: it occurs at least a full second
before swallowing, and both precedes and reliably predicts (Sadacca et al., 2016), as well as

participates in driving (Mukherjee et al., 2019) discriminative oral behaviors.
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3.4.2 BLA activity contains trial-specific, sudden ensemble firing-rate transi-

tions

Having re-confirmed that GC epochal dynamics reflect sequences of single-trial states, and
en route to assessing the coordination between BLA and GC neural responses and testing
our hypothesis that BLA state transitions are coupled to those in GC, it is necessary that
we determine whether the sort of nonlinearities in firing rate which have been extensively
described in GC (Fig. 3.3; see also Jones et al., 2007; Sadacca et al., 2016) also truly
characterize BLA taste responses. That is, we must first test whether evoked BLA activity,
which involves epochal dynamics that are similarly timed to those in GC (see Fig. 3.2 for
single-neuron examples of the similarity between BLA and GC dynamics; see also Fontanini
et al., 2009), are well described as sudden ensemble state transitions in single trials. Only
if the population dynamics of BLA taste-evoked responses also consist of sudden transitions
between a small number of ensemble states (a hypothesis that has not yet been tested) is

our most novel hypothesis tenable.

To this end, we evaluated the spiking activity of BLA ensembles using the same change-
point model designed to detect coherent ensemble transitions in GC data. To ensure robust
sampling of BLA population activity, this set of analyses was performed on data from a
separate group of animals with bilateral BLA electrode implants (2 animals, 9 recording
sessions; however, all results reported in this analysis were qualitatively similar to those ob-
tained using unilateral BLA populations taken from BLA-GC dual region recordings — see
below). First, we fit a battery of models containing 2-10 states to the evoked responses from
the BLA ensembles, and compared the goodness-of-fit of the probabilistic models (quantified
using the ELBO; see Methods) to that of identical analyses performed on control datasets
made by shuffling either whole trials or single spikes between trials for the same neuron
(both manipulations preserve the across-trial dynamics and have equivalent PSTHs to the
actual data; Fig. 3.4A). Performing this set of analyses allowed us to test whether the real

data were better fit by the sudden transition model than one would expect by chance. We
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predicted that the unmanipulated data would achieve a higher goodness-of-fit to the sudden

state change model.

This analysis revealed that models with 4 states had the highest ELBO-that 4-state
models best describe BLA population activity for the 2000ms of post-stimulus activity we
have used in this study (Fig. 3.4B, see Table 2 for statistics used to test these effects).
Note that only 3 of these states typically appeared in the first 1500 msec-that is, in the
period leading up to and including the GC “palatability-related” state-and that while we are
interested in the transition out of that “palatability-related” state, we are not yet prepared
to interpret the state following (which is post-decision). This number of states accords well
with results from HMM modeling of GC activity (Jones et al., 2007; Sadacca et al., 2016),
supporting our suggestion that GC and BLA taste-response dynamics are similar in kind (and
demonstrating that these results hold across very different analysis techniques). Furthermore,
this fit was significantly higher (as was the relative advantage of the 4-state model) than
that achieved by even the trial-shuffled surrogate dataset (F(2,20)=26.9, p=2.13x107°, 2-
way repeated measures ANOVA for Shuffle Type and Number of States, n=9 recordings
across 2 animals), which left each trial’s spike trains intact (Fig. 3.2), eliminating only the

between-neuron coherence of single-trial dynamics.
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Table 2. Statistical tests and results for analyses in Fig. 4B, 4C and 4D

Statistical tests for results in Fig. 4B

One-way Repeated Measures ANOVA (between States = 3,4,5)

F(2,16) = 7.138, p = 0.007, n = 9 BLA populations

Wilcoxon Signed-Rank Tests with Holm’s Correction, n = 9 BLA populations for each test
States = 3,4; W = 2.0, p = 0.0469

States =4,5; W =1.0, p = 0.0469

States = 3,5; W =18.0, p=1.00

Statistical tests for results in Fig. 4C, Wilcoxon Signed-Rank tests

Level of Comparison Shuffle Type Statistics
Single Neuron (n = 152 single neurons) Whole-Trial Shuffle Statistic=1989.5, p=5.65 x10*
Spike-Trial Shuffle Statistic=2321.0, p=3.76 x1012
Population (n = 9 BLA populations) Whole-Trial Shuffle Statistic=2.0, p=0.015
Spike Shuffle Statistic=2.0, p=0.015

Statistical tests for results in Fig. 4D

One-way ANOVA between Shuffle Type

Single Neuron: (F (2,316)=117.2, p=8.41 x10°°, n = 152 single neurons)
Population: (F (2,16)=8.206, p=0.0035, n = 9 BLA populations)
Post-Hoc comparisons, Pairwise Tukey-HSD

Level of Comparison Comparison Statistics

Single Neuron, n = 152 single neurons Actual Data vs. Whole-Trial Shuffle Difference=0.232, SE=0.016, p=0.001
Actual Data vs. Spike-Trial Shuffle Difference=0.252, SE=0.017, p=0.001

Population, n =9 BLA populations Actual Data vs. Whole-Trial Shuffle Difference=0.315, SE=0.073, p=0.001
Actual Data vs. Spike-Trial Shuffle Difference=0.236, SE=0.075, p=0.0058

We further evaluated the BLA ensemble data by comparing the magnitude of firing rate
changes across state transitions identified by this optimal 4-state changepoint model (see
Sadacca et al., 2016 for similar analysis of GC responses), compared to those observed in
surrogate datasets. We predicted that both the average magnitude of transition-aligned
changes in firing rates and the quantity of transitions showing larger changes in firing would
be higher for the “actual” data than for the surrogate datasets in which we disrupted the co-
herence of single-trial changes in population activity. Our results confirmed these predictions:
compared to the surrogate datasets, neurons and ensembles in the actual, unmanipulated
BLA data showed consistently larger changes in firing rate across transitions (Fig. 3.4C; see
Table 2 for an accounting of the extensive statistical analyses used in these tests); further-
more, the percentage of BLA single neurons and ensembles for which changes in firing rate
across transitions were largest in the actual data was more than twice that for either shuffled

dataset (Fig. 3.4D; again, see Table 2).

These findings suggest that BLA ensemble taste responses are well described as consisting
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Figure 3.5: BLA evoked population activity contains sudden state transitions.
(A) A single trial of BLA taste-evoked activity in 8 simultaneously recorded single neurons.
Inferred states (here identified using an ensemble change-point algorithm) are indicated in
overlain shading. For the transition leading into the period of palatability-related activity
(i.e., from State 2—3), spike trains that increased in firing rate are underlined in green,
and spike trains that decreased in firing rate are underlined in red. (B) (i) Identified time-
courses for the State 2—3 transition in 30 trials for a single ensemble. (ii) aligning the
middle (i.e. 0.5 probability) of the transitions shows that they typically occur suddenly.
(iii) when averaged across data synchronized to stimulus onset, however, the transition
appears smooth and slow (similar to neural activity in trial-averaged PSTHs). (C) (i) The
raster plot (above) and PSTH (below) for a single, representative BLA neuron that shows a
sudden increase in its firing rate occurring at variable latencies across trial. The time of the
transition, inferred by the change-point algorithm on activity of the entire simultaneously
recorded ensemble, is shown with a red hash mark. (ii) By aligning activity to calculated
transition times (producing a “peri-transition time histogram”), the sharp increase in neural
activity across the transition can be better appreciated.

of sudden, coherent firing-rate transitions in single trials. Fig. 3.5A shows a representative
ensemble taste response from 8 simultaneously recorded BLA neurons that clearly involves
rapid state transitions, one of which occurs at around the average time of GC transitions
into palatability coding (see Fig. 3.2); at this transition, 5 out of 8 neurons underwent either
an increase or decrease of firing rate simultaneously (for another, neuron 3, the increase was
almost but not quite significant). As in GC (Fig. 3.3; see also Jones et al., 2007; Sadacca
et al., 2016), these transitions were variable in latency across trials (Fig. 3.5B.i), such that
while the average transition time was brief (Fig. 3.5B.ii), averaging across trials synchronized

to stimulus delivery made that transition time appear artifactually slow (Fig. 3.5B.iii).

85



Finally, we again fed back the results of this ensemble analysis to directly illustrate
the sharpness of single-neuron firing changes across transitions. Fig. 3.5C shows, for one
representative BLA neuron, that firing-rate changes that seem like slow ramps in data syn-
chronized to stimulus delivery (Fig. 3.5C.i; “Unaligned” rasters and associated peri-stimulus
time histogram) are in fact precipitous when the trial-to-trial variability of that change’s la-
tency is accounted for (Fig. 3.5C.ii; “Aligned” rasters and associated peri-transition time
histogram). While we have no current explanation for the apparent slight delay in this
particular BLA neuron’s firing-rate change (we suspect that the answer lies in compromises
made by the algorithm in settling on a “best guess” of transition time), it is clear that
BLA ensembles, like GC ensembles, respond to tastes with sequences of states separated by

sudden state transitions.

3.4.3 BLA and GC responses show strong trial-to-trial coherence

The above data motivate our hypothesis that taste processing involves BLA-GC coupling of
the brief transitions into the state that, in GC, predicts and controls consumption behavior.
But given that the vast majority of published studies assessing multi-region coordination
have done so not in terms of momentary coupling-they have instead focused on multi-second
responses, with quantification performed via evaluation of the magnitude of correlation be-
tween spike counts in simultaneously-recorded pairs of neurons (Averbeck, Latham, et al.,
2006; Averbeck, Sohn, et al., 2006), or alternatively via evaluation of similarity in local
field potentials (LFP) simultaneously recorded from the regions under investigation (Place
et al., 2016) — we first assessed whether GC taste processing is coherent with that of BLA
according to these standard metrics. To maximize our ability to compare our results to
those of these earlier studies, we began our investigation of BLA-GC taste-response coupling
by looking at these broader measures, and then moved on (in the following sections) to
testing the epochal specificity of this coherence, a result that would more directly motivate

our ultimate test of the hypothesized synchronous transitions BLA-GC transitions into the
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behaviorally-relevant state.

We first considered the trial-wise strength of coordination between BLA and GC, by inves-
tigating trial-to-trial spike-count correlations (using the 0-2000 ms post-stimulus time-period,
which is the period of the most prominent taste-evoked response) for every simultaneously-
recorded BLA-GC pair of neurons, thereby testing the broad hypothesis that BLA and GC
responses rise and fall in a correlated (or anti-correlated) manner from trial-to-trial. The two
example BLA-GC neuron pairs shown in Fig. 3.6A in fact demonstrate strong coherence
on this time scale: the trial-to-trial firing rates of the pair on the left are (significantly)
anti-correlated, a fact that can be particularly well appreciated in the scatterplot of BLA
and GC firing rates (each dot reflects one trial) below the trial-to-trial chart of responses;

the pair to the right is similarly (albeit in this case positively) correlated.

Across the entire sample, BLA-GC neuron pairs (averaged across all pairs in a single
session) almost always showed higher spike-count correlations than did trial-shuffled data
(Fig. 3.6B, 15/18 comparisons had values significantly higher than those expected by chance,
n = 18 sessions from 6 animals), confirming that the taste responses of simultaneously-
recorded BLA and GC single neurons are coupled in magnitude. Of course, either positive or
negative correlations indicate connectivity at the single-neuron level, since a neuron pair can
have either an effective excitatory or inhibitory connection between them; both connection
types characterize projections connecting BLA and GC, and either can create coordinated

dynamics between both regions (Fu et al., 2020; Haley et al., 2016).

3.4.4 The time-courses of BLA and GC taste responses are coupled

The above analysis reveals a broad coordination in BLA-GC neural activity — trial-to-trial
differences in firing rates in BLA neurons, measured in stimulus-evoked responses separated
by >20 seconds, predict trial-to-trial differences in firing rates in simultaneously recorded
GC neurons. But this result falls short of revealing whether this amygdala-cortical coupling

has anything specific to do with taste processing. It is possible that taste responses are

87



>

Pair 1 Pair 2

B
o w
i

Standardized
Spike Counts

0
0.5 », . /\‘ N
s | PN\
T — =3
1 3 5 7
Trial Number
° o ® o 2 °
c 14 o °
o0 0o o o °
o ° 1 ° 4
> 0 ° ° 0 ° 0. ° ‘
2 ° o o0 o4{e o eo o
-1 e o Q
Q o0 °
Q ° o 1ie ° °
24 °
° 24 _e e

—IZ —I1 (I) i -2 -1 0 1

BLA Neuron BLA Neuron
[ .

0.12

0.10

0.0

3]

0.0

o

{11111

—— Mean Intra-region Fraction +/- SEM
] Expected from chance (5-95th percentile)

0.0:

5

Fraction of Significant Correlations

0.02

0 2 4 6 8 10 12 14 16
Recording Session
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simply “riding on” generally coupled excitability existing at long time-scales, not unlike
that detected in studies of “resting-state network” dynamics (Raichle, 2015; Seitzman et
al., 2019). Given our proposal that a central feature of BLA-GC coherence is the specific
coupling of state-to-state transitions, it is important to first test whether this inter-regional

coherence is epoch-specific.

We therefore moved next to examining coherence in the time-courses of taste-evoked re-
sponses, using analyses of local field potentials (LFPs) that have often been employed for
such purposes (Antzoulatos and Miller, 2016; Place et al., 2016; Saravani et al., 2019). Even
casual scrutiny reveals what appear to be striking similarities in the (trial-averaged) spectral
power/amplitude of BLA and GC field potentials (Fig. 3.7A). While the dominant frequen-
cies differ between regions, in both regions the frequency spectra change repeatedly across
the 1-1.5sec following stimulus delivery, in a manner that is well aligned with the approximate
average timing of epochal transitions of ensemble firing described previously (see Fig. 3.2,
and Fontanini et al., 2009; Katz et al., 2001; Sadacca et al., 2016). These observations were
statistically evaluated using quantification of the inter-trial phase coherence (Engel et al.,
2020; Kramer and Eden, 2020; Stitt et al., 2017; Zareian et al., 2020) between BLA and GC
taste responses. Briefly, phase information for BLA and GC LFPs (across the 4-30 Hz band)
was extracted using the Short Time Fourier Transform, after which phase differences between
the two regions were calculated (Fig. 3.7B). These measurements were aggregated across all
trials for each time-bin separately, and the variance was evaluated across post-stimulus time
bins (see Fig. 3.7C); the tighter the resulting phase-difference distribution, the stronger the
coupling. The results of this analysis revealed that, while inter-areal coherence (blue bars)
was inevitably smaller than intra-areal coherence (tan bars), it was significantly larger than
the (control) coherence between mismatched trials (Fig. 3.7D; it’s worth noting that this
measurement likely under-estimates the true cross-coherence, because any epoch-to-epoch
differences will add to the variance and reduce the across-trial average). This result held

for all of the frequency bands that we assessed (theta: 4-7THz, mu: 8-12Hz, beta: 13-25Hz,
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F(2,34)=654.5, p=7.21x10"%® for “Comparison Type’ using Repeated Measures ANOVA;
for all pairwise comparisons p=1.61x10"" [all p-values are at the lower bound for numerical
error|, pairwise Mann-Whitney U Tests, n = 18 recordings across 6 animals). Qualitatively
similar results were observed for simple cross-correlations between LFP power spectra for
BLA and GC (data not shown). The trial-averaged time-courses of GC and BLA activity,
as measured in evoked LFP activity, are coupled above and beyond overall magnitudes, in a
manner that looks, at first blush, to be related to epochal processing (Fontanini et al., 2009;

Katz et al., 2001; Sadacca et al., 2012).

3.4.5 BLA and GC cross-coherence is epoch-specific

Given the above, the fact that the different GC epochs have been shown to reflect distinct
coding processes, and the likelihood that BLA is more integrally involved in the coding of
palatability than taste identity (Lin et al., 2021; Piette et al., 2012) , we hypothesized that,
beyond the overall time courses being coupled, the cross-coherence between GC and BLA

(evaluated in LFP time-courses) would itself be epoch-specific.

Our test of this hypothesis is summarized in Fig. 3.8, which reveals that phase coherence
between BLA and GC is in fact modulated in an epoch- (and, as it turns out, frequency-
) specific manner by stimulus delivery. Changes in the theta (4-7Hz) band were centered
largely on the initial (i.e., taste-nonspecific) epoch of the responses: in most (11/18) ses-
sions, theta activity changed significantly from baseline; overwhelmingly (in 9/11 cases),
these early-response changes involved a decrease in phase coherence. In the mu (7-11Hz)
band, meanwhile, changes were centered on the later (palatability-specific, see Katz et al.,
2001; Sadacca et al., 2012) response epoch; these changes, which were even more ubiquitous
than theta changes, in every case involved a decrease in coherence (see the right-hand panels
of Fig. 3.8A-B, n = 18 recordings across 6 animals). A reduction in coherence following
stimulus delivery was predictable given previous results showing that strong levels of inter-

region coherence tend to be associated with states of “low cognitive engagement” such as
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sedation, epilepsy, and cognitive impairment (Arbab et al., 2018; Martinet et al., 2017; Supp
et al., 2011), as well as the fact that BLA and GC “encode” tastes non-identically — hence,
their specific neural responses are likely to differ (see also Discussion). Note, however, that
phase coherence always stays higher than random levels (BLA and GC are never function-
ally “disconnected”), and that state-specific reductions in coherence can be recapitulated in

simple, tightly interconnected model networks (see below).

To aggregate these results across the entire dataset, we calculated the fraction of record-
ings in which coherence diverged significantly from baseline at each time point across the
evoked response (Fig. 3.8C). These results confirmed the representativeness of the exam-
ples above, showing that 4-7Hz coherence tends to be modulated early in the response, and
that 7-12Hz coherence modulation comes on later in the response. While we have no spe-
cific explanation for why “theta” coherence highlights an earlier epoch and “mu” a different
epoch, what is clear is that phase coherence illuminates the fact that BLA-GC coupling is

modulated by epoch, as predicted.

To further illustrate the epoch-specificity of BLA-GC functional connectivity, we sub-
jected deviations of coherence from baseline across a broad range of frequency ranges (4-7,
7-12, 12-30, 30-70, and 70-100Hz) to dimensionality reduction. In all bands we observed
decrements in coherence, albeit with distinct temporal profiles (data for higher bands not
shown). When we projected these timeseries of coherence deviation onto 3 principal com-
ponents (Fig. 3.8D), the epoch-specific nature of BLA-GC coupling came into focus: the
timing of sudden “turning points” in the trajectory, which are highlighted in Fig. 3.8D using
black circles, roughly correspond to the center points of the canonical epochs. Collectively,
these data strongly recapitulate the epoch-wise nature of taste processing that has been rec-
ognized in GC and BLA spiking data, demonstrating that BLA-GC functional connectivity
is not static, and that BLA activity is explicitly tied to previously-described GC dynamics
(Lin et al., 2021).
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3.4.6 BLA and GC ensembles undergo coupled state transitions

The structured dynamics of BLA-GC phase coherence suggests not only that BLA and GC
population activity is coordinated, but that this coordination is modulated according to the
unfolding taste response. It further suggests that the trial-to-trial variability in amygdala-
cortical dynamics might be coupled, providing indirect evidence for our riskiest hypothesis
— that the sudden, behaviorally-relevant transitions between ensemble firing-rate states
(transitions that are a reliable facet of GC ensemble taste activity and that occur at different
latencies in different trials) might be a distributed network phenomenon, coupled across
BLA-GC ensembles. Such nonlinear coupling would suggest that BLA and GC behave as a
distributed, yet single (putatively attractor) network, processing tastes in a unified manner
in real-time.

The analyses described in the above sections fall short of truly testing this hypothesis.
In fact, they are strictly limited in their interpretability in this regard, specifically because
population spiking changes in GC are quite sudden and the latencies of these transitions vary
by hundreds of milliseconds from trial to trial (Jones et al., 2006; Sadacca et al., 2016); these
two properties of ensemble transitions ensure that any ability to evaluate their coupling will
be essentially lost in across-trial averaging and obscured in moving-window analyses. Only
through direct, single-trial analyses of the transitions themselves can we hope to evaluate
BLA-GC coupling of such phenomena.

Given the novelty of this direct examination of inter-regional correlation of transition
times, we first performed pilot analyses in which we divided datasets of simultaneously-
recorded GC neurons into halves, separately applied changepoint inference to each half-
population, and correlated the latency of each transition between the two fits. We observed
statistically significant correlations for >80% of our datasets and for each transition (n=11
recordings; data not shown), confirming that our correlation measure is a robust metric for
determining transition coupling between ensembles (note that even these correlations were

not significant for all datasets, and did not reach rho=1.0 for reasons discussed below, also see
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Figure 3.9: BLA and GC population evoked responses involve coordinated state
transitions. (A) Three representative trials highlighting the co-variance of Transition 2
between BLA and GC. Transition 2 is highlighted with thick yellow lines. (B) The inferred
times of GC state transitions plotted against those inferred for the simultaneously recorded
BLA population for each trial of a representative transition; the scatterplot is overlain with
contours of a 2D gaussian around the data cloud. The top plot shows actual data; the
bottom, trial-shuffled data. p = Spearman’s Correlation Coefficient (C) The fraction of
datasets showing significant correlations for each transition (* : p<0.05). Blue bars repre-
sent the value in the actual data, and black lines indicate mean + STD for fraction expected
from random data. Only the fraction for Transitions 2 and 3 reached statistical significance.
Colored boxes show average latency for each transition (post-stimulus delivery). Inset: The
variance (uncertainty) of transition latency distribution is significantly related to the cor-
relation strength between BLA and GC transitions. Scatterplot shows correlation strength
vs. normalized variance of inferred transition posterior distribution (D) The timings of the
inferred transitions matches well with the canonical epoch-onset times. Transitions 2 and 3
bookend the palatability epoch in GC (figure adapted from Fontanini et al., 2009).
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Methods). We then brought this analysis to bear on simultaneously recorded BLA and GC
ensembles, independently estimating transition times in each, and then testing whether the
latency of the 1st GC transition was correlated with the latency of the 1st BLA transition,
etc. The results of this test, which are summarized in Fig. 3.9, demonstrate that certain
transition times in BLA and GC ensembles are indeed robustly coordinated. Fig. 3.9A
presents one representative set of spike-trains, showing inferred changepoints for a pair of
simultaneously-recorded BLA and GC ensembles, and clearly revealing the close apposition
of these transitions. Fig. 3.9B (top panel) shows a scatterplot of independently calculated
latencies of the 2nd transition (the behaviorally-relevant transition into palatability-related
firing in GC; Mukherjee et al., 2019; Sadacca et al., 2016) from each of the trials for a repre-
sentative session; the bottom panel of Fig. 3.9B shows the scatterplot that would be expected
by chance (produced after randomly shuffling a set of changepoint latencies between trials
for the same dataset). The significant covariance between the GC and BLA changepoints in
the top panels is lost with trial-shuffling, proving that this transition alignment between the

two regions is a within-trial phenomenon.

We statistically evaluated the strength of this BLA-GC transition coupling across the
entire dataset by calculating the fraction of transitions that exceeded the 90th percentile
of correlation strength relative to their respective trial-shuffled correlations (“strongly cor-
related” transitions), and statistically comparing this number to the fraction of strong cor-
relations expected by chance for a similar sized dataset. This analysis revealed that the
fraction of strongly correlated BLA and GC transition times in our data were significantly
higher than those expected by chance, but only for the transitions into and out of the GC
palatability-related state (Fig 9C; Percentiles=99.56 and 99.64, p=4.05x10~3 and 3.65x1073
for transitions 2 and 3 respectively, Bonferroni-corrected alpha=0.05/3=16.67x1072, Shuffle

test with Bonferroni’s correction, n = 18 recordings across 6 animals, see Methods).

Note that this evidence of significant coupling — the fact that the cloud of dots in the

top panel of Fig. 3.9B is elongated — is observed despite the relatively small ensembles of
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BLA neurons isolable in awake rats. It is quite likely that a good deal of the noise visible
in this panel reflects unavoidable noise in the estimation of transition time (see Methods).
To test this suspicion, we calculated the relationship between the amount of uncertainty
in the model’s estimation of transition time (i.e., the summed average variance of inferred
transition distributions) and the strength of correlation between GC-BLA transitions. As
suspected, we found a significantly negative relationship between the two variables (Fig. 3.9C
inset; slope=-2.3, r-squared=0.352, p=0.021, One-tailed Wald Test for regression slope), a
result consistent with the suggestion that uncertainty in the inference “blurs” the correlation
between transitions. The strength of coordination between BLA and GC transitions is, thus,

likely even stronger than that estimated here.

Note, however, that only transitions in and out of the state that has been previously
shown to be related to the reaching of consumption decisions (Sadacca et al., 2016), i.e.
transitions that signaled the onset and offset of the “palatability” state in GC (schematic
shown in Fig. 3.9D), were coupled across the BLA-GC network; transitions from the GC
Detection state into GC Identity states were not. This result dovetails nicely both with
classic thinking about the specific role of BLA in emotional processing (Yamamoto, 2008;
Baxter and Croxson, 2012) and with recent work from the lab which shows that optogenetic
perturbation of the BLA—GC projection primarily affects GC processing during the palata-
bility epoch in GC (Lin et al., 2021). While BLA activity during the late epoch (“77?” in
Fig. 3.9D) has hitherto not been explored, the strong BLA-GC coupling during that time pe-
riod recommends further investigation into processing performed by BLA during that time
period. Together, these results suggest that the “role” of BLA-GC communication likely

changes between epochs, and even may only be important during the GC palatability epoch.

3.4.7 Modelling coupled state-transitions with state-specific coherence

Together, the above results fill in a picture of BLA and GC as processing tastes as a sin-

gle distributed unit, with significant (above-chance) cross-coherence punctuated by coupled
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Figure 3.10: Coordinated state transitions and state-specific coherence in a cou-
pled network model. (A) Network of 4 inter-connected ”subpopulations” which represent
parts of GC and BLA (B) Example "trials” showing activity of the network. Activity from
both units in each region is summed as an analog of LFP. Highlighted regions marks time
periods the system spends in the less coherent state (State 2). Note that both states have
finite durations. (C) Inter-trial phase coherence calculated on time windows 350ms before
and after transition from State 1 — State 2 (more—less coherent state; mean + std). (D)
Average coherence during each state (mean + std; St.1 = State 1, St.2 = State 2, *** =
p<0.001).

state transitions across which the coherence drops in certain frequency ranges (a change in-
dicative of intense processing). From a dynamical systems perspective, this phenomenology
makes sense: “instantaneous” coherence will often be state-specific within a system in which
state transitions are synchronized across brain regions; for just one example, brain regions
collectively transition between different states of sleep; Stitt et al., 2017. We would argue, in
fact, that it is common for distributed networks of interconnected neurons to perform coupled
transitions between states, some of which demonstrate decreases in LFP phase coherence.
We tested this contention by constructing a simple network model. Briefly, the network
was comprised of firing-rate units which can be taken to roughly represent interconnected

subpopulations of BLA and GC neurons (Fig. 3.10A; the right panel shows the connection
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strengths between subpopulations). When challenged with a moderate amount of input
delivered to both “regions” (simulating either noise or taste stimulation, which initially
arrives at BLA and GC via distinct paths; see Gal-Ben-Ari and Rosenblum, 2012), the

¢

network enters a mode in which it switches between a “more coherent” state characterized
by strong oscillations, and a “less coherent” state where clear oscillations are disrupted (a
switch that necessarily changes functional connectivity). Fig. 3.10B presents the summed
firing rates of simulated BLA and GC units across 3 “trials,” in which the network can be
seen to collectively transition between the states, one of which is clearly endowed with higher
cross-coherence (State 1) than the other (State 2). Fig. 3.10C provides a specific analysis of
these appearances, revealing that coherence indeed decreases following the transition into the
less oscillatory state (State 2). In neither state, however, does this cross-coherence decline to
baseline levels — the populations never fully disconnect (Fig 10C and 10D, 2-Way ANOVA
with State and Dataset [Actual vs Shuffle] as factors, State : F(1) = 184, p=0.001; Dataset
: F(3) = 184, p=0.001; State*Dataset : F(3) = 233, p=0.001; Tukey’s HSD post-hoc tests,
Actual St.1 vs St.2 : T = 42.7, p = 0.001; Shuffle St.1 vs St.2 : T = 1.74, p = 0.302). And
while this network is admittedly simple (a fact that no doubt explains the simple, randomly-
timed ”back and forth” between two states), it is not the only way that such a model can be
constructed: other versions can allow each region to intrinsically oscillate at different resonant
frequencies, for instance, where such frequencies would inevitably be expressed to differing
degrees in different states. The important point is that this variant of the model would,
like many such variants (and the real networks recorded for this study), progress through
state transitions in a unified manner, and that phase coherence would be lower following
certain transitions. While our investigation of the model is limited to recapitulating the
state-specific changes in coherence we see in our data, this recapitulation further highlights
the aptness of such “attractor models” for explaining activity in GC and BLA, and therefore
being good candidates for theoretical investigation to generate predictions about the system

to be tested in future experimental work (also see Discussion).
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Ultimately, these simulations demonstrate that a multi-region network can undergo col-
lective, coupled state transitions while having variable functional connectivity during each

state. We suggest that the amygdala-cortical system is just such a network.
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3.5 Discussion

Much of the research that has explored how brain regions work together (Glaser et al., 2018;
Grabska-Barwiriska et al., 2017; Markov et al., 2014; Yates et al., 2017) makes two broad
assumptions: 1) neural responses are identical (save for noise) across repeated stimulus
presentations; and 2) neural dynamics evolve on slow timescales (hundreds of milliseconds,
or even seconds). These assumptions fail in many cases (Gat et al., 1997; Jones et al.,
2007; Latimer et al., 2015; Sugase et al., 1999), including the present study. In such cases,
examination of coupling requires methodologies that can parse sharper changes in neural

activity and account for trial-to-trial variability.

In the context of taste processing, gustatory cortex (GC) and basolateral amygdala (BLA)
form strong candidates for coupling. Both are involved in driving taste-related behavior —
perturbations of either results in similar behavioral changes (Lin et al., 2011, 2018; Lovaglio
et al., 2010), perturbation of BLA changes GC response dynamics (Piette et al., 2012), and
BLA-GC connectivity is important for taste learning (Lin and Reilly, 2012). Furthermore,
taste-evoked activity of single-neurons in the two structures (Fontanini et al., 2009; Sadacca

et al., 2012) undergoes changes (and encoded information) at the same time points.

These facts motivate the current study but stop short of actually testing the hypothe-
sis that BLA and GC transition synchronously. Hitherto, the most direct test of BLA-GC
coupling has involved acute optogenetic perturbations of BLA—GC axonal projections (Lin
et al., 2021). This perturbation decreased GC ensemble coherence during the transition to
palatability coding, and reduced palatability-relatedness of single-neuron firing following this
transition. Brief, bilateral optogenetic perturbation of GC neurons themselves, meanwhile,
delivered before or during this transition to palatability coding (Mukherjee et al., 2019), de-
layed the gaping response of rats to bitter quinine until after the perturbation was removed;
hence, while this GC perturbation hindered planning and execution of the taste motor re-

sponse, it is likely that the remainder of the circuit maintained output-relevant information,
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enabling a rebound from the perturbation.

Results of the above studies — the fact that some palatability-related information in
GC survives silencing of BLA—GC axons, and the fact that gaping quickly recovers after
GC perturbation-in conjunction with the results from the current study, suggest that while
BLA and GC are strongly coordinated, they are only parts of an even larger network. This
conclusion is further bolstered by work showing: 1) that other brain regions show response
dynamics similar to BLA and GC (lateral hypothalamus : Li et al., 2013; and parabrachial
nucleus of the pons : Baez-Santiago et al., 2016); and 2) that while palatability responses
in GC show a gradient of hedonic values, those in BLA are largely binary (good vs. bad,
Fontanini et al., 2009; Sadacca et al., 2012). Clearly, there are additional regions (perhaps
the lateral hypothalamus) that process palatability information in parallel to BLA to produce

the more nuanced coding seen in GC.

In this context, our results are also consistent with those showing that distributed nodes
in tightly-coupled systems can produce non-identical coding during stimulus processing, and
encode “redundant” information to varying degrees (Brincat et al., 2018; Lara et al., 2018;
Saravani et al., 2019; Siegel et al., 2015). This is not truly surprising: complex systems tend
to couple on multiple time-scales; just as one unit of such a system might increase its spiking
while another is silent, and vice-versa (Fig. 3.6A), one’s firing might reflect palatability at
one time point, and then the other do so afterward. The fact that palatability-relatedness

moves from BLA to GC might simply reflect a single cycle of an oscillation.

The advance offered in this study has to do with the subtlety of the predicted coupling,
which rendered previously-used methodologies for investigating that coupling insufficient.
Specifically, we predicted that (trial-specific) moments of ensemble state transitions in GC
and BLA would be synchronized. This hypothesis could not be tested using analyses that
fail to account for dynamics of functional connectivity, collapse data over large time-scales
(e.g. whole trials), or assume that all trials are dynamically identical. In the current context,

such analyses provide misleading information: both the spike-count correlation and the LFP-
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phase coherence analyses show BLA and GC to be significantly coordinated but fail to give
us any information about temporal dynamics; meanwhile, changes in BLA-GC inter-trial
phase coherence (which is de rigeur for characterizing inter-regional coupling, see Engel et
al., 2020; Kramer and Eden, 2020; Zareian et al., 2020; Zielinski et al., 2019) reveal only

state-specific reductions in coupling (Fig. 3.8).

Such state-specific changes in coherence have been seen in transitions between sleep states
(Stitt et al., 2017), and between attentive and inattentive states (Siegel et al., 2008). While
the states in evoked activity described in this paper are more fleeting than the much longer
brain states studied by Siegel et al., 2008; Stitt et al., 2017, in each case changes in phase
coherence mark changes in brain states. Specifically, reductions in coherence such as we
observe here have been shown to be associated with intense processing (Supp et al., 2011),
whereas increases in coherence are associated with cognitive impairments (Arbab et al.,
2018; Martinet et al., 2017). Such low correlations in activity are entirely compatible with
strong coupling (Schneidman et al., 2006). Particularly given the fact that BLA-GC phase
coherence always stays well above chance levels, it is safe to say that this observation of
decreased coherence does not mean that GC and BLA are becoming “decoupled” at any

time point.

Again, had we stopped our analysis at phase coherence, we would have reached the
wrong conclusion about amygdala-cortical coupling during taste processing; only the novel
transition coordination analysis (which accounts for both dynamics over the course of the
trial and variability across the trials) allowed us to directly test the risky hypothesis that
taste processing is characterized by sudden ensemble state transitions shared across BLA and
GC. Our successful test of this hypothesis strongly corroborates the results of causal studies
showing that wholesale inhibition of BLA (Piette et al., 2012) and precise perturbation of the
BLA—GC axonal projection (Lin et al., 2021) specifically perturb processing during — and
the transition to — the palatability-related (late) epoch of GC taste coding. This further

underscores the limitations of more canonical communication measures with regard to the
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theories that they are able to test, and provides further evidence for the dynamic nature of

the BLA-GC interaction.

Together, these results suggest that taste responses observed in BLA and GC are poorly
described by feedforward /hierarchical (Glaser et al., 2018; Heidari-Gorji et al., 2021; Parras
et al., 2017) models, and better described as working in a joint fashion. Our finding of
coordinated state-transitions is appealingly (if speculatively) explained in terms of collective
attractor states (Camera et al., 2019; Litwin-Kumar and Doiron, 2012; Miller and Katz,
2010; Recanatesi et al., 2022). Such models require strong, bidirectional connectivity that is
observed throughout the taste circuit (Bielavska and Roldan, 1996; McDonald, 1998; Shi and
Cassell, 1998), and predict/recapitulate the sharp state transitions that have been reported
in GC (Jones et al., 2007; Sadacca et al., 2016), BLA (this study), and other brain regions
(Gat et al., 1997; Latimer et al., 2015; Seidemann et al., 1996; Sugase et al., 1999). Another
attractive aspect of such a theory is the fact that “noise”, rather than being a nuisance
variable, serves as the force driving state transitions, allowing robust performance in noisy
conditions (Miller and Katz, 2013) and explaining the large variability observed in evoked
neural and behavioral responses on a trial-by-trial basis (Carandini, 2004; Jones et al., 2007;
Kisley and Gerstein, 1999; Kotekal and MacLean, 2020; Peixoto et al., 2021). Given the
ubiquity of “noise” in biological systems (Miller and Katz, 2010; Shadlen and Newsome,

1994, 1998), it seems likely that valid mechanisms of function will be those that have this

property.

Of course, causal confirmation of this theory waits upon evidence that the two structures
influence one another recurrently — i.e. studies investigating the role of the GC—BLA
(“reverse”) projection in taste processing. While the GC—BLA projection has been shown
to be important for taste-related learning, (Kayyal et al., 2019; Lavi et al., 2018), it’s role
in generating passive taste responses is yet to be elucidated. If recurrent circuitry plays a
role in taste processing, perturbation of the GC—BLA projection should change not only

activity in BLA but also the “source” activity in GC, reflecting the fact that the circuit
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processes information in a loop fashion. Such an outcome would further drive home the
value of moving away from “feedforward” biases in the study of taste processing.
Ultimately, a nuanced understanding of inter-region communication, and of how this
communication is important for generating behavioral output, will require that we appreciate
the sorts of nonlinearities and variability examined here — that we do not smooth out
potentially important sudden ensemble changes in real-time ensemble activity. The current
study furthers our trial-specific understanding of neural activity and will hopefully drive
further questions regarding the role of reciprocal connectivity and meta-stable dynamics in

Sensory processing.
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The function of groups of neurons changes from moment to moment
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4.1 Abstract

Modern techniques that enable identification and targeted manipulation of neuron groups
are frequently used to bolster theories that attribute specific behavioral functions to specific
neuron types. These same techniques can also be used, however, to highlight limitations
of such attribution, and to develop the argument that the question ‘what is the function
of these neurons?’ is ill-posed in the absence of temporal and network constraints. Here
we do this by first reviewing evidence that neural responses are dynamic at multiple time
scales, making the point that such changes in firing rates imply changes in what the neuron
is doing. Studies involving brief perturbations of neural populations confirm this point,
showing that the functions in which these populations participate change across seconds
and even milliseconds. Based on these studies, we suggest that it is inappropriate to assign
function to sets of neurons without contextualizing that assignment to specific times and

network conditions.
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4.2 Introduction

The increasing availability of sophisticated molecular biological techniques affords neurosci-
entists new means of interrogating the function of specific neurons and neuron groups. It has
become commonplace to track the identity of neurons that are active as an animal performs
a behavior, and to silence genetically identified (or pathway-specific) sets of neurons in the
context of recording /imaging/behavioral experiments. The nature of these techniques is such
that when experimenters make performance worse by silencing a set of neurons, the exper-
imenters inevitably conclude that they have uncovered the function (or at least a function)
of that set of neurons; null results are interpreted as evidence that the neurons responsible
for that function have yet to be isolated. The development and use of these techniques
synergizes with the popularity of theories in which function is ascribed to identifiable cell

groups, both testing and driving such theories.

This approach has been remarkably successful, in that the recent literature is rife with
articles enumerating the involvement of specific cell types in specific neural or behavioral
functions (Adamantidis et al., 2015; Balthazart, 2020; Biselli et al., 2019; Janak and Tye,
2015; Tye and Deisseroth, 2012). It is worth noting, however, that while these modern
techniques allow the experimenter to directly assay or manipulate the firing of a single cell
type, observing a significant decrement in some behavioral measure as a result of silencing
one set of neurons does not necessarily imply that the set of neurons in question is uniquely
involved in the function under study. As just one general example, results showing that
silencing projection neurons has one effect whereas silencing inhibitory interneurons has
the opposite effect may not imply different specific functions for those two neuron types,
but rather a wholistic function of a network of interconnected neurons that is perturbed in
opposite directions by manipulations that impact overall network excitability in opposing

ways.
But the fecundity of neural interconnections does not just mean that function within
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circuits is almost necessarily distributed among multiple cell types. These interconnections
also motivate an argument that the entire research endeavor should be reconsidered — that
the very act of mapping function (or at least behavioral function) onto cell types ignores
the complex dynamics of neural ensemble responses, and that ascribing specific functions
to specific neurons is unwarranted. This is the argument that we unpack here: we start
with evidence that the multi-scale firing dynamics — firing-rate dynamics that are part and
parcel of the activity of neurons embedded within networks — means that function changes
across learning, across changes in context, and even across parts of seconds. We go on to
show that the impact of perturbing the activity of neural ensembles differs depending on
the timing of the disruption, and that even two identically timed perturbations may have
different impacts (because firing-rate dynamics do not necessarily unfold at the same rates
in all trials). These data reveal that the functions of neurons can change dramatically over
even very short spans of time, and motivate our conclusion that function is only properly
assigned to groups of neurons when those neurons are placed in specific times and specific

network conditions.
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4.3 Forebrain neural activity is intrinsically dynamic

Most theories that ascribe particular functions to specific neurons use single numbers —
average firing-rate magnitudes — to characterize those neurons’ responses. Neurons are
classically said to ‘code’ a sensory stimulus if the average number of spikes that they fire
(across a reasonable interval) in response to that stimulus significantly exceeds their spon-
taneous firing rate; each neuron is simply characterized as either responding significantly or
not, or as having fired more or less than to other stimuli (analogous arguments can be made
regarding activity related to movement, of course). Thus, it makes sense to conceptualize
that neuron’s involvement in processing the stimulus in an equally simple way (Chen et al.,
2011; Hubel, 1995; Lavi et al., 2018; Mazurek et al., 2014; Steinmetz et al., 2019; Wang
et al., 2018) — for example, saying that a neuron that responds to sucrose, or that responds

more to sucrose than to other tastes, functions to code sucrose.

If function can be attributed to a neuron on the basis of response magnitude, however,
then by the same logic, changes in function can be attributed to changes in response mag-
nitudes — a fact that complicates attempts at simple conceptualizations of function. The
truth of this logic is visible in studies of learning in the brain, and more specifically in the
common (if seldom explicitly articulated) recognition that learning-related changes in neural
firing represent the assumption of a new function by that neuron (that of driving learned
behavior [Banerjee et al., 2020; Barsy et al., 2020; Ross and Fletcher, 2018]). For just one
classic example, consider a deep cerebellar nucleus neuron that has become responsive to a
tone in a conditioned eye blink learning experiment; this neuron can be said to have acquired

the function of driving an eyeblink (Ten Brinke et al., 2017).

More recent examples make use of the very same molecular/genetic techniques that have
reinforced simple theorizing about the function of neuron groups (Aqrabawi and Kim, 2020;
Butler et al., 2020; Josselyn and Frankland, 2018; Josselyn and Tonegawa, 2020; Sun et al.,

2020). Notable among this recent work are studies showing that activation of a group of
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context-responsive hippocampal dentate gyrus neurons causes mice to freeze (presumably in
fright) after successful fear conditioning; before the completion of conditioning, activation of
these neurons does not induce freezing (Ramirez et al., 2013). Analogously, extinguishing the
prior-acquired fear memory also changes the response properties of a specific set of neurons
in amygdala. Reactivation of these ‘extinction-responding’ cells comes to facilitate fear
extinction behavior following learning, but does not do so before (Zhang et al., 2020). These
results drive home the point that when learning-relevant experiences change the responses
of small groups of neurons, the functions in which these neurons participate change (e.g.,

come to drive or antagonize fear response).

But neural responses are not only plastic with learning. A growing body of evidence
attests to the fact that neural responses can readily shift with changes in experimental
context — that recent experience and the understanding of the regularities of the stimulus
environment (non-randomness of what stimuli appear and when) can modulate the specific
properties of neural and behavioral responses to input stimuli (Flores et al., 2018; Noudoost
et al., 2017), as can the current state of the networks into which the neurons are embedded
(Sakata, 2016) or connected (Mante et al., 2013; Safaai et al., 2015). Furthermore, a sensory
neuron’s response may mean different things to downstream neurons in different contexts: in
drosophila, for instance, the responses of looming-responsive neurons (neurons that respond
to visual stimulus expansion) have distinct implications depending upon the fly’s flight status;
activation of these neurons during flight instigates landing behavior, whereas activation with
visual stimuli while ‘grounded’ activates different motor programs (Ache et al., 2019). Note
that while the function to which these neurons’ activity contributes depends on the stimulus
(and activity driven by said stimulus), it depends with equal importance on the animal’s
current state; context alters both the sensory neuron’s response and the use of that neuron’s
response. This result is echoed in recent work demonstrating that the central circuit involved
in processing olfactory input depends on behavioral context: taste cortex has proven to be

integrally involved in olfaction, but only when the rodent is feeding, not when it is inhaling
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(Blankenship et al., 2019).

The above work reveals that neurons’ responses following stimulus presentation (or, for
that matter, before behavior) may change according to variables that themselves change on
sub second time scales. An implication is that neural responses may undergo significant
and meaningful changes across very short time periods. Recent evidence confirms this,
demonstrating that single neural responses may actually be made up of multiple distinct
firing rate ‘epochs’, with sequences of firing-rate changes unfolding across tens to hundreds
of milliseconds (Guo et al., 2015; Sauerbrei et al., 2020; Sugase et al., 1999). A relevant
example comes from work on gustatory (taste) coding, which has this dynamic property at
most central relays (Baez-Santiago et al., 2016; Fontanini and Katz, 2008; Li et al., 2016;
Li et al., 2013): cortical single-neuron taste responses, for instance, actually involve three
firing-rate epochs, each of which contains distinct information content; the initial response
contains little taste-related information, the second epoch provides a firing-rate code for
which taste is on the tongue, and the third epoch contains firing that is correlated with taste
palatability (and therefore the animal’s decision whether to consume). The onset latency
of this last epoch varies widely from trial to trial, but consistently predicts the onset of
consumption behaviors (Sadacca et al., 2012).

Actually, such firing rate dynamics are an almost inevitable facet of activity in complex
interconnected networks (Pandarinath et al., 2018; Yuste, 2015) — feedback causes neurons
to be repeatedly ‘re-modulated’ by new sources of input, for example, as activity first perco-
lates through a region via asending pathways and then again via feedback pathways. Given
this fact, it is unsurprising that such dynamics are frequently observed. As explained above,
their occurrence calls researchers’ tendency to ascribe general functions to specific neurons
into question — by the same logic described with regard to learning-related changes, these
changes in firing rates represent evidence that the nature(s) of the function(s) in which these

neurons are involved also change across even very short spans of time.
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4.4 Perturbation studies confirm the ‘dynamics’ of neuron function

Of course, the above evidence is largely phenomenological: firing rate dynamics suggest
dynamics of function, but do not prove them; even studies in which firing rate changes
are rigorously controlled by the experimenter (i.e. induced by optogenetic activation) are
non-conclusive, because their interpretation relies on the questionable assumption that op-
togenetic firing-rate enhancements of a set of neurons is analogous to natural firing-rate
changes. More compelling evidence would come from studies in which brief perturbations,
designed not to mimic the natural situation but to disrupt it, are shown to have (or not
to have) differing impacts depending on whether they are timed to disrupt firing at one

particular time or another.

It is only recently that such experiments have become feasible, and thus few have as of yet
been done, but the results have been striking. When, for instance, rodent sensorimotor cortex
is optogenetically suppressed before or during a complex reach (a behavior that involves
highly dynamic neural activity in this region), the impact of that suppression depends both
on context — whether the movement is trained or naive — and the perturbation’s precise
timing (Guo et al., 2015) (Figure 4.1). Perturbations delivered just before execution of the
trained movement halt grasping completely, for instance, whereas the same is not true of
the naive reach. Furthermore, when the perturbations are delivered only (tens to hundreds
of milliseconds) after trained reaches are initiated, these perturbations only halt movement
after the current stage of the movement reached completion and even later perturbation
onsets often fail to inhibit movement at all, allowing the animal to successfully retrieve food.
Thus, sensorimotor cortex is differentially involved in the initiation and early aspects of

trained movement.

Similarly, the impact of perturbing basolateral amygdalar (BLA) input to the nucleus
accumbens (NAcc) in rats trained to make choices between smaller, certain rewards and

larger, uncertain rewards (Bercovici et al., 2018) depends on that perturbation’s specific
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Figure 4.1: Dynamic involvement of sensorimotor cortex in well-trained grasping
behavior. (a) Representative trials of multi-stage grasping behavior during control trials
(top panel) and sensorimotor cortex inhibition trials (bottom panel). Following the tone-cue
presentation, a food pellet was delivered in front of a head-fixed mouse, which would then
initiate a grasping movement involving a (700 msec) sequence of six sub movements: lift,
paw open, grab, supinate, at mouth, and chew. The entire sequence was prevented when
the sensorimotor cortex was inhibited optogenetically (indicated by green dashed line) via
stimulation of GABAergic inhibitory neurons. The behavior was reinitiated once the laser
was turned off. (b) Representative trials in which inhibition was induced at different time-
points in the movement. The impact of post-onset perturbations was not immediate, but
rather emerged after a delay during which the behavior continued to the beginning of the next
component. Cortical perturbations had no impact on impeding hand movement involved in
chewing (i.e. at mouth). Note that these are example trials. Durations of some behavioral
components are seemingly stretched when sensorimotor cortex was suppressed after behavior
being initiated (b), the difference, however, is not statistically significant when all trials were
pooled together (cf. Figure 4 of Guo et al., 2015). The length of color-coded bars denotes
the duration of each behavioral component. Figure was adapted from Guo et al., 2015.
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timing. During trials in which it was applied before animals committed to a choice, the
perturbation generally reduced the strength of the rats’ preferences for whichever reward
was ‘best’ (i.e. the most rewarding over the long term), regardless of which reward that was
(the experimenters were able to change experimental parameters such that the best choice
would switch from being the small to the large, or vice versa). If, on the other hand, the
BLA—NAcc pathway was inhibited only after uncertain choices that resulted in a lack of
reward, the impact was both different and asymmetrical — the perturbation increased the
likelihood of risky choices in subsequent trials (Figure 4.2). The BLA—NAcc connection

appears to have different functions at different moments in the task.

Of course, in each of the above paradigms, observed firing rates dynamics occur in con-
cert with changes in outward behaviors. To some degree, therefore, it is unsurprising that
perturbations of firing at different moments are associated with different changes in specific
function, because the animals are doing (at least slightly) different things at different mo-
ments. The most risky tests of our thesis (the argument that the function being performed by
specific groups of neurons changes across even short stretches of time) will therefore involve
neural dynamics that occur in the absence of such outward behavioral dynamics, such as
the afore-mentioned cortical coding sequence that spans the gap between the moment that
a taste hits the tongue and the moment that discriminative consumption behaviors (ejecting

or swallowing) occur.

We have performed this test, taking advantage of the fact that neural ensemble analy-
ses reveal that the transitions between these epochs, and in particular the transition into
palatability-related firing (Sadacca et al., 2016), are sudden and clearly discernible in single
trials (c.f. Jones et al., 2007). The impact of brief (0.5 s) optogenetic inhibition of these
neurons has recently been shown to depend exquisitely on the timing of that inhibition: if it
begins before the ensemble transition into the palatability state, consumption-related behav-
iors are greatly delayed; the same perturbation delivered even just a few tens of msec after

the transition, however, has no impact on behavior (Mukherjee et al., 2019) (Figure 4.3).
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Figure 4.2: Functional dynamics of basolateral amygdala (BLA)—nucleus accum-
bens (NAcc) projection during a decision-making process. The BLA—NAcc cir-
cuitry is involved in decision-making when reward is uncertain. Following acquisition of a
probabilistic discounting task, rats received optogenetic inhibition of BLA—NAcc axons (as
those axons enter NAcc) either before the choice (during the deliberation process) or after
(during the evaluation of choice). The former inhibition significantly reduced subsequent
preferences for the optimal choice — decreasing the likelihood of a risky choice when reward
probability was 50% but decreasing the probability of a safe choice when reward probabil-
ity was lower (12.5%). If, meanwhile, BLA—NAcc was inhibited after a choice that led to
reward omission, the likelihood of selecting the risky choice increased, but only during the
low probability (12.5%) block. ITI: inter-trial interval. Figure was adapted from Bercovici
et al., 2018.
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Given the fact that palatability-related firing emerges at different times on different trials,
two outwardly identical perturbations (i.e. both occurring at 700 ms after taste delivery) will
have predictably different impacts depending on whether neurons have reached the point of
coding palatability already on that particular trial. The question of what these neurons do
is simply ill-posed — their function is only defined with reference to a certain time interval

and certain pre-existing conditions in the network.
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Figure 4.3: Behavioral disruption is dependent on precisely timed optogenetic
perturbation in gustatory cortex. (a) Brief (0.5 s) optogenetic inhibition of gustatory
cortex was delivered at one of three possible time points post taste-delivery: early (0-0.5
s), middle (0.7-1.2 s), and late (1.4-1.9 s). (b) The bar graph shows the impact (green)
of perturbations on latency (y-axis) of gaping (an oral behavior signaling reaching of a
rejection decision) to quinine. Purple is the within-session control latency (i.e. on trials with
no perturbation). The error bars are the 95% Bayesian credible intervals (* = p < 0.05, ***
= p < 0.001). Early and Middle perturbations of cortical taste responses delayed the onset
of gaping, while Late perturbations produce only a minor delay in gaping onset. (c) The
apparent impact of Middle perturbation on the onset of aversive orofacial behavior shown
in (b) is a mix of actual effects, as the true impact depends exquisitely on the state of the
ensemble dynamics just before perturbation onset time in that particular trial. The left bar
shows the result of the perturbation during trials in which the palatability-related ensemble
transition had not occurred before the time of perturbation onset; the right bar represents
trials in which palatability-related firing had already occurred before (in some cases, as little
as 20 s before) the laser was switched on (i.e, before 0.65 s; adapted from Mukherjee et al.,
2019).
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4.5 Conclusion

Studies in which neural responses are quantified only in terms of their average firing rate in-
evitably under describe the complexity of the activity of neurons embedded in networks. Fur-
thermore, it has long been understood that experiments showing that lesion /inactivation/perturbation
of a particular set of neurons impacts behavior fall far short of demonstrating those neu-
rons to be the primary locus of that particular behavior. Neurons that are embedded in
interacting networks — networks which ensure multi-responsivity and temporal coding — will
also demonstrate exquisite sensitivity to changes imposed upon these networks by any of a
number of natural internal or external perturbations.

While it is attractive and simple to think of individual neuron groups and types as having
distinct and relatively immutable functions, these above considerations make it unlikely
that such theories have a great deal of physiological validity. They instead predict function
that is distributed and shifting in concert with firing rate changes, and in accordance with
dynamical system principles (Camera et al., 2019; Jones et al., 2006; Miller, 2016). The

studies described here confirm these predictions.
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Chapter 5

Discussion

While it is widely recognized that processing of sensory information in the brain is governed
by dynamics at multiple timescales, these dynamics have only come into focus in the context
of taste processing over the past couple decades. Investigation into the role of multi-region
interactions follows a similar trend. While it has been shown that brain regions “up and
down” the taste circuit (including the pons, lateral hypothalamus, basolateral amygdala,
gustatory cortex, and medial prefrontal cortex) all respond to taste in a dynamic fashion
(Baez-Santiago et al., 2016; Fontanini et al., 2009; Jezzini et al., 2013; Katz et al., 2001;
Li et al., 2013), the work done in this thesis represents the first attempt (to the best of
our knowledge) to investigate and characterize interactions between taste regions during

processing.

In Chapter 2, we investigate how long-term dynamics on the order of minutes and hours —
in the form of sickness caused by gastric malaise — affect taste processing in the gustatory
cortex. Despite having only a transient impact on GC LFP spectral properties, sickness
induces a long-lasting change in its evoked neural response. It is surprising that there is
not a persistent ”signal” for sickness in GC and it is unlikely that such a signal is not
present anywhere in the brain — please note however, that this does not mean that it is
the brain that is maintaining such a signal, and such a signal could simply be present in
the form of altered spontaneous activity due to input from the viscera. This observation
further underpins the idea that GC is not the focus of processing in the taste circuit and
that other brain regions are simultaneously playing significant roles. We further see that
GC palatability processing is pushed towards a binary choice under sickness rather than a
spectrum of hedonic values under normal processing. One may speculate that this increased
similarity to BLA’s palatability encoding likely has something to do with changes in BLA-GC

functional connectivity during sickness. These points are further discussed in the ”Future
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Directions” section below.

In Chapter 3, we investigate changes in neural dynamics on the order of hundreds of mil-
liseconds and seconds, as well as exploring communication between brain regions involved
in taste processing. This investigation tests the long-held belief that the similarity in BLA
and GC taste evoked dynamics is due to a direct interaction between them. First we test
that BLA population activity contains similar state transitions to GC, which not only sug-
gests that BLA is a similar dynamical system to GC, but also that the two regions could
be considered a single system. We then go on to test this assertion by investigating the
coordination between BLA and GC. We show that BLA and GC responses are linked at the
whole-trial (spike-count correlations), epoch (LFP phase coherence), and state-transition
levels, we clearly see that this is not due to a “default” connection between the two regions
due to their strong reciprocal connectivity, and that the BLA-GC interaction is dynamic
(only appearing significantly around the late [palatability in GC| epoch), which suggests
that BLA plays a significant role only later in the evoked taste response. This evidence is
further corroborated by previous causal studies (Lin et al., 2021) showing that while pertur-
bation of the BLA—GC pathway causes the largest impact on GC neural responses in the
250ms immediately following taste delivery, changes in GC coding are only visible during
the palatability epoch. This can likely be explained by the fact that physical disruption of
input by the perturbation will cause the largest change when the neural activity is also the
highest (it has consistently been shown that that the neural response magnitude is highest
immediately following taste delivery [i.e. during the early response epoch] and tapers off over
the next 2 seconds), however, the role this projection plays is disturbed specifically during

the palatability epoch.

Finally, in Chapter 4, we paint a picture for how neural activity is inherently a dynamic
entity, such that the response of a neuron or brain region is ill-characterized without tem-
poral context. This chapter provides a consilience for the previous chapters, discussing how

neural responses are influenced by multiple physiological processes and external influences
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(including sensory input) at multiple timescales. Hence, the same neuron will subserve differ-
ent computations at different times, and in corollary, will have different network interactions
over time as well. Hence, the response of GC neurons changes across trials as governed by
the onset of sickness, and zooming into a single trial, we see GC epochal/state dynamics
governed by its interactions with BLA (and likely other brain regions as well).

The studies mentioned above, among much other extant research, highlight the impor-
tance of investigating how temporal dynamics govern processing in the taste circuit. Given
this framework, there are many avenues of research that could be explored to further under-
stand the interregional dynamics that contribute to taste processing and develop a better
understanding of the “sources” of neural dynamics at different timescales. An integration of
these results into the existing literature and future directions for the work presented in this

thesis are reviewed in the section below.
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5.1 Future Directions

As mentioned throughout this thesis, a clearer understanding of network interactions in taste
processing is still being developed. While pharmacological inhibition and ablation studies
have provided important clues to the necessity of brain regions in taste-related learning and
normal taste processing, such extreme perturbations can be misleading and not provide a
direct test of how the intact taste circuit normally carries out processing. An illustrative
example for this case is the fact that rats can still gape despite removal of cortex, which
would suggest that cortex plays no role in the generation of gapes. While that is true at face
value, and the central pattern generator (CPG) responsible for gaping is certainly located
in the brainstem, such an extreme perturbation misses the nuance that despite not being
responsible for generating gapes, GC is causally involved in the initiation of the gaping
“program” and hence exerts a significant modulatory influence on the CPG. Similarly, we
can expect much nuance in the role played by the multitudinous connections within the brain
in taste processing.

My suggested avenues for further investigation may be broadly divided into two cat-
egories, corresponding to further investigations into the influence of sickness on the taste
circuit, and further investigation of network interactions in the taste circuit during taste pro-
cessing. Additionally, it has been shown that modelling of neural activity across timescales
improves prediction accuracy for sensorimotor tasks (Abbaspourazad et al., 2021; Samek
et al., 2016); hence, while a direct investigation of ways to scale the gap between the short
on long timescales mentioned here will certainly be indispensable for furthering our under-

standing of processing in the taste circuit, pursuit of this avenue is left for the future.

5.1.1 Illness and taste processing

Increased behavioral binarization of food preference under sickness This would be a confir-

matory experiment to test that the increased polarization/binarization of hedonic values as
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seen in GC under sickness. A simple (possibly naive) method to carry this out would be
to have rats lick to the same tastants given in the experiments in Chapter 2 and under-
going the same experimental conditions (Saline vs LiCl) while in a Brief Access Task rig.
Increased similarity (keeping in mind any potential floor effects caused by the animal’s ill-
ness) in tastants with similar hedonic values would confirm that this is not simply a neural

idiosyncracy.

Investigating the role of posterior GC in sickness It is known that posterior gustatory cortex

receives more visceral projections and hence may contain stronger signals related to illness,
however, differences between anterior and posterior GC have hitherto not been studied.
While it seems unlikely that responses in posterior GC would be categorically different, if
the influence of illness on neural activity is stronger in posterior GC, it may prove to be a

better site for further investigation of the influence of illness on taste processing.

5.1.2 Functional connectivity dynamics in the taste circuit

As mentioned above, there has been much investigation of the role of different regions in taste
processing and taste-related learning using ablation and bulk pharmacological inhibition.
However, the field has only recently begun moving away from these extreme perturbations
and begun to investigate the role of connections between regions using targeted inhibition of
projection neurons, or (better yet) optogenetic perturbation of axonal projections. However,
the realm of “functional connectivity” is still a great unknown in taste processing, where the
work presented in Chapter 3 is the first attempt to perform such a characterization, and the

studies presented here can be easily extended into many multi-region directions.

Changes in other taste regions and in functional connectivity due to illness While the work

in Chapter 2 shows that GC activity is (understandably) altered under the state of illness,
the same characterization has yet to be performed for other taste processing regions i.e.,
what influence does sickness have on activity in BLA or the lateral hypothalamus. Since

palatability encoding in BLA is already fairly binary (good vs. bad), does that change

133



(perhaps becoming even more polarized)? One may speculate that the loss of gradation
in the GC response under sickness could be due to an increase in connectivity between
GC and BLA, such that more nuanced information about tastes from other regions being
communicated to GC is mitigated. One may further speculate that since we only observe a
transient change in GC LFP during the onset of sickness, but no ongoing change is observed
while the animal is sick, that the influence of sickness primarily “resides” in other brain
regions (posterior GC, BLA, LH etc) and we are only observing the influence of sickness
in GC due to communication of GC with these brain regions. In very liberal wording, the
“epicenter” of sickness is a different brain region, yet we observe it’s influence on GC. One
can also reasonably expect the communication pathways and dynamics between regions in

the taste circuit to be altered due to illness.

Ascertaining “top-down” influences exerted by GC While work in Chapter 3 shows that GC

and BLA show coordinated activity, the extent of this evidence is phenomenological. Both
GC and BLA almost certainly interact with other brain regions in a dynamic fashion, and it
is certainly plausible that the tight state-transition level coordination we see in this study is
a general occurrence in multiple regions throughout the taste circuit (i.e., multiple regions
in the circuit transition together). Hence, it would be illuminating to causally test the role
played by the GCBLA feedback projection. As a first pass, if our hypothesis is correct, we
will see that by perturbing this projection we will not only see changes in BLA activity but,
since we expect the dyad to be working as a loop, we will also observe an impact on activity
in GC. One potential role of this projection could be to communicate “Identity” information
(information about taste quality) from GC to BLA which the two regions then collectively
transform into palatability. This claim stems from previous evidence showing the pharmaco-
logical inhibition of taste thalamus strongly diminishes taste-selectivity (discrimination) in
GC starting in the middle epoch (identity epoch: approx. 250-750ms post-stim) in GC, while
similar pharmacological inhibition of BLA only has a strong effect on reduction of palatabil-

ity information in GC during the late epoch (750-1250ms post-stim). This suggests that the
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thalamic taste pathway supports the first “leg” of the evoked taste response, and this ac-
tivity then engages the limbic pathway (either through GC or via direct thalamo-amygdalar
projections). However, this speculation is largely unconstrained as we know little about the
when-and-where of coordination between these brain regions, a challenge addressed by the

following investigation.

Investigating circuit interactions dynamics in passive taste processing LFP recordings have

been previously used to probe the simultaneous evolution of activity in multiple brain re-
gions, and methodologies such as Granger causality and vector autoregression have been
employed to estimate the magnitude and directionality of influence between these brain re-
gions. However, in many cases, this influence is assumed to be static and long durations
of neural activity are homogenously analyzed to assess such connectivity. Certainly, in our
case, such a simplification would not be possible, hence more advanced techniques such as
auto-regressive Hidden Markov Models or switching Linear Dynamical Systems will need to
be employed to estimate state-specific interactions. A suggested set of regions to investigate
would include GC, BLA, LH, and Thalamus, which may help further clarify the strength
and durations of thalamic vs limbic contributions to taste processing. Such a study may
potentially help cast the spotlight on previously unnoticed interactions in the taste circuit
and suggest pathways for future causal investigation, and may help to elucidate any isolable

roles different regions play in processing.
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5.2 Conclusion

As mentioned in the introduction of this thesis, the computational power of neural networks
(and hence the brain) is derived from non-linear transformations and long-scale interactions.
While we have continued to study the non-linear progressions in taste processing, the long-
scale interactions have only just begun to come into focus. The experiments noted above
in no way diminish the importance of single-region investigation and analysis, but suggest
that similar to hierarchies in temporal timescales observed in the brain, adding multi-region
analysis into the hierarchy of taste research will allow a more fruitful interaction between

the information gleaned from single-region and multi-region studies.
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