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Auditory cortex has been shown to play a critical role in a plethora of processes,
including the extraction of complex acoustic features, auditory scene analysis, decision-
making, and learning. However, there are still many aspects of auditory cortex’s
structure and function that we do not understand. In this thesis, I explored three
separate but related questions regarding cortical tuning properties, inhibition and their
interplay in adaptation in the auditory cortex of the ferret. Firstly, I investigated the
spatial distribution of preferred frequencies (“tonotopy”) amongst cortical neurons in
the ferret using 2-photon calcium imaging and electrophysiology, and compared it to
the mouse. I found that cortical neurons in mice and ferrets have equivalent local
heterogeneity in their tuning, while retaining a globally tonotopic map. Much of the
observed heterogeneity in the tonotopic maps could be explained by the existence
of neurons with complex receptive fields. Secondly, I developed electrophysiological
and imaging approaches in order to study the properties of excitatory and inhibitory
neurons, allowing me to label and record from excitatory and subclasses of inhibitory
neurons. I did not find significant differences in the proportions of tuned neurons
across neuron classes, or in their tuning characteristics. I also found that the co-
tuning within and between classes are similar. Lastly, I explored the role of auditory
cortex in adaptation to reverberation: What is the optimal transformation from
reverberant to anechoic sounds in a statistical model, and can this model explain the
robust representation of natural sounds in auditory cortex? The model recapitulated
known properties of auditory cortical neurons, in addition to making novel predictions
which I confirmed using electrophysiological recordings. These predictions were: (1)
the inhibitory component of neuronal receptive fields shifts in time in proportion to
the amount of reverberation, and (2) the degree of this inhibitory shift is frequency
dependent. Taken together, these findings shed new light onto the organization and

function of auditory cortex, providing exciting avenues for future research.
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Chapter 1

General Introduction

1.1 What is the role of auditory cortex?

What does the Auditory Cortex (ac) do'? More generally, how do the structure of
auditory cortex, and the information ow and processing happening within it determine
our perception? What is the more general purpose of sensory cortices? These are the
kind of questions that motivated me going into my DPhil.

The idea that cerebral cortex might have a more general function, or at least
that the operations that are performed in the di erent cortical areas might have

IThis picture was taken from the website of Prof Adam Kamp 's lab. Originally based on an
artwork made by the artist under the moniker of Banksy.



2 General Introduction

something in common, is implicit in a great deal of theoretical and experimental brain
literature. Historically, to F. J. Gall (1815) the cortex housed the faculties listed on his
phrenological maps, e.g., mirthfulness, acquisitiveness, amativeness, etc. To Flourens
(1842) the cortex was the interface with the mind and so must have mental attributes,
such as intelligence and will. According to Pavlov and Loeb the cortex was the organ of
associative learning (Pavlov, 1927; Loeb, 1900). From the point of view of Goltz (1892)
the cortex was the seat of understanding, reasoning power, and intelligence. Herrick
(1926) expressed a very similar sentiment, but stated his position if not as clearly at
least more prosaically. For Lashley (1950) the cortex was the organ of learning and
memory. Other more modern views such as that of Oakley (1981) depicts cortex as
the organ of representational and abstract memory, while MacLean (1982) sees it as
the organ of emotion and expression. Amusingly, Phillips et al. (1984) speculate that
the cortex is a Sherlock Holmes of sorts, sensitive to conspicuous coincidence. A
general theme of all these theories is that they more or less substitute the neocortex
for a facsimile of the mind as described by Descartes (1664). Probably all of these
views have some truth in them, and we cannot state succinctly and explicitly a single
purpose or all encompassing theory that describes sensory cortices and cortex more
generally. Despite this, there have been some more modern attempts to generate a
general theory for the functioning and roles of sensory cortices, includiag. Attneave

and Barlow suggested that the goal of the early sensory neurons is to represent natural
inputs e ciently by eliminating statistical redundancy (Attneave, 1954; Barlow, 2012).
This idea has formed the theoretical basis for several frameworks including predictive
coding and sparse coding.

Probably one of the most prominent current theories is the predictive coding
framework (Rao and Ballard, 1999). According to this framework, biological brains
are constantly making predictions about the incoming sensory data from the outside
world. These predictions are made using an internal generative model of the outside
world, and these predictions are fed from higher brain regions to earlier brain regions
closer to the sensory periphery where they are compared against the actual incoming
sensory data. The disparity in these comparisons generates the so called prediction
error , which highlights salient and surprising features in the outside world, presumably
important for the animal. Such prediction errors lead to an improvement in the sensory
data estimates (recognition), and over a longer period of time, to a modi ed generative
model (perceptual learning) (Spratling, 2017). Naturally, predictive coding has been
applied to ac in order to explain its function and role in perception (for a detailed
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review see Carbajal and Malmierca (2018) and Heilbron and Chait (2018)). There
have been studies which successfully found neural correlatesam of some of the key
variables of predictive coding models, such as surprise, prediction error, prediction
change, and prediction precision (Kumar et al., 2011; Sedley et al., 2016). However,
the fundamental principles of the theory are in the best case scenario not veri ed yet
(Egner and Summer eld, 2013) or, in the worst case scenario, they cannot be tested
even in principle (Kogo and Trengove, 2015).

The second theory we mentioned, that of sparse coding, also derives from the
e cient coding framework. Originally developed to explain the emergence of visual
receptive elds, it posits that early sensory areas are optimized to accurately represent
current or past inputs using a sparse, distributed code. Within the sparse coding
framework, all neurons participating in the coding schema have an equal probability of
being active over the full class of natural stimuli, but a relatively low probability of
being active for any speci ¢ stimulus (Field, 1994; Olshausen and Field, 1996). Here,
especially when an overcomplete code is used (that is, when there are more neurons than
input dimensions), it is e cient despite not having a reduction in the dimensionality of
the code because only a few of those neurons are active to represent a given stimulus.
The sparse coding framework has been put forward as a potential organising principle
of ac (Willmore and King, 2009) and there has been some experimental data to support
it (Hromadka et al., 2008; Zhang et al., 2019). However, similar to predictive coding,
the evidence is far from conclusive (Dodds and DeWeese, 2019).

Although such big questions are very tempting for the naive graduate student, one
must ground oneself into more concrete ventures in order to achieve tangible progress,
hence in this thesis | have focused on three specic aspects of auditory cortical
information processing - tonotopy, inhibition, and adaptation to reverberation. There
has been theoretical work that links the ideas from sparse coding to the organisation
of the ac, suggesting that the sparse coding framework might provide a possible
explanation for the topographic distribution of frequency selectivity of auditory cortical
neurons over the span of the auditory cortex, i.e. their tonotopy (Terashima and
Okada, 2012). In addition, local inhibitory neuronal circuits have been proposed as key
players in the implementation of predictive coding in sensory circuits, including thac
(Hertag and Sprekeler, 2020). Finally, approaches utilising ideas from both predictive
and sparse coding have been applied to clean speech from the corruptive in uences of
the non-stationary complex noise phenomenon of reverberation (Gaubitch et al., 2010;
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A. Juki¢ et al., 2014). During my DPhil, | explored these three di erent but related
aspects ofac organisation and function, with the hope that the detailed concrete
investigation of three speci ¢ questions may contribute, in time, to the understanding
of the larger scale picture of auditory cortical information processing. The three speci c
guestions that | explored were: 1) How is the ferredic organised with regards to its
representation of auditory frequency space ( tonotopy ), how does this compare to the
mouse and how can we reconcile some of the previous methodological discrepancies
in the literature? 2) What are the tuning properties of di erent classes of inhibitory
neurons within ferretac, how do they compare to those of excitatory neurons and how
do these classes interact with one another? 3) How does the feraet achieve invariant
representation of natural sounds in real world listening conditions, where sounds are
masked by reverberation?

1.2 Subcortical auditory processing

Before proceeding to explore in more detail the current knowledge in the literature on
ac, we will do a quick whistle-stop tour of the subcortical auditory pathways leading to
ac (Figure 1.1). It is important to have a good appreciation of the subcortical auditory
processing because it shapes to a large extent the organisation and computations within
ac itself. Thus, we begin our tour at the cochlea.

1.2.1 Cochlea and Auditory Nerve

The cochlea is the rst place where the auditory system interacts with the outside
world. From here, each sound makes its journey through several subcortical stages
until it reaches primary ac (Figure 1.1). Being at the interface, the cochlea translates
each incoming sound from the language of pressure waves in the air to the language
of neuronal activity. This transition is very important as it sets the stage for all
subsequent processing that happens subcortically and in tlae .

Sound rst enters the ear canal where it causes the vibration of the tympanic
membrane. The tympanic membrane in turn transmits the sound further via three
small bones ¢ssicle3: the malleus(hammer), the incus (anvil) and the stapes(stirrup).
The stirrup then causes the vibration of theoval windowwhich in turn transmits the
motion to the inside space of the cochlea, thecala vestibuliand then scala tympani
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Fig. 1.1 The Auditory Pathway.
A erent pathways from the cochlea up to the auditory cortex are represented. Copied
from Purves et al. (2004).
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(Figure 1.2A). Both scala vestibuliand scala tympaniare lled with a liquid called
perilymph. The basilar membrane itself is shaped like a door wedge, with a more
thick and sti base and a thinner and more exible apex (Figure 1.2A). Thus, there
are gradients running from the base to the apex, an inertial gradient of the perilymph
caused by the fact that sounds need to travel through more liquid in order to reach
the apex, and a sti ness gradient of the basilar membrane which runs in opposite
direction. These gradients work together to determine the vibrational properties of
the basilar membrane. The vibration of the oval window generates a traveling wave
along the basilar membrane where higher frequencies excite the base while lower ones
cause vibrations closer to the apex. Due to the biophysics of the system, the spacing
of the frequencies is logarithmic, with lower frequencies having a relatively larger
representation along the basilar membrane (Figure 1.2A, see inset). This arrangement
gives rise to an auditory map: the tonotopic or cochleotopic one, which is preserved
along the core regions of the subcortical auditory pathway up to the primargc
(Linden and Schreiner, 2003; Schreiner and Winer, 2007).

Due to the features described above, the cochlea has often been referred to as
a frequency analyzer, akin to a device performing Fourier transformation so as to
extract a frequency spectrum. However, a more accurate analogy is that of a mechanical
band-pass lIter, with a popular model being that of a gamma-tone Iter bank. A
gammatone lter is a linear Iter described as the product of a gamma distribution
and sinusoidal wave. It is essentially a bandpass Iter. A gamma-tone Iter bank is
collection of such bandpass lters, each with a di erent center frequency and a certain
bandwidth. It is a widely used model of auditory lIters in the auditory system as,
to a rst approximation, it captures well the mechanical Itering properties of the
cochlea. However, other Iter banks have been found to more accurately describe the
cochlear Itering in recent years (explored in Rahman et al. (2020)). Such lIters have
also been derived theoretically using ideas from information theory, where the mutual
information between the input sounds and model neuronal responses was maximized
by lIters resembling a gamma-tone Iter bank (Smith and Lewicki, 2006).

So called hair cells along the basilar membrane located within the organ of Corti
are activated by the local mechanical displacement of the cochlea, and are responsible
for translating this motion into changes in membrane potential. They come in two
avours, inner and outer hair cells, with the outer hair cells being much more numerous.
Just like people, they have di erent personalities : inner hair cells like to chat and
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Fig. 1.2 The Cochlea.

A, The basic anatomy of the cochlea is summarised. The biophysical properties of the
basilar membrane and surrounding tissues allow it to function as a frequency analyzer
with high frequencies represented at the base and lower ones towards the apex. These
are logarithmically spaced with the lower frequencies being over-represented as shown
by the inset. Adapted from Purves et al. (2004) and Schnupp et al. (20118, The
upper panel represents a Neurogram of the sentence Joe took father's green shoe
bench out. Each row represents a Peristimulus time histogrampéth ) constructed
from the ring rates of auditory nerve bers, which are arranged by their Characteristic
Frequency ¢f ) (high-to-low). The lower panel shows a sound spectrogram of the same
sentence to emphasize the similarities between the two, including ner details such as
the format transitions in the word green (see ellipses). Copied from Delgutte (2002).
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transmit the majority of information to the auditory nerves, while outer hair cells like to
dance and are involved in active ampli cation of the motions of the basilar membrane.
The release of glutamate from the base of the inner hair cells activates neurons in the
spiral ganglia, whose axons are bers of the auditory ner¢e Each auditory nerve bre

is most sensitive at a speci ¢ frequency - the Characteristic Frequencgf() of the cell.

If the sound level threshold for ring of the nerve ber for each frequency is measured,
the cf is the frequency where this threshold occurs at the lowest sound level.

Within auditory nerves, there are broadly three general information encoding
strategies: place code, rate code and temporal code. The tonotopic arrangement
of cf s amongst auditory bers represents a place code for frequency. The rate
code provides the basis for the processing of sound intensity in the auditory system.
As the sound level increases, the bers of the auditory nerve re more vigorously
(higher number of spikes per unit time i.e. spike rate ), up to an intensity which
will cause the ring rate to saturate. Di erent groups of bers have di erent intensity
thresholds, sensitivity and dynamic ranges. Interestingly, a recent paper by Rahman
et al. (2020) found that incorporating a multi- ber model of the cochlear processing
allowed for more accurate predictions of the cortical neuronal responses thus validating
its computational importance. The combination of di erent frequencies and intensities
that each auditory nerve bre responds to can be represented by its Frequency Response
Area (fra ). We will use this simple yet powerful tool extensively in Chapters 2 and 3.
The fra allows for the identi cation of two key properties of the auditory nerve bers,
but also auditory neurons more generally: (1%f , the pure tone frequency eliciting
a response at the lowest sound level the bre is responsive to (threshold level); (2)
Best Frequency bf ), the frequency eliciting the maximum response across frequency
for a xed sound level. The third coding strategy, temporal coding, can be seen in
the phase-locked ring of nerve bers in response to sound frequencies up td.5kHz,
going to 4kHz in di erent species (Palmer and Russell, 1986; Koppl, 1997; Kettner
et al., 1985; Sumner and Palmer, 2012). Each nerve ber has a higher probability of
ring at a particular phase of the sine wave for a given frequency. This phase locking is
somewhat stochastic as the ring of the nerve bers may coincide with a phase of the
waveform which is not necessarily its peak. Although an individual ber cannot re at
every sound wave peak, the combined e ort of many bers together can allow reliable
phase-locking by the so called volley principle or volley theory. First proposed in

2Part of the VIlIth cranial nerve
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the 1930s by Bray and Wever (Wever and Bray, 1937), the volley principle states that
auditory nerve bers re action potentials slightly out of phase with one another, such
that when their spiking is combined, they can phase-lock to frequencies much higher
than the individual bers.

Due to the combined e orts of these three encoding strategies, the distribution of
activity across the population of auditory nerve bers provides a sort of neurogram
of the sound (Figure 1.2B). Thus, there is a strong correspondence between a sound
spectrogram and the neurogram composed from the auditory nerve bers indicating
that many of the sound features, including ne spectral details and modulations, are
faithfully transmitted.

1.2.2 Cochlear Nucleus

The next step along our auditory tour brings us to the Cochlear Nucleuxii). The
auditory nerve bers synapse onto cells in then of the brainstem, which has three
distinct regions, each of which preserves the tonotopy established earlier. One branch
of the auditory nerve enters the Anteroventral Cochlear Nucleusagcn ), while another
branch synapses in the Posteroventral Cochlear NucleusvEn ) and then proceeds
onto the dorsal division @dcn). cn neurons come in several di erent types, which are
characterised by their anatomical location, morphology, physiology, synaptic inputs,
and temporal and spectral response properties. A detailed discussion of these cell types
is beyond the scope of this thesis. The subdivision of the ventrah represents two
main pathways to extract and enhance frequency and timing information: the sound
localization path (avcn ) and the sound identi cation path (pven) (Young and Oertel,
2004). Theavcn provides input to the superior Superior Olivary Complex goc),
the rst structure where information from both ears is combined, where Interaural
Time Di erence (itd ) and Interaural Level Dierence (ild ) are represented (Carr,
1993). Broadly tuned cells in thepvcn compute estimates of a level invariant spectral
representation of sound (May et al., 1998).

1.2.3 Superior Olivary Complex

Auditory signals from the two ears are rst combined at the level of thesoc of the
brainstem, which thus plays an important role in extracting binaural information
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related to spatial hearing. The Medial Superior Olive riso) is dedicated to the
processing oftd s, whileild s are encoded by neurons in the Lateral Superior Olive
(Iso ). The mso contains cells with bipolar dendrites that extend both medially
and laterally (Purves et al.,, 2004). The lateral dendrites receive input from the
ipsilateral aven , and the medial dendrites receive input from the contralateradvcn
(both inputs are excitatory). As might be expected, themso cells work as coincidence
detectors, responding when both excitatory signals arrive at the same time (Brand et al.,
2002). This requires a faithful representation of the timing of peripheral events on a
microsecond time scale, which is made possible by low threshold voltage-gated potassium
channels, unusually rapid-acting transmitter-gated channels, and exceptionally large
nerve terminals (Trussell, 1999). Thdso in each hemisphere receives direct excitatory
inputs from the ipsilateral avcn and indirect (via the trapezoid body) inhibitory inputs
from the contralateral cn, which allowsild s to be computed by integrating level
information from both ears (Sanes, 1990). Spatial information is best represented for
stimuli originating in the frontal hemi- eld of space, especially closer to the midline by
neurons in both themso and Iso (Phillips and Irvine, 1981; McAlpine et al., 2001). It

is also worth noting that apart from processing binaural spatial information, neurons
within the soc could play an important role in preserving the dynamic range of the
input inherited from the cn, facilitated by inhibitory descending projections (May and
Sachs, 1992).

1.2.4 Nucleus of the Lateral Lemniscus

A second major pathway from thecn bypasses thesoc and terminates in the Nucleus of
the Lateral Lemniscus (ll ) on the contralateral side of the brainstem (see Figure 1.1).
These particular pathways respond to sound arriving at one ear only and are thus
referred to as monaural. Some cells in the lateral lemniscus nuclei signal the onset of
sound, regardless of its intensity or frequency, while other cells in the lateral lemniscus
nuclei process other temporal aspects of sound, such as duration (Nayagam et al.,
2005). The precise role of these pathways in processing temporal features of sound is
not yet known. As with the outputs of the soc, the pathways from the nuclei of the
lateral lemniscus converge at the Inferior Colliculusic).
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1.2.5 Inferior Colliculus

Next, we arrive at theic. At the level ofic, temporal and spectral information have been
proposed to be topographically but mutually orthogonally mapped (Langner, 1992).
The ic also play a central role in multisensory and other non-auditory contributions to
hearing as it is a necessary relay for most of the ascending and descending auditory
information (for a detailed overview see Casseday and Winer (2005)).

Positioned fairly early on in the auditory system, theic consists of the Central
Nucleus of the Inferior Colliculus ¢nic ) and a surrounding shell, which can be
subdivided into the Dorsal Cortex of the Inferior Colliculus ¢icic ) and Lateral Cortex of
the Inferior Colliculus (Icic ). The cnic primarily sends ascending auditory information
to the thalamus (e.g. Kudo and Niimi (1980) and Calford and Aitkin (1983)) which
then reachac. The shell portions of theic also project to the auditory thalamus (Kudo
and Niimi, 1980; Calford and Aitkin, 1983) as well as the superior colliculusg) (from
the dorsomedial part of theic: Druga and Syka (1984); shell of théc: Zhang et al.
(1987); rostal pole of theic: K Harting and Van Lieshout (2000)), and descending
information projects back to the auditory brainstem (see Hu man and Henson (1990)).

In the mouse, thedcic is located super cially and thus it has been possible to
investigate its function usingin vivo two-photon calcium imaging. Such studies have
highlighted the boundary between thedcic and the cnic (Barnstedt et al., 2015) more
precisely comparing to prior microelectrode recordings (Portfors et al., 2011). The
Barnstedt et al. (2015) study con rmed the tonotopic organization of thecnic , which
can be divided into iso-frequency laminae de ning a low-to-high, dorsal-to-ventral
gradient of bf s (Merzenich and Reid, 1974; Portfors et al., 2011). On the other hand,
tonotopy in the dcic appeared to be less clear in both electrophysiological and imaging
studies (Barnstedt et al., 2015; Ito and Oliver, 2014; Casseday and Winer, 2005).

The processing that occurs withinc and earlier nuclei is thought to sharpen the
spectral peaks of natural complex sounds (Shamma, 2000). This is accomplished via
lateral inhibition across neurons, according to their frequency selectivity. In general, the
rst evidence of non-monotonic rate-level functions in the auditory system are observed
in ic (Irvine and Gago, 1990), although in the guinea pig these have been observed as
early as thecn (Stabler et al., 1996). A rate-level function de nes the relationship
between the sound level and the ring rate of the neuron. A non-monotonic rate-level
function is a function, where the ring rate of the neuron is not consistently increasing
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or decreasing with increasing sound level, de ning a more complex relationship between
the two (Hell et al., 2011). Many of the neurons in thec show bandpass sensitivity to
the sinusoidal amplitude modulation of sounds (George et al., 2016).

1.2.6 Medial Geniculate Body

Our nal stop of the subcortical auditory tour is the Medial Geniculate Body (ngb).
The mgb in the thalamus is the auditory relay station between thec and ac and
receives convergent inputs from the separate spectral and temporal pathways in lower
areas. Consequently, it has been argued that thagb is the rst structure where cells
are found to respond to more complex spectro-temporal patterns (Sharpee et al., 2004;
Atencio et al., 2012; Atencio and Sharpee, 2017) (see Figure 1.3C). While preserving a
tonotopic organization (Imig and Morel, 1985), cells in thengb are also selective to
speci ¢ combinations of frequencies and speci ¢ time intervals between frequencies (on
the order of milliseconds) (Bartlett, 2013). Although it is often described as a sensory
relay in textbook accounts, the mgb is a much more rich structure akin to a funhouse
mirror (Bartlett, 2013), due to its Itering and distortion of incoming inputs so as to
facilitate the representation of relevant sensory features iac later on (Sherman and
Guillery, 2002). The mgb also plays an important role in multisensory integration, e.g.
facilitating interactions between the somatosensory and auditory systems (Lohse et al.,
2020b).

Growing evidence suggests that specialized thalamic circuits involvimggb can
play an important role in determining the behavioural signi cance of sound stimuli
(Weinberger, 2011). Recently, projections from the amygdala to the thalamic reticular
nucleus ¢rn ) of mgb were found to amplify cortical sound responses (Aizenberg et al.,
2019). Conversely, neurons within thengb project onto the amygdala themselves and
can modulate its activity. These projections are thought to underlie the conditioning of
emotional reactions to acoustic stimuli (Clugnet et al., 1990; Farb and LeDoux, 1997).

It is also worth pointing out that the ventral divisions of mgb maintain a clear
tonotopic organisation, similar tocn, soc, nll and the core parts ofic. In contrast,
the dorsal divisions of themgb lack a clear tonotopic order similar to the shell regions
of the ic described before. These tonotopically organized auditory midbrain amdgb
structures are sometimes referred to as lemniscal , and those lacking clear tonotopy
as nonlemniscal. In addition, despite the fact that most ascending thalamic inputs
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come fromic, there also exists a direct, non-tonotopic, short-latency projection from
the dorsalcn to the medial devision of themgb (Malmierca et al., 2002; Scho eld
et al., 2014), which may play a role in multisensory integration.

1.3 Cortical auditory processing

The mammalian ac typically consists of a core area composed of primaac and
potentially other elds, for example the Anterior Auditory Field (aaf ), surrounded
by other areas, often named belt or secondary elds, and tertiary areas (parabelt)
(Malmierca, 2013). While auditory activity in cortex occurs far beyondac proper
(Meredith et al., 2009), in this chapter | will focus on primaryac and its surrounding
elds.

1.3.1 Auditory cortex: Bird's-eye view

Whether ac represents just acoustic features or building blocks for “auditory objects’
is a longstanding question (Nelken et al., 2003; Mizrahi et al., 2014; Nelken et al.,
2014; Wang, 2013; Chechik and Nelken, 2012). Tl is an integral part of the
network of brain regions responsible for generating meaning from sounds, auditory
perceptual decision-making, and learning (King et al., 2018). Here | will review haae
builds progressively more complex acoustic features, as compared to simpler subcortical
processing steps, in addition to exploring the role ac in cognition, learning, and
decision making (Figure 1.3).

As we described in subsection 1.2.1, the tonotopic organisation of auditory space is
established early in the auditory pathway at the level of the cochlea and mantained
throughout the subcortical processing stages. Within primargac, the local circuits are
organized tonotopically (Figure 1.3B, left column, bottom), although there has been a
substantial controversy as to how tight this organization is (Rothschild et al., 2010;
Guo et al., 2012; Kanold et al., 2014; Zeng et al., 2019; Tischbirek et al., 2019). We
will hold o a detailed discussion of this issue for section 1.4 and Chapter 2. For now
we will focus on the spectro-temporal tuning properties of cortical neurons.

The tuning properties of auditory neurons, including those odc, are de ned by
their receptive elds, which describe the stimulus features to which they are most
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Fig. 1.3 Auditory cortex properties.

A, Throughout the auditory system raw cochlear inputs are structured into biologically
relevant percepts (auditory objects). This transformation requires a complex ensemble
of non-linear computations, which are schematized as a multilayer network linking
simple non-linearities (e.g. spike threshold) with an elaborate connection graph that
includes feedforward, feedback and lateral connectionB., Beyond simple computations
such as spatially organized frequency tuning, i.e. tonotopy (left), thec displays a
number of non-linear computations sketched in the middle column, including sensitivity
to sound onsets and o sets of particular amplitude, Amplitude Modulation &m)
frequencies, or even harmonicity. Also, generic response properties, such as invariance
to modi cation of acoustic parameters (top right) and discrete coordinated population
response switches (bottom right).C, Spectro-Temporal Receptive Fieldgtrf ) at

di erent levels of the auditory system. Inic, some neurons havetrf s that are
narrowly tuned in time, but broadly tuned in frequency (left panel) or narrowly tuned
in both time and frequency (right panel). Thalamic neurons have greater latencies
than ic neurons (left panel) and also demonstrate selectivity to patterns in time, e.g.
a descending tone sweep (right panelstrf s are slower and more complex in thac.

A and B copied from Kuchibhotla and Bathellier (2018), C copied from Theunissen
and Elie (2014).
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responsive. Auditory neurons are most commonly characterized by their sensitivity
to sound frequency and a popular method is th&a , which captures the neuronal
responses to di erent frequency-level combinations (Schnupp et al., 2011). Tsef is

the dominant computational tool for modeling the responses of auditory neurons, which
captures not only their frequency preference but also sensitivity to the recent history
of the sound stimulus (de Boer and Kuyper, 1968; Aertsen and Johannesma, 1981;
Theunissen et al., 2001). Most widely used as part of a linear-nonlinedn () model,

an strf comprises a set of coe cients that describe how the response of the neuron at
each moment in time can be modelled as a linear weighted sum of the recent history of
the stimulus power in di erent spectral channels (Figure 1.3B,C). So how do th&trf s

of ac di er from other subcortical structures like the ic? Using ideas from information
theory, relying on the maximally informative dimensions ihid) approach, it has been
found that multiple stimulus dimensions are required to describe the responses of
neurons in primaryac (Sharpee et al., 2004; Atencio and Sharpee, 2017), whereas a
similar approach requires only a single dimension to describe the majority of neurons
in the ic (Atencio et al., 2012). This suggests that neuronal complexity is higher in
the cortex and that this complexity can be captured by nonlinear combination of the
responses of multiple simpler units (Harper et al., 2016), a nding that also seems to
hold true in the ac equivalent in the songbird (Figure 1.3C) (Kozlov and Gentner,
2014, 2016).

The idea that sensory systems build a hierarchical feature representation (Fig-
ure 1.3A) has been quite prominent since the seminal discoveries of Hubel and Wiesel
(1962). In the visual system, inputs from neurons within the Lateral Geniculate Nucleus
(Ign ) can be combined to generate the receptive elds of simple cells in Primary
Visual Cortex (v1), and in turn the output of several simple cells can be pooled
to create a phase-invariant complex cell (Carandini, 2005). The connectivity and
structure of the visual system has been an important inspiration for the creation of
convolutional neural networks, one of the workhorses of modern deep learning, where
increasingly more complex features are developed with each successive layer (Lecun
et al., 1998). In turn, deep convolutional neural networks have become one of the
most successful quantitative models of various aspects of human and animal vision,
predicting well both task performance and neuronal activity (Yamins et al., 2014,
Lindsay, 2020).
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In the auditory system, a similar hierarchical convolutional neural network has
proven equally successful at capturing behavioural and physiological propertiesasf
(Kell et al., 2018). Interestingly, Kell et al. (2018) found that a deep network with
random weights performed well above chance in both some of the auditory tasks and in
predicting ac activity, highlighting the importance of deep hierarchical representation
(Figure 1.3A). Other authors have suggested that a deep recurrent neural network
might be a better model of auditory processing (Thompson, 2020). Combining acoustic
(spectro-temporal) features in the auditory system is not as straightforward as in
the visual system, e.g. there are no obvious equivalents of simple and complex cells.
Nonetheless, there are some interesting examples. A recent study showed that the core
ac of primates includes cells that speci cally detect patterns of frequency harmonics
and act as harmonic templates (Figure 1.3B, middle column, bottom), i.e. they can
pull information from other cells with bf s that are multiples of one another (harmonics)
(Feng and Wang, 2017). Other emergent properties include the detection of sound
onsets and o sets of particular amplitude, which re ected multi-layered non-linearities
(Deneux et al., 2016), and also sensitivity t@am frequencies (Gao and Wehr, 2015)
(Figure 1.3B, middle column, top and middle). There is a build-up in the complexity
of the sound representation withinac itself. In a recent study, Norman-Haignere
and McDermott (2018) used an iterative procedure to synthesize arti cial sounds
which would give identical responses to natural sounds when presented to a model of
cortical processing based on a bank sfrf s. When presented to human participants,
the synthetic model-matched stimuli were indistinguishable from natural sounds in
the responses of primanac, while the natural stimuli were much more e ective in
driving secondaryac, suggesting that it represents sound properties beyond simple
spectro-temporal features.

In addition to becoming sensitive to progressively more complex sound features,
auditory cortical neurons exhibit more generic properties associated with perceptual
phenomena, such as invariance. Invariance refers to the stability of representations with
respect to small changes in acoustic parameters. Two recent studies in rats have shown
that auditory cortex neurons respond to vocalizations or water sounds with a certain
degree of robustness against various acoustic modi cations (Carruthers et al., 2015;
Blackwell et al., 2016). Interestingly, invariance for vocalization was tested both in
primary and non-primary auditory cortex and was found to be more pronounced in non-
primary areas (Figure 1.3B, right column, top), suggesting that invariance properties
progressively emerge along the cortical hierarchy, correlating with the weakening of the



1.3 Cortical auditory processing 17

tonotopic map (Issa et al., 2014). Similarly, invariant representation of natural stimuli
corrupted by background noise has been found to be more prominent in non-primary
human ac compared to primary (Kell and McDermott, 2019). Neurons in the Primary
Auditory Cortex (a1) of the ferret (Rabinowitz et al., 2011, 2012) and mice (Cooke
et al., 2018) show compensatory adaptation to sound contrast (de ned as the variance
of the sound level distribution). When the contrast of the input to a given neuron
is high, the gain of the neuron is reduced, thereby making it relatively insensitive to
changes in sound level. When the contrast of the input is low, the gain of the neuron
rises, increasing its sensitivity. In another ferret study, Rabinowitz et al. (2013) found
that the subcortical structures are a ected more by the addition of noise thamac
and that noise tolerance was correlated with the adaptation to stimulus statistics, so
that populations that showed the strongest adaptation to stimulus statistics were also
the most noise-tolerant. This study shows that the increase in adaptation to sound
statistics from auditory nerve to midbrain to cortex is helping in the construction of
noise-invariant sound representations in the higher auditory brain. In Chapter 4 we
will explore such invariant representation in ferretac to a non-stationary auditory
noise caused by echoes (reverberation).

Going beyond representations of natural sounds, ttee is believed to have important
cognitive roles such as auditory scene analysis, prediction and decision making, in
addition to being critical for many types of learning. We will brie y review those below
before proceeding to describing the ferredc.

One of the main functions of the auditory system is to separate attended sound
sources from an often complex mixture of competing stimuli. Important acoustic
features like sound intensity, pitch, timbre and location need to be processed separately
and then combined so as to form a coherent auditory percept, which ultimately leads
to the isolation of distinct auditory objects (Gri ths and Warren, 2004). Despite
the fact that some elements of auditory scene analysis have been observed at various
subcortical stages (Pressnitzer et al., 2008; Kondo and Kashino, 2009; Yao et al., 2015),
it is ultimately at the level of ac where the features extracted from sound stimuli and
top-down attentional mechanisms converge (Shamma et al., 2011). Thus, many recent
studies have highlighted the crucial role o&c in delivering perceptual representations
that are stable, created on the basis of grouping and segregation of spatial, temporal
and spectral regularities inherent in the auditory environment (Puvvada and Simon,
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2017; Alain et al., 2017; Teki and Gri ths, 2016; Teki et al., 2016; Christison-Lagay
et al., 2015; Fishman et al., 2014).

Another important aspect of the functioning of the auditory and other sensory
systems is the anticipation and prediction of future input. A very in uential paradigm
in the eld has been that of predictive coding, rst championed by Rao, Ballard and
Friston. In the predictive coding framework the nervous system is believed to learn to
anticipate future input, which is then compared to the incoming sensory information
and a prediction error signal is generated which contains the more salient information
from the external world (Rao and Ballard, 1999; Friston, 2005). Due to their periodic
nature, stimuli evoking pitch perception are inherently predictable and predictive
coding has been successful in explaining pitch representation within various areas of
the ac in a hierarchical and distributed fashion (Kumar et al., 2011). Interestingly,
many of the key components of the predictive coding framework, such as prediction
precision, prediction change, surprise and prediction error have all been observed in
the ac (Sedley et al., 2016). Other studies have shown that neurons in primaag are
sensitive to surprise and deviations from a repeated sound pattern (Polterovich et al.,
2018) and that they can encode prediction error (Rubin et al., 2016). It has also been
observed that the signals associated with prediction error tend to increase along the
auditory system, becoming more prominent imc (Parras et al., 2017). In addition,
Singer et al. (2018) have shown that a neural network trained to predict future sound
stimuli from those in the recent past produces receptive eldss{rf s), which are
gualitatively and quantitatively similar to those found in the ac, underscoring the
importance of prediction in the auditory system.

In classical textbook accounts of decision making, this ability has been ascribed
to higher cortical areas, such as prefrontal and parietal cortices, in conjunction with
certain subcortical structures like the basal ganglia (Purves et al., 2004). Nonetheless,
new experimental evidence is emerging arguing thatc represents decision-related
signals and behavioural choice variables, in addition to its more traditional role of
encoding spectro-temporal and other physical sound features (Francis et al., 2018; Niwa
et al., 2012; Bizley et al., 2013; Runyan et al., 2017). An elegant study by Tsunada et al.
(2016) used micro-stimulation in macaqueac to demonstrate a causal contribution to
auditory perceptual decision-making.

Finally, ac is also crucial for various types of learning. Some of the learning is of a
more passive nature, relying on the identi cation of certain statistical regularities in
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the sounds being presented. In the songbird, microelectrode recordings from forebrain
areas that functionally correspond to theac in mammals have delivered evidence
for statistical learning, which manifested as a reduction in the ring rate of neurons
for familiar versus novel sequences (Lu and Vicario, 2014). In humans and monkeys
that were exposed to passive learning involving sequences of pseudo-speech stimuli
governed by an arti cial grammar structure, it was observed that violating the rules

in these sequences activated homologous cortical areas, in addition to modulating
nested low-frequency phase and high-gamma amplitude coupling in tae (Wilson

et al., 2015; Kikuchi et al., 2017). Such oscillatory coupling is believed to facilitate
speech processing in the humaac, thus potentially representing a mechanism for the
analysis of auditory sequences that is conserved evolutionarily (Giraud and Poeppel,
2012). There have been also a plethora of studies that demonstrate that changes in the
encoding of stimulus properties irac neurons is associated with perceptual learning
(Irvine, 2018). Such learning commonly involves the overrepresentation of stimuli in
ac which were used for training, and the amount of plasticity in these representations
is believed to be indicative of both the strength of the associative memory and the
behavioural importance of the auditory stimuli (Bieszczad and Weinberger, 2010). An
interesting recent study found that when gerbils are trained to detect changes in an
amplitude-modulation task, there was a strong correlation in the time course of cortical
and behavioural plasticity, in addition to a diminished learning capacity wherac
was inactivated, without a ecting detection thresholds (Caras and Sanes, 2017). The
adaptation observed after training on a spatial task with one of the ears plugged was
impaired whenac was inactivated in ferrets (Nodal et al., 2012; Bajo et al., 2019).
A few neuromodulatory systems have been proposed as plausible candidates for the
mediation of reinforcement signals and information about behavioral context tac
which thus would play a pivotal role in sound processing and plasticity. These include
the cholinergic basal forebrain (Froemke et al., 2013) and the noradrenergic locus
coeruleus (Glennon et al., 2019). In line with this view, recent studies have shown
that cholinergic inputs primarily target inhibitory interneurons in the ac (Nelson and
Mooney, 2016; Kuchibhotla et al., 2017), indicating that the excitatory-inhibitory
balance might be a ected transiently during learning (Carcea and Froemke, 2013).
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Fig. 1.4 Auditory cortex of the ferret.

A, Location of ferret auditory cortex on the middle, anterior and posterior ectosylvian
gyri (meg, aeg and peg, respectively). The suprasylvian (sss) and pseudosylvian (pss)
sulci are also labelledB, The inset shows the location of eight auditory cortical elds:
the primary and anterior auditory elds (a1 and aaf ), the tonotopically organized
Posterior Suprasylvian Field psf) and Posterior Pseudosylvian Field gpf), and
the non-tonotopic Anterior Dorsal Field @df ) and Anterior Ventral Field (avf ),
ventroposterior area yp) and anterior ectosylvian sulcal eld (faes). The color scale
shows the tonotopic organization of these auditory cortices, as visualized using optical
imaging of intrinsic signals. Copied from Bizley and King (2009).

1.3.2 Ferret auditory cortex

After this quick tour of the auditory system and more general overview ac we will
brie y review the ferret as a model organism and describe some basic anatomical and
physiological features of itsac since the majority of the experiments during my DPhil
involved ferrets and | focused on the properties @ic .

Ferrets (Mustela putoriug are a popular animal model in auditory science, as they
are well suited to both behavioural and physiological studies of hearing. They can be
trained to perform a variety of sound localization (Nodal et al., 2008; Bizley et al.,
2007Db; Kacelnik et al., 2006; Kelly and Kavanagh, 1994), discrimination (Walker et al.,
2009), and detection tasks (Hine et al., 1994; Kelly et al., 1986b, 1996; Fritz et al., 2007,
Fritz, 2005). The range of sound frequencies that are audible to ferrets (approximately
20Hz 44 kHz) entirely overlaps, and extends beyond, that of humans (Nodal and
King, 2014). In contrast to many rodents (Kelly and Kavanagh, 1994), particularly
mice, whose audible range is shifted to higher frequencies, the sensitivity of ferrets to
low-frequency sounds allows the study of various aspects of hearing, including pitch
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perception, sound localization, and the processing of communication calls, within a
similar frequency range to that used by humans (Nodal and King, 2014).

Similar to other mammals, there are several ferret auditory cortical areas that
possess di erent functional properties (Kowalski et al., 1995; Nelken et al., 2004;
Bizley et al., 2005) (Figure 1.4). The Ectosylvian Gyrusdg) of the ferret is divided
into Middle Ectosylvian Gyrus (meg), Anterior Ectosylvian Gyrus (aeg), Posterior
Ectosylvian Gyrus (peg) (Figure 1.4A). The meg comprises the primary auditory
cortex (a1) and the anterior auditory eld (aaf ). The neurons that are located in these
areas tend to have short latencies when responding to sounds. In addition, the and
aaf neurons are organised in topographic fashion according to thdif in tonotopic
maps, with the tip of the meg representing highetbf s, which get progressively lower as
we go further away towards theaeg and peg (Figure 1.4B). It is well established that
there are homologous primary areas in other mammals which resemhbteand aaf ,
including humans (Nodal and King, 2014). However, guring out the homologues to
the ferret secondaryac areas has been less straightforward. In addition to the primary
al and aaf , there are two more secondary areas along tipeg which are tonotopically
organised, theppf and psf (Figure 1.4B). The neurons located irppf and psf can be
delineated from the primary areas according to the temporal characteristics of their
responses (Bizley et al., 2005). There are also two other secondary areas located in
the aeg, the anterior dorsal and ventral elds (@df and avf ), where neurons are
sound responsive but do not exhibit the same tonotopic structure ggpf and psf.
These areas are primarily tuned to higher frequencies. Most of the areas in ferret
ac in addition to responding to sounds, have been shown to receive visual inputs
which originate in di erent parts of the visual cortex (Bizley et al., 2007a). In light
of this, the ventral-most region in theaeg, the avf (Figure 1.4B), is probably more
accurately described as a higher level multisensory area, owing to the fact that it houses
a fairly large number of visually responsive cells and it is in very close proximity to
a somatosensory eld (Keniston et al., 2009). Additional studies have underscored
the multisensory properties of neurons located in thaeg in general (Ramsay and
Meredith, 2004; Manger et al., 2005). Multisensory inputs from other modalities tac
have been reported in other mammals too, including primates (Kayser et al., 2009).
The roles of such connections are not well understood. One possibility is that they
improve the ability of auditory cortical neurons to encode the identity (Ghazanfar
et al., 2008; Kayser et al., 2010) or location (Bizley and King, 2008) of the sound
source.
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Studies of the ferretac have provided important insights into the encoding and
representation of various sound properties such as spatial location, periodicity and
timbre (Schnupp et al., 2001; Bizley et al., 2009; Walker et al., 2011) in addition
to furthering our understanding of how cortex represents natural sounds like speech
(Rabinowitz et al., 2013; Mesgarani et al., 2008, 2009). Using arti cial vowel sounds to
explore pitch and timbre perception, Bizley et al. (2009) discovered that di erent cortical
areas represent both spatial and non-spatial sound features in a distributed fashion.
However, the representation was not entirely di use as neurons within certain areas
contained more information in their ring patterns about pitch or timbre (what),
while the ring of neurons in other areas was more strongly modulated by sound
location (where ). These ndings are broadly in line with ndings in both human
and non-human primates, where the concept of distinct ventral and dorsal processing
streams is widely accepted. These were initially assigned to what and where
functions, respectively, but their precise functions, and the extent to which they
interact, continue to be debated (Cohen et al., 2016; Albouy et al., 2017; Da Costa
et al., 2018; Rauschecker, 2018). At the same time, recordings in the feraet have
revealed that sound stimulus attributes are not only coded by di erent spatial patterns
of neural activity but also by di erent temporal patterns within the same population
(Walker et al., 2011). Concretely, the ring rate of a given neuron can be modulated
by the identity (i.e., spectral timbre) of an arti cial vowel sound in one time window
and the periodicity of the vowel in a later time window. This type of coding strategy
is known as multiplexing and it means that neurons can perform mutually invariant
information coding of two or more perceptual features. It was shown quite elegantly
by Walker et al. (2011) that the faster temporal encoding for vowel identity compared
to periodicity in the neural data was mirrored in the behaviour of the ferrets where
they detected changes in vowel identity faster than those in periodicity. This cortical
processing strategy potentially allows for a more dynamic representation of perceptual
attributes or even the acquisition of representations of new attributes that become
relevant or are learned through behavioral training.

After reviewing the more general properties and features of the auditory system
and ac, we will now focus on more speci c topics which will allow us to understand
the context for the three results chapters in this thesis. The rst topic that we will
explore is that of cortical tonotopic maps.
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1.4 Cortical tonotopic maps

A common textbook view of sensory cortices is that they are organised according to the
same general schema, regardless of what computation is performed in each area (Adesnik
and Naka, 2018). For example, visual thalamic input rerouted tac in the ferret led

to the development of visual receptive elds in the otherwise auditory neurons (Roe

et al.,, 1992). According to this canonical model of cortex (Douglas and Martin, 2004),
information ows from the thalamus to cortical layer 4 via thalamocortical synapses,
and in turn the layer 4 neurons send the information further to neurons in layers
2/3, which are thought of as the main computational layer of cortex, and nally
layer 2/3 neurons connect to layer 5 (Dantzker and Callaway, 2000; Shepherd and
Svoboda, 2005). The canonical model of cortical circuits represents the accumulation
of neuroanatomical and neurophysiological data for a few decades, primarily from
studies of the circuitry of visual cortex, where the microcircuitry was rst explored
more thoroughly (Adesnik and Naka, 2018). However, this simple view has also been
challenged, e.g. we now know that in the somatosensory system thalamus can send
direct projections to deeper cortical layers circumventing the layer 4-to-layer 2/3 route
(Constantinople and Bruno, 2013).

As mentioned earlier, in the primaryac of all species studied to date, there is a
characteristic map that mirrors the tonotopic layout of sound frequencies at the sensory
periphery, the cochlea. We already discussed the tonotopic organisation of feraget
in subsection 1.3.2. In the mouse, as in many other species, high frequencies are
represented in the rostral part of the cortex and low frequencies in the caudal (Stiebler
et al.,, 1997; Guo et al., 2012; Kanold et al., 2014). This 1D tonotopic axis in both
species, ferrets and mice, can be considered the analog of 2D space in the somatosensory
and visual cortices, in the sense that it re ects the way the receptors are organised in
the sensory periphery. However, because the representation of sound frequency along
the cochlea is intrinsically 1D, the organization ofc along the axis perpendicular to
the cortical tonotopic axis cannot be inferred in an obvious way from the organization
of the sensory periphery (Read et al., 2002ac is therefore functionally anisotropic:
the functional organization along the tonotopic axis is qualitatively di erent from the
organization orthogonal to the tonotopic axis. Taking this into account, theac di ers
from both the somatosensory and visual cortices, where the 2D organization of the
peripheral receptors is re ected more directly within cortex itself (Oviedo et al., 2010;
Oviedo, 2017).
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In Chapter 2, we will address these questions in order to gain better understanding
of the cortical tonotopic structure in the ferret, compare it to the mouse, try to elucidate
the logic behind the local tonotopic variability, and attempt to reconcile some of the
di erences between electrophysiological and 2-photon calcium imaging studies.

1.5 Cortical inhibitory neurons

The second question that | wanted to explore in my DPhil also relates to the organization
and properties of theac. Here, | wanted to investigate how di erent neuronal types,
namely excitatory pyramidal and di erent types of inhibitory neurons found inac,
di er in their tuning properties and how they might interact with one another during
the cortical processing of sound information. Therefore, we will brie y review the
current knowledge on cortical neuronal types, holding o a more detailed introduction
of excitatory-inhibitory circuits in audition for Chapter 3.

The realisation that neurons in the brain are highly diverse dates back to the
seminal anatomical studies of Santiago Ramén y Cajal and Lorente de No (DeFelipe
and Jones, 1988). Despite this incredible diversity, virtually all cortical neurons fall
into one of two classes: 1) glutamatergic Excitatory neurongxc ), or principal cells,
which propagate signals within and among various brain regions; 2}aminobutyric
acid (GABAergic) Inhibitory neurons (inh )3, which gate signal ow and sculpt network
dynamics (Figure 1.5) (Connors and Gutnick, 1990; McCormick et al., 1985; Zeng and
Sanes, 2017). The observation that the abundance of short-axon cells increased during
evolution, which we now know correspond mostly tcnh, prompted Cajal to state that
inh are responsible for the functional superiority of the human brain (DeFelipe and
Jones, 1988). Recently, GABAergic neurons have been classi ed by electrophysiological,
morphological and molecular characteristics (gene expression patterns). Tihe can be
broadly divided into three large families, characterized by single genetic markers which
are non-overlapping and account for almost 100% of all GAD-expressing neurons: the

3Also referred to as GAD neurons due to the expression of the Glutamate decarboxylase (GAD)
enzyme which produces GABA.
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Fig. 1.5 Cortical excitatory-inhibitory circuits

A, Diagram of excitatory inhibitory circuit with recurrent connections. Theoretical
and experimental studies demonstrate that inhibition stabilizes between excitatory
and inhibitory neurons in the auditory cortex. B, Inhibitory excitatory network
can be extended to include several interneuron subtype€., Schematic diagram of
connectivity between select neurons in the auditory cortex (note that layer-specic
information is omitted here): Exc: Excitatory neurons; PV: parvalbumin-positive
interneurons; SOM: somatostatin-positive interneurons; VIP: vasoactive intestinal
peptide-positive interneurons; TC: Thalamo-cortical projection neurons. All neuron
types receive additional inputs from other brain areas, which were omitted from the
diagram for simplicity. Open circles: excitatory synapses; closed circles: inhibitory
synapses. Solid lines indicate dominant projections; dashed lines indicate occasional
connections. Copied from Blackwell and Ge en (2017).

calcium binding protein parvalbumin (PV)?, the neuropeptide somatostatin (SOM),
and the neurotransmitter 5-hydroxytryptamine 3a receptors (5-HT3A) (Figure 1.5C)
(Lee et al., 2010; Rudy et al., 2011; Zeisel et al., 2015; Tasic et al., 2016). These three
cardinal classes are often further subdivided: Parvalbumin neuronp\) into basket
cells targeting the soma and proximal dendrites oéxc and other pv, and chandelier
cells targeting the axonal initial segment ofexc. The majority of fast-spiking cells
observed in electrophysiological experiments apy, although the other classes can
also sometimes show such ring propertiegov are the most numerous ( 40%) and
best-studied corticalinh . Somatostatin neurons gom) ( 30%) are subdivided into

“Note that we will use GAD, PV, SOM, 5-HT3A, VIP font for the protein markers and gad, pv,
som, 5-ht3a , vip font to indicate the types of neurons, to distinguish between proteins and neuronal

types.
SCommonly referred to as Sst too.
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