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Abstract

While sensory environments can vary dramatically in their statistics,
neurons have a limited dynamic range with which they can encode sen-
sory information. In sensory cortex, this problem is in part resolved
by the systematic adjustment of neural gain in accordance with the
contrast of sensory input. This computation can produce contrast in-
variant representations in cortex that are also more resilient to static
background noise. In visual cortex shunting inhibition by parvalbu-
min (PV) expressing interneurons and contrast-dependent membrane
potential variance have been shown to contribute to contrast gain con-
trol (CGC), but whether these mechanisms underlie CGC in auditory
cortex (AC) is currently unknown. I aimed to investigate the contribu-
tions of these mechanisms to CGC in mouse AC, as optogenetic methods
for the circuit level interrogation of the nervous system are well estab-
lished in that species. First, I characterised CGC in the anaesthetised
mouse by performing large scale extracellular recordings across all lay-
ers of Al. I found that CGC is present in units recorded in all layers of
mouse AC and is marginally stronger in deep layers, implicating intra-
cortical mechanisms in the generation of this CGC. In order to investi-
gate whether PV interneuron activity is capable of modulating the gain
of sensory responses, I performed extracellular recordings of sensory
evoked multi-unit responses in AC while I manipulated the activity of
the PV interneurons optogenetically using Channelrhodospsin (ChR2)
or Archaerhodopsin (Arch). PV interneuron activation with ChR2 did
not alter spectrotemporal tuning of neuronal responses in AC but re-
duced both their gain and baseline activity. PV interneuron suppres-
sion with Arch left receptive field structure similarly unchanged. The
strongest effect of PV suppression was an increase in the gain of sensory
evoked responses. Thus, PV interneuron activity does appear capable of
modulating the gain of AC auditory responses. However, I found that
the activity of PV interneurons did not increase systematically with in-
creasing stimulus contrast, indicating that these neurons may not imple-
ment CGC. Finally, I performed whole cell recordings from AC neurons
in anaesthetised mice in order to assess the contribution of shunting
inhibition and membrane potential variance to CGC. I found that CGC
exists at the level of the membrane potential responses in AC, but nei-
ther input conductance nor membrane potential variance appeared to
contribute to this. This canonical computation therefore appears to be
implemented by non-canonical mechanisms in different cortical areas.



Contents

1 Introduction
1.1 Neural adaptation to stimulus statistics . . . . . .. ... ... ....
1.1.1 Adaptation to mean stimulus intensity . . ... .. ... ...
1.1.2 Adaptation to stimulus contrast . . . ... ... ........
1.2 The biophysical basis of gain control . . . .. ... ... .......
1.2.1 Short-term synaptic depression . . . . .. ... ... .....
1.2.2 Intrinsic cellular mechanisms for gain control . . . . ... ..
1.2.3 Intracortical excitation . . . . . ... ... ... ...,
1.2.4 Intracortical inhibition . . . . . ... ... ... ... ...,
1.2.5 The interaction of mechanisms for gain control . . ... . ..
1.3 The source of inhibition for gain control . . . ... ... .......
1.3.1 Subtypes of cortical interneuron . . . ... .. ... ... ..
1.3.2 Interneuron subtypes and gain control . . . .. ... ... ..
1.3.3 Thecontrastsignal . . . ... ... ...............
1.4 Organisation of thisthesis . . . .. .. ... ... ...........

2 Methods
2.1 Experimental Methods . . . ... ... ... ... ... ........
2.1.1 Surgicalmethods . . . . . ... ... ... ... ........
2.1.2 Extracellular recordings . . ... ... ... ..........
2.1.3 Stimulus presentation . . . . ... ... ... ...
2.2 Stimuli. . . ... e
22,1 DRCstimuli . .. ... ... ... ... ... ... ...,
2.2.2 Noisestimuli . . ... ... ... .. ... ... ... ...
2.3 Modelling . . . . . . . . e
2.3.1 Linearmodels. . ... ... ... ... ... ... .. .....
2.3.2 Linear-nonlinearmodels . . . . . ... ... ... .......
2.3.3 Modelfitting . . .. ... ... .. ... ...
2.3.4 Current source density analysis . . . . ... ... ... ....
2.3.5 MU selectioncriteria . . . . . . .. ... .
2.3.6 Statistical analysis . . . .. ... ... ... Lo

3 Contrast gain control in mouse auditory cortex
3.1 Introduction . . . . . . . . . . . e e
3.2 Methods . . . . .. .. . .



3.3 Results . . . . . . . o e e, 64

3.3.1 Stimulus contrast has negligible effects on STRF tuning. . . . 64
3.3.2 Gain control compensates for changes in stimulus contrast . . 71
3.3.3 Gain control is strongest in deep cortical layers . . . ... .. 75
3.4 DISCUSSION . . . . v v v i e e e e e e e e e e 80
4 Parvalbumin-positive interneurons and gain control 84
4.1 Methods . . . . . . . . e 87
4.2 Results. . ... ... . .. e 90
4.2.1 Validation of optogenetic manipulations . . . ... ... ... 90

4.2.2 Bidirectional modulation of PV interneuron activity has neg-
ligible effects on STRF tuning . . . . . ... ... ... .... 92

4.2.3 PV interneuron activity is capable of modulating the gain of
cortical responses . . . . . . . ... ... 99
4.2.4 PV interneuron activity is not modulated by stimulus contrast 109
4.3 DiISCUSSION . . . . . v v i e e e e e e 111
5 Biophysical basis of CGC 117
5.1 Introduction . . . . . . . . . . . e e 117
52 Methods . . . . . . . .. e 120
5.2.1 Intracellular recordings . . ... ... ............. 120
5.2.2 Access resistance compensation . . . . . . ... ... ... .. 121
53 Results. . . . ... e 125

5.3.1 Membrane potential responses undergo contrast gain control 125
5.3.2 Membrane potential variability in auditory cortex is not con-

trastdependent . . . . . . ... ... .o o 128

5.3.3 Contrast dependent changes in G do not explain gain control 129

5.4 DiSCUSSION . . . . . . . L e e e e e e e e e e e 131
6 Discussion 135
6.1 Conclusions . . . . . . . . . . i e e e 135
6.2 CGCinmouse AC . . . . . . . . . i i i ittt 136
6.3 Non-canonical circuit mechanisms . . .. ... ... ......... 138
6.4 Layer-specificcircuitry . . . . . . .. . ... ... o 140
6.5 Biophysical mechanismsof CGC . . . . .. ... ... ......... 142
6.6 Non-inhibitory mechanisms of gain control . . . . . . ... ... ... 144
6.7 CGCinthethalamus . . ... ... ... .. ... .. .. ....... 145
6.8 Linking mechanisms to computation and behaviour . . . . . ... .. 146

Bibliography 148

ii



List of Figures

1.1 Mean and contrast adaptation . . . . . . ... ... ... ... ... 8
1.2 Effects of membrane potential variabilityon gain . .. ... ... .. 17
1.3 Combined STD and inhibition . . . ... ... ... ... ....... 23
1.4 Interneuronsubtypes . . . . . . . . . . ... .. ... e 29
1.5 Possible cortical circuits underlying contrast gain control. . . . . . . . 38
2.1 DRCs with variable contrast . . . . . ... ... ... ......... 46
2.2 Stimulus presentation . . . . .. .. ... ... oo 48
2.3 Three-dimensional DRC representation . . . . . ... ... ...... 51
2.4 Linear-nonlinearmodel. . . . .. ... ... ... ... ... . ..., 52
2.5 Best frequency and bandwidth measurements. . . . . . ... ... .. 54
2.6 Laminar noise responses in COrteX. . . . . . . « v v v v v v v v v v . 57
3.1 Multi-unit selection criterion. . . . . . ... ... ... .. 0. 65
3.2 Effect of contrast on tuning properties. . . . . . ... ... ... ... 66
3.3 STRFsofoutlier MUs. . ... ... .. ... ... uuiune.... 68
3.4 Low contrast STRF estimates. . . . . . . .. ... .. ......... 69
3.5 High contrast STRF estimates. . . . . . . .. ... ... ........ 70
3.6 Predictive power of STRFs across conditions. . . . . . ... ... ... 72
3.7 Contrastgaincontrol . . . . .. ... ... .. ... .. ... ... 73
3.8 Effect of stimulus contrast on baseline activity . . . . ... ... ... 74
3.9 Effect of contrast on output nonlinearity gain . . .. ... ... ... 75
3.10 Effect of contrast on output nonlinearity threshold . . ... ... .. 75
3.11 Laminar organisationof CGC . . . . ... . ... ... ... ..... 77
3.12 Laminar variation in the noise of responses . . . . . ... ... ... 78
3.13 Laminar organisation of gain changes after controlling for noise . . . 79
4.1 Predictions regarding PV interneuron activity and gain control . . . . 86
4.2 Effect of PV activity on noise responses. . . . . . . . . ... ... .. 93
4.3 Effect of PV interneuron activation on STRF shape. . . ... ... .. 95
4.4 STRFs from outlier MUs during PV activation. . . . .. ... ... .. 97
4.5 Effect of PV interneuron suppression on STRF shape. . . . . ... .. 98
4.6 STRFs from outlier MUs during PV suppression. . . . . ... ... .. 100
4.7 Predictive performance of STRFs across light conditions. . . . . . . . 101
4.8 Changes in output nonlinearities with PV interneuron activation . . . 102
4.9 Effect of PV interneuron activation on output nonlinearity parameters 103

iii



4.10 Changes in output nonlinearities with PV interneuron suppression . . 104
4.11 Effect of PV interneuron suppression on output nonlinearity parameters105

4.12 Effect of PV interneuron activation on AC responses . . . . . . . . . . 108
4.13 Effect of PV interneuron suppression on AC responses . . . . . . . . . 109
4.14 Identification of putative PV interneurons . . . . . ... ... . ... 111
4.15 Contrast response of putative PV interneurons . . . . . . ... .. .. 112
5.1 Membrane potential variance and gain control. . . . ... ... ... 118
5.2 Switching DRC with noise bursts. . . . . . ... ... ......... 122
5.3 Compensation for access resistance. . . . . . . . . . . ... ... ... 124
5.4 Contrast dependent membrane potential responses. . . . . . . .. .. 126
5.5 Membrane potential gaincontrol. . . . . . . ... ... ... ... 127
5.6 Membrane potential variability in auditory cortex is not contrast de-
pendent. . . . . ... e e e e e e e e e 129
5.7 Input conductance estimation . . . . .. .. ... ... ........ 130
5.8 Validation of conductance estimates. . . . . .. ... ... ...... 131
5.9 Input conductance during high and low contrast stimulation. . ... 132

iv



Glossary

2-pi two-photon.

5HT3aR serotonin 3a receptor.

A1l primary auditory cortex.
AC auditory cortex.

Arch archearodopsin.
BF best frequency.

CGC contrast gain control.
ChR2 channelrhodopsin.
CI" chloride.

CR calretinin.

CSD Current source density.
DRC dynamic random chord.

E-I excitation-inhibition.

EYFP enhanced yellow fluorescent protein.
FS fast-spiking.

G conductance.

Halo halorhodopsin.

I-O input-output.
IC inferior colliculus.

IT inferior temporal cortex.



L1 Layer 1.
LFP local field potential.

LGN lateral geniculate nucleus.

MGB medial geniculate body.
MSTd dorsal medial superior temporal cortex.
MT middle temporal visual area.

MUA multi-unit activity.
NPY neuropeptide Y.

PINP photo-identification of neuronal populations.
PSP post-synaptic potenital.
PSTH peri-stimulus time histogram.

PV parvalbumin.

RMP resting membrane potential.

RMS root mean square.

SPE signal power explained.
SST somatostatin.

STD short-term depression.

STF short-term facilitation.

STRF spectro-temporal receptive field.

V1 primary visual cortex.
V4 visual area 4.

VIP vasoactive intestinal peptide.

vi



Chapter 1

Introduction

1.1 Neural adaptation to stimulus statistics

The world around us is astoundingly complex. Behaviourally relevant sensory sig-
nals vary over a large range of intensities - ambient light levels cover 9 orders of
magnitude (Heckaman and Fairchild, 2009; Xiao et al., 2002) while the human au-
ditory system is sensitive to a 12 fold range of sound intensities (Christopher Kirk
and Smith, 2003). Sensory neurons, however, have a limited dynamic range over
which they can vary their signalling. Stimulus intensity is routinely conveyed by
the mean rate of action potential firing, yet physical limitations in the process of ac-
tion potential generation result in neurons varying their firing rates within 2 orders
of magnitude. Sensory systems therefore face the challenge of transmitting highly
variable information along channels with limited capacity. In order to achieve this,
they must attempt to encode these signals with the highest fidelity possible while
minimising the cost of doing so - the code should be optimally efficient.

Efficiency in the neural code was first proposed as a method for avoiding the
encoding of redundant sensory information (Barlow, 1961) but is now viewed as a

core principle of sensory processing (Atick, 2015; Simoncelli and Olshausen, 2001;



Laughlin and Sejnowski, 2003). Information theoretic analysis has confirmed that
in order for sensory codes to be efficient, they must take into account the statistical
structure of the sensory input (Shannon, 1948; MacKay, 2003; Attneave, 1954;
Brenner et al., 2000; Fairhall et al., 2001) and there is now considerable evidence
that individual neurons adapt their responses to such statistics at every stage of
sensory processing (Shapley and Enroth-Cugell, 1984; Dunn et al., 2007; Shapley
and Victor, 1978, 1981; Benardete et al., 1992; Chander and Chichilnisky, 2001;
Baccus and Meister, 2002; Zaghloul et al., 2005; Kaplan et al., 1987; Cheng et al.,
1995; Sclar, 1987; Sclar et al., 1990; Smirnakis et al., 1997; Brown and Masland,
2001; Kim and Rieke, 2001; Solomon et al., 2004; Manookin and Demb, 2006;
Sharpee et al., 2006; Lewicki, 2002; Rieke et al., 1995; Klein et al., 2003)

1.1.1 Adaptation to mean stimulus intensity

Two fundamental statistical properties of a given sensory stimulus are its mean
and variance. Mean stimulus level corresponds to the overall intensity of the sen-
sory input while the variance in stimulus level corresponds to the contrast of the
stimulus. Over the course of a day, the visual system is confronted with mean lu-
minance values that vary over approximately 9 orders of magnitude. The ability
of the human visual system to successfully operate across this entire range is due
predominantly to adaptation to local mean intensity in the retina, a process known
as light adaptation (Shapley and Enroth-Cugell, 1984; Dunn et al., 2007). Light
adaptation occurs as a result of the bleaching of rhodopsin, the G-protein recep-
tor responsible for phototransduction, in high light levels and its regeneration in
low light levels. The sensitivity of rhodopsin to bleaching varies between the two
classes of photoreceptor in the retina, the rods and cones. Rods are more sensitive
than cones and therefore are responsible for encoding low light levels, while cones

are capable of encoding high light levels. The retina therefore employs a division



of labour strategy in which different parts of the input range are processed along
separate channels.

Within a channel, adaptation is also crucial to the encoding of a large range of
input intensities. The result of light adaptation is that the range of intensities that
the neuron responds to is shifted to match the mean intensity of the stimulus and
thereby ensures that the output of the sensory epithelium to the brain is invariant
to average intensity of the sensory input. By no longer encoding mean intensity,
individual neurons can make available coding capacity that can be used in order to
signal more behaviourally relevant aspects of the sensory input.

The same problem occurs in the auditory system. The sensitivity of human
hearing ranges from 0 dB sound pressure level (SPL) at threshold to 120 dB SPL,
sounds intensities that are 12 orders of magnitude larger. While quiet natural en-
vironments can have mean intensities of several dB, the presence of vocalising an-
imal groups can result in environments with mean intensities more than 108-fold
higher (Christopher Kirk and Smith, 2003; Simmons et al., 1971; Aubin, 2004). De-
spite this enormous variation in input, human listeners can discriminate intensity
changes of approximately 1 dB across the majority of this range (Viemeister, 1974;
Houtsma and Braida, 1980; Viemeister, 1983).

As with the retina, the cochlea also shows adaptation to stimulus statistics, re-
sulting in adaptation to stimulus mean in auditory nerve firing rates (Wen et al.,
2009). When mean intensity is low, the outer hair cells of the cochlea actively
amplify the movements of the basilar membrane in order to amplify soft sounds
and compress loud sounds (Ruggero and Rich, 1991; Yates, 1995). This results in
adaption to low mean sound levels by shifting the intensities that the inner hair
cells respond to, depending on the statistics of the input. Adaptation to high mean
intensities also occurs in the cochlea but via a combination of mechanisms. Adap-

tation to transient high mean intensities occurs through suppression of outer hair



cell amplification via the olivocochlear reflex (Dallas, 1992) and as a result of the
middle-ear-muscle reflex (Liberman and Guinan, 1998; Borg E, 1989). The latter
reflex involves contractions of the stapedius and tensor tympani muscles of the mid-
dle ear and results in attenuation of transmission of vibrations through the ossicles,
especially in response to high intensity low frequency sounds (Nuttall, 1974). Au-
ditory nerve firing rates also exhibit spike-frequency adaptation to sustained stimuli
which is also thought to contribute to high mean adaptation (Westerman and Smith,
1984; Yates, 1985). Spike-frequency adaptation in the auditory nerve is thought to
occur as a result of both synaptic depression via pre-synaptic neurotransmitter de-
pletion (Furukawa et al., 1978; Moser and Beutner, 2000; Spassova et al., 2004)
and the post-synaptic desensitisation of receptors (Goutman and Glowatzki, 2007)
at the inner hair cell synapse.

These adaptive mechanisms fail to enable individual neurons to encode inten-
sities across the entire operating range of the system. A complementary division-
of-labour strategy is also employed in the auditory periphery in order to solve the
mean intensity problem. A minority of auditory nerve fibres have high thresholds
and responses that do not saturate (Colburn et al., 2003), while most tend to have
low thresholds and responses that saturate in the low to middle area of the range
of hearing. The properties of low threshold and saturation result in the majority
of auditory nerve fibres being capable of encoding a ~30-40 dB range of sound
levels (Evans and Palmer, 1980; Sachs and Abbas, 1974). It has been shown that
the psychophysical ability of human listeners to discriminate different intensities
far outperforms predictions based on the properties of these auditory nerve fibres
(Viemeister, 1988). This confirms that a dynamic range problem does indeed exist
in audition and that central processing is crucial in solving this problem.

After the auditory nerve, sensory signals ascend the auditory pathway, pass-

ing sequentially through the cochlea nucleus, the superior olivary complex in the



brainstem, the lateral lemniscus, the inferior colliculus (IC) in the midbrain, the
medial geniculate body (MGB) of the thalamus and the primary auditory cortex
(Al). The majority of outputs from the dorsal cochlea nucleus bypass the brain-
stem and synapse directly in the IC (Schweizer, 1981; Ryugo DK, 1981; Winer and
Schreiner, 2005). Recordings from the IC of anaesthetised guinea pigs show that
the mean intensity problem appears to be resolved by this level of the auditory
pathway, as individual IC neurons adjust their sensitivity to sound intensity based
on the mean intensity of recent acoustic stimulation (Dean et al., 2005). While
this effect undoubtedly builds upon previous stages of mean adaptation, it is not
entirely attributable to the adaptive mechanisms of the inner ear. The middle-ear-
muscle reflex is unlikely to play a significant role as this reflex is weak in guinea pigs
(Avan et al., 1992), is inactive under conditions of anaesthesia (Carmel and Starr,
1963) and is unlikely to be elicited by the stimuli of the intensities and frequen-
cies used in the study (Nuttall, 1974). Spike-rate adaptation in the auditory nerve,
as well as further along the ascending auditory pathway (Ingham and McAlpine,
2004), may contribute to this effect as its time constant of 100-400 ms (Wen et al.,
2012) fits with the time constant of adaptation in the IC, which has a mean of 160
ms (Dean et al., 2008). Suppression of outer-hair cell amplification via the olivo-
cochlear reflex may also contribute to adaptation in the IC as it has a time constant

of approximately 100 ms (Boyev et al., 2002).

1.1.2 Adaptation to stimulus contrast

While adaptation to mean stimulus intensity enables sensory systems to function
over a wide range of stimulus levels, the variance of stimulus intensity, or contrast,
also poses a problem for encoding. The relationship between sensory input and the
firing rate output of neurons typically shows a sigmoidal relationship as a result

of intrinsic threshold and saturation nonlinearities in neurons (Figure 1.1). Mean



adaptation produces horizontal shifts of this curve along x-axis, positioning the cen-
tre of this curve over the centre of the distribution of input intensities (Figure 1.1A).
Encoding in this region of the sigmoid is relatively linear but, as a result of neuronal
nonlinearities, its dynamic range is limited. Failing to adapt to different levels of
variability in the sensory input would result in the quality of encoding being highly
dependent on how closely the range of input intensities matches the dynamic range
of the neuron in question. In vision, local contrast can vary dramatically from one
part of a natural scene to another, typically varying over 2-3 orders of magnitude
but occasionally approaching a difference of 10°:1 (Heckaman and Fairchild, 2009;
Xiao, 2002; Mante et al., 2005). This level of variability in stimulus contrast poses
a major problem for sensory processing.

This problem is resolved in a similar manner to the mean intensity problem, by
adapting responses of individual neurons in the retina to stimulus contrast (Shap-
ley and Victor, 1978, 1981; Benardete et al., 1992; Chander and Chichilnisky, 2001;
Baccus and Meister, 2002; Zaghloul et al., 2005). This process, known as contrast
gain control (CGC), does not involve additive or subtractive shifts in neuronal re-
sponsiveness as is seen with mean adaptation. Instead, multiplicative or divisive
changes in responsiveness to sensory input occur, which result in a change of the
slope of the neuron’s response (Figure 1.1B). This reflects a change in gain that
maintains the overall firing rate of the neuron. This adjustment of sensitivity to
stimulus intensity occurs as a function of the root-mean-square (RMS) contrast in
the surrounding region, the standard deviation of the input intensities divided by
the mean (Sclar et al., 1990; Bonin et al.,, 2006). This adaptation changes the
gain of the neurons responses, so that under low contrast stimulation gain is in-
creased and the dynamic range of the neuron is narrowed to match the distribu-
tion of stimulus vales, while under high contrast stimulation gain is reduced and

the dynamic range extended. This process continues in the lateral geniculate nu-



cleus (LGN) of the thalamus (Kaplan et al., 1987; Cheng et al., 1995; Sclar, 1987;
Sclar et al., 1990) before visual input reaches primary visual cortex (V1). Contrast
adaptation throughout the visual pathway occurs on two timescales; fast adapta-
tion occurs on the order of tens to hundreds of milliseconds while slow contrast
adaptation takes several seconds (Maffei et al., 1973; Movshon and Lennie, 1979;
Smirnakis et al., 1997; Carandini and Ferster, 1997; Brown and Masland, 2001; Kim
and Rieke, 2001; Baccus and Meister, 2002; Solomon et al., 2004; Manookin and
Demb, 2006).

Neuronal gain is modulated further by stimulus contrast in V1. Computations
in the retina result in contrast itself driving responses in the visual pathway but
by the level of V1, these responses are scaled by the level of contrast in a wider
surround region of visual space. This process results in contrast being represented
relative to the contrast of the surrounding area. This form of adaptation, known
as contrast normalization, is well described by the normalization model (Heeger,
1992; Heeger et al., 1996; Carandini et al., 1997; Carandini and Heeger, 1994)
in which the strength of the sensory input, weighted by the receptive field of the
neuron, is divided by a constant plus the summed activity of another more broadly
tuned population of neurons. Contrast normalization solves the contrast problem in
vision by generating representations of local contrast that are invariant to contrast
variations at a less local scale (Albrecht, 1991; Heeger, 1992; Busse et al., 2009;
Ringach, 2010).

In the auditory system, the contrast problem is solved by a very similar form of
adaptation. In the primary auditory cortex (A1) of anaesthetised ferrets, individual
neurons adapt to increases in stimulus contrast by decreasing their gain over a
timescale of 100-200msec (Rabinowitz et al., 2011a). This adaptation compensates
for changes in stimulus contrast in much the same way as in the visual system

and, in keeping with this similarity, these gain changes being well described by
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firing rate
firing rate
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Figure 1.1: A. Upper Panel: Variation of stimulus intensity over time. Middle panel: Sigmoidal
stimulus-response function of a sensory neuron before adaption to mean or variance. The re-
gion shaded in blue indicates the portion of the curve that is being used to encode the stimulus.
As a result of its high mean, the distribution of inputs falls in the saturation range of the curve.
As a result, variations in input intensity fail to be encoded as variations in firing rates. Bottom
panel: Following mean adaptation, the curve is shifted horizontally so that the distribution of
sensory inputs now falls over the linear portion of the stimulus-response function. B. Upper
Panel: Large variation of stimulus intensity over time for a high contrast stimulus. Middle
panel: Stimulus-response function after mean adaptation only. The high variance in this stim-
ulus results in much of the distribution of stimulus intensities falling outside the linear portion
of the curve, as indicated by the region shaded in red. Bottom panel: Contrast gain control
results in the slope of the curve decreasing in order to compensate for this change in contrast.
The full range of inputs can now be successfully encoded by the neuron.

the normalization equation (Rabinowitz et al., 2011a). Unlike in the visual system
however, these gain changes are not entirely compensatory and therefore do not

generate responses that are completely contrast invariant. This form of adaptation



is therefore termed contrast gain control (CGC) rather than contrast normalization
(Willmore et al., 2014).

In the IC, neurons show heterogeneous changes in their stimulus-response func-
tions in response to changes in stimulus contrast, but many units show weak contrast-
dependent gain changes (Rabinowitz et al., 2013). Adaptation to contrast has also
been observed at the population level in IC (Dean et al., 2005). CGC is significantly
stronger and more pervasive in A1l however, suggesting that adaptation in the IC
alone cannot account for CGC in cortex (Rabinowitz et al., 2013). In combina-
tion, mean adaptation in the IC and CGC in Al have been shown to improve the
encoding of complex auditory stimuli and increase the tolerance of these represen-
tations to background noise as stimulus information ascends the auditory pathway
(Rabinowitz et al., 2013).

At the level of sensory cortex, CGC appears to be a widespread phenomenon.
It has been observed in V1 of a variety of species, including mice (Atallah et al.,
2012), cats (Heeger, 1992; Busse et al., 2009), monkeys (Carandini and Heeger,
1994; Carandini et al., 1997) and humans (Busse et al., 2009). As well as A1 of fer-
rets (Rabinowitz et al., 2011a), compensatory gain changes have been observed in
rat somatosensory cortex in response to changes in the variance of whisker deflec-
tion (Garcia-Lazaro et al., 2007). It has even been observed in the avian forebrain
(Nagel and Doupe, 2006; Baccus, 2006). The prevalence of this computation across
species and across sensory cortical areas indicates that contrast gain control may be
a fundamental computation performed by the cortex (Carandini and Heeger, 2012).

Beyond contrast normalization in primary sensory cortical areas, the normaliza-
tion model captures certain nonlinear aspects of responses in higher visual cortical
areas including MT (Heeger et al., 1996; Simoncelli and Heeger, 1998; Rust et al.,
2005), V4 (Reynolds and Desimone, 2003) and inferior temporal cortex (IT) (Zoc-

colan et al., 2005). It also successfully captures aspects of multisensory integra-



tion in the superior colliculus and dorsal medial superior temporal (MSTd) cortex
(Morgan et al., 2008; Ohshiro et al., 2011) and the effects of attention in visual
(Reynolds and Heeger, 2009) and auditory cortex (Fritz et al., 2007; Atiani et al.,
2009; Yin et al., 2014). Given its prevalence and the relative homogeneity of cor-
tical organisation (Mountcastle, 1997), elucidating the biophysical basis of cortical
gain control may provide fundamental insight into the mechanistic basis of cortical

processing.

1.2 The biophysical basis of gain control

Given the importance of gain control as a neural computation (Carandini and Heeger,
2012), much work has gone into identifying the biophysical basis of this process.
While several elegantly simple mechanisms for gain control exist, on-going work is
revealing a picture in which gain changes are induced via a variety of mechanisms.
Variation across systems and species as well as the presence of multiple redundant
mechanisms in the same system may reflect the fundamental importance of this

computation.

1.2.1 Short-term synaptic depression

Many synapses dynamically modulate their strength in an activity-dependent man-
ner, resulting in either short-term facilitation (STF) or short-term depression (STD)
(Eccles et al., 1941; Feng, 1941). STD can occur as a result of depletion of neuro-
transmitter stores in the presynaptic inputs to a neuron (Betz, 1970; Saviane and
Silver, 2006; Elmqvist and Quastel, 1965) or post-synaptic desensitisation of recep-
tors (Saviane and Silver, 2006; Trussell and Fischbach, 1989). STD results in a
reduction in synaptic strength with a time constant that can vary from a few mil-

liseconds (msec) (Carandini et al., 2002) to several seconds (Varela et al., 1997;
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Dittman et al., 2000). By reducing the probability of neurotransmitter release
during high-frequency stimulation, fast-acting STD introduces saturation into the
input-output (I-O) relationship of the synapse. This enables the synapse to act as a
low-pass filter and to signal dynamic changes in on-going rate-coded inputs rather
than the absolute rate of the inputs (Tsodyks and Markram, 1997). The strength
of STD however is proportional to the absolute rate of the inputs. Together, these
features allow gain control to occur at the level of the individual synapse, as they
signal dynamic changes in the input, scaled by the absolute rate of the input (Abbott
et al., 1997; Abbott and Regehr, 2004). This allows STD to provide stimulus-driven
gain control when the normalization factor is encoded in the absolute firing rates
of the inputs.

STD has been identified at the thalamocortical synapse in cat V1 (Stratford et al.,
1996; Boudreau and Ferster, 2005), raising the possibility that it may underlie some
forms of stimulus-driven gain control observed there. The synapse-specific nature
of STD is thought to enable the divisive changes in the tuning properties of V1
neurons that produce contrast invariance. A scaling down of the neuron’s recep-
tive field is possible through synaptic depression as a result of the strength of STD
being proportional to the strength of stimulus drive at each synapse (Banitt et al.,
2007; Carandini et al., 2002). Given the input-specific nature of these gain changes,
synaptic depression can only explain forms of gain control that are driven by inputs
that fall within the excitatory receptive field of the neuron. This feature is consis-
tent with STD underlying contrast normalization and the suppressive gain changes
observed when orthogonal grating are superimposed, known as cross-orientation
suppression. The input-specific nature of STD, however, prevents it from account-
ing for gain changes produced by stimuli that fall outside of the neurons classical
receptive field, as is the case for surround suppression (Carandini et al., 2002).

In the auditory system STD contributes to the spike-frequency adaptation seen
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in the auditory nerve (Westerman and Smith, 1984; Yates, 1985). It has also been
observed in the IC (Ingham and McAlpine, 2004), making it a potential candidate
mechanism for the mean intensity adaptation observed there (Dean et al., 2005).
STD has been observed at the thalamocortical synapse in mouse Al (Rose and
Metherate, 2005), raising the possibility that the first synapse onto layer 4 corti-
cal neurons is the site of CGC in Al. This mechanism fails to account for several
aspects of CGC however, making the extent to which it may contribute to CGC in
this area unclear.

Analysis of the spectral features that drive CGC in Al has revealed that con-
trast within the receptive field drives gain changes with over twice the strength of
those produced by contrast in frequency bands outside the receptive field (Rabi-
nowitz et al., 2011a). This is the case whether the frequencies fall in the excitatory
or inhibitory regions of the receptive field (Rabinowitz et al., 2012). Despite the
dominance of local contrast, this analysis shows that CGC also has a significant
global component (Rabinowitz et al., 2011a). Given the input specificity of STD,
this mechanism cannot be used to explain gain changes produced by contrast out-
side the receptive field of the neuron. While a single mechanism may be able to
account for both the local and global components of CGC, it is entirely possible that
these two aspects of CGC rely on separate mechanisms. If this is the case, any role
for STD would be restricted to local CGC alone.

STD also faces problems in accounting for certain aspects of local CGC. Neurons
in layer 4 have been shown to inherit the spectral range of their excitatory tuning
from a combination of thalamic inputs (Liu et al., 2007) while inhibitory tuning has
an intracortical origin and is more broadly tuned than excitation (Wu et al., 2008).
If STD at the thalamocortical synapse underlies local CGC, only contrast within
the excitatory region of the receptive field should modulate gain. CGC has been

shown to be driven by contrast within both excitatory and inhibitory regions of the
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receptive field (Rabinowitz et al., 2012), indicating that STD at the thalamocortical
synapse alone is not a sufficient explanation for CGC. STD would also have to occur
at inhibitory intracortical synapses for this mechanism to account for the effects of
CGC.

Another feature of CGC that poses a problem for this explanation is the find-
ing that changing contrast in a restricted frequency region changes gain across the
entire receptive field of the neuron (Rabinowitz et al., 2011a). If CGC were imple-
mented though STD, this manipulation would produce gain changes in the inputs
representing the restricted frequency region only, leaving the gain of the remaining
inputs unchanged. STD at the thalamocortical synapse would be capable of ac-
counting for this finding only if the spectral tuning properties of layer 4 neurons in
A1l are completely inherited from individual neurons in the MGB. While the width of
their spectral sensitivity has been shown to be determined by their thalamic inputs
(Liu et al., 2007), these inputs originate from several subdivisions of the MGB and
so most likely represent the integration of many differently tuned inputs (Huang
and Winer, 2000; Winer et al., 2005). Furthermore, thalamocortical STD would
only alter gain in the excitatory regions of the receptive field but changing contrast
within a restricted frequency region has been shown to alter gain in inhibitory as
well as excitatory parts of the receptive field (Rabinowitz et al., 2012). The finding
that gain changes occur across the entire receptive field of the neuron indicates that
the mechanism responsible for CGC is capable of altering the sensitivity of the entire
neuron and not just specific inputs. Furthermore, the nature of spectral integration
in CGC indicates that the signals driving this neuron-level change in gain originate
at the network level, not at the level of specific inputs. For these reasons, STD alone

appears unlikely to account for CGC in AC.
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1.2.2 Intrinsic cellular mechanisms for gain control

In the visual system, intrinsic cellular mechanisms are thought to contribute to con-
trast invariance, specifically underlying the slow component of contrast adaptation
that take place over several seconds in the retina (Smirnakis et al., 1997; Kim and
Rieke, 2001; Brown and Masland, 2001; Baccus and Meister, 2002; Manookin and
Demb, 2006), LGN (Solomon et al., 2004) and V1 (Maffei et al., 1973; Movshon
and Lennie, 1979; Carandini and Ferster, 1997). At each stage in the visual path-
way, slow contrast adaptation is accompanied by a tonic hyperpolarisation of the
membrane potential. In V1, this is produced by a potassium conductance triggered
by sodium influx from action-potential firing (Sanchez-Vives et al., 2000a,b). This
potassium conductance scales down excitatory synaptic responses via a negative
feedback mechanism whereby greater influx of sodium produces a greater potas-
sium conductance (Nanou et al., 2008). A hyperpolarising potassium conductance
that is evoked in a stimulus-dependent manner has also been found in rat A1 neu-
rons in vitro (Abolafia et al., 2011). However, the kinetics of this effect are too
slow to account for CGC in Al. Adaptation to high contrasts takes approximately
90msec while adaptation to low contrasts is slower, taking 160msec (Rabinowitz
et al.,, 2011a). This potassium conductance occurs on the order of seconds and
even minutes (Schwindt et al., 1989) and does not show an asymmetry of time
course in induction and recovery (Schwindt et al., 1989). Furthermore, cellular
mechanisms of this kind are only capable of accounting for the local component of

CGC, leaving the issue of what mechanism underlies global CGC unanswered.

1.2.3 Intracortical excitation

The finding that contrast outside of a neuron’s receptive field modulates gain in Al

necessitates the presence of a network level mechanism (Rabinowitz et al., 2012).
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If a single mechanism underlies both local and global components of CGC, it must
be implemented at the network-level. Most research into network-level gain control
has focused on the recruitment of inhibition but it is possible to modulate neural
gain through changes in excitation alone. Intracortical connections provide the vast
majority of inputs to cortical neurons (LeVay and Gilbert, 1976) and are known to
have a role in shaping response properties of Al neurons, such as the sharpness of
spectral tuning (Liu et al., 2007; White and Keller, 1989; Peters and Payne, 1993;
Peters et al., 1994). Recurrent activity in these excitatory circuits has been shown
to amplify thalamic inputs in a multiplicative manner in Al (Li et al., 2013a) and
V1 (Douglas and Martin, 1991a; Douglas et al., 1995; Li et al., 2013b; Lien and
Scanziani, 2013). This property is likely to play some role in gain control, if only by
producing a ’default’ high-gain state that can be modulated by other mechanisms.

Variability in the synaptic input to a neuron, generated by this excitation, has
also been shown to modulate neuronal gain. The I-O function of a neuron recorded
in slice preparations follows a threshold-linear relationship or, if the linear portion
is steep enough and the neuron reaches saturation, a step-function. In vivo, how-
ever, these neurons are exposed to constant barrages of synaptic inputs that may
or may not relate directly to the driving input to the neuron (Ringach, 2009). Un-
der conditions of membrane potential depolarisation above threshold this synaptic
noise has the effect of occasionally boosting weak inputs above threshold and strong
inputs below threshold, making the relationship between membrane potential and
firing rate probabilistic (Figure 1.2A). This variability has the effect of smoothing a
step-like I-O function into a sigmoidal function with a shallower slope, reflecting a
reduction in gain (Chance et al., 2002).

Trial-to-trial variability in the sub-threshold membrane potential when the neu-
ron is not routinely depolarised above threshold can actually increase gain. Un-

der these conditions, the effect of Gaussian distributed variability is to smooth
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the threshold-linear I-O function, producing a power-law function as observed in
vivo (Miller and Troyer, 2002). The main effect of further increasing variability
under these conditions is boosting weak inputs above threshold, increasing gain
(Figure 1.2B). This occurs as the membrane potential is typically below thresh-
old where the suppressive half of the variability distribution has no effect on fir-
ing rate. Trial-to-trial variability in membrane potential responses of this kind are
believed to contribute to contrast invariance in V1, as low contrast stimuli have
been shown to produce larger levels of variability, leading to an increase in gain
(Troyer et al., 1998; Hansel and van Vreeswijk, 2002; Carandini, 2004; Ringach
and Malone, 2007; Finn et al., 2007). In V1 however, this variability is believed
to originate from a combination of feedforward thalamocortical mechanisms rather
than from intracortical excitation (Sadagopan and Ferster, 2012). Depending on
how depolarised neurons are during acoustic stimulation opposite predictions can
be made regarding the contrast-dependent nature of membrane potential variabil-
ity. Increased sub-threshold trial-to-trial membrane potential variability under low
contrast stimulation in A1 may contribute mechanistically to CGC as this form of
variability increases gain. It is however also possible that increased variability, or
’synaptic noise’, during periods of depolarisation evoked by high contrast stimuli
may also contribute to CGC, as this form of variability decreases gain. Increased
membrane potential variability either under low or high contrast stimulation may
therefore contribute to CGC in cortical neurons, depending on the operating regime

of the neuron in question.

1.2.4 Intracortical inhibition

Inhibition has been seen as a very plausible candidate mechanism for gain con-
trol. Pharmacologically blocking GABA transmission using GABA antagonists has

been used in order to test the involvement of inhibition in different forms of gain
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Figure 1.2: A. Top panel: Step-like I-O function of a neuron during depolarisation above spiking
threshold (black). Levels of synaptic noise predicted to be produced by low (blue) and high (red)
contrast stimuli. Bottom panel: I-O function following smoothing by low (blue) and high (red)
levels of synaptic noise, predicted to be produced by low (blue) and high (red) contrast stimuli
respectively. B. Top panel: Threshold-linear I-O function under conditions where threshold
crossing is less common (black). Levels of trial-to-trial variability predicted to be produced by
low (blue) and high (red) contrast stimuli. Under these conditions, increased variability is
predicted to be associated with low (blue) rather than high (red) contrast levels. Bottom panel:
I-O function following smoothing by low (red) and high (blue) levels of membrane potential
variability, corresponding to high (red) and low (blue) contrast levels respectively.

control. Iontophoresis of the GABAa receptor blocker gabazine has been found to
increase the gain of sensory evoked responses in V1, but leaves the contrast sensitiv-
ity of the neurons unaffected (Katzner et al., 2011). Cross orientation suppression
is similarly been found to be unaffected by this manipulation (Katzner et al., 2011).
This indicates that, in V1, inhibition may not underlie gain changes that are driven
by stimulus contrast within the receptive field of the neuron. Inhibition may play
a role in mediating gain changes driven by stimulus contrast outside the recep-

tive field, however, as in the case of surround suppression (Haider et al., 2010),
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although this remains controversial (Ozeki et al., 2009). In the auditory system,
GABA antagonists have been shown to affect the gain of neurons in the IC (Ingham
and McAlpine, 2005). Inhibition has even been shown to underlie gain changes
produced by mask odorants in the antennal lobe of the fruit fly (Olsen and Wilson,
2008; Olsen et al., 2010).

One particular form of inhibition has received particular attention in the lit-
erature as a mechanism for gain control, shunting inhibition. Classical inhibition
occurs when channels are opened that produce a net flow of current out of the neu-
ron, hyperpolarising the membrane potential of the neuron. Shunting inhibition
occurs when there is no net flow of current in or out of the cell, and therefore no
change in membrane potential, but the opening of channels changes the conduc-
tance of the membrane (Borg-Graham et al., 1998a). This can be achieved either
through the opening of channels with reversal potentials close to the resting poten-
tial of the neuron (Reichardt et al., 1983), or via balanced excitation and inhibition
(Capaday, 2002). Given that its effects are not directly observable as changes in
current or voltage, shunting inhibition is also known as silent inhibition.

The divisive effect of conductance changes produced by shunting inhibition can
be understood through Ohm’s law (Coombs et al., 1955; Fatt and Katz, 1953).
Ohm’s law tells us that voltage (V) is equal to current (I), multiplied by resistance

R).

V=IR (1.1)

Conductance (G) is the inverse of the resistance (R):

G=1/R (1.2)

Ohm'’s law can the be rewritten as:
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V=1/G (1.3)

This demonstrates that the conductance of the neuron has a scaling effect on
the translation of synaptic currents into changes in membrane potential. Modu-
lating this conductance via shunting inhibition offers an elegantly simple way of
modulating gain.

While it is clear that changes in conductance scale membrane potential re-
sponses, this does not simply translate into a scaling of firing rates. Some modeling
studies have suggested that the effect of increased somatic conductance on firing
rates is actually subtractive rather than divisive (Gabbiani et al., 1994; Holt and
Koch, 1997; Capaday, 2002) and this has been confirmed in in vitro cortical slice
preparations (Mitchell and Silver, 2003). The reason conductance had a subtrac-
tive effect in these studies was that the neurons were not exposed to the background
synaptic input that they would typically be exposed to in vivo (Destexhe and Paré,
1999; Ulrich, 2003; Destexhe et al., 2003; Ringach, 2009). Without synaptic noise
to couple membrane potential to firing rate in a probabilistic manner, shunting in-
hibition simply increases the amount of synaptic input necessary for the neuron to
reach threshold, manifesting as a rightward shift in the linear-threshold or step-like
I-O function. Once the I-O function of a neuron has been smoothed by synaptic
noise, increases in conductance successfully reduce neuronal gain (Mitchell and
Silver, 2003; Chance et al., 2002).

Shunting inhibition has long been considered as a mechanism for changing neu-
ronal gain in V1 (Carandini and Heeger, 1994; Carandini et al., 1997) and visual
stimuli have been shown to evoke strong changes in the conductance of V1 neurons
(Borg-Graham et al., 1998b; Anderson et al., 2000; Monier et al., 2003; Frégnac
et al., 2003). Conductance has been shown to increase with stimulus contrast in

V1 but these conductance changes are not orientation invariant as predicted by the
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hypothesis that these conductance changes only contribute to contrast normalisa-
tion (Anderson et al., 2000; Monier et al., 2003; Frégnac et al., 2003). It remains
to be seen however, whether contrast-dependent conductance changes can account
for CGC in Al.

Classical inhibition has traditionally been thought to have a subtractive effect on
membrane potential but, in certain circumstances, has also been shown to be capa-
ble of modulating neuronal gain. While it does not have a shunting effect by itself, if
balanced by excitation the effects of inhibitory currents on membrane potential can
be cancelled by the effects of excitatory currents. As a result, balanced excitatory
and inhibitory inputs do not produce a net flow of current in or out of the neuron
but the opening of channels in the membrane results in an increase in conductance
that has a functional shunting effect (Carandini and Heeger, 1994; Chance et al.,
2002). Balanced excitation and inhibition has been observed in both A1 (Wehr
and Zador, 2003; Sun et al., 2010; Dorrn et al., 2010; Zhou et al., 2014a) and V1
(Haider et al., 2006; Okun and Lampl, 2008) making this a plausible mechanism for
gain control in cortex (Shapley and Xing, 2013). Inhibition may also modulate gain
by dampening the multiplicative effect of amplification by recurrent intracortical
connections (Douglas and Martin, 1991a; Douglas et al., 1995; Li et al., 2013a,b;
Lien and Scanziani, 2013).

In some instances, hyperpolarising inhibition at the cellular level may translate
into divisive effects when viewed with respect to the sensory input, rather than the
synaptic input to the neuron (Murphy and Miller, 2003). Subtractive inhibition
has the effect of shifting the range of synaptic inputs that encode the sensory input
to the left along the x-axis. As a result of the power-law relationship between
synaptic input and spiking activity at the neuronal level, the mapping from sensory
input to firing rate is now positioned over a portion of the neuron’s I-O function

that has a shallower slope. While the gain of the relationship between synaptic
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input and spiking remains the same for the neuron, the gain of the relationship
between sensory input and spiking has been reduced (Murphy and Miller, 2003).
This mechanism has been shown to account for gain changes produced by a tonic
reduction in cortical inhibition in V1 (Atallah et al., 2012) and may contribute to
a variety of forms of gain control in sensory systems. As an explanation of CGC,
this mechanism faces one problem in particular. It should introduce a significant
y-axis offset in the systems level I-O function as a result of moving along the power
law function of the neuron but this is not observed in CGC in ferret A1 (Rabinowitz

et al., 2011a).

1.2.5 The interaction of mechanisms for gain control

It is becoming increasingly clear that the brain employs a variety of mechanisms for
gain control that often interact in order to generate changes in gain. We have al-
ready seen in the case of shunting inhibition that it is essential to take into account
its interaction with another mechanism of gain control, membrane potential vari-
ability, in order to understand its arithmetic effects on neuronal responses (Mitchell
and Silver, 2003; Chance et al., 2002). Under low-noise conditions, the effective-
ness of gain control can be improved further if conductance changes are introduced
via balanced excitation and inhibition (Chance et al., 2002). As well as producing a
change in slope, low levels of synaptic noise can result in a leftward shift in the I-O
function of a neuron by enabling weak inputs to cross the spiking threshold while
having little effect on strong inputs that reliably cross threshold. The balance of ex-
citation and inhibition produce a change in conductance in the neuron that, under
low-noise conditions, introduces a subtractive rightward shift in the I-O function.
By introducing synaptic noise and increasing conductance simultaneously, balanced
excitation causes the leftward and rightward shifts introduced by these two mecha-

nisms to cancel, resulting in a pure gain change (Chance et al., 2002).
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STD has also been found to contribute to the gain modulation by membrane
potential variability observed in V1. As long as correlated contrast-dependent vari-
ability exists between neurons in the thalamus, the compressive nonlinearity in-
troduced by STD results in the variability of large depolarisations being reduced
(Sadagopan and Ferster, 2012). This combination of gain control mechanisms
allows contrast-dependent membrane potential variability to modulate gain in a
purely feed-forward manner, without intracortical excitation contributing to this
variability (Sadagopan and Ferster, 2012).

Experimental evidence from dynamic-clamp recordings in morphologically sim-
ple cerebellar granule cells has revealed that that STD and classical inhibition can
also interact in order to produce changes in neuronal gain (Rothman et al., 2009).
STD in the excitatory input introduces a nonlinearity into the relationship between
pre-synaptic firing rate and post-synaptic conductance - the synaptic I-O function. It
changes this previously linear relationship into saturating exponential. Subtractive
inhibition results in a rightward shift in the relationship between post-synaptic cur-
rent and firing rate, the neuronal I-O function (Figure 1.3A). This offset results in
the level of current necessary to drive the spiking responses being moved towards
the saturating region of the synaptic I-O function (Figure 1.3B). The I-O function
that maps pre-synaptic firing rate to post-synaptic firing rate is essentially a convo-
lution of these two functions (Figure 1.3C). With the added nonlinearity introduced
by STD, subtractive inhibition results in a reduction in gain by moving the neuronal
I-O function into the more compressive region of the synaptic I-O function. This
mechanism operates without synaptic noise and can produce gain changes that are
four times as strong as those produced by noise alone (Rothman et al., 2009). The
strength of gain control using this combined mechanism relies on both the strength
of STD and the strength of inhibition, providing two channels by which to modulate

gain.
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Figure 1.3: A. The neuronal I-O function maps excitatory post-synaptic current (EPSC) onto
firing rate. Adding tonic inhibition produces a rightward shift in this relationship (Blue curve:
before inhibition. Red curve: after inhibition). B. This synaptic I-O function shows the nonlin-
ear mapping between pre-synaptic firing rate and post-synaptic excitatory current in a neuron
with STD. Without STD this function would be linear. The offset in the neuronal I-O function
produced by inhibition results in more current being necessary in order to achieve the same level
of spiking, increasing the level of pre-synaptic spiking necessary to achieve this current. This
places the synaptic input in the saturating range of the synaptic I-O function (red portion of
curve. The blue portion of the curve indicates input range prior to inhibition). C. The mapping
from pre-synaptic firing rate to post-synaptic firing rate involves passing through both of these
nonlinearities. The offset in the neuronal I-O function produced with inhibition results in this
function being convolved with a part of the synaptic I-O function with a shallow slope, reducing
the gain of the overall I-O function (Blue curve: before inhibition. Red curve: after inhibition).

As an explanation of CGC in cortical neurons, these experimental findings are
limited by the drastically different morphology of the neurons used in the study.
The authors addressed this issue, however, through theoretical work. They demon-
strated that this mechanism successfully modulates gain in simulations of morpho-
logically complex cortical pyramidal neurons in which asynchronous inhibitory in-
puts are distributed over the basal dendrites of the neuron (Rothman et al., 2009).
Furthermore, this combination of mechanisms introduces a subtractive rightward
shift along the x-axis that is also observed in CGC in A1 (Rabinowitz et al., 2011a).

The involvement of inhibition in this mechanism compensates for the input-specific
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nature of STD, as inhibition is capable of modulating responses across the entire
receptive field of the neuron if it acts following dendritic integration of excitatory
inputs. Combined STD and classical inhibition results in compression of the spik-
ing output dynamic range of the neuron while leaving the input dynamic range the
same (Rothman et al., 2009). CGC in Al is typically viewed as a problem of input
dynamic range compression but the extent to which CGC reflects input vs output

gain control has not been addressed.

1.3 The source of inhibition for gain control

1.3.1 Subtypes of cortical interneuron

Inhibitory mechanisms appear to be the most plausible candidates for explaining
CGC in Al. Shunting inhibition, under conditions of synaptic noise observed in
vivo (Mitchell and Silver, 2003; Chance et al., 2002), is a very plausible mechanism
for CGC. Non-shunting classical inhibition could also plausibly underlie CGC, if
combined with STD (Rothman et al., 2009), balanced by excitation or as a result of
the mapping sensory input onto firing rate via a power-law I-O function (Murphy
and Miller, 2003). A major strength of intracortical inhibition as a mechanism for
CGC is that it is capable of accounting for both the local and global components
of CGC in a single mechanism. It satisfies the criteria for explaining local CGC
that it operates at a cellular level. It is also capable of accounting for the global
component of CGC as sources of intracortical inhibition sample more broadly from
the cortical network than pyramidal cells (Atencio and Schreiner, 2008; Moore and
Wehr, 2013; Liu et al., 2011).

If inhibition underlies CGC in Al, where does this inhibition originate? In-
hibitory interneurons comprise approximately 20% of neurons in the cortex, yet

they exhibit extensive diversity and consist of an unknown number of subtypes
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(Markram et al., 2004; Klausberger and Somogyi, 2008). Given their diverse prop-
erties, it is thought that different subtypes serve different functional roles in the
cortex, raising the possibility that a particular subtype of cortical interneuron may
be specialized for stimulus-driven gain control.

Historically, attempts to identify neuronal subtypes have been limited by the par-
ticular methodology available. Initial attempts depended on Golgi staining meth-
ods and microscopy. The reliance on these methods led to cellular morphology
and anatomical differences in the targeting of subcellular compartments being used
as the basis for classification (Somogyi et al., 1998; Markram et al., 2004). The
development of single-cell electrophysiological techniques led researchers to clas-
sify neurons based on the physiological properties of these neurons, such as firing
pattern (McCormick et al., 1985; Connors and Gutnick, 1990). While anatomical
and electrophysiological methods of classification show some correlation, neurons
of the same morphological subtype can demonstrate a variety of firing patterns
(Kawaguchi, 1993, 1995; Kawaguchi and Kubota, 1997; Gupta et al., 2000; Wang
et al., 2002).

In recent years, advances in molecular biology have resulted in gene expression
patterns also being used as criteria for classification (Rudy et al., 2011). While
attempts have been made to integrate these three approaches into a single classi-
fication system (Ascoli et al., 2008), the methodological advantages in targeting
subtypes based on gene expression have led to this becoming a widely accepted
method for separating neuronal subtypes in sensory neuroscience (Taniguchi et al.,
2011). While no simple mapping exists between gene expression patterns, firing
patterns and morphology, strong correlations do exist between these features. This
is most likely a result of the molecular phenotype contributing to the generation
of the anatomical and physiological phenotypes (Nelson et al., 2006; Sugino et al.,

2006; Taniguchi et al., 2011).
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Three classes of interneurons have been found to account for almost 100 % of
interneurons in the cortex (Rudy et al., 2011) (Figure 1.4). One class expresses the
calcium-binding protein parvalbumin (PV) and comprises approximately 40 % of
cortical interneurons. Another class expresses the neuropeptide somatostatin (SST)
and makes up approximately 30 % of the interneuron population. The final 30
% of interneurons express the ionotropic serotonin 3a receptor (5HT3aR). Each of
these groups are themselves comprised of multiple subtypes that vary anatomically,
physiologically and in their molecular profile (Rudy et al., 2011; Taniguchi et al.,
2011). While this may be seen as a relatively crude method classification, variation
in these phenotypes is far greater between these three groups than within them,
giving this approach a level of face validity.

The 5HT3aR group represents the largest group of interneurons in layers 1-3 of
the cortex and can be subdivided into two major subtypes, based on whether or not
they express vasoactive intestinal peptide (VIP). The majority of 5HT3aR neurons,
around 60 %, are non-VIP expressing cells and this category includes over 90 % of
layer 1 interneurons (L1) (Rudy et al., 2011). These non-VIP 5HT3aR interneurons
tend to express neuropeptide Y (NPY) (Vucurovic et al., 2010) and reelin (Rudy
et al., 2011), have a multipolar neurogliaform morphology (Kawaguchi and Kub-
ota, 1997; Olah et al., 2007) and a late spiking firing pattern (Rudy et al., 2011).
VIP interneurons make up the remaining 40 % of the S5SHT3aR group and are primar-
ily located in layer 2/3 (Rudy et al., 2011; Taniguchi et al., 2011). These neurons
often coexpress the neuropeptide cholecystokinin (CCK) (Férézou et al., 2002; Inta
et al., 2008; Varga et al., 2009; Vucurovic et al., 2010), they have a bipolar/bitufted
morphology and can show either an irregular spiking or fast adapting firing pattern.
VIP interneurons have been shown to primarily target SST interneurons, innervat-
ing pyramidal cells weakly with a low probability of ~12.5 % (Pfeffer et al., 2013).

SST interneurons preferentially innervate the dendrites of pyramidal cells and
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all classes of interneuron in cortex (Pfeffer et al., 2013). The vast majority of SST
cells have been classified morphologically as Martinotti cells. These interneurons
target the distal dendritic tufts of pyramidal cells in layer 1, while having their cell
bodies in all other layers, predominantly in layer 5. SST interneurons of layers 5
in particular tend to show a low-threshold intrinsic bursting firing pattern while
the remaining SST interneurons tend to show a regular adapting firing pattern
(Kawaguchi and Kubota, 1997; Wang et al., 2004; Uematsu et al., 2008). Mar-
tinotti cells can be themselves subdivided into two subtypes depending on whether
or not they coexpress calretinin (CR). SST/CR interneurons differ from CR negative
SST interneurons in their a spiking properties (Xu et al., 2006), connectivity (Xu
and Callaway, 2009) and developmental origins (Fogarty et al., 2007; Sousa et al.,
2009), making the case for their being independent subtypes convincing. A sub-
population of non-Martinotti SST interneurons also exists in cortex. These neurons
were identified in the X94 transgenic mouse line, generated through random inser-
tion of transgene that expresses GFP under a GAD67 promoter (Ma et al., 2006).
X94 interneurons innervate thalamorecipient layer 4 and have their cell bodies in
layers 4 and 5. Unlike Martinotti cells, they have low input resistance and fire
with a high frequency stuttering firing pattern that also exhibits spike adaptation
(Helmstaedter et al., 2009a).

PV interneurons consist of two major subtypes that show distinct anatomical
profiles. By far the most common subtype is the basket cell, which targets the soma
and proximal dendritic region of pyramidal cells. The other major subtype of PV
interneuron is the chandelier cell, which targets the axon initial segment of pyrami-
dal cells. Both of these subtypes show a distinctive fast-spiking (FS) phenotype,
although they do show some differences in their electrophysiological properties
(Woodruff et al., 2009). The FS phenotype is characterized by high firing rates,

narrow action potential width and is sustained with little spike frequency adapta-
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tion and has repeatedly been shown to correlate strongly with PV expression (Cauli
et al., 1997; Kawaguchi and Kubota, 1997; Gibson et al., 1999; Ascoli et al., 2008;
Xu and Callaway, 2009). As the most numerous group of interneuron, basket cells
may themselves consist of several subtypes (Markram et al., 2004). Large, small
and nest basket cells have been identified based on the extent and pattern of their
arborisations (Markram et al., 2004; Uematsu et al., 2008; Helmstaedter et al.,
2009b; Hellwig et al., 2012). Basket cells also show variability in their molecular
profiles (Kawaguchi and Kubota, 1997; Chow et al., 2010; Vruwink et al., 2001;
Saganich et al., 2001) and in their firing properties (Goldberg et al., 2008; Puig
et al., 2008; Hellwig et al., 2012) but there is currently no consensus as to whether
this variation reflects diversity of subtypes or variability within a single interneuron

class (Golomb et al., 2007).

1.3.2 Interneuron subtypes and gain control

Are any of these interneuron subtypes plausible candidates for the source of inhibi-
tion that may underlie CGC in A1? Certain differences between these subtypes in-
dicate that they may have significantly different functional specialisations. 5SHT3AR
expressing interneurons appear to be specialised for top-down disinhibition, via in-
hibition of other interneuron subtypes (Pfeffer et al., 2013; Pi et al., 2013; Fu et al.,
2014; Zhou et al., 2014b). VIP interneurons in V1 have been shown to primar-
ily target SST interneurons but also innervate pyramidal cells weakly and with a
low ~12.5 % probability (Pfeffer et al., 2013). Innervation of other interneuron
subtypes by VIP interneurons is marginally stronger than innervation of pyramidal
cells, but is still weak.

Locomotion has been found to result in activation of VIP interneurons in V1,
S1 and Al (Fu et al., 2014). In V1, this activation appears to be mediated by

cholinergic inputs from the basal forebrain and results in an increase in the gain of
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Figure 1.4: A. PV expressing interneurons can be divided into basket (dark blue) and chande-
lier cells (light blue) and target the soma and AIS of pyramidal cells respectively. The majority
of SST expressing interneurons are Martinotti cells (dark green) which tend to be concentrated
in deep layers and innervate the distal dendritic tufts of pyramidal cells in layer 1. These
interneurons may also be divisible into CR+ and CR- subtypes. X94 interneurons represent
another, non-Martinotti, SST subtype (light green). Almost half of 5SHT3aR neurons ( 40 %)
express VIP. These interneurons tend to be concentrated in layers 2/3, have a bipolar/bitufted
morphology and primarily innervate SST interneurons. The majority of non-VIP expressing
5HT3aR neurons are L1 interneurons that express NPY and reelin. B. A simplified classification
scheme based on 3 molecular markers alone accounts for over 80 % of interneurons in cortex
(Pfeffer et al., 2013). PV interneurons receive inputs from thalamus and innverate pyramidal
cells on and near their cell bodies, as well as inhibiting other PV interneurons. SST interneu-
rons target the dendrites of pyramidal cells and inhibit all other classes of interneuron. VIP
interneurons primarily target SST interneurons.

pyramidal cell responses (Polack et al., 2013; Fu et al., 2014). Artificial activation
of VIP interneurons in this area while the animal is stationary has been found to
increase the gain of pyramidal cell responses (Fu et al., 2014). Similarly, VIP in-
terneurons in mouse Al have been found to be activated by reinforcement signals,
resulting in an increase in the gain of pyramidal cell responses via inhibition of SST

and a subset of PV interneurons (Pi et al., 2013). While in V1 locomotion results in
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an increase in gain and an increase in the signal-to-noise ratio of visual responses
(Bennett et al., 2013), locomotion has been found to result in a reduction in gain
in A1 (Zhou et al., 2014b). This occurs as a result of L1 interneuron activation and
suppression of layer 2/3 excitatory responses and PV interneuron responses that
results in gain modulation through a scaling down of balanced excitation and in-
hibition (Zhou et al., 2014b). These findings indicate that, while VIP interneurons
are unlikely to implement gain control of pyramidal cell responses directly, they
are capable of regulating gain via the inhibition of interneuron subtypes that are
mechanistically involved in gain control.

The targeting of SST interneurons by VIP interneurons in V1 has implicated SST
interneurons in gain control (Fu et al., 2014). The effects of SST interneuron ac-
tivity on pyramidal cell responses in V1 has been investigated through the use of
optogenetic techniques. Optogenetic modulation of neuronal subtypes involves tar-
geting light-sensitive constructs to genetically defined groups of neurons through
either viral or transgenic methods. Depending on the function of the protein en-
coded by the construct, exposure to specific wavelengths of light can result in either
activation, as with channelrhodopsin (ChR2) (Boyden et al., 2005) or inhibition, as
with Halorhodopsin (Halo) (Zhang et al., 2007) or archearodopsin (Arch) (Chow
et al., 2010). Lee et al (Lee et al., 2012) found that ChR2-mediated transient acti-
vation of SST interneurons at the onset of visual stimulation results in a subtractive
narrowing of tuning width (Wilson et al., 2012; Lee et al., 2014). Tonic activation of
SST interneurons during visual stimulation however has been found to scale down
the responses of pyramidal cells without affecting tuning width, reflecting a change
in gain. Unlike PV interneurons, SST interneurons are not routinely co-active with
pyramidal cells, but tonic optogenetic stimulation of this kind forces them to be.
SST interneuron mediated gain control may therefore result from an artificial E-I

balance created through this manipulation (El-Boustani et al., 2014), although this
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issue remains controversial (Lee et al., 2014; El-Boustani et al., 2014).

PV interneurons have been found to play many functional roles in cortex. They
are targeted by thalamic input in all layers of cortex and provide fast and powerful
feed-forward inhibition to excitatory neurons (Ji et al., 2015). Their fast synaptic re-
sponses are the result of their low input resistance and fast membrane time constant
(Connors and Gutnick, 1990; Cauli et al., 1997; Gibson et al., 1999; Kawaguchi and
Kubota, 1997; Ascoli et al., 2008; Goldberg et al., 2008). These features make them
crucial for increasing the precision of sensory evoked cortical responses (Pinto et al.,
2000; Miller et al., 2001; Pouille and Scanziani, 2001; Pinto et al., 2003; Lawrence
and McBain, 2003; Gabernet et al., 2005) and the prevention of propagating epilep-
tiform activity (Sessolo et al., 2015). This feed-forward configuration, combined
with mechanisms of synaptic plasticity that are dependent on post-synaptic activity
levels, result in PV interneurons underlying the balance of excitation and inhibition
in cortex (Xue et al., 2014; Hasenstaub et al., 2005; Haider and McCormick, 2009).
They have also been shown to be involved in the generation of gamma-frequency
oscillatory activity (Traub et al., 2004; Bartos et al., 2007; Cardin et al., 2009) and
the regulation of critical-period plasticity in cortex (Hensch, 2005).

In addition to these many roles, there is also compelling evidence for PV in-
terneurons underlying inhibition-mediated gain control in cortex. Feed-forward
recruitment of putative PV interneurons, identified through their FS phenotype, has
been shown to modulate the dynamic range of post-synaptic neurons in both hip-
pocampus and cortex in vitro (Pouille et al., 2009). In vivo, optogenetic techniques
have been used in order to test the arithmetic effects of PV interneuron activity
on pyramidal cell responses in V1. Light-driven activation of PV interneurons with
ChR2 has been found to reduce the gain of visually evoked pyramidal cell spiking
responses while light-driven suppression with Arch increased gain (Atallah et al.,

2012; Wilson et al., 2012). Importantly, these manipulations did not affect the
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tuning widths of these cells but scaled them, reflecting a gain change. The effects
of PV interneuron activity appeared to be attributable to broadly tuned subtractive
inhibition combined with a power law output function (Atallah et al., 2012). The
possibility that these effects were mediated through shunting inhibition was not di-
rectly tested however. The divisive nature of PV cell activation was found both when
populations of these cells were activated and when individual PV interneurons were
activated (Wilson et al., 2012).

When activated more strongly, PV interneurons can have a subtractive effect on
pyramidal cell responses, resulting in a sharpening of orientation tuning (Lee et al.,
2012, 2014). This occurs when pyramidal cell firing rates are reduced by more than
half, at which point much of the excitatory drive to the neuron is pushed below
threshold producing a subtractive ’iceberg effect’ (Lee et al., 2014; Atallah et al.,
2014). Confirmation of the divisive effect of PV interneuron activity came from
the finding that strong suppression of PV interneurons results in a multiplicative
scaling of pyramidal cell responses, as threshold does not effect the tuning width
under these conditions (Atallah et al., 2012, 2014). These findings indicate that,
under typical physiological conditions, the primary effect of PV interneuron activity
on pyramidal cell responses is to modulate gain.

In keeping with their potential role in gain control, PV interneurons appear to
be ideally suited to providing shunting inhibition. The inhibition provided by these
cells occurs primarily via GABAa receptors (Klausberger et al. 2002) which are
mainly permeable to chloride (Cl"). The reversal potential for chloride determines
the effect of inhibitory currents on the post-synaptic neuron, and the reversal po-
tential is determined by the CI" concentration across the cell membrane. If the CI
reversal potential is below the resting membrane potential (RMP) of the neuron,
opening of these channels will result in an outward flow of current, producing a hy-

perpolarising effect. If the reversal potential is close to the RMP and below the spike
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initiation threshold, GABAa receptor transmission will have a shunting effect. The
reversal potential for chloride at the pyramidal cell soma in vivo is thought to be ap-
proximately -70mV, very close to the RMP. This appears to allow PV interneurons to
provide shunting conductances to cortical pyramidal cells. The somatic innervation
of pyramidal cells by PV interneurons also appears to be suited to gain modulation.
Innervation of the soma also enables these cells to modulate the spiking responses
of pyramidal neurons without affecting their tuning (Isaacson and Scanziani, 2011;
Fino et al., 2013). PV interneurons may also produce shunting conductance changes

as a result of their balanced configuration with excitatory input (Xue et al., 2014).

1.3.3 The contrast signal

In order for CGC to be implemented in cortex, thalamocortical inputs must carry a
contrast-dependent signal that can drive the mechanism that underlies contrast gain
control. Since an increase in contrast reflects an increase in the spectral and tem-
poral variance in the strength of the sensory input, this variability may be reflected
in pre-synaptic firing rates. In rodents, the majority of neurons in Al respond to in-
creasing intensity with a monotonic increase in firing rate (Bakin and Weinberger,
1990; LeDoux and Semple; Polley et al., 2004) allowing them to encode temporal
contrast using the variance of the neuron’s firing rate over time (Rees and Mgller,
1983; Joris and Yin, 1992; Eggermont, 1994; Liang et al., 2002; Nelson and Carney,
2007; Malone et al., 2007). Given the rectification of the input signal that occurs
during spike generation, increased contrast is also likely to be encoded as an in-
crease in mean firing rate in neurons that do not show CGC, as has been observed
in the IC (Escabi et al., 2003). Contrast-dependent modulation of the mean and
variance of presynaptic firing rates would allow feedforward recruitment of PV in-
terneurons by thalamic inputs (Ji et al., 2015) to modulate gain in cortical neurons.

In Al PV interneurons have been found to show more linear response to stimulus
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intensity than pyramidal cells, indicating that they are well-suited to translating
increased mean drive into inhibitory output that may modulate gain (Moore and
Wehr, 2013).

Spectral contrast may produce a similar increase in mean firing rate as PV re-
sponses are believed to indiscriminately pool excitatory inputs from the local pop-
ulation (Yoshimura and Callaway, 2005; Hofer et al., 2011; Wilson et al., 2012).
The variability of PV interneuron responses may be unaffected by spectral contrast
as the instantaneous stimulus intensity in neighbouring frequency channels should
cancel out. This should only occur if stimulus level at each time point is uncorre-
lated across frequency channels, however, as it is in stimuli known to elicit CGC
(Rabinowitz et al., 2011b). Integration over the local population may have the ef-
fect of elevating their membrane potential near to threshold under high contrast
stimulation, allowing these neurons to fire rapid non-adapting trains of action po-
tentials. This may allow PV interneurons to modulate gain in a highly dynamic
manner. Whether or not PV interneurons pool local pyramidal cell responses in
this manner can be assessed from their spectral tuning properties. Evidence for the
pooling hypothesis comes from V1 where PV interneurons are well tuned in species
that have show a columnar organisation of orientation tuning (Hirsch et al., 2003;
Cardin et al., 2007; Nowak et al., 2008), but show broad tuning in mouse V1 (Ma
et al., 2010; Kuhlman et al., 2011; Zariwala et al., 2011; Wilson et al., 2012) where
local populations show a range of orientation preferences (Kerlin et al., 2010; Hofer
et al., 2011).

In mouse Al, there is debate over both the extent of tonotopic frequency organi-
zation at the local level (Guo et al., 2012; Bandyopadhyay et al., 2010; Rothschild
et al., 2010) and over the width of PV interneuron tuning (Moore and Wehr, 2013;
Li et al., 2014). Tonotopic organisation is observed in mouse Al at the scale of

hundreds of microns (Guo et al., 2012) but 2-pi imaging studies have revealed het-
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erogeneous tuning at the local scale in layers 2/3, with neighbouring neurons show-
ing strikingly different tuning preferences (Bandyopadhyay et al., 2010; Rothschild
et al., 2010; Issa et al., 2014). This finding appears to be the result of layer specific
differences in intracortical circuitry, as layer 4 has been found to be tonotopic at the
local scale (Winkowski and Kanold, 2013).

If PV interneurons sample the responses of local excitatory cells in an indiscrimi-
nate manner, one might expect PV interneurons in layer 4 to show frequency tuning
similar to pyramidal cells, and PV interneurons in layers 2/3 to show broader tun-
ing. Intracellular recordings from fast-spiking putative PV interneurons in layer 4
of rat A1 have shown that the width of subthreshold tuning is indeed similar to that
of pyramidal cells, although as a result of a lower intensity threshold, the tuning
of their spiking response is in fact broader than that of pyramidal cells (Wu et al.,
2008). Broader tuning of fast-spiking putative PV interneurons have been observed
across all cortical layers in cat Al (Atencio and Schreiner, 2008).

Moore and Wehr (2013) assessed tuning properties of PV interneurons in mouse
Al by performing tungsten electrode recordings in transgenic mice that expressed
ChR2 in PV interneurons. This method, known as photo-identification of neuronal
populations (PINP) (Lima et al., 2009) allowed them to identify these neurons from
their responses to light and assess their tuning properties. They found that fast-
spiking neurons did indeed show broader tuning than pyramidal cells but when
this analysis was restricted to light-responsive PV interneurons, tuning was as nar-
row as in pyramidal cells both within and outside layer 4 (Moore and Wehr, 2013).
Using 2-pi guided targeting of cell attached recordings to layer 2/3 PV and SST
interneurons, Li et al (Li et al., 2014) found that tuning is in fact broader for PV
interneurons than both pyramidal cells and SST interneurons. Cell attached record-
ing is the gold-standard technique for single unit isolation and indicates that the

finding of similar tuning between PV interneurons and pyramidal neurons may be
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due to contamination in the PV recordings by pyramidal cell spiking activity. One
study that used this approach to assess PV interneuron tuning in mouse V1 found
that these neurons are in fact well tuned (Runyan et al., 2010), contrary to many
other reports (Ma et al., 2010; Kuhlman et al., 2011; Zariwala et al., 2011; Wilson
et al., 2012). Further work will be necessary in order to identify the causes of these
variations between studies.

While there is on-going debate as to the breadth of tuning of PV interneurons
in Al, there is a consensus that PV interneurons are tuned for frequency to some
extent. This property allows them to account for local CGC, in which the range of
contrasts that drive CGC are similar to the tuning of the excitatory cell undergoing
gain control (Rabinowitz et al., 2011a). This feature may also be attributable to the
somatic innervation patterns of pyramidal cells by PV interneurons. By modulating
the sensitivity of the neuron at the soma, following dendritic integration of synaptic
inputs, gain can be changed equally across all inputs while tuning is left unaffected.
Even if PV interneurons show pyramidal-like tuning, these interneurons show ex-
tensive connections through gap junctions (Galarreta and Hestrin, 1999; Gibson
et al., 1999; Tamas et al., 2000; Beierlein et al., 2000; Deans et al., 2001; Galar-
reta and Hestrin, 2001; Meyer et al., 2002; Galarreta and Hestrin, 2002; Amitai
et al., 2002; Gibson et al., 2005; Hestrin and Galarreta, 2005) allowing them to
respond as a population. This feature may underlie the global aspect of CGC, in
which contrast outside the receptive field of the excitatory neuron can modulate
gain (Rabinowitz et al., 2011a).

If thalamocortical inputs provide the contrast-dependent signal that drives CGC,
this computation may be implemented through feedforward PV-mediated inhibition
in layer 4, where innervation of PV interneurons by thalamic input is strongest (Fig-
ure 1.5 A). A contrast-dependent increase in mean spiking may also allow STD to

contribute to CGC in layer 4 by acting at the thalamocortical synapse (Stratford
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et al., 1996; Boudreau and Ferster, 2005). STD may also serve to increase contrast-
dependent variability in the input, a mechanism of gain control that has been shown
to contribute to contrast-invariance in V1 (Sadagopan and Ferster, 2012). Imple-
menting gain control at this earliest possible stage of cortical processing in this
manner has the effect of normalising cortical input so that it can be modified in
later stages of cortical processing outside of layer 4.

If thalamocortical circuitry alone underlies CGC, these gain changes may sim-
ply be inherited outside of layer 4 (Douglas and Martin, 1991b), resulting in gain
changes across the depth of cortex. PV interneurons have been shown to receive
thalamic input across the entire depth of the cortex, potentially enabling CGC to
be implemented via feedforward inhibition across all cortical layers simultaneously
(Figure 1.5 B). Another possibility is that CGC is initially implemented by thalam-
ocortical circuitry and is subsequently boosted by intracortical mechanisms outside
of layer 4, resulting in observable differences in the strength of CGC across cortical
layers (Figure 1.5 C). Such differences may be even stronger if intracortical mech-
anisms alone are involved in the generation of gain control. Layer 4 responses may
vary with contrast, allowing these neurons to drive CGC in other layers via intracor-
tical excitation, STD or feedforward intracortical inhibition (Barbour and Callaway,
2008; Adesnik et al., 2012).

In mouse V1, corticothalamic layer 6 excitatory neurons have been found to
modulate the gain of pyramidal cells in all other cortical layers (Olsen et al., 2012)
through the recruitment of a translaminar-projecting, PV interneuron subtype, whose
cell bodies also reside within layer 6 (Bortone et al., 2014). This deepest corti-
cal layer receives direct thalamic input, which may drive gain changes across the
cortical column simultaneously via this intracortical circuit (Figure 1.5 D). Unlike
excitatory inputs to PV interneurons in other cortical layers which tend to show

STD, layer 6 cortico-thalamic pyramidal cells preferentially innervate interneurons
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via facilitating synapses (Gil et al., 1999; Beierlein and Connors, 2002; Thomson
and Lamy, 2007) indicating that this may represent a highly specialized circuit for
gain control. If this circuit underlies CGC in A1, CGC should be absent from layer 6
neurons and contrast dependent modulation of firing rates or variability should be
observed in this layer.

These different circuit hypotheses lead to different predictions regarding the
strength of CGC across the layers of the cortex. Knowledge of the laminar organisa-
tion of CGC may therefore serve to constrain the possible mechanisms and columnar

circuitry that may underlie CGC.
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A_< Pyramidal cell before CGC

Figure 1.5: A. CGC may be implemented within layer 4 via feedforward PV interneuron inhibi-
tion, synaptic depression, synaptic noise or a combination of these mechanisms. Gain changes
may be inherited subsequently by pyramidal cells in other cortical layers. B. Feedforward PV
interneuron inhibition may occur simultaneously across all cortical layers. C. Alternatively,
PV interneurons may be recruited sequentially in each layer by intracortical excitatory connec-
tions. This could lead to a gradual increase in the strength of gain control, indicated here by
the transition from black to red in the pyramidal cells. D. A subpopulation of thalamorecipient
layer 6 excitatory neurons that project to thalamus may drive gain changes in all other cor-
tical layers via feedforward inhibition, mediated by a translaminar projecting PV interneuron
(adapted from (Bortone et al., 2014) ). In this case, CGC should be absent from layer 6. MGB:
medial geniculate body.
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1.4 Organisation of this thesis

The overall aim of this work was to investigate the mechanistic basis of CGC in AC.
The tools required in order to do this are not available in the ferret, where CGC
was first identified, and so the first aim of this work was to establish the mouse as
a model organism for the investigation of mechanisms of CGC. This involved char-
acterising CGC in mouse AC through extracellular recordings. I also examined the
laminar organisation of CGC in mouse AC in order to constrain circuit hypotheses
regarding the mechanisms underlying CGC. This information was also important
in allowing us to identify whether certain neuronal populations in specific layers
needed to be targeted in future experiments. The second aim was to investigate the
impact of PV interneuron activity on responses in AC, in order to test the hypothe-
sis that this cell type drives reductions in gain in response to increases in stimulus
contrast. Finally, I aimed to test the involvement of two possible biophysical mech-
anisms in CGC through intracellular recordings, shunting inhibition and membrane
potential variability.

In Chapter 2, I outline the experimental methodology employed for both ex-
tracellular and intracellular electrophysiological experiments in anaesthetised mice
and cover the optogenetic methods used in a subset of experiments. I also outline
the stimuli and analytical approaches that were used in this work. These include
Dynamic Random Chord stimuli and linear and nonlinear models that were used
in order to estimate the stimulus-response function of extracellular recorded AC
neurons.

In Chapter 3, I examine whether CGC occurs in mouse AC and whether any
interspecies differences exist between the mouse and the ferret. I also examine how
CGC is organised across cortical layers in mouse AC.

In Chapter 4, I test the effects of PV interneuron inhibition on extracelluar

recorded unit responses through optogenetic activation and suppression of PV in-
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terneuron activity. I also examine the effect of contrast on putative PV interneuron
activity.

In Chapter 5, I examine the biophysical basis of CGC though intracellular record-
ings. I assess the contributions of shunting inhibition and membrane potential vari-
ance to CGC in AC neurons.

Finally, in Chapter 6, I discuss what these experimental results tell us about the
mechanistic basis of CGC in AC and more generally in cortex. I also identify areas

for future investigation.
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Chapter 2

Methods

2.1 Experimental Methods

2.1.1 Surgical methods

All extracellular and intracellular recordings reported in this thesis were made from
the auditory cortex (AC) of anaesthetised mice, all of which were between 8 and 12
weeks old. Induction of anaesthesia was achieved through intraperitoneal injection
of 0.1 mg/kg ketamine (Narketan, Chassot AG, Belp, Bern, Switzerland) and 0.25
mg/kg medetomidine (Domitor, Pfizer, Walton Oaks, Surrey, UK). 0.1 mg atropine
(Atrocare, Animal Care 1td, Nether Poppleton, York) and 0.01 mg dexamethasone
(Dexadreson, MSD Animal Health, Milton Keynes, Buckinghamshire) per animal
were delivered subcutaneously in order to reduce cerebral edema and lung secre-
tions, respectively. Anaesthesisa was maintained via intraperitoneal infusion of 50
mg/kg/hr ketamine and 0.06 mg/kg/h medetomidine. The scalp was anaesthetized
locally using 0.1 ug marcain (AstraZenica, London, UK) before being removed in
order to expose the left temporal and parietal bones of the skull. The left temporal
muscle was anaesthetized locally using 0.1 mg marcain and subsequently retracted,

using a diathermy in order to cauterize any bleeding. The skull was fixed to a head-
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plate using a combination of tissue adhesive (Vetbond, Santa Cruz Animal Health,
Paso Robles, CA, United States) and dental acrylic.

A craniotomy was performed over AC, the location of which was identified using
cranial landmarks. Craniotomies extended from the lambdoid suture at the most
caudal extent to 1 mm rostral of the point at which the squamosal suture crosses
the temporal ridge. In the dorsal-ventral axis, the craniotomy extended from 2mm
dorsal of the temporal line to the squamosal suture at the most ventral extent. Local
vasculature was also used in order to localise AC. Sites close to the largest vessel
in this area oriented along the dorsal-ventral axis were consistently responsive to
auditory stimuli. It was not possible to map specific auditory cortical fields in these
experiments and so AC recordings likely include responses from secondary as well
as primary cortical areas. Frequency tuning of auditory responses was also used to
confirm that recordings were localised to AC.

Following extraction of multi-unit activity on each channel, 56% of recordings
showed noise-evoked responses, defined as a doubling of baseline firing in response
to noise onset. For intracellular recordings the dura was removed and saline was
applied to the exposed cortex in order to avoid dehydration. Silver-plated refer-
ence and ground wires were inserted into frontal and parietal cortices, respectively,
through two small craniotomies. These wires were fixed in place using dental
acrylic. Core body temperature was monitored throughout the experiment and
maintained at 37.5 £0.5 degrees C. Anaesthesia levels were assessed regularly via
the pedal withdrawal (paw pinch) reflex and any signs of whisker movement. All
procedures received approval from the Oxford University Animal Care and Ethical

Review Committee and were licensed by the UK Home Office.
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2.1.2 Extracellular recordings

Extracellular recordings were performed using multi-channel silicon probes (Neu-
roNexus, Ann Arbor, United States). Single shank probes with 32 recording sites
spaced 50 um apart and arranged in a linear configuration (1x32) were used in or-
der to record neural responses from all cortical layers simultaneously. Single units
could not be reliably extracted from the data obtained using linear probes, due
to the geometry of their recording sites and so the small amplitude of recorded
spiking activity. Multi-unit activity (MUA) was instead extracted from recordings.
MUA is less precise a measure than single-unit spiking and is more likely to suffer
from false positives, with non-spiking currents and electrical noise being classified
as spiking activity. It is routinely used however and often acts as reasonable proxy
for single-unit activity (Guo et al., 2012).

An analog measure of MUA recorded on each channel was used instead of tradi-
tional threshold-crossing methods for MUA extraction. The analog MUA extraction
method used here involved measuring the voltage signal power in the frequency
range occupied by spiking activity by bandpass filtering the recorded signals. This
method has been used in several previous studies in order to extract MUA (Chung
et al., 1987; King and Carlile, 1994; Schroeder et al., 1998; Choi et al., 2010;
Schnupp et al., 2015). For each channel, the recorded voltage signal was filtered
between 300 and 6000 Hz. The absolute values comprising the signal were taken
and the resulting signal was subsequently low-pass filtered below 6000 Hz and
downsampled to a sample rate of 12000 Hz. Local field potentials (LFPs) were ex-
tracted by low-pass filtering the recorded signals below 300Hz using a digital 8%
order Chebyshev Type I filter. “Buzsaki” style NeuroNexus probes were used for
single unit recordings. These probes had 8 shanks, each with 8 sites arranged in
a staggered configuration (8x8) designed in order to isolate single units. For the

Buzsaki probes, 136 units were isolated across 6 penetrations, resulting in a yield

43



of ~23 well-isolated single units per penetration. Extracellular recordings were
performed in a sound-insulated chamber. A TDT PZ2-64 multichannel preamplifier
(Tucker Davis Technologies, Alachua, FL) was used in order to amplify extracellular
recordings and a TDT RZ2 digital signal processor was used to digitize the data at
a sample rate of ~25 kHz.

Single units were isolated in some experiments by spike sorting. Automated
spike sorting was performed using KlustaKwik (github.com/klusta-team/klustakwik),
which fits principal components in the data with a mixtures-of Gaussians model
using an Expectation Maximisation (EM) algorithm. After automated clustering,
clusters were visually inspected and classified as noise, single units or multi-units
(MUs) on the basis of spike waveform, distribution over channels and autocorre-
lation structure. Signals from single units were required to have a waveform that
was restricted to a small number of channels and to show a 1 ms refractory period
in their autocorrelation. Clusters that did not meet these criteria were classified
as multi-units, unless their waveforms indicated that they reflected non-biological

electrical activity, in which case they were classified as noise.

2.1.3 Stimulus presentation

Stimuli were presented using an Ultrasonic Dynamic Speaker (Avisoft Bioacous-
tics, Glienicke, Germany), modified for monaural in-ear delivery. The speaker was
driven using a TDT RX6 multifunction processor at a sample rate of ~200 kHz.
Stimuli were calibrated across the frequency range of 1-64 kHz. A Bruel and Kjaer
(Naerum, Denmark) Type 4138 1/8™ inch pressure-field microphone was used in
order to assess the response of the speaker across this range. An inverse filter was
created based on this response and was used in order to produce a flat frequency
response in this frequency range, within +3 dB. Stimulus presentation and data ac-

quisition was controlled using Benware (github.com\beniamino38\benware). Sub-
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sequent analysis was performed in Matlab (The MathWorks, Natick, MA).

2.2 Stimuli

2.2.1 DRC stimuli

Throughout this thesis, the main stimulus used is the dynamic random chord se-
quence (DRC). This stimulus consists of a series of chords that themselves consist
of a superposition of pure tones (Figure 2.1 A and B). The frequencies of these tones
are fixed, as is the duration of each chord. The intensity of each tone at any time
point, however, is drawn from a distribution of possible values (Figure 2.1 C), lead-
ing to fluctuations in intensity over time for each tone (Figure 2.1 E). This method
also generates variations in intensity between neighbouring tones (Figure 2.1 D).
Changing the range of possible intensities therefore controls both the temporal and
spectral contrast of the stimulus.

All DRCs in this study consist of 25 pure tones with frequencies log-spaced be-
tween 1 and 64 kHz, inclusive. The frequency range of the stimulus covered 6
octaves and tone frequencies were spaced 1/4 octave apart. Chord duration was
fixed at 25 ms and 5 ms linear ramps were included between sequential chords in
order to reduce “spectral splatter”.

In order to investigate CGC using these stimuli, the contrast of each DRC had to
be controlled. Traditionally, contrast, c, has been defined as the standard deviation

of the stimulus intensity, o;, over the mean intensity, u;:

C:JI/,U[ (2.1)

It is therefore possible to define auditory contrast as the standard deviation of

the root mean square (RMS) sound pressure, o,, over the mean sound pressure, u,:
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Figure 2.1: A. High contrast DRC stimulus. DRCs are comprised of pure tones of specific
frequencies that vary in their level over time, indicated by colour on this plot. Levels for each
tone at each time point are drawn randomly from a tone-level distribution. For this high
contrast DRC, the range of possible intensities is =20 dB. B. Low contrast dynamic random
chord (DRC). The range of possible intensities for this low contrast DRC is =10 dB. C. Tone level
distributions used in order to generate DRCs in A and B. The mean level for both distributions
are the same, but the widths of the distributions, and therefore the standard deviations, are
different. The increased width of the red distribution results in the generation of a higher
contrast DRC (A) than that generated by the blue distribution (B). D. Cross-section though the
DRC across frequencies for a given time point. At each time point, the width of the tone-level
distribution also controls the variation in level across frequency. E. Cross-section though the
DRC within a single frequency band. For a given frequency, the intensity fluctuates randomly
over time. These fluctuations are larger for high contrast DRCs generated using a tone-level
distribution with a larger width (red). This increase in level variance results in an increase in
the temporal contrast of the stimulus. This method of DRC generation leads to stimuli with
matched spectral and temporal contrast.

c=0p/typ: (2.2)

In auditory physiology or psychoacoustics, however, sound level is not usually

quantified as pressure however, but as sound pressure level (SPL), L:

L = 20log10(p/po) (2.3)
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where p, = 20 uPa, the reference RMS sound pressure used when calculating
SPL.

This logarithmic measurement allows the very large range of pressure levels that
the auditory system is exposed to to be expressed in a more convenient manner than
is possible with a linear measurement. This log transform also conveniently results
in SPL standard deviation being a very close approximation of sound pressure con-

trast.

[

~ a.o +b 2.4)
Hp

where a and b are constants.

The standard deviation of the stimulus SPL, and therefore the contrast, can sim-
ply be controlled by changing the range of tone intensities that comprise the DRC
(Figure 2.1 B,C). This method of controlling contrast changes both the variance in
intensity across frequency bands (spectral contrast) (Figure 2.1 D) and the variance
over time within frequency bands (temporal contrast) (Figure 2.1 E). Throughout
this thesis I use DRCs with one of two contrast levels. Low contrast DRCs have an
intensity range of +10 dB (o, ~6.2 dB, ¢ = op/ uP = 0.68). High contrast DRCs
have the same mean but the range was doubled to +20 dB (0; ~11.97 dB, ¢ = op/
wp = 1.2). For these ranges, there is approximately a doubling in contrast from the
low contrast to high contrast stimulus. Tone levels were generated using a variety
of random seeds in order to generate different DRCs. Each DRC sequence consisted
of 1,600 25 ms chords and lasted 40 seconds in total. Stimulus presentation was

randomised (Figure 2.2).
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Token 2

Figure 2.2: Schematic of DRC stimulus presentation. DRCs could be of high or low contrast
with random sound levels determined by one of four seed tokens. Each DRC was presented
3 times with optogenetic stimulation and 3 times without optogenetic stimulation. Stimuli
were presented in a random order. Experiment time (t) is indicated here by the arrow. This
schematic shows four 40 second DRCs being presented sequentially with the token indicated
above and the optogenetic condition indicated by the font color. Blue indicates a “light on”
optogenetic condition while black indicates a “light off” control condition. Here a low contrast
DRC seeded with token 2 during an optogenetic trial is followed by a high contrast DRC seeded
with token 4 during a second optogenetic trial. This is followed by another contrast DRC seeded
with token 1 during an control trial and finally a low contrast DRC seeded with token 3 during
an optogenetic trial. Control data was used in chapter 3 while both data sets were used in
chapter 4.

2.2.2 Noise stimuli

Bursts of white noise lasting 50 ms in duration were used in order to assess whether
neurons responded to auditory stimuli. Evoked LFP responses to these noise bursts
were also used in order to identify cortical layers. These noise bursts were also
embedded in DRCs in order to probe evoked auditory responses during intracellular

recordings.
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2.3 Modelling

2.3.1 Linear models

DRCs have been used extensively in order to assess the spectrotemporal selectivity
of auditory neurons (deCharms et al., 1998; Schnupp et al., 2001; Rutkowski et al.,
2002; Sahani and Linden, 2003; Linden et al., 2003; Ahrens et al., 2008; Christian-
son et al., 2008; Bitterman et al., 2008) as has the spectrotemporal receptive field
(STRF). In most mammals, neurons in the auditory system respond to frequencies
within a restricted range as well as to temporal modulations, captured by the en-
velope of the sound. STRFs are models of neuronal responses that are capable of
capturing both of these features (Shamma et al., 1993; Kowalski et al., 1995; Bizley
et al., 2005). Fluctuations in stimulus energy within frequency bands over time can
be represented as the spectrogram of an auditory stimulus, X(ft) (Figure 2.4A). The
STREF, k, is a linear filter that defines frequencies that drive or suppress neuronal
responses over time, y, (Figure 2.4B). The STRF captures spectral preferences of
the neuron by assigning different weights to different frequency bins. At any given
time in the stimulus, t, the STRF also weights the stimulus history, h, over a set
number of time steps. This linear weighting in frequency and time yields a linear
prediction of the neurons firing rate, y,. The hat operator denotes an estimate of

the parameter in question.
Je = ko+ Y _[k(f,h).X(f,t = h)] (2.5)
f.h

As temporal tuning is modelled by weighting recent stimulus history at each time

step, the addition of this history dimension results in the stimulus being represented
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as a three-dimensional tensor, X (Figure 2.3):
X = X(f,t—h) (2.6)

The STREF, kg, captures features in the two dimensional frequency-history space
that drive responses over time. Linear filtering of the stimulus, X, by the STRF kg,

yields the predicted firing rate, y,.

U = ko + ZXg‘h-k?fh 2.7)
b

2.3.2 Linear-nonlinear models

The linear STRF is capable of capturing important aspects of neuronal responses
to auditory stimuli. These models are limited, however, by their linearity. The
relationship between the spectrogram of a sound and neuronal responses is not
entirely linear and this must be incorporated into models in order to improve their
accuracy. One approach that can be used in order to address this issue is to add a
nonlinear stage to the model, following the linear STRF. Instead of using the STRF
to predict firing rates directly, the output of the STRF can be treated as a variable

within the model, z, (Figure 2.4).

=Y Xk (2.8)
fh

The output of the STRF, z;, can then be passed through a static sigmoidal output

non-linearity (Figure 2.4C):

(2.9)
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Figure 2.3: Three-dimensional DRC representation, Xs. The pure tones that make up the DRC
vary in their intensity over both frequency, f, and time, t, as can be seen on the left face of the
stimulus schematic. The STRF model produces an estimate of the unit’s firing rate at each time
point, t, based on a linear combination of stimulus frequency and recent stimulus history over
a set number of time steps. Given that the length of the stimulus history vector being considered
within each frequency channel is of a different length to the entire time vector in each channel,
it is convenient to represent recent stimulus history at each time step along a third dimension,
h. The STREF is fit to the frequency-history matrix at each time point, Xg,. This matrix fort = 1
is visible on the right-hand face of the schematic. With each increase in t, stimulus history also
shifts by one time-step, as can be seen from the top face of the schematic.

This nonlinearity that maps STRF output , z,, onto predicted firing rate, y,:

je = Flz] (2.10)

The sigmoidal shape of this nonlinearity results in rectification of the signal, pre-
venting predictions of negative firing rates, and captures two major neuronal non-
linearities; spike threshold and saturation. Adding this non-linearity has been

shown to improve predictions of neural responses in AC (Rabinowitz et al., 2011a).

51



o~

80

freq (kHz)
[=-]

freq (kHz)
> ™
o
Spikes / sec (1)

sound level (dB SPL)

w
e}

60 64 -
-500 -400 -300 -200 -100 O -500 -400 -300 -200 -100 0O STRF output (z)
time (ms) stimulus history (ms)

Figure 2.4: A. The aim of our modelling is to predict neuronal responses from the spectrogram
of the DRC. B. This spectrogram is filtered through the STRF resulting in a predicted firing rates
that are linear with respect to the spectrogram. C. This linear output is then passed through a
sigmoidal output nonlinearity that maps STRF output 2. onto the firing rate of the unit y;.

2.3.3 Model fitting

Responses during the first second of auditory stimulation were excluded from model
fitting in order to avoid fitting to onset responses. Linear STRFs and output non-
linearities were fitted to the data by using gradient decent to minimise a sum-of-

squares error term:

E=> (ye— ) (2.11)
t

Cortical responses tend to be very noisy, however, and when fitting STRFs this
method regularly results in overfitting to the training set (Sahani and Linden, 2003;
Ahrens et al., 2008). An effective way to avoid such over-fitting is by including a
regularisation term. Regularisation involves making prior assumptions regarding
the structure of the model that can then be used to constrain the fitting of the
model. Smoothness and sparseness (Sahani and Linden, 2003; Linden et al., 2003;
Ahrens et al., 2008) are two routinely used regularisation constraints (Machens
et al., 2004). Regularisation parameters can be chosen manually or via automated
Bayesian approaches, such as Automatic Relevance Determination and Automatic
Smoothness Determination (Sahani and Linden, 2003; Linden et al., 2003; Ahrens

et al., 2008).
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Throughout this thesis, I reduce model overfitting by assuming that the tuning
of the MUs are separable in both space and time. This involves fitting a frequency
kernel, kf, and a history kernel, ks, and computing the outer product of these two
kernels, kg:

km = ke ® kn (2.12)

Each kernel is fit by least-squares linear regression while the other kernel is
fixed. The error term, E, captures the degree by which the predicted firing rate

produced by the model differs from the actual firing rate of the MU, y,.

E=Y)_ (yt = [ko + X (ks @ k;h)]) (2.13)

£ih

The coefficients of the kernel being fitted are then updated in order to improve
this prediction. This procedure is repeated for each kernel in an iterative manner
until a local minimum is found in the error term. While separable STRFs cannot
model sensitivity to stimulus features that covary in frequency and time, this is
compensated for by the reduction in over-fitting observed when using these models
- separable STRFs tend to perform as well or better than inseparable STRFs in pre-
dicting responses to unseen stimuli (Linden et al., 2003; Simon et al., 2007; Ahrens
et al., 2008).

The bandwidth of tuning and the frequency preference of each STRF was mea-
sured from the two kernels. The frequency kernel was rectified by squaring the
coefficients before the best frequency (BF) was measured (Figure 2.5 B). The BF
was defined as the frequency bin with the largest coefficient, following rectifica-
tion. The bandwidth was measured as the width of the tuning curve around this
peak response at half of its amplitude. The bandwidth of temporal tuning was mea-
sured as the width of the tuning curve surrounding the peak coefficient observed in

the first 100 ms of the history kernel (Figure 2.5 C). The measurement was taken
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at half of the amplitude of the peak coefficient.
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Figure 2.5: A. Complete STREF, the product of frequency and history kernels in B and C. B. Fre-
quency kernels (blue line) were smoothed by squaring the coefficients (solid black line) before
bandwidths were measured at half of the amplitude of the largest coefficient. The frequency
associated with the largest coefficient was taken as the BF of the MU. BF is indicated here by
the broken black line and bandwidth is indicated by the red line. C. History kernel coefficients
(solid black line). The largest coefficient between 0 and -100 ms was identified and temporal
bandwidth was measured at half of the amplitude of this coefficient. Bandwidth is indicated by
the red line.

2.3.4 Current source density analysis

Bursts of white noise lasting 50 ms in duration were used in order to identify corti-
cal areas that responded to auditory stimuli. The broadband nature of white noise
makes it convenient as a search stimulus but one caveat of using a simple stimulus
of this kind is that neurons with nonlinear auditory responses may go undetected. A
low contrast stimulus of this kind may also bias unit detection towards neurons that
respond preferentially to low contrast stimuli. This stimulus was used to identify
penetrations in auditory cortical areas in which many neurons were recorded si-
multaneously. It was therefore not necessary for every recorded neuron to be noise
responsive for the data from the whole penetration to be included in the analy-
sis. This approach results in activity from potentially non-noise responsive auditory
neurons being included in the analysis, avoiding the caveats associated with using
white noise to identify auditory neurons on a unit by unit basis.

In recordings made with linear probes, evoked local field potential (LFP) re-

sponses to these noise bursts were also used in order to identify cortical layers. The
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electrode spanned all cortical layers and was inserted orthogonally to the cortical
surface. LFP responses to noise bursts underwent current source density (CSD)
analysis in order to identify the pattern of current density flowing to and from the
extracellular space, across depth and time. Current sinks are associated with synap-
tic activity, as this results in a net flow of current in to neurons and away from the
extracellular medium, while current sources reflect the flow of current in to the
extracellular medium (Nicholson and Freeman, 1975). The pattern of current sinks
and sources can be used to identify the location of recording channels in different
cortical layers.

In the standard method, homogeneity of activity orthogonal to the electrode axis
is assumed and the CSD is estimated for each channel, C,, from the recorded po-
tential, @, taking into account electrode spacing, h, and extracellular conductivity,
o (Pitts, 1952; Nicholson and Freeman, 1975). Here, o is used to indicate extracel-
lular conductivity, not standard deviation as used previously in this chapter:

¢ — _U@(z +h)— 2<I;L(Qz) —®(z—h)

(2.14)

An alternative method is the inverse or iCSD method (Pettersen et al., 2006). The
aim of CSD analysis is to estimate the CSD from recorded potentials. The iCSD
method solves this by first doing the inverse of this, calculating potentials for a
known distribution of current sources. This method provides a matrix of the elec-
trostatic forward solutions, F, that can be inverted in order to calculate current

sources from recorded potentials:

C=r1'o (2.15)

Several variants of the iCSD method exist; here I use the d-source method. This

method assumes that current sources originate from within infinitesimally thin disks
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around each electrode contact. If each disk is assumed to have an infinite radius,
this method is equivalent to the standard method. Assuming a more plausible radius
for each disk improves CSD calculations using this method. This radius corresponds
to the area of cortex that is assumed to contribute to stimulus-evoked changes in
current and voltage. Here I assumed a diameter of 250 um. While assuming differ-
ent values for this parameter can change CSD estimates, this has been found to not
impact negatively on the use of CSDs for layer estimation (Szymanski et al., 2009).

The conductivity of the extracellular matrix, o, must be factored into CSD cal-
culations. Known anisotropic variation in extracellular conductivity can also be
incorporated into this calculation, but I assumed a homogenous, isotropic conduc-
tivity of 0.3 S/m. Changing the value of & will not alter the spatial or temporal
pattern of CSDs used here for laminar identification, as it will scale the CSD across
all channels equally.

The most prominent feature of both the LFP and CSD is the reversal that occurs
at the border of layers 1 and 2 (Figure 2.6 A and B). This feature was used in order
to align recordings so as to achieve consistent cortical depth measurements across
animals. Layers were assigned based on experimentally obtained measurements
of cortical thickness (Ji et al., 2015; Anderson et al., 2009). Layers 2 and 3 were
combined into a single layer 2/3, as is commonly done. Recordings between 0
and 225 um below this border were classified as layer 2/3, between 225 and 425
wm as layer 4, between 425 and 675 um as layer 5 and below 675 um as layer 6.
Layer assignments using this method were validated using CSD features, such as a
prominent early sink corresponding to thalamic input in layer 6 and at the border

of layers 2/3 and 4 (Figure 2.6 B and C).
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Figure 2.6: A. Mean local field potential (LFP) responses to noise burst stimuli on all 32 multi-
electrode channels on the linear probe, inserted orthogonally to the cortical surface. Channel 1
is furthest outside the brain while channel 32 is deepest in the brain. All channels are separated
by 50 um. Poor spatial localisation of the LFP signal makes it difficult to identify cortical layers
from the LFP response. B. Mean current source density (CSD) responses to noise burst stimuli.
The prominent reversal in polarity on channel 15 indicates the border of layer 1 and 2/3. All
other layer boundaries (indicated by white broken lines) were assigned based on distance from
this reference point. Distances between layer boundaries were obtained from published mea-
surements of layer thickness (Ji et al., 2015; Anderson et al., 2009). White numbers indicate
assignment of cortical layers. The early activity at the border of layer 2/3 and 4, as well as
at the border of layer 5 and 6, corresponds to the known anatomy of thalamic input to mouse
AC. C. Mean spiking responses to noise across all channels further validates layer assignment.
Strong feed forward activity driven by thalamic input can be seen in layer 6 and lower layer
2/3. Spiking responses stop above layer 2/3, in keeping with the very sparse number of cell
bodies found in layer 1. Warmer colours indicate increased activity (depolarisation of LFP in
A, current sinks in B and an increase in firing rate in C) while colder colours indicate reduced
activity (Hyperpolarisation of LFP in A and current sources in B. Negative firing rates are not
possible in C). Channel 12 on this probe was excluded on the basis of an extreme impedance
value, indicating damage to the channel.

2.3.5 MU selection criteria

Recordings were only performed during penetrations in which MUs were respon-
sive to noise burst stimuli, indicating that neurons in that area were acoustically
driven. In order to perform our analysis, MUs had to have STRFs that could suc-
cessfully predict neural responses to novel DRC stimuli. In order to quantify model
performance, data from a single condition were divided into fitting and test sets. I
fitted models to 9/10ths of the data and then used the model to predict responses

to the remaining 1/10th of the data. Performance was quantified as the correlation
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between predicted and actual responses in the test set. Cross-condition perfor-
mance was measured by training the model on the data from one condition and
then using the model to predict responses to the stimulus from the other condition.
Performance was again quantified using the correlation between the predicted and

observed responses to the test stimuli.

2.3.6 Statistical analysis

I used standard non-parametric statistical tests in order to ascertain the significance
of effects reported throughout this thesis. Non-parametric tests were used in or-
der to avoid assumptions regarding the distribution of the data being analysed.
Wilcoxen signed-rank tests were used in order to compare two related samples and
to test whether the median of a single sample was significantly different from 0, or
1 where the data are ratios. The Kruskal-Wallis one-way analysis of variance was
used in order to compare multiple samples. Where this test showed a significant
effect post-hoc pairwise multiple comparisons were used in order identify which
samples were significantly different from each other. The threshold for significance

I used throughout this thesis was p<0.05.
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Chapter 3

Contrast gain control in mouse

auditory cortex

3.1 Introduction

Understanding the brain as an information processing system will require an un-
derstanding of the computations performed by different neural populations and the
mechanisms underpinning these computations (Poggio, 2012). The most efficient
progress in this area may be achieved by investigating the mechanisms underly-
ing “canonical computations”. It has been argued that certain computations are
canonical in the sense that they are employed by different populations of neurons
in different areas of the brain, and even in different species (Carandini and Heeger,
2012). Contrast gain control (CGC), a compensatory reduction in the gain of sen-
sory evoked activity in response to increased stimulus contrast, may represent such
a computation. CGC has been observed in individual neurons throughout sensory
systems in a variety of species, including mice (Atallah et al., 2012), rats (Garcia-
Lazaro et al., 2007), rabbits (Brown and Masland, 2001) guinea pig (Zaghloul et al.,
2005; Manookin and Demb, 2006), cats (Shapley and Victor, 1978, 1981; Heeger,
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1992; Busse et al., 2009; Kaplan et al., 1987; Cheng et al., 1995; Sharpee et al.,
2006; Sclar, 1987), ferrets (Rabinowitz et al., 2011a), monkeys (Carandini and
Heeger, 1994; Carandini et al., 1997; Dunn et al., 2007; Benardete et al., 1992;
Chander and Chichilnisky, 2001; Kaplan et al., 1987; Solomon et al., 2004; Sclar
et al., 1990) and humans (Busse et al., 2009), as well as in non-mammalian species
such as songbirds (Nagel and Doupe, 2006; Baccus, 2006), salamanders (Baccus
and Meister, 2002; Chander and Chichilnisky, 2001; Kim and Rieke, 2001; Smir-
nakis et al., 1997) and bullfrogs (Rieke et al., 1995). In the mammalian cortex, it
been observed in a variety of sensory areas, including primary visual (V1) (Heeger,
1992; Heeger et al., 1996; Carandini et al., 1997; Carandini and Heeger, 1994) and
auditory (A1) (Rabinowitz et al., 2011a) and somatosensory cortex (S1) (Garcia-
Lazaro et al., 2007), as well as in higher visual cortical areas MT (Heeger et al.,
1996; Simoncelli and Heeger, 1998; Rust et al., 2005), V4 (Reynolds and Des-
imone, 2003) and inferior temporal cortex (IT) (Zoccolan et al., 2005). Given
the widespread nature of this computation, it has been proposed that this form of
gain control may represent a canonical neural computation (Carandini and Heeger,
2012).

The possibility that stimulus-driven gain control may be in some sense canoni-
cal as a computation does not imply the existence of a common mechanism across
modalities (Carandini and Heeger, 2012). A wide variety of biophysical mecha-
nisms for gain control have been identified and it is certainly true that differences
exist between mammalian and non-mammalian species in how gain control is im-
plemented (Olsen et al., 2010; Sadagopan and Ferster, 2012). Within mammals
however, the cortex has long been thought to comprise of canonical circuits that
have evolved in order to implement equivalent computations across a variety of
modalities (Douglas and Martin, 1991b). CGC appears to be one of the best ex-

isting candidates for a canonical cortical computation. A common mechanism, or
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combination of mechanisms, may therefore underlie cortical CGC across sensory
systems and species.

In order to investigate the mechanisms underpinning computations in the mam-
malian brain, investigators are increasingly turning to the mouse as a model organ-
ism (Wu et al., 2011; Atallah et al., 2012; Wilson et al., 2012; Olsen et al., 2012).
This is largely due to the abundance of genetic manipulations that are possible in
this species (Boyden et al., 2005; Zhang et al., 2007; Chow et al., 2010; Sternson
and Roth, 2014; Huang and Zeng, 2013; Akerboom et al., 2013) as well its suit-
ability to other circuit-level techniques such as head-fixed whole-cell recording (Wu
et al., 2011; Zhou et al., 2014a) and two-photon imaging (Akerboom et al., 2013;
Fuetal., 2014). By exploiting these techniques in order to investigate CGC in mouse
auditory cortex (AC), it may be possible to not only increase our understanding of
the neural basis of this this computation in the auditory system but may also inform
the debate regarding the canonical nature of cortical circuitry (Douglas and Mar-
tin, 1991b). Testing for the presence of this computation in the mouse allows the
canonical nature of CGC to be tested experimentally. If it is truly canonical it should
be observed across species as well as across cortical areas, and should therefore be
found in mouse AC.

A crucial piece of information that can constrain circuit hypotheses is whether,
and if so how, the strength of CGC varies across cortical layers. If thalamocorti-
cal inputs drive CGC, gain changes should be observed in layer 4, where thalamic
inputs are strongest. Furthermore, gain changes should be consistent across the
depth of cortex. This could arise either by thalamic inputs driving gain changes in
all layers independently (Ji et al., 2015) or via CGC being implemented in layer
4, and subsequently inherited in other cortical layers. If layer specific intracortical
mechanisms underlie CGC however, variation in the strength of CGC across differ-

ent layers should be observed. Such an intracortical circuit for gain control has been
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identified in primary visual cortex (V1), where thalamic input drives corticothala-
mic projecting layer 6 neurons, which in turn drive a translaminar projecting PV
interneuron subtype via facilitating synapses (Olsen et al., 2012; Bortone et al.,
2014). Inhibition via this route has been found to reduce gain across all other corti-
cal layers but not layer 6. If this circuit underlies CGC in AC, CGC should be absent
from layer 6. Knowledge of the laminar organisation of CGC in mouse AC would
serve to distinguish the likelihood of these different circuit hypotheses.

Here I characterised CGC in mouse Al in order to lay a foundation for circuit-
level dissection of the mechanisms involved in this computation. This line of inves-
tigation will allow for direct comparison with findings in visual and other sensory
modalities, allowing the question of whether a canonical gain control mechanism
exists to be addressed experimentally. Finally, I examined the laminar organisation
of CGC in order to constrain possible circuit hypotheses regarding the mechanistic

basis of CGC in AC.

3.2 Methods

Extracellular recordings were made from 815 sites in the left AC of 24 anaesthetised
mice, while auditory stimuli were presented to the contralateral ear. Each penetra-
tion showed noise-evoked responses on multiple channels. Of the MUs recorded,
56% showed noise evoked responses, defined as a doubling of baseline firing in
response to noise onset. Noise responsiveness was not used as a selection criterion
for further analysis however. Data was collected from transgenic mice express-
ing cre-recombinase under the PV promoter as these animals were also being used
in other experiments which are presented in chapter 4. One third of the mice
used (N = 8) were crosses between homozygous PV “¢ (Jax No: 008069) (Hip-
penmeyer et al., 2005) and homozygous Ai35D mice (Jax No: 012735) (Madisen
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et al., 2012), which express ARCH and GFP in a cre-dependent manner. The other
two thirds (N = 16) were PV “¢ mice that had previously undergone intracranial in-
jection of an adenoassociated virus that enables cre-dependent expression of chan-
nelrhodopsin (ChR2) and enhanced yellow fluorescent protein (EYFP) (AAV-EF1a-
DIO-hChR2(H134R)-EYFP-WPRE-pA serotype 2) (UNC vector core, Chapel Hill, NC,
United States), several weeks before these experiments were performed.

Anaesthesia and surgery were performed as described in section 2.1.1. Lin-
ear 1x32 multi-electrodes (NeuroNexus, Ann Arbor, United States) were used in
order to record activity from all cortical layers simultaneously. In 5 experiments
64 channel 8 shank Buzsaki-style multi-electrodes were used in order to improve
single-unit isolation, at the expense of the laminar information provided when using
linear probes. Recordings were band pass filtered an analog measure of multi-unit
activity (MUA) on each channel. The same raw recordings were low-pass filtered in
order to extract local field potentials (LFPs). LFPs then underwent Current source
density (CSD) analysis as described in section 2.3.4.

Bursts of white noise lasting 50 ms were delivered in order to test acoustic re-
sponses and to identify cortical layers based on the laminar pattern of evoked LFP
responses. Dynamic random chord (DRC) stimuli of either low or high contrast
were also delivered. In the low contrast condition, the animal was presented with
DRCs that had a mean of 80 dB and a range of =10 dB (0; ~6.2 dB, ¢ = op/uP =
0.68). In the high contrast condition, the DRCs had the same mean but the range

was doubled =20 dB (0; ~11.97 dB, ¢ = op/up = 1.2).
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3.3 Results

3.3.1 Stimulus contrast has negligible effects on STRF tuning

First, the effects of altering stimulus contrast on receptive field tuning in AC neurons
were assessed. If stimulus contrast produces a pure gain change, tuning in these
neurons should remain constant between contrast conditions. MUs were required
to have a predictive spectro-temporal receptive field (STRF) in order to be included
in this analysis. For each MU, the responses to both low and high contrast DRCs
were used in order to fit the STRF. The STRF was fitted to 90% of this data and was
then used in order to predict the response of the MUA to the remaining 10% of the
data. MUAs were deemed predictive if the correlation coefficient (CC) between the
predicted and actual response was larger than 0.04. This threshold was determined
from the distribution of CCs recorded across MUs. There was a clear population
of recordings that had CCs centered on 0, indicating that these recordings were
dominated by noise (Figure 3.1). The threshold was positioned in order to exclude
these recordings. 160 MUs passed this criterion and were used in order to assess
the effect of contrast on receptive field shape in mouse AC.

In order to quantify the effect of contrast on receptive field parameters, a single
spectro-temporal receptive field (STRF) was estimated for each contrast condition,
yielding separate high and low contrast STRFs (Figure 3.2). This made it possible
to asses whether tuning remains constant as stimulus contrast changes, as would
be the case if MUs showed a pure gain change in response to a change in contrast.

The best frequency (BF) of the STRFs, defined as the frequency associated with
the peak coefficient in the frequency kernel, did not change systematically with
stimulus contrast (medians: Low contrast; 9.5kHz, High contrast; 9.5kHz, sign-
rank test; p=0.571) (Figure 3.2 A). Some individual MUs did show large changes

in BF however. 34% of MUs with predictive STRFs maintained their best frequency
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Figure 3.1: Histogram of CCs between actual MU responses and responses predicted by the
STRF for each MU. It was necessary to exclude the population of recordings with CCs near 0. A
selection threshold of 0.04 was used in order to exclude these recordings. All MUs to the right
of this threshold were included in subsequent analyses.

across contrast conditions while 30% maintained their best frequency within 1/2 an
octave (35% up, 65% down). 22% showed a reduction in their BF more than 1/2
an octave and of these 51% shifted their BF by more than an octave. 14% showed
a increase in their BF more than 1/2 an octave and of these 50% shifted their BF by
more than an octave.

Spectral bandwidth showed a small but significant increase during high contrast
stimulation (medians: Low contrast; 1.17 oct, High contrast; 1.35 oct, sign-rank
test; p=0.007) (Figure 3.2 B). No systematic changes in bandwidth of temporal
tuning of STRFs were found (medians: Low contrast; 8.11 ms, High contrast; 5.17
ms, sign-rank test; p=0.177) (Figure 3.2 C).

The most striking change that occurred between STRFs from each condition was
a suppressive effect on tuning during high contrast stimulation. 159 of the 160 MUs

studied showed a reduction in the largest STRF coefficient under high compared
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with low contrast stimulation (medians: Low contrast; 0.5uV/dB/s, High contrast;
0.29uV/dB/s, sign-rank test; p<0.001) (Figure 3.2 D). The effects of contrast on

STRF shape appeared to be far less significant than this suppressive effect.
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Figure 3.2: A. Example STRFs estimated under low contrast stimulation for 4 MUs. Red ar-
eas of the STRF indicate spectrotemporal features of the stimulus that increase the amplitude
of the MUA while blue areas indicate features that suppress MUA. B. STRFs estimated under
high contrast stimulation for the same MUs revealing a strong suppression of the STRF co-
efficients. Color scaling is the same as in A. High contrast STRFs, as shown in B, but with
independent colour scaling, revealing that spectrotemporal selectivity is broadly similar be-
tween contrast conditions (Panels A and C). D. Scatter plot showing the effect of contrast on
best frequency (BF). The BF of each MU did not vary systematically with stimulus contrast. For
individual MUs Estimates of best frequency did vary between conditions but this was primarily
attributable to the diffuse nature of some STRFs which lacked a clear peak in their spectral
tuning. E. The bandwidth of tuning broadens slightly as stimulus contrast increases. F. Tem-
poral tuning showed no systematic changes between contrast conditions. G. By far the clearest
effect of altering contrast is a reduction in stimulus sensitivity under high contrast stimulation,
as indicated by a reduction in the largest STRF coefficient. For each parameter, outliers were
identified as values that fell outside 1.96 standard deviations of the distribution of these values.
They are shown here in each plot using different markers and colors as indicated in the legend.
The outlier parameters did not tend to come from the same population of MUs, as indicated by
the lack of overlap in outliers identified from the different parameters. Ratios in the corner of
each plot indicate the number of MUs above the identity line, y=x, over the total number of
MUs.

A surprising amount of variability was observed for changes in these parame-
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ters across the population of MUs. It is possible that the MUs showing the greatest
changes in BF, spectral bandwidth and temporal bandwidth across contrast con-
ditions may have simply had poor STRFs and, as a result, gave poor estimates of
these values. In order to asses whether these outliers come from a single subpop-
ulation of MUs with poor STRFs, I identified outliers for each of these parameters
independently and examined the overlap of these outliers. If the outliers for each
parameter come from a single population, the MUs defined as outliers based on
the different parameters should be largely overlapping. Outliers were defined as
MUs that showed parameter changes between contrast conditions that fell outside
1.96 standard deviation of the distribution of changes, as these values would have
a <5% probability of occurring in such a distribution (i.e. p <0.05). BF outliers
are indicated by the inverted red triangle symbol, spectral bandwidth outliers are
indicated by the green circle temporal bandwidth outliers are indicated by the blue
plus symbol while largest max coefficient outliers are indicated by the purple cross
(Figure 3.2 D-G). Only 3 out of 50 outlier MUs were identified as outliers based on
changes in more than one parameter, indicating that they do not come from a single
population with poor STRFs.

The STRFs of the outliers identified for each condition were examined in order
to investigate the cause of the variability in these parameters. MUs that showed
large changes in BF between contrast conditions had poor STRFs which made esti-
mating the BF of the unit between contrast conditions unreliable (Figure 3.3A). The
STRFs of MU outliers identified through large changes in spectral (Figure 3.3B) and
temporal bandwidth (Figure 3.3C) had reasonable STRFs in one but not both of the
contrast conditions. This resulted is noisy estimates of spectral bandwidth in one of
the two contrast conditions. This indicates that erroneous estimates of bandwidth
changes occured as a result of comparing a reasonable estimate of in one condition

with a noisy estimates in the other condition. Changes in the largest STRF coeffi-

67



cient between contrast conditions were predicted. The outliers identified through
large changes in this parameter were consistent with our prediction that suppres-
sion would occur in the high contrast condition and showed good STRFs under
low contrast stimulation, indicating that these are not erroneous estimates but are

instead the MUs that show the strongest effect (Figure 3.3D).
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Figure 3.3: Low and high contrast STRFs of outliers identified from changes in each STRF
parameter between contrast conditions. Outliers were defined as values that fell outside 1.96
standard deviations of the distribution of these values, corresponding to a p value of <0.05.
A. STRFs for MU outliers identified through large changes in BF. These MUs have poor STRFs,
resulting is noisy estimates of BF. B. STRFs for MU outliers identified through large changes
in spectral bandwidth. These MUs had reasonable STRFs in one but not both of the contrast
conditions, resulting is noisy estimates of spectral bandwidth in a single condition and noisy
estimates of changes in bandwidth between conditions. C. STRFs for MU outliers identified
through large changes in temporal bandwidth. As was the case for spectral bandwidth outliers,
these MUs had reasonable STRFs in one but not both of the contrast conditions, resulting
is noisy estimates of changes in bandwidth between conditions. D. STRFs for MU outliers
identified through large changes in the largest STRF coefficient. Such changes were predicted
and so these outliers merely represent the MUs showing the largest effect. STRF coefficients
are independently scaled for plotting, resulting in STRFs with low coefficients looking noisy,
as in the bottom row of STRFs. Vertical and horizontal stripes in STRFs are the result of the
separable nature of the kernels.

I next investigated whether this variability is the result of the change in contrast
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of the stimulus or of noisy STRF estimate. I split the data from each contrast con-
dition in half and fit a STRF to each half of the data. For the low contrast data,
this produced STRFs that looked largely similar for each MU but were noisier than
the estimates when the full dataset was used (Figure 3.4A). The noisiness of the
estimates resulted in large changes in STRF parameters between the two estimates

for the same MU under low contrast stimulation (Figure 3.4C-D).

; low contrast 1 ] low contrast 2 64 best frequency ’ Spectral bandwidth
a2 2 ' Y 7
I 4 4 o~ 32 P o P
> - +— 0.8
; 186 - = 156 - "E? . .;.;... P /. . E . s
2 32 32 €16 e . L // € //
= 22 = 3 . gr wl. 306 R4

-300-200-100 0 300200-100 0 & Bf e T N & eTH H R
time (ms) time (ms) = e —~04 HOMrY
1 1 E 4 ./E' g ﬂ'.'.‘ .:.-
2 2 2 ’ S .,
’ =
T 4 4 TR > ’ . 0.2 I
<3 —_— 8 T e - - . @ L7
g 16 16 ’ L ?.87!160 ’ 66/160
—_ 1 .. . D
- :5"2 gﬁ 1 2 4 8 16 32 64 0 0.5 1
-300-200-100 0 _300-200-100 O BF (kHz), low contrast 1 BW (oct), low contrast 1
time (ms time (ms

1 (ms) (ms) _ F
=2 = > temporal bandwidth 4 largest max
I 4 4 s .~ s
=3 - = 8 - 200 e - s
g 16 B g - e e g .
=32 32 —_ © T . 3 y

64 m | o £ 150, k P 3
-300-200-100 0 -300-200-100 0 © 7 %
time (ms) time (ms) 2 ’ =2
1 1 2 100 P @
—_2 2 - Ve ]
+ T 4 é L7 g
i =3 - 8 —_—= 500 . . =1
g 16 16 m o o af >
o ©
- = 2 Sy 88/160 £ . 73/160
0 deites moge e v n 0
-300-200-100 0 -300-200-100 O o] 50 100 150 200 o] 1 2 3 4
time (ms) time (ms) BW (ms), low contrast 1 max (;V/dBfs), low contrast 1

Figure 3.4: A. Example STRFs estimated using half of the low contrast stimulation data for
4 MUs. Red areas of the STRF indicate spectrotemporal features of the stimulus that increase
the amplitude of the MUA while blue areas indicate features that suppress MUA. B. STRFs
estimated under low contrast stimulation for the same MUs as in A, using the remaining half
of the data. Color scaling is the same as in A. Some STRF shapes were consistent between
estimates while other estimates were very noisy, due to being fitted to half of the available data.
C-F. Scatter plots comparing estimates of best frequency (BF) (C), spectral bandwidth (D),
temporal bandwidth (E) and larges coefficient (F) from the two independent STRFs during
low contrast stimulation. The noisiness of the estimates resulted in many units showing large
changes in these parameters. Ratios in the corner of each plot indicate the number of MUs
above the identity line, y=x, over the total number of MUs.

For the high contrast data, the STRF estimates were equally noisy (Figure 3.5A).

This also resulted in large changes in STRF parameters between the two estimates
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for the same MU under high contrast stimulation (Figure 3.5C-D). This indicates
that large changes in STRF parameters between low and high contrast STRFs may
be largely due to noisy STRF estimates, rather than to genuine changes in tuning

between contrast conditions.
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Figure 3.5: A. Example STRFs estimated using half of the high contrast stimulation data for 4
MUs. Red areas of the STRF indicate spectrotemporal features of the stimulus that increase the
amplitude of the MUA while blue areas indicate features that suppress MUA. B. STRFs estimated
under high contrast stimulation for the same MUs as in A, using the remaining half of the
data. Color scaling is the same as in A. Some STRF shapes were consistent between estimates
while other estimates were very noisy, due to being fitted to half of the available data. C-F.
Scatter plots comparing estimates of best frequency (BF) (C), spectral bandwidth (D), temporal
bandwidth (E) and larges coefficient (F) from the two independent STRFs during high contrast
stimulation. For the low contrast condition, the noisiness of the estimates resulted in many
units showing large changes in these parameters. Ratios in the corner of each plot indicate the
number of MUs above the identity line, y=x, over the total number of MUs.

To test the importance of changes in STRFs tuning with stimulus contrast, I
compared the 2D correlation of the two STRFs estimated from low contrast re-
sponses to the mean 2D correlation between low contrast and high contrast STRF

estimates (Figure 3.6 A). I found that across contrast condition STRF CCs were not
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significantly different to within low contrast condition STRF CCs (sign-rank test;
p=0.665). I also compared the 2D correlation of the two STRFs estimated from
high contrast responses to the mean 2D correlation between low contrast and high
contrast STRF estimates (Figure 3.6 B). I found that across contrast condition STRF
CCs were significantly lower than within high contrast condition STRF CCs (sign-
rank test; p<0.001). Many STRF estimates has near 0 CCs however when STRFs
were compared within a single contrast condition. This indicates that the STRF
estimates when fitted to half the available data are too poor to act as a meaningful
comparison. This brings into question the utility of comparing this poor within-
condition performance with across-condition performance as a method of assessing
the significance of changes in tuning.

In order to avoid this issue a single STRF was fitted to 80% of both high and
low contrast data and was used to predict the remaining 10% from each contrast
condition separately. The predictive power of the STRF was quantified as the CC
between the predicted and actual response for each contrast condition. Using this
approach, it was possible to examine whether a single STRF can be used to model
responses to both high and low contrast stimuli in an unbiased manner, a necessary
criterion for modelling CGC using linear-nonlinear models. These STRFs predicted
low and high contrast responses equally well (Median CCs: High contrast predicted:
0.09, Low contrast predicted: 0.08, sign-rank test; p=0.139) (Figure 3.6 C). STRFs
were therefore not significantly biased towards either contrast condition in their
performance, indicating a single STRF can be used to model potential changes in

gain between contrast conditions.

3.3.2 Gain control compensates for changes in stimulus contrast

I next attempted to assess gain changes more accurately by incorporating the data

of both the high and the low contrast conditions into a single model. This model
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Figure 3.6: For each MU, low contrast responses were split in half and two STRFs were es-
timated. This was also done for high contrast responses. 2D correlation values (CC) were
compared within and between contrast conditions in order to investigate whether STRF shapes
changes with stimulus contrast. A. Scatter plot of CCs between the two low contrast STRFs
compared to the mean CC between low and high contrast STRFs. CC values were not signif-
icantly different between within (low vs low) and across condition STRFs (low vs high). B.
Scatter plot of CCs between the two high contrast STRFs compared to the mean CC between
low and high contrast STRFs. CC values were significantly higher for within (high vs high)
compared to across condition STRFs (low vs high). C. Cross predictions were used also used in
order to test the functional significance of changes in STRF tuning between contrast conditions.
A single STRF was fitted to 90% of both the low and high contrast DRC responses for each MU.
This STRF was then used to predict the remaining 10% of the low and high contrast responses
that the model had not been trained on. The predictive power of the STRF, quantified as the
CC between the predicted and actual response, was compared between these conditions. No sig-
nificant difference was observed between predictions of high and low contrast responses. This
indicates that, despite small changes in tuning, a single STRF can be used to model contrast-
dependent gain changes for these MUs. Ratios in the corner of each plot indicate the number of
MUs above the identity line, y=x, over the total number of MUs.

consisted of a single linear STREF, fitted to the data from both high and low contrast
conditions (Figure 3.7). A sigmoidal output nonlinearity (Equation 2.9) that could
vary between contrast conditions was fitted to the output of this STRF, as described
in section 2.3.3.

Nonlinearities were defined by four parameters which reflect the y-axis offset
(a), y-axis range (b), x-axis offset (c) and the slope (d) of the curve. Y-axis off-
set reflects baseline activity, which has previously been shown to be unaffected by
changes in stimulus contrast (Rabinowitz et al., 2011a). This parameter of the

nonlinearity was therefore kept constant between contrast conditions in order to
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Figure 3.7: In order to quantify gain changes, a single STRF was fitted to the data from
both contrast conditions for each MU. An output nonlinearity that varied between contrast
conditions was fitted to the output of this STRE. A: Sigmoidal output nonlinearity fitted under
low contrast stimulation. Blue dots are binned responses to low contrast stimulation. B:
Nonlinearity fitted under high contrast stimulation for the same MUs. Red dots are binned
responses to high contrast stimulation. C: Overlay of nonlinearities for both conditions. D-F,
same as in A-C but for a second MU. The main effect of increasing contrast is to reduce the slope
of this nonlinearity, capturing a change in the gain of the MUA.

more accurately quantify changes in the remaining parameters. In order to vali-
date this assumption, baseline activity was compared under low (Figure 3.8 A) and
high contrast stimulation (Figure 3.8 B). Changes in the offset of baseline activity
(Roftser) Was quantified by taking difference in the 5™ percentile of the MUA under
low (ng}}’l) and high (Rﬁﬁf‘) contrast stimulation. This quantity was then normalised

by the full range of responses (Ryax - Rmin) for each neuron:

Roffser = Rmm — le‘n 3.1)

Across the population, a negligible increase was observed under high contrast

stimulation (Median increase: 1.29%, sign-rank test; p<0.001) Figure 3.8 C).
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Figure 3.8: Changes in baseline activity between contrast conditions. A. Histogram of baseline
activity values across all MUs during low contrast stimulation. B. Histogram of baseline activity
values across all MUs during high contrast stimulation. C. Histogram of the % change in
baseline activity under high compared with low contrast stimulation. Positive values indicate
an increase in baseline activity during high contrast stimulation. The solid line indicates 0%
change. Across the population MUs showed a small but significant increase in baseline activity
during high contrast stimulation

Nonlinearities could vary in their slope and their offset along the x-axis. An in-
crease in the slope of the nonlinearity indicates an increase in gain while an increase
in the x-offset reflects an increase in the threshold of the MUA. In theory, it would be
possible to measure changes in the unit’s saturation point using a sigmoidal output
nonlinearity, however, as with the ferret, DRCs did not drive responses to satura-
tion. This resulted in it not being possible to estimate this value in practice. An
increase in stimulus contrast was found to result in a compensatory reduction in
gain, from low (Figure 3.9 A) to high contrast conditions (Figure 3.9 B). The ~2
fold increase in contrast decreased gain by median value of 55.2% (sign-rank test:
p<0.001) (Figure 3.9 C).

The suppressive effects of increasing contrast observed in the STRF coefficients
might also be explained by a reduction in threshold, in combination with the ob-
served gain change. A negligible change in threshold from low (Figure 3.10 A)

to high contrast (Figure 3.10 B) was observed (median threshold change: 0.6%,
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Figure 3.9: Changes in the output nonlinearity gain parameter (1/d) between contrast con-
ditions. A. Histogram of gain values across all MUs during high contrast stimulation. B.
Histogram of gain values across all MUs during low contrast stimulation. C. Histogram of the
% change in gain under high compared with low contrast stimulation. Negative values indicate
a reduction in gain. The solid line indicates 0% change. The vast majority of MUs showed a
compensatory reduction in gain during high contrast stimulation.

sign-rank test: p<0.001) (Figure 3.10 C).
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Figure 3.10: Changes in the output nonlinearity threshold parameter (c) between contrast
conditions. A. Histogram of threshold values across all MUs during low contrast stimulation. B.
Histogram of threshold values across all MUs during high contrast stimulation. C. Histogram of
the % change in threshold under high compared with low contrast stimulation. Negative values
indicate a reduction in threshold, a leftward shift along the x-axis. The solid line indicates 0%
change. MUs showed a negligible increase in threshold during high contrast stimulation.
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3.3.3 Gain control is strongest in deep cortical layers

Previous investigations of CGC in AC did not attempt to control for the layers in
which the recordings were made (Rabinowitz et al., 2011a). As described in section
2.3.4 1 used linear probes that allowed us to identify cortical layers using current
source density (CSD) analysis. A reversal in the CSD profile is observed at the bor-
der of layer 1 and 2/3 and this feature was used in order to align recordings. After
alignment of our recordings, MUs were assigned to cortical layers based on their
cortical depth from the layer 1-2/3 border (Figure 3.11 A), using experimentally
obtained measurements of layer thickness (Ji et al., 2015; Anderson et al., 2009).
Layer estimates were inspected visually for features such as an early current sink in
layer 6 and were compared to the depth distribution of spiking responses in order
to confirm layer estimates. Linear probes were used in 19 of the 24 experiments,
resulting in it being possible to estimate cortical depth for 143 of 160 MUs. Median
gain changes with increasing contrast showed significant laminar variation (Layer
2/3: -41.4%, N = 23, Layer 4: -51.9%, N = 42, Layer 5: -60.6%, N = 50, Layer 6:
-65.1%, N = 24. Kruskal-Wallis test: H(3) = 15.46, p=0.002). Post-hoc multiple
comparisons of mean ranks indicated that CGC is significantly stronger in layers 5
and 6 compared to layer 2/3 (Figure 3.11 B). I performed this analysis excluding
the 2 outliers in layer 2/3 (Figure 3.11 B). I found that this pattern of laminar dif-
ferences was remained significant (Kruskal-Wallis test: H(3) = 12.61, p=0.006).
This indicates that this effect was not due to these outliers in this layer.

I next examined whether this laminar pattern of gain changes was attributable
to laminar variations in the noise of responses. Cortical neurons show highly vari-
able responses to multiple presentations of the same stimulus, the average variance
across stimulus presentations is known as the “total power” (Sahani and Linden,
2003). It is possible to quantify the proportion of this variance that is reliably

locked to the stimulus, known as the “signal power”. The remaining variance is not
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Figure 3.11: A. Strength of gain change for each MU plotted as a function of cortical depth
from the layer 1-2/3 border. Layer boundaries are indicated by lines and data points are color-
coded by penetration. B. Box plots of gain control within each cortical layer. Gain changes were
significantly stronger in layers 5 and 6 compared to layer 2/3.

locked to the stimulus and is known as the “noise power”:

totalpower = signalpower + noisepower (3.2)

The noise in individual MU responses can be quantified by the “noise ratio”,
ratio of noise power to signal power:

noisepower

noiseratio = (3.3)

stgnalpower

A lower noise ratio indicates a more reliable response. If responses were iden-
tical on every trial there would be 0 noise power and the noise ratio would also be
0.

I measured the noise ratio for each MU in order to investigate whether lami-
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nar differences exist in the noise level of MU responses (Figure 3.12 A). I found
that NRs decreased significantly with cortical depth (median NR: Layer 2/3=22.63,
Layer 4=15.53, Layer 5=12.44, Layer 6=10.91, Kruskal-Wallis test: H(3) = 10.97,
p=0.012). Post-hoc multiple comparisons of mean ranks indicated that layer 2/3
MUs displayed significantly higher noise ratios than layers 5 and 6 (Figure 3.12 B).
This mirrors the pattern of laminar variation observed for CGC 3.11 B) and indicates
that weaker CGC in layer 2/3 may be due to noisier responses in this layer.

If an increase in the NR of MUA results in weaker CGC, these measures should
be significantly correlated. In order to investigate the relationship between NR and
CGC I ran a correlation analysis and found that these measures were not signifi-
cantly correlated when all MUs were included in the analysis (r=0.094, p=0.237)
(Figure 3.12 C). I ran the correlation analysis on the data from each layer separately
and found that in layer 6 NR and CGC were significantly correlated, with weaker
gain changes observed for higher NR values (r=0.456, p=0.025) (Figure 3.12 C).
Significant correlations were not observed for data from other cortical layers (Layer
2/3; r=-0.12, p=0.58, Layer 4; r=-0.04, p=0.8, Layer 5; r=0.056, p=0.698). This
may have been due to these responses being less reliable, as indicated by their
higher NR values.

Finally, I examined the laminar organisation of CGC after controlling for NRs.
I normalised all NRs by the largest NR and multiplied the resulting values by the
% change in gain for each MU (Figure 3.13 A). I found that noise-controlled gain
changes showed no significant variation with cortical depth (median NR: Layer
2/3=-8.91, Layer 4=-7.02, Layer 5=-6.12, Layer 6=-6.91, Kruskal-Wallis test: H(3)
= 2.27, p=0.518). This indicates that laminar variation in CGC is primarily at-

tributable to laminar variation in the signal to noise ratio of MU responses.
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Figure 3.12: A. NRs for each MU plotted as a function of cortical depth from the layer 1-2/3
border. Layer boundaries are indicated by lines and data points are color-coded by penetration.
B. Box plots of NRs within each cortical layer. NRs were significantly larger in layer 2/3
compared to layers 5 and 6. C. Scatter plot of NRs against the strength of gain changes in
response to an increase in stimulus contrast for each MU. MUs are color coded by cortical layer,
as are regression lines. The dashed black line indicates the regression line for all MUs.
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Figure 3.13: A. Strength of gain change after controlling for noise for each MU plotted as a
function of cortical depth from the layer 1-2/3 border. Layer boundaries are indicated by lines
and data points are color-coded by penetration. B. Box plots of gain control after controlling for
noise within each cortical layer. Gain changes showed no significant variation across cortical
layers after controlling for noise.
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3.4 Discussion

Here I attempted to characterize CGC in the mouse as a test of the canonical nature
of this computation and to lay a foundation for investigations into the mechanisms
underpinning it. I first investigated the effects of stimulus contrast on the spec-
trotemporal tuning of MU responses in mouse AC. If responses in AC show a pure
gain change in response to a change in stimulus contrast, tuning properties should
remain the same. In the ferret, 89% of MUs maintained their best frequency within
1/6 of an octave when contrast was changed by a factor of 3 (Rabinowitz et al.,
2011a). In the mouse, however, only 64% of MUs with predictive STRFs main-
tained their best frequency across contrast conditions, within 1/2 an octave when
contrast was changed by a factor of 2, indicating that a greater proportion of units
showed changes in BF with stimulus contrast. As in the ferret, however, there was
no systematic effect of stimulus contrast on BF.

In the ferret, a 3 fold increase in contrast was found to result in slightly narrower
bandwidth of tuning under high contrast stimulation (Rabinowitz et al., 2011a). I
found that, in the mouse, the opposite pattern occurs. For a ~2 fold increase in
contrast, there is a small but significant tendency for STRFs to increase their band-
width as contrast increases. STRF estimates for the mouse data appeared noisier
than for the ferret data however. This may account for these observed differences
as noisy STRF estimates will provide a less reliable assessment of STRF parameters.
As in the ferret (Rabinowitz et al., 2011a), no systematic changes in the temporal
tuning of STRFs was observed and the most striking change that occurred between
STRFs from each condition was a suppressive effect on the peak of tuning under
high contrast stimulation. Every MU recorded apart from one showed a reduction
in the largest STRF coefficient under high compared with low contrast stimulation.
Changes in shape were small enough that a single STRF could be used to success-

fully predict responses to both low and high contrast stimuli.
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These results indicated that, as in the ferret, sensory responses in mouse AC
may undergo a reduction in gain in response to an increase in stimulus contrast.
I quantified any contrast dependent changes in gain by fitting a single STRF for
each MU with an output nonlinearity that could vary between contrast conditions.
This allowed me to quantify the effect of contrast on gain and x-axis offset for each
MU. As was found to be the case when using these stimuli in the ferret (Rabinowitz
et al., 2011a), it was not possible to estimate the saturation point of MU responses
as DRCs did not drive responses to saturation. I found that 92.5% of MUs in mouse
AC showed a reduction in gain in response to high contrast compared with low
contrast stimulation. The median strength of gain control across the population
was -55.2% in response to an approximate doubling of stimulus contrast, indicating
that in mouse AC contrast gain control may be completely compensatory. This
was not found to be the case in ferret AC, where a 3 fold increase in contrast was
found to produce a 50% reduction in gain, instead of the 66% reduction that would
be entirely compensatory (Rabinowitz et al., 2011a). These findings indicate that
unlike in ferret AC, CGC in mouse AC may approximate complete normalisation, as
is thought to be the case in V1 (Heeger, 1992).

In the ferret, a contrast dependent increase in threshold that correlated with
the strength of gain control was also observed (Rabinowitz et al., 2011a). No such
change in threshold was observed here however, indicating that, in the mouse,
adaptation to increased stimulus contrast may be more purely divisive than in the
ferret where there is also a subtractive component. The lack of a subtractive compo-
nent in the changes in output nonlinearities is also consistent with the broadening
of STRF tuning under high contrast stimulation observed here, as broadening would
reflect a reduction, not an increase, in threshold.

The finding that CGC is prevalent in mouse AC allows for investigations into the

mechanisms underlying this computation in this particularly useful model organ-
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ism. Great progress has been made in understanding the mechanisms underlying
CGC in mouse visual cortex using optogenetics, where PV interneurons have been
implicated (Atallah et al., 2012; Wilson et al., 2012). A similar line of investigation
in mouse AC will not only increase our understanding of information processing
mechanisms in the auditory system but will also allow for direct comparisons with
findings in visual and other sensory modalities, enabling the question of whether a
canonical gain control mechanism exists to be addressed experimentally. The find-
ings presented here indicate that, while CGC is present in mouse AC, interesting
differences between species and modalities may exist. This may be seen as evi-
dence for a “serial homology” hypothesis of functional cortical organization (Harris
and Shepherd, 2015), in which different cortical areas employ modified versions of
common computations and mechanisms that are tailored to the system in question.

As a first step towards understanding the circuit basis of CGC in mouse AC I
tested predictions made from different circuit hypotheses regarding the laminar
organisation of CGC. I found that the strength of CGC exhibits modest laminar
variation in mouse AC, with CGC being strongest in deep cortical layer 5 and 6.
In V1, thalamic input has been shown to drive corticothalamic projecting layer 6
neurons which in turn drive a translaminar projecting PV interneuron subtype via
facilitating synapses (Olsen et al., 2012; Bortone et al., 2014). Inhibition via this
route has been found to reduce gain across all other cortical layers in V1, but not
in layer 6. The presence of strong CGC in layer 6 indicates that it may not be
implemented through translaminar projecting layer 6 PV interneurons (Olsen et al.,
2012; Bortone et al., 2014), as this mechanism would require layer 6 responses to
not be invariant to stimulus contrast. Layer 6 corticothalamic projecting neurons
may contribute to CGC, however, via interactions with the thalamus. Simultaneous
recordings in these two structures combined with the temporal evolution of gain

control would be necessary in order to investigate this possibility.
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The presence of strong CGC in layer 4 is consistent with gain control being
primarily implemented in this layer as it is thought to represent the earliest stage
of cortical processing (Douglas and Martin, 1991b). In keeping with this, I found
evidence that laminar variation may be primarily attributable to variation in the
noise of MU responses across cortical layers, as this variation mirrored that of CGC.
This indicates that intracortical processing outside of layer 4 may contribute less to
the CGC compared with mechanisms in layer 4. Thalamic inputs to AC have been
found to specifically innervate PV interneurons in all cortical layers (Ji et al., 2015)
however. This raises the alternative possibility that feedforward inhibition across all
cortical layers may be the primary mechanism of CGC, rather than it being simply
inherited outside of layer 4. Circuit level experiments, made possible by the work
presented in this chapter, will be necessary in order to test these circuit models
experimentally. This is the topic of the next chapter, where I consider the role of

cortical PV interneurons in CGC.
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Chapter 4

Parvalbumin-positive interneurons

and gain control

Having characterised contrast gain control (CGC) in mouse auditory cortex (AC), I
next investigated whether parvalbumin (PV) expressing interneurons in cortex con-
tribute to this computation. Multiple lines of evidence have implicated PV interneu-
rons in gain control in non-auditory cortical areas. The earliest indication that
this subtype may play a role in gain control came from in vitro evidence that fast-
spiking interneurons in hippocampus and cortex to modulate the dynamic range
of excitatory neurons via feed-forward inhibition (Pouille et al., 2009). More re-
cently, molecular techniques have allowed researchers to target the expression of
optogenetic constructs such as channelrhodopsin (ChR2) (Boyden et al., 2005) and
archaerhodopsin (Arch) (Chow et al., 2010) to PV interneurons in vivo, allowing the
activity of these neurons to be increased or decreased through exposure to specific
wavelengths of light.

Using this approach, moderate increases in PV interneuron firing have been
found to reduce the gain of sensory-evoked spiking responses in primary visual

cortex (V1), while reducing PV firing has been found to increase gain (Atallah
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et al., 2012; Wilson et al., 2012). These manipulations left the bandwidth of tun-
ing and the orientation preferences of the pyramidal cells unchanged, indicating
that the only effect of PV interneuron activity was to modulate neuronal gain. If
PV interneurons are activated strongly, to the point where they suppress pyrami-
dal spiking by more than 50%, they are capable of reducing tuning bandwidth by
suppressing weak responses below spike threshold (Lee et al., 2012, 2014). This
level of activation is unlikely to routinely occur under natural sensory stimulation,
however, indicating that the primary computational function of PV activity in V1
is to control pyramidal cell gain, in a manner that is inversely related to PV firing
rates. Increases in PV interneuron activity have also been shown to be capable of
increasing pyramidal cell gain in cortex through the generation of gamma rhythms,
raising the possibility that PV interneurons may modulate gain in a variety of ways
(Sohal et al., 2009a).

PV interneuron inhibition is also a plausible candidate mechanism for CGC in
AC. The responses of AC PV interneurons are more linear with respect to stim-
ulus intensity than pyramidal cell responses, a characteristic that has been sug-
gested to make them well-suited for implementing stimulus driven gain control in
AC (Moore and Wehr, 2013). PV interneurons in AC show frequency tuning that
may be matched to the local population (Moore and Wehr, 2013), a feature that
is consistent with the finding that CGC in Al predominantly depends on contrast
within the receptive field of the neuron (Rabinowitz et al., 2011b). PV interneuron
inhibition may therefore underlie CGC in auditory as well as visual cortex and may
represent a canonical mechanism for gain control across sensory cortical areas.

Here, I investigated whether PV interneuron inhibition contributes to CGC in AC
by asking whether PV interneuron activity modulates the gain of sensory responses
in AC and, if so, whether this activity is appropriately driven by stimulus contrast.

I hypothesised that PV interneurons increase their firing rate during high contrast
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stimulation (Figure 4.1A,B) and that increases in PV interneuron firing rates pro-
duce a reduction in the gain of sensory responses in AC (Figure 4.1C). I tested the
latter hypothesis by optogeneticially manipulating PV interneuron activity in mouse
AC while simultaneously performing extracellular recordings during acoustic stimu-
lation in order to asses the impact of PV interneuron activity on MU gain. I predicted
that optogenetically increasing PV interneuron activity should decrease the gain of
AC responses while optogenetically reducing PV interneuron activity should result
in an increase in gain. I subsequently tested the hypothesis that PV interneurons
show an increase in firing rate under high contrast stimulation by performing sin-
gle unit recordings from putative PV interneurons during stimulation with high and

low contrast dynamic random chord (DRC) stimuli.
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Figure 4.1: Predictions regarding PV interneuron activity and gain control A. Increasing stim-
ulus contrast is known to result in a decrease in the gain of sensory responses in AC (C). One
mechanism that could mediate this is PV interneuron inhibition (B). Two predictions arise from
this hypothesis; 1: Increasing stimulus contrast results in an increase in PV interneuron activ-
ity. 2: Increasing PV interneuron activity reduces gain and decreasing PV interneuron activity
increases gain.
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4.1 Methods

I made extracellular recordings from the AC of 24 anaesthetised mice between 8
and 12 weeks old using silicon multi-electrodes (NeuroNexus, Ann Arbor, United
States). The data presented in this chapter was collected from the same animals
as in chapter 3. All mice expressed cre-recombinase under the PV promoter, allow-
ing for targeting of optogenetic constructs to PV interneurons. In order to suppress
PV interneuron activity, I crossed homozygous PV “¢ (Jax No: 008069) (Hippen-
meyer et al., 2005) with homozygous Ai35D mice (Jax No: 012735) (Madisen
et al., 2012), which express Arch (Chow et al., 2010) and green fluorescent protein
(GFP) in a cre-dependent manner. PV “¢ x Ai35D offspring therefore express Arch
and GFP in PV interneurons. MUs were recorded in PV ¢ x Ai35D mice (N = 8)
between the ages of 8 and 12 weeks while auditory stimuli were presented to the
contralateral ear. On half of the trials, I suppressed PV cell activity by exposing
AC to amber light, delivered from an LED (Doric Lenses Inc, Quebec, Canada) cou-
pled to a 0.55mm diameter fibre-optic cable. I positioned the fibre-optic cable over
the recording site using a micromanipulator, with the tip <1mm above the surface
of the cortex. The maximum output power of the amber LED was ~70mW,/mm?,
although the light level was calibrated for each penetration in order to achieve a
physiologically defined level of disinhibition of sensory evoked responses, as dis-
cussed below.

I targeted expression of ChR2 (Boyden et al., 2005) and enhanced yellow flu-
orescent protein (eYFP) to PV interneurons in order to increase PV interneuron
activity during recordings. PV “¢ mice were anaesthetised using 0.05 mg/kg fen-
tanyl (Sublimaze, Janssen Ltd, High Wycombe, Bucks, UK), 0.5 mg/kg medetomi-
dine (Domitor, Pfizer, Walton Oaks, Surrey, UK) and 5 mg/kg midazolam (Hyp-
novel, Roche Products Limited, Welwyn Garden City Hertfordshire, UK), delivered

intraperitoneally. Animals subsequently received stereotaxic injections of ~500nL
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AAV-EF1a-DIO-hChR2(H134R)-EYFP-WPRE-pA serotype 2 (UNC Vector Core, Chapel
Hill, NC, United States) in AC. I identified AC using cranial landmarks as described
in section 2.1.1. I performed injections 3-5 weeks prior to terminal recordings, in
order to allow for expression of ChR2 and EYFP in PV interneurons. I recorded
MUA in 14 of these mice using 1x32 linear multi-electrodes and performed single
unit recordings in 6 more of these mice using 64 channel Buzsaki probes (Neu-
roNexus, Ann Arbor, United States). I identified single units manually following
spike sorting using KlustaKwik, as described in section 2.1.2. Animals were be-
tween 8 and 12 weeks of age at the time of recording. I increased PV cell activity by
exposure to blue light, delivered from an LED (Doric Lenses Inc, Quebec, Canada)
coupled to a fibre-optic cable. As with the Arch experiments, I positioned the fibre-
optic cable over the recording site using a micromanipulator, with the tip <1mm
above the surface of the cortex. The maximum output power of the blue LED was
~200mW/mm?, although the light level delivered was typically lower than this.
Light level was calibrated for each penetration in order to achieve a physiologically
defined level of inhibition.

In all animals, I made recordings in the left AC and delivered stimuli to the
contralateral ear. All stimuli had a mean sound level of 80 dB. DRC stimuli that
were either low (o; ~6.2 dB, ¢ = op/uP = 0.68) or high in contrast (o; ~11.97
dB, ¢ = op/up = 1.2) were delivered. Bursts of white noise that were 50 ms in
duration were also delivered in order to test acoustic responses of MUs and the
effect of optogenetic activity on these responses. Each penetration showed noise-
evoked responses on multiple channels. For the ChR2 expressing mice, 85% of MUs
recorded showed noise evoked responses, defined as a doubling of baseline firing
in response to noise onset. For the Arch expressing mice, 40% of MUs recorded
showed noise evoked responses. Noise responsiveness was only used as a selection

criterion when assessing the strength of optogentic effects. For both noise and DRC
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stimuli, LED illumination of the cortex occurred on half of trials. “Light on” and
“light off” trials were presented in a pseudorandom order. For noise stimuli, light
onset occurred 250 ms before sound onset and lasted for 750ms. For DRC stimuli,
light onset was coincident with sound onset and lasted for the entire duration of
the stimulus.

I constructed a peri-stimulus time histogram (PSTH) of MU responses to noise
burst stimuli by binning spike times after stimulus onset into 25 ms time bins. The
first two bins following light onset were removed in order to avoid light artifacts.
For both “light on” and “light off” conditions, the bin within 150 ms of noise onset
with the highest MUA signal amplitude was taken as the peak response. I used the
difference in peak firing rate between “light on” and “light off” conditions in order
to quantify the effect of the optogenetic manipulations. I calibrated the strength
of the optogenetic manipulations by adjusting light intensity in order to produce a
~5% difference in the peak evoked firing rate to noise burst stimuli. I performed
post-hoc quantification of the strength of the optogenetic manipulations only for
MUs that were included in subsequent analysis, after meeting the selection criterion
of having a predictive STRF. I assigned cortical layers using CSD profiles of noise
responses, as described in section 2.3.4.

Following completion of terminal experiments, I removed the brain from the
skull and immersed it in 4% paraformaldehyde for a minimum of 24 hours. After
fixation was complete, 50 um sections were cut using a cryotome. I identified PV
interneurons by immunohistochemical labeling with a fluorescent marker. I rinsed
sections with 0.25% Triton in phosphate buffered saline (PBS) before incubating
them in a 10% donkey serum solution for one hour in order to block background
labeling. I then incubated the sections in a 1/4000 PV goat antibody PBS solution
with 3% donkey serum for 48 hours at 4°C. I then rinsed the sections in 0.25% PBS

Triton before incubating them in a secondary red fluorescent antibody in 0.25%
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PBS Triton (1/1000 Donkey anti-goat IgG Cy3). Finally I rinsed sections in PBS
before mounting them on glass slides and cover-slipping with VectaShield HardSet

mounting medium with DAPI (VectorLabs, Burlingame, CA, United States).

4.2 Results

4.2.1 Validation of optogenetic manipulations

First, I validated my optogenetic manipulations via two methods. The AAV-EF1a-
DIO-hChR2(H134R)-EYFP-WPRE-pA construct used in order to target expression of
ChR2 to PV interneurons also encodes EYFP so that it is co-expressed with ChR2.
This allowed me to validate the specificity of ChR2 expression by immunohisto-
chemically staining sections of AC with a PV antibody and identifying neurons
which co-expressed PV. I found expression of ChR2-eYFP in ~90% of PV positive
neurons (Figure 4.2A). Expression of ChR2 in non-PV interneurons was rare, in
keeping with previous reports that found <10% misexpression in cortex using this
mouse line (Sohal et al., 2009b; Cardin et al., 2009, 2010; Kerlin et al., 2010;
Taniguchi et al., 2011; Adesnik et al., 2012; Pfeffer et al., 2013; Kvitsiani et al.,
2013; Seybold et al., 2015). I used the same approach in order to validate en-
dogenous Arch expression, as the Ai35D mouse line co-expresses Arch and GFP. I
found that ~95% of PV positive neurons expressed Arch-GFP (Figure 4.2B) while
<10% of PV negative neurons showed Arch-GFP expression. Endogenous Arch-GFP
expression was weaker than virally mediated ChR2-eYFP expression, as expected.
The second validation method I employed was to examine the effect of these
optogenetic manipulations on noise responses in AC. This allowed me to validate
the efficacy of these manipulations for each MU presented in subsequent analy-
ses (Figure 4.2C,D). In order to be included in all further analysis, I required MUs

to meet the selection criterion of having a predictive spectro-temporal receptive
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field (STRF). I fitted STRFs to 90% of responses to DRCs during “light off” con-
trol trials and examined their predictive performance by using the STRFs to predict
responses to the remaining 10% of DRCs. I deemed STRFs predictive if the corre-
lation coefficient (CC) between the predicted and actual response was larger than
0.04. For the ChR2 experiments, 28 MUs passed this criterion. For these sites, op-
togenetic activation of PV interneurons significantly inhibited peak MU responses
to noise (median change: -1.15%; sign-rank test: p<0.001) (Figure 4.2C,E). For the
Arch experiments 121 MUs passed this criterion. For these sites, optogenetic sup-
pression of PV interneuron activity resulted in significant disinhibition of peak MU
responses (median change in spike probability: 2.44%; sign-rank test: p<0.001)
(Figure 4.2D,E).

Next, I investigated whether these effects depended on cortical depth. I po-
sitioned the LED over the cortical surface, which may have resulted in weaker
effects in deep cortical layers. I found that for optogenetic activation of PV in-
terneurons using ChR2, the inhibition of noise evoked responses was not depth-
dependent (Kruskal Wallis test: Chi-square(3) = 6.65, p=0.919) (Figure 4.2F). I
found that the disinhibition of evoked responses produced by optogenetic suppres-
sion of PV interneuron activity was depth dependent. The disinhibition was signif-
icantly stronger in layer 4 than in layer 6 (median change: Layer 2/3 = 2.17%,
Layer 4 = 2.93%, Layer 5 = 2.97%, Layer 6 = 1.29%) (Kruskal Wallis test: Chi-
square(3) = 11.89, p=0.008) (Figure 4.2F). This result is most likely attributable
to the reduced light penetration in deep cortical layers and the weaker expression
observed for the endogenous Arch, compared with the virally-mediated expression
of ChR2. The strength of virally-mediated expression for ChR2 and the increased
power output of the blue LED used for this manipulation made it possible to inhibit
responses even in the deep layers of the cortex. The lower wavelength of amber

light, used for the Arch manipulation, should in theory enable deeper light penetra-
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tion. In practice, however, the weaker expression levels achieved through endoge-
nous expression, coupled with the lower power output of the amber LED, may have
resulted in the lack of disinhibition observed in deep cortical layers, where the light
level will inevitably be weaker.

I also analysed the effect of these manipulations on baseline activity in the pre-
noise stimulus period. Arch-mediated suppression of PV interneuron activity re-
sulted in significant disinhibition of baseline activity (median change: 2.74%; sign-
rank test: p<0.001) whereas ChR2-mediated activation of PV interneuron activity
left baseline activity unaffected (median change: -0.15%; sign-rank test: p=0.601)
(Figure 4.2G). The disinhibition resulting from PV suppression was not depth de-
pendant (median change: Layer 2/3 = 2.07%, Layer 4 = 2.93%, Layer 5 = 2.51%,
Layer 6 = 2.92%) (Kruskal Wallis test: Chi-square(3) = 1.05, p=0.788) (Figure
4.2H). PV activation similarly had no layer specific effects on baseline activity (me-
dian change: Layer 2/3 = -0.15%, Layer 4 = -0.22%, Layer 5 = 0.05%, Layer 6 =
-0.55%) (Kruskal Wallis test: Chi-square(3) = 2.51, p=0.474) (Figure 4.2H).

4.2.2 Bidirectional modulation of PV interneuron activity has

negligible effects on STRF tuning

I next investigated whether changes in PV interneuron activity alter the spectrotem-
poral response properties of AC MUA. If PV interneuron activity controls only the
gain of neuronal responses, tuning properties should remain largely unchanged. I
examined the effects of PV interneuron activation by fitting STRFs to MU responses
under “light off” (Figure 4.3A) and “light on” (Figure 4.3B) conditions. The same
approach was used in order to examine the effects of PV interneuron suppression
(Figure 4.5). I examined the effects of these optogenetic manipulations on 4 STRF
parameters, the best frequency (BF), bandwidth of the frequency kernel, bandwidth

of the temporal kernel and the largest coefficient in the STRF. Stimulus contrast has
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Figure 4.2: A. Left Panel: Confocal micrograph of a ChR2-eYFP positive neuron in a section of
mouse AC. Middle Panel: I treated slices with a PV antibody and subsequently counterstained
them with a red fluorescent dye in order to visualise PV expression. Right Panel: Merged image
of green (ChR2-eYFP) and red (PV) channels showing co-expression of ChR2-eYFP and PV in
the same neuron. Scale bar: 10um. B. Same as in A but for co-expression of Arch-GFP and
PV in two neurons. C. PSTHs of responses to noise burst stimuli during optogenetic activation
of PV interneurons (blue traces). I removed the first two bins of the PSTH in order to exclude
photoelectric artifacts from the analysis. Control traces with no optogenetic stimulation are
shown in black. All PSTHs show suppression of peak responses under conditions of increased
PV activity (blue) but no suppression of baseline activity. D. PSTHs of noise responses during
optogenetic suppression of PV interneurons (amber traces). As in C, control traces with no
optogenetic stimulation are shown in black. E. Histograms showing the strength of the effect
of PV interneuron activation (blue) and suppression (amber) on peak firing rate in the PSTH
for MUs that showed noise evoked responses. PV activation resulted in significant inhibition of
evoked responses, while suppression resulted in significant disinhibition of responses to noise
stimuli. F. Effects of optogenetic manipulations on evoked neural activity across the depth of
cortex. Amber circles correspond to individual MUs under PV suppression while blue circles
correspond to individual MUs under PV activation. PV activation suppressed noise responses
across all cortical layers and did not vary significantly over cortical depth. The strength of the
disinhibition of noise-evoked responses observed during PV suppression was found to decrease
significantly with cortical depth. G. Histograms showing the strength of the effect of PV in-
terneuron activation (blue) and suppression (amber) on baseline activity PSTH for the same
MUs as in E and F. PV activation had no effect on baseline activity, while suppression resulted
in significant disinhibition of baseline responses. H. Effects of optogenetic manipulations on
baseline activity across the depth of cortex for the same MUs as in E and F. Effects on baseline
activity were consistent across the depth of cortex.

93



been shown to leave these parameters largely unchanged, apart from the largest
STRF coefficient which shows a compensatory reduction in response to increasing
contrast (Rabinowitz et al., 2011b) (Chapter 3). If PV interneuron activity drives
contrast induced gain changes, optogenetic manipulations of their activity should
similarly leave these STRF parameters largely unchanged. I assessed the signifi-
cance of changes in STRF parameters produced by PV interneuron activation by
using a non-parametric paired-sample Wilcoxon signed-rank test to test for differ-
ences in median values between “light on” and “light off” conditions. I did not
perform comparisons for MUs with STRFs that failed to predict responses in either
“light on” or “light off” conditions.

First, I considered the effect of ChR2-mediated PV interneuron activation on
these parameters. I found that, for PV interneuron activation, STRF shapes were
similar under “light off” (Figure 4.3A) and “light on” conditions (Figure 4.3B). This
manipulation had no significant effect on BF (sign-rank test; p=0.074) (Figure
4.3C), bandwidth of the frequency kernel (sign-rank test; p=0.338) (Figure 4.3D)
or the bandwidth of the temporal kernel (sign-rank test; p=0.121) (Figure 4.3E).
The magnitude of the largest coefficient in the STRF however was significantly re-
duced under “light on” conditions in these MUs (“light off” median; 0.16uV/dB/s,
“light on” medians: 0.14uV/dB/s, sign-rank test; p<0.001) (Figure 4.3F).

For each STRF parameter a small population of MUs that showed large changes
with PV activation was observed. In order to asses whether these outliers come
from a single subpopulation of MUs I identified outliers for each of these parame-
ters independently and examined the overlap of these outliers. If the outliers for
each parameter come from a single population, the MUs defined as outliers based
on the different parameters should be largely overlapping. Outliers were defined
as units that showed parameter changes between light conditions that fell outside

1.65 standard deviation of the distribution of changes, as these values would have
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Figure 4.3: A. Example control STRFs estimated for the “light off” condition. Spectrotemporal
features that increase the MUA amplitude are shown in warmer colours while suppressive fea-
tures are shown in cooler colours. B. STRFs estimated for the same MUs as in A but under “light
on” conditions, during ChR2-mediated PV interneuron activation. Color scaling is the same as
in A. This manipulation results in supression of STRF coefficients. C. “Light on” STRFs, as
shown in B, but with independent colour scaling. STRFs are largely the same under both “light
off” and “light on” conditions (Panels A and C). D-G. Comparison of STRF parameters under
“light off” (abscissa) vs. “light on” (ordinate) conditions. I observed no significant changes in
best frequency (D), frequency tuning bandwidth (E) or temporal bandwidth (F). The largest
STRF coefficients were significantly reduced during PV interneuron activation (G). For each
parameter, outliers were identified as values that fell outside 1.645 standard deviations of the
distribution of these values. They are shown here in each plot using different markers and col-
ors as indicated in the legend. Several MUs were identified as outliers on the basis of changes
in multiple parameters, as indicated by the overlap in outlier symbols. Ratios in the corner of
each plot indicate the number of MUs above the identity line, y=x, over the total number of
MUs.

a <10% probability of occurring in such a distribution (i.e. p <0.1). A thresh-
old of p <0.05 is used elsewhere in this thesis for outlier detection. This threshold
failed to capture outliers in this particular dataset however, due to differences in the
distribution of parameter changes. As a result of this the threshold was increased
to p <0.1. BF outliers are indicated by the inverted red triangle symbol, spectral
bandwidth outliers are indicated by the green circle temporal bandwidth outliers

are indicated by the blue plus symbol while largest max coefficient outliers are indi-
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cated by the purple cross (Figure 4.3 D-G). 8 out of 15 outlier MUs were identified
as outliers based on changes in more than one parameter, indicating that a small
population of MUs that show changes in multiple STRF parameters does exits. In
keeping with this, all of these outlier MUs were recorded from 2 penetrations, each
from a different animal.

The STRFs of the outliers identified for each condition were examined in or-
der to investigate the cause of the variability in these parameters. The STRFs of
outliers identified through large changes in BF (Figure 4.4A), spectral bandwidth
(Figure 4.4B), temporal bandwidth (Figure 4.4C) and the largest coefficient (Figure
4.4D) all showed strong suppression during PV interneuron activation. These large
changes are therefore likely a result of inaccurate STRF parameter estimates in the
“light on” condition for this sub-population, rather than genuine changes in tuning
as a result of PV interneuron activation.

I examined the effect of Arch-mediated PV interneuron suppression on STRF pa-
rameters using the same approach as described above. As with PV activation, STRF
shapes were similar under “light off” (Figure 4.5A) and “light on” conditions (Fig-
ure 4.5B). PV suppression did not produce a significant change in the bandwidth
of frequency (sign-rank test; p=0.59) (Figure 4.5D) or temporal tuning (sign-rank
test; p=0.528) (Figure 4.5E). I observed a significant change in best frequency al-
though median values remained unchanged between “light off” and “light on” con-
ditions (“light off” median; 9.51kHz, “light on” median; 9.51kHz; “light off” mean;
7.61kHz, “light on” mean; 7.81kHz; sign-rank test; p=0.047) (Figure 4.5C). I also
observed a significant increase in the largest STRF coefficient in these MUs during
PV suppression (“light off” median; 0.39uV/dB/s, “light on” median: 0.4uV/dB/s,
sign-rank test; p<0.001) (Figure 4.5F).

Few MUs showed drastic changes in tuning as a result of PV interneuron sup-

pression. I identified outliers for each of these parameters independently. Outliers
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Figure 4.4: STRFs of outliers identified from changes in each STRF parameter as a result of
PV activation. Outliers were defined as values that fell outside 1.645 standard deviations
of the distribution of these values, corresponding to a p value of <0.1. A. STRFs for MU
outliers identified through large changes in BF. B. STRFs for MU outliers identified through
large changes in spectral bandwidth. C. STRFs for MU outliers identified through large changes
in temporal bandwidth. D. STRFs for MU outliers identified through large changes in the
largest STRF coefficient. Estimates under “light off” and “light on” conditions are shown with
the same color scaling and demonstrate that these MUs undergo strong suppression in the “light
on” condition, resulting in erroneous estimates of STRF parameters under this condition.

were required to show changes between light conditions that fell outside 1.96 stan-
dard deviation of the distribution of changes, as these values would have a <5%
probability of occurring in such a distribution (i.e. p <0.05) (Figure 4.5 D-G). Only
3 of 22 outlier MUs were identified as outliers based on changes in more than one
parameter. All of these outlier MUs were recorded from 3 penetrations, each from
a different animal.

The STRFs of the outliers identified for each condition were examined in order

to investigate the cause of the variability in these parameters. The STRFs of outliers
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Figure 4.5: A. Example control STRFs estimated for the “light off” condition. Spectrotemporal
features that increase the MUA amplitude are shown in warmer colours while suppressive fea-
tures are shown in cooler colours. B. STRFs estimated for the same MUAs as in A but under
“light on” conditions, during ARCH-mediated PV interneuron suppression. Color scaling is the
same as in A. This manipulation results in a small increase in peak STRF coefficient. C. “Light
on” STRFs, as shown in B, but with independent colour scaling. STRFs had similar shapes un-
der light off” and “light on” conditions (Panels A and C). D-G. Comparison of STRF parameters
under “light off” (abscissa) vs. “light on” (ordinate) conditions. A small but significant change
was observed in best frequency (D) under “light on” conditions. The bandwidth of frequency (E)
and temporal tuning (F) remained unaffected. The largest STRF coefficient decreased during
PV interneuron suppression. (G). For each parameter, outliers were identified as values that
fell outside 1.96 standard deviations of the distribution of these values. They are shown here in
each plot using different markers and colors as indicated in the legend. The outlier parameters
did not tend to come from the same population of MUs, as indicated by the lack of overlap in
outliers identified from the different parameters. Ratios in the corner of each plot indicate the
number of MUs above the identity line, y=x, over the total number of MUs.

identified through large changes in BF showed relatively noisy STRFs, indicating
that BF estimates may have been innacurate in both “light off’ and “light on” condi-
tions (Figure 4.4A). Outliers identified through large changes in spectral bandwidth
had reasonable STRFs and appeared to show a genuine narrowing of tuning with
PV suppression (Figure 4.4B). Outliers identified through large changes in tem-
poral bandwidth had large bandwidth under “light off’ conditions and near 0 ms

bandwidth under“light on” conditions. This likely reflects an inaccurate estimate
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of temporal bandwidth as a result of the lack of a clear short latency excitatory
response in these STRFs (Figure 4.4C). As for the spectral bandwidth outlier MUs,
outliers identified through large changes in the largest STRF coefficient had reason-
able STRFs, indicating a genuine change in this parameter with PV suppression for
these MUs (Figure 4.4D).

In order to assess the significance of the observed changes in STRF shape, as
well as the importance of unmeasured changes, I predicted MU responses to stim-
uli across light conditions. This involved using “light off” STRFs, scaled by a MU-
specific gain factor, to predict responses to “light on” responses. For ChR2-mediated
PV interneuron activation, STRFs that were trained and tested on “light off” data
predicted responses under “light on” and “light off” conditions equally well (“light
off” and “light on” median CC: 0.071/0.061, sign-rank test: p=0.665) (Figure
4.7A). For Arch mediated PV interneuron suppression, CCs were marginally lower
under “light on” conditions compared to “light off” conditions (“light off” median;
0.081%, “light on” median; 0.079%; sign-rank test: p<0.001) (Figure 4.7B). This
decrement in performance was only of 1.85% however, indicating that STRF per-

formance is largely the same under “light off” and “light on” conditions.

4.2.3 PV interneuron activity is capable of modulating the gain

of cortical responses

I next investigated whether PV interneuron inhibition is capable of modulating the
gain of neural responses in AC, a necessary criteria for them to be capable of imple-
menting CGC. I fitted a linear-nonlinear model to each MU in order to quantify gain
changes induced by the optogenetic manipulations, in the same way as I did for
contrast-induced gain changes in Chapter 3. To do this, I fitted a single STRF to the
data from both “light off” and “light on” conditions for each MU. The output of the

STRF was then passed through a sigmoidal output nonlinearity, as in equation 2.9,
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Figure 4.6: STRFs of outliers identified from changes in each STRF parameter as a result of PV
suppression. Outliers were defined as values that fell outside 1.96 standard deviations of the
distribution of these values, corresponding to a p value of <0.05. A. STRFs for MU outliers
identified through large changes in BF. These STRF estimates are relatively poor which may
have resulted in erroneous measurements of BF in both “light off’ and “light on” conditions.
B. STRFs for MU outliers identified through large changes in spectral bandwidth. A narrow-
ing in tuning can be observed in the “light on” condition. C. STRFs for MU outliers identified
through large changes in temporal bandwidth. These STRFs do not show a short latency ex-
citatory response which may have resulted in an inaccurate estimate of changes in temporal
bandwidth. D. STRFs for MU outliers identified through large changes in the largest STRF co-
efficient. These STRF estimates are reasonable, indicating a genuine change in this parameter
as opposed to incorrect measurements across conditions. STRF coefficients are independently
scaled for plotting.

that could vary between light conditions. This allowed me to capture the effects
of optogenetic manipulations on offsets along y (parameter a) and x (parameter c)
axes and the slope (parameter d) of the output nonlinearity. The saturation point

(parameter b) was fixed between light conditions as responses did not typically sat-
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Figure 4.7: Correlation coefficients between actual responses and responses predicted by ChR2
(A) and Arch (B) STRFs. A. For PV interneuron activation, STRFs fitted under “light off” con-
ditions predicted responses under “light on” and “light off” conditions equally well. B. A slight
decrement in performance in STRFs fitted under “light off” conditions was observed during
“light on” conditions for the PV interneuron suppression manipulation. This decrement was of
<2% however. These findings indicate that tuning was largely unaffected by the manipulation
of PV interneuron activity. Ratios in the corner of each plot indicate the number of MUs above
the identity line, y=x, over the total number of MUs.

urate. Parameters a, ¢ and d correspond to the baseline activity, threshold and gain
of the MUs respectively.

I first examined the effects of ChR2-mediated PV interneuron activation on out-
put nonlinearities. Under “light off” control conditions, MUs responded to DRCs as
expected (Figure 4.8 A,D). Under “light on” conditions when PV interneurons were
activated, responses were suppressed (Figure 4.8 B,E). Many MUs showed a reduc-
tion in gain but the largest effect appeared to be a subtractive reduction in baseline
activity (Figure 4.8 C,F).

I quantified the effect of PV interneuron activation on sensory responses by com-
paring the output nonlinearity parameters under “light off” and “light on” condi-
tions (Figure 4.9A-C). ChR2-mediated PV interneuron activation significantly re-

duced baseline activity (Median change: -3.793%, sign-rank test: p<0.001) (Fig-
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Figure 4.8: Gain changes produced by PV activation were quantified by fitting a single STRF
to the data from each light condition for each MU. An output non-linearity that could vary
between contrast conditions was fitted to the output of this STRF. A: Sigmoidal output nonlin-
earities fitted to one representative MU under “light off” (black) conditions. Open circles are
binned responses. B. Nonlinearity fitted to the same MU under “light on” (blue) conditions. C.
Overlay of output nonlinearities for this MU. The clearest effect of ChR2-mediated PV interneu-
ron activation was a change in offset as well as a small reduction in gain. D-F. Same as in A-C
for a second representative MU.

ure 4.9D) but left thresholds unaffected (Median change: -2.554%, sign-rank test:
p=0.439) (Figure 4.9E). Gain was also significantly reduced during PV interneuron
activation (Median change: -39.573%, sign-rank test: p=0.004) (Figure 4.9F).

I next examined the effects of Arch-mediated PV interneuron suppression on
output nonlinearities. Under “light off” control conditions, MUs responded to DRCs
as expected (Figure 4.10 A,D). Under “light on” conditions when PV interneurons
were suppressed, responses were disinhibited (Figure 4.10 B,E). The majority of
MUs appeared to show a clear increase in gain (Figure 4.10 C,F).

As for ChR2-mediated PV activation, I quantified the effect of Arch-mediated

PV interneuron suppression on sensory responses by comparing the output non-
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Figure 4.9: A. Effect of ChR2-mediated PV interneuron activation (Light ON) on parameter a,
reflecting baseline activity, for each MU. B. Effect of PV interneuron activation (Light ON) on
parameter c, reflecting threshold. C. Same as in A and B for parameter 1/d, reflecting gain.
MUs with the largest gain values under “light off” conditions showed the largest decrease in
gain in absolute terms. D-F. Histograms of % change in these parameters with PV interneuron
activation. D. Baseline activity showed a slight reduction during PV interneuron activation.
E. PV interneuron PV activation had no significant effect on thresholds. F. This manipulation
significantly reduced the gain of MU responses, as predicted. Despite MUs with the largest gain
values under “light off” conditions showing the largest decrease in gain in absolute terms (C),
the consistent shape of the distribution of gain changes indicates that the relative reduction in
gain was consistent across MUS.

linearity parameters under “light off” and “light on” conditions (Figure 4.11A-C).
PV suppression had no effect on baseline activity (Median change: 0.008%, sign-
rank test: p=0.724) (Figure 4.11D), thresholds (Median change: 3.046%, sign-
rank test: p=0.525) (Figure 4.9E) or gain (Median change: -1.111%, sign-rank
test: p=0.245) (Figure 4.11F).

The lack of a clear increase in gain across the population was surprising as
the majority of MUs appears qualitatively to show a multiplicative disinihibtion,
reflecting an increase in gain. The lack of any consistent effect on gain may be

attributable to a combination of the minimal nature of the opotogenetic manipula-
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Figure 4.10: As with PV activation, gain changes produced by PV suppression were quantified
by fitting a single STRF to the data from each light condition for each MU. An output non-
linearity that could vary between light conditions was fitted to the output of this STRF. A-
C: Sigmoidal output nonlinearities fitted to one representative MU under “light off” (black)
conditions. B. A nonlinearity fitted to the same MU under “light on” (amber) conditions. C.
Overlay of output nonlinearities for this MU The clearest effect of PV interneuron suppression
was an increase in the gain of MU responses. D-F. Same a A-C for a second representative MU.

tion and the fact the output nonlinearities can vary in 3 separate parameters. Small
changes in any one of these parameters could potentially be modelled by combi-
nations of changes in the remaining parameters, making it difficult to accurately
quantify changes in individual parameters using this approach.

In order to test the divisive vs subtractive nature of PV interneuron inhibition
more directly I used a more sensitive non-parametric approach. This was possible
for this data set as responses to identical stimuli were recorded during “light on”
and “light off” conditions, allowing for direct comparisons between MUA recorded
under these two conditions. For each MUA, I quantified baseline activity under each
condition as the 5™ percentile of the response of the MUA (Ry,in) and the maximum

response as the 95" percentile (Rp.). It was possible to measure changes in Ryax
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Figure 4.11: A. Effect of Arch-mediated PV suppression (Light ON) on parameter a, reflecting
baseline activity, for each MU. B. Effect of PV interneuron suppression (Light ON) on param-
eter ¢, reflecting threshold. C. Same as in A and B for parameter 1/d, reflecting gain. D-F.
Histograms of % change in these parameters with PV interneuron suppression. D. Baseline
activity showed a slight increase during PV interneuron suppression. E. PV interneuron PV sup-
pression had no significant effect on thresholds. F. This manipulation had no consistent effect
on the gain of MU responses across the population.

and Ry, by taking the ratio of each of these quantities under “light on” (R% ) and

max

“light off” (R ) conditions. I quantified additive vs subtractive changes in the
offset of responses along the y-axis (Rofse) produced by changes in PV interneuron

activity by taking the difference between Ry, under “light on” (RS} ) and “light oft”

off
min

conditions (R?;: ) and normalising this by the full range of responses:

R - ?nr;n B R?rllcifn ( 4 1)
offset — Rmax — Rmin .

I quantified gain as the difference between R,,,x and Ry, for both contrast and

light conditions (high contrast, light on; R} 1, Rinx nign» low contrast, light on;
RO lows Ry iows high contrast, light off; R 1., ROL 1o, low contrast, light off;

105



off off ) .
in,low> ax,low” *

_ on

Glow Rmax low — “'min,low (42)
off __ poff off

Glow - Rmax,low - Rmin,low (43)

on __ pon on
GYhigh - Rmax,high - Rmin,high (44)

off off off
Ghlgh Rmax,high - Rmin,high (45)

I quantified changes in gain produced by optogenetic manipulations as the ratio
of “light on” and “light off” gain, for high (G{f,,/Gpft;) and low contrast (G2, /Gt )
stimulation separately. In addition to investigating the effects of PV interneuron ac-
tivity on the gain of sensory responses for a given stimulus, the use of both high and
low contrast DRCs permitted the effect of manipulating PV interneuron activity on
CGC to be investigated. If PV interneurons are involved in CGC, artificially altering
their activity may be expected to affect the magnitude of contrast-dependent gain
changes.

The most direct way to test whether these manipulations alter the strength of
CGC would be to measure contrast dependent gain changes nonparametrically un-

der “light on” (G, /G2, ) and “light off” conditions (G2 /G2 ). The ratio of these

low hlg low hig]

two quantities then provides a measure of the relative strength of gain changes be-
tween light conditions (Gyelaive), reflecting how the strength of CGC is affected by
the optogenetic manipulations.

low/ Ghl h
Grelative - W (46)

low high

106



It is not possible to calculate CGC nonparametrically however as the high and
low contrast stimuli are not identical. It is possible, and mathematically equivalent,
to instead calculate the magnitude of gain changes between “light off” and “light

on” conditions for low (G /Goff

low low

) and high (G, /Gpf,) contrast conditions sepa-
rately, and then take the ratio of these two quantities. This provides a measure of
how the strength of CGC is affected by manipulating PV interneuron activity:

G?OI:N/ Gﬁ?gh . G / GOff

low low ( 4 7)
off off ~ ,on off :
Glow/ Ghigh Ghigh/ Ghigh

Grelative =

For low contrast stimulation, ChR2-mediated PV interneuron activation pro-
duced a significant reduction in baseline (R, median; 0.97, sign-rank test; p<0.001)
(Figure 4.12 A) and maximum activity (R, median; 0.967, sign-rank test; p=0.013)
(Figure 4.12 B). The comparable size of the reduction in minimum and maxi-
mum response resulted in a significant reduction in offset (Rofec median; -0.196,
sign-rank test; p<0.001) (Figure 4.12 C), in addition to a small reduction in gain
(G /GO median; 0.958, sign-rank test; p=0.036) (Figure 4.12 D). Under high
contrast stimulation, similar comparable reductions in baseline (R,;; median; 0.967,
sign-rank test; p=0.004) (Figure 4.12 E), and maximum activity (Ry.x median;
0.967, sign-rank test; p<0.001) (Figure 4.12 F) were observed. This resulted in
the same reduction in offset (R median; -0.19, sign-rank test; p<0.001) (Figure
4.12 G) and gain (G}, /Gpif;, median; 0.946, sign-rank test; p<0.001) (Figure 4.12
H) observed for low contrast stimulation. Despite the similarity of the changes in
gain induced by PV activation under low (Figure 4.12 D) and high contrast stim-
ulation, ChR2-mediated PV interneuron activation resulted in an increase in the
strength of CGC (Gyejaive median; 1.013, sign-rank test; p=0.013) (Figure 4.12 I).
This indicates that it’s effects were contrast dependent.

For low contrast stimulation, Arch-mediated PV interneuron suppression pro-

duced a reduction in baseline activity (R, median; 0.997, sign-rank test; p=0.006)

107



LOW
contrast
(ChR2)

HIGH
contrast

>

MUA count

m

MUA count

Change in Rm

Change in R'm

C

Change in Offset

D

Change in Gain

09

1
Ron low / Roﬂ low

min min

1.1

MUA count

09 1
ch.mw / Roﬂ low

1.1

max max

MUA count

Q)

=

o

=3

I

MUA count

]

Effecton CGC

MUA count

MUA count
o

=5

MUA count

]

0.8 1

relative

1.2

(ChR2)

08 1

on  poff
Gmgn / ngn

09 1 1.1 1.2

onhigh ; poff, high
Rmm ijI"

09 1 1.1
onhigh | pofi high
Hmax ’Rmax

high
Rofiset

Figure 4.12: A. Reduction in baseline responses (R,in) produced by PV interneuron activation
during low contrast stimulation. B. A comparable reduction in the maximum response (Rmax)
was also observed. C. This comparable reduction resulted in the effect of PV interneuron acti-
vation being primarily captured by a change in offset. D. A reduction in gain was also observed
during PV interneuron activation, however. Similar reductions in (Rpin) (Rmax), Offset and gain
were observed during high contrast stimulation (E-H). I. PV interneuron activation increased
the strength of contrast gain control.

(Figure 4.13 A) and an increase in maximum activity (Rp.x median; 1.014, sign-
rank test; p<0.001) (Figure 4.13 B), in keeping with the predicted disinhibitory ac-
tion of suppressing inhibitory neural activity. This pattern of changes corresponded
to a small reduction in offset (Rofsec median; -0.007, sign-rank test; p<0.001) (Fig-

/Goff

low

ure 4.13 C) and a significant increase in gain (G median; 1.062, sign-rank

low
test; p<0.001) (Figure 4.13 D). Under high contrast stimulation, Arch-mediated
PV interneuron suppression produced a reduction in baseline activity (R, median;
0.998, sign-rank test; p=0.046) (Figure 4.13 E) and a disinhibitory increase in
maximum activity, similar to that observed under low contrast stimulation (Rpax
median; 1.012, sign-rank test; p<0.001) (Figure 4.13 F). This produced the same
small change in offset (Ryse; median; 0.016, sign-rank test; p<0.001) (Figure 4.13

; ; ; on off
G) and increase in gain (Gy,/Ghig,

median; 1.053, sign-rank test; p<0.001) (Fig-
ure 4.13 H) as observed under low contrast stimulation. As was observed for PV

interneuron activation, PV interneuron suppression left the strength of CGC unaf-
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fected (Gielative median; 1.012, sign-rank test; p=0.146) (Figure 4.13 I). This is in

keeping with the similarity of the effects of PV interneuron suppression observed

under low (Figure 4.13 A-D) and high (Figure 4.13 E-H) contrast stimulation.
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Figure 4.13: A. Negligible reduction in baseline responses (Ru,in) produced by PV interneuron
suppression during low contrast stimulation. B. A more substantial increase in the maximum
response (Rmax) was also observed. C. The small change in Ry, led to a small subtractive
change in offset. D. The asymmetrical effects on Ryin and Rpyqy led to an increase in gain during
PV interneuron activation, however. E. A similar reduction in (Ry,;;,) was observed under high
contrast stimulation. F. A similar increase in (Rmq) was also observed under high contrast
stimulation. G. Unlike under low contrast stimulation, PV interneuron suppression produced
a small increase in offset during high contrast stimulation. H. The robust increase in gain
observed under low contrast stimulation was also observed during high contrast stimulation.
I. The similarity of the effects on gain under low and high contrast stimulation resulted in this
manipulation leaving the strength of contrast gain control unaffected.

4.2.4 PV interneuron activity is not modulated by stimulus con-

trast

I next examined whether PV interneuron activity increases during high contrast
stimulation. In order to do this I performed recordings in AC using Buzsaki style
multi-electrodes in 6 mice (8-12 weeks old) expressing ChR2 in PV interneurons.
This allowed me to isolate single units and to identify putative PV interneurons by

examining the extent to which the activity of single units was modulated by expo-
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sure to blue light (Figure 4.14A). The latency of the first spike following light onset
is often used for photo-identification of neurons. This approach is compatible with
tungsten electrode recordings but is not compatible with silicon probes recordings,
as used here, as large photoelectric artifacts are produced by light onset. These ar-
tifacts prevent spike extraction for a period of 10s of ms following light onset. This
precluded the use of spike-onset latency as a criterion for PV interneuron identifi-
cation and so different selection criteria were employed here.

Putative PV interneurons were required to show a significant increase in their
firing rate under “light on” conditions, as assessed by a paired sample t-test, and
to have spikewidths of less than 0.25ms (Cardin et al., 2009; Letzkus et al., 2011;
Pi et al., 2013). This second criterion was included in order to exclude pyramidal
cells that may be recruited via disinhibition during light stimulation. Of the 136
single units recorded, 34 passed these criteria and were classified as putative PV
interneurons (Figure 4.14B). The remaining 102 putative non-PV units were not
included in following analysis (Figure 4.14C).

I played both high and low contrast DRC stimuli to anaesthetised mice under
“light off” conditions in order to investigate whether PV interneurons respond more
strongly during high contrast stimulation. I assessed the contrast response of pu-
tative PV neurons by taking the ratio of firing rates during high contrast over low
contrast conditions. As a population, putative PV units did not show a significant
increase in firing rate with increased contrast (high/low contrast median: 1.18,
sign-rank test: p=0.14) (Figure 4.15). The significance of changes in firing rate
with contrast was assessed on a unit-by-unit basis using paired t-tests. Twelve of
the 36 units showed a significant increase in firing rate with contrast, with two of
these units only responding during high contrast stimulation(Figure 4.15). Eight
units showed a significant decrease in firing rates during high contrast stimulation

(Figure 4.15). These results demonstrate that, as a population, PV interneurons in
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Figure 4.14: A. Scatter plot of spike widths (abscissa) against the strength of the optogenetic
response (ordinate), measured as the ratio of firing rates during “light on” over “light off”
conditions. In order to be classified as a putative PV neuron (red), units were required to show
a significant increase in firing rate during light stimulation and to have spikewidths of <0.25
ms. B. Spike waveforms and PSTHs of spiking responses of putative PV units to high contrast
DRC stimuli with “light off” (black) and “light on” (blue). Spike widths are shown above the
waveforms. C. Examples of putative non-PV units that did not meet the selection criteria.

AC are not driven by stimulus contrast.

4.3 Discussion

I set out to test the hypothesis that PV interneuron activity is capable of reducing
the gain of sensory evoked responses in AC and that such activity is recruited during
high contrast stimulation, in order to mediate the effects of contrast gain control
(CGQ).

I first investigated whether PV interneurons are capable of modulating the gain
of sensory evoked responses in AC, as they have found to be in V1 (Atallah et al.,
2012; Wilson et al., 2012). I did this by optogenetically increasing or decreas-

ing their activity during sensory stimulation while I recorded MUA from the AC of
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Unit count

high contrast rate / low contrast rate

Figure 4.15: Histogram of the change in firing rates of putative PV units in response to a
doubling of stimulus contrast. Units that showed a significant increase in firing rate are shown
in red and units that showed a significant decrease are shown in blue. No systematic effect of
contrast on firing rates was observed.

anaesthetised mice. If these neurons only control gain, the tuning properties of
AC neurons should remain unchanged. For PV interneuron activation and suppres-
sion, this was found to be the case as no changes in spectral or temporal tuning
bandwidths of STRFs were observed. A small but significant change in the distribu-
tion of best frequencies across the population during PV suppression was observed
however. The main effect on the STRFs of altering PV activity was to change the
largest STRF coefficient. PV interneuron activation was found to reduce the largest
coefficient while PV interneuron suppression increased it. Taken with the finding
that spectral tuning bandwidths remained unchanged for both of these manipula-
tions, these findings indicate that PV interneuron activity controls the gain of MU
responses in mouse AC.

In order to test the significance of any unobserved changes in tuning, I used
STRFs fitted under control conditions in order to predict responses to stimuli pre-

sented during PV activation or suppression. STRFs predicted spiking responses
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during optogenetic manipulations as well as they predicted responses during the
control condition, indicating that STRF tuning is not significantly altered by opto-
genetic PV interneuron activation or suppression.

The similarity of STRFs under these two conditions allowed me to fit a single
STRF to responses from both of these conditions and to model the effects of PV
interneuron activity on gain, baseline firing and threshold. I did this by fitting
a nonlinearity to the output of the STRF that was allowed to vary in these three
parameters between control and optogenetic conditions.

Activation of PV interneurons in mouse AC with ChR2 has recently been found
to produce a mixture of divisive and subtractive effects on sensory evoked responses
(Seybold et al., 2015). In keeping with this finding I found that while PV interneu-
ron activity reduces the gain, it also produces a large reduction in offset. Previous
conflicting results regarding the subtractive or divisive nature of PV interneuron ac-
tivity in V1 has been found to be attributable to unnatural levels of interneuron acti-
vation artificially suppressing responses below threshold, changing divisive changes
in gain into subtractive changes (Atallah et al., 2012; Lee et al., 2012; Wilson et al.,
2012; Atallah et al., 2014; Lee et al., 2014). PV interneuron activation here was
extremely mild however, and so should not have had such an effect. This raises the
possibility that the effects of PV interneuron activation may differ between these
cortical areas. Another explanation is that firing rates in AC in response to DRCs
are typically much lower than V1 responses to drifting grating stimuli, typically used
in these experiments. Smaller levels of suppression may therefore be required to
produce subtractive effects due to interaction with spike threshold when studying
sensory cortex during a low firing rate regime. If this is the case, PV interneuron
activation should have a subtractive effect in V1 during stimulation with natural
scenes, which typically result in lower firing rates compared with gratings (Pecka

et al., 2014).
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Seybold et al. (2015) argue that the true effects of inhibition provided by distinct
subpopulations could be masked when these neurons were activated artificially, due
to recurrent connectivity of cortical networks and to interactions with spike thresh-
old. In keeping with this, optogenetic activation is thought to introduce highly ar-
tificial synchronous activity into the activity patterns of the stimulated population,
which may significantly disrupt normal network operation. Controlled optogenetic
suppression may disrupt typical network operation less by leaving the statistical
structure of spiking activity largely unchanged, as it does not introduce new spikes
with unnatural correlations. Based on these considerations, I also tested whether PV
interneuron activity modulates the gain of sensory evoked responses by suppressing
PV interneuron activity as mildly as experimentally possible. The used of an LED
to deliver light stimulation instead of a laser, as was used in some V1 studies (Lee
et al., 2012; Atallah et al., 2014), made weak optogenetic manipulations possible.
This is due to the lower power output of LEDs and allowed for more physiologi-
cally plausible changes in PV interneuron activity to be achieved. Arch-mediated
suppression of PV interneuron activity resulted in a significant increase in gain in
addition to a small subtractive change in offset. Furthermore, ChR2-mediated acti-
vation was found to increase the strength of CGC. These findings indicate that PV
interneuron activity is capable of modulating the gain of sensory evoked responses
in AC.

I used a measure of MUA to quantify sensory evoked responses in the present
study, whereas previous studies have often used single unit recordings when inves-
tigating the role of inhibition in sensory processing (Atallah et al., 2012; Wilson
et al., 2012; Lee et al., 2012, 2014; Seybold et al., 2015). The finding of Seybold
et al. (2015) that optogenetic manipulations can have dramatic effects on network
activity indicates that using a measure of population activity, such as MUA, may

result in heterogeneous effects of such a manipulation being masked. An inves-
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tigation of the effects of PV interneuron inhibition on single-unit activity will be
necessary in order to achieve a more detailed understanding of the role of this class
of interneuron in AC.

A fibre-optic with relatively large diameter (0.55 nm) was used to ensure that
optotgenetic manipulations were consistent across AC, so that AC function was not
disrupted by spatially uneven local disruption of interneuron activity. The fibre-
optic that delivered LED illumination was designed in order to deliver a relatively
consistent power output across the width of the fibre, making spatially broad opto-
genetic manipulations possible. In the mouse, however, it is not possible to accu-
rately localise primary auditory cortex (A1) without functional mapping of tuning
curves across the whole of AC. This was not possible here and, as a result, optoge-
netic manipulations may have activated secondary auditory cortical areas as well as
Al. Craniotomies were very limited in their spatial extent however which should
have prevented inadvertent manipulations of PV interneurons in cortical areas sur-
rounding AC. V1 is easily targeted in the mouse and previous studies have often
used local optogenetic manipulations (Wilson et al., 2012). These experimental
differences may account for some of the differences between findings in V1 and
those reported here.

Given the ability of PV interneurons to modulate the gain of sensory responses
in AC, I next investigated whether they are suitably recruited during stimulation
with high contrast stimuli, in a manner that would allow them to mediate CGC
in AC. I did this by performing extracellular single unit recordings in the AC of
anaesthetised mice during acoustic stimulation with DRCs of different contrasts. I
used virally-mediated expression of ChR2, targeted to PV interneurons, in order to
optically tag PV interneurons.

Unlike in V1 (Atallah et al., 2012) 65% of PV interneurons in AC did not signif-

icantly increase their activity during high contrast stimulation. This indicates that
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the contribution of PV interneurons to this computation may vary between sensory
areas. This dataset does not definitively demonstrate that PV interneurons in AC are
not driven by stimulus contrast however. Recordings were approximately targeted
to deep cortical layers, based on recording depth, as neurons here are larger and
more densely packed (Sakata and Harris, 2009). This was done in order to max-
imise the number of units recorded. These deep layers are considered the output
layers of the cortex and so it is entirely plausible that PV interneurons in layers 4
and 2/3 are driven by stimulus contrast and may implement CGC before the deep
layers, where it may simply be inherited by excitatory neurons. The finding that PV
interneurons in V1 are driven by stimulus contrast was based on results from su-
perficial cortical layers (Atallah et al., 2012), limiting the ability to perform a direct
comparison with these results. Recordings from PV interneurons in layers 4 and
2/3 during stimulation with stimuli of varying contrasts will be necessary in order
to confirm whether PV interneurons in AC are driven by stimulus contrast.

PV interneurons in AC appear to be capable of modulating the gain of sensory
evoked responses. The PV interneurons recorded here, however, did not increase
their activity in response to increasing stimulus contrast. If this is the case for all
subpopulations of PV interneurons in AC, PV interneuron inhibition cannot con-

tribute to CGC in AC, but may instead be specialised for other forms of gain control.
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Chapter 5

Biophysical basis of CGC

5.1 Introduction

What biophysical mechanisms might contribute to contrast gain control (CGC) in
auditory cortex (AC)? Multiple mechanisms for gain control have been identified
both between different species and systems but also within specific cortical areas.
In primary visual cortex (V1), gain control has been attributed to a combination
of synaptic depression (Carandini et al., 2002), shunting inhibition (Carandini and
Heeger, 1994; Carandini et al., 1997) and fluctuations in membrane potential (Finn
et al., 2007). Each of these mechanisms may also contribute to CGC in AC.

The results from the previous chapter raise the possibility that PV interneuron
inhibition may not contribute to CGC in AC as it has been found to in V1 (Atallah
et al., 2012; Wilson et al., 2012). If this is the case, non-inhibitory mechanisms of
gain control may contribute significantly to CGC. One such candidate mechanism
is contrast-dependent fluctuations in membrane potential. With no synaptic noise
present, the relationship between membrane potential and the firing rate of cortical
pyramidal cells is captured by a linear threshold function (Figure 5.1A). In vivo,

membrane potential variability smooths this relationship so that it approximates
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a power law function (Miller and Troyer, 2002) and increases gain by increasing
the probability of spiking for a given mean membrane potential. In V1, reductions
in this variability with increasing contrast have been shown to reduce the gain of
cortical responses, contributing to CGC in V1 (Troyer et al., 1998; Hansel and van
Vreeswijk, 2002; Carandini, 2004; Ringach and Malone, 2007; Finn et al., 2007)
(Figure 5.1B). It is unknown whether a similar mechanism contributes to CGC in

AC.

A

firing rate

time

Low contrast
——High contrast

firing rate

time Vm

Figure 5.1: A. Under conditions of no synaptic noise (left panel, dashed line) the relationship
between membrane potential and firing rate in neurons is a linear threshold function (right
panel, dashed line). Membrane potential variability that is present under in vivo conditions
transforms this relationship into a power law function (right panel, solid line). This occurs
as this variability boosts the membrane potential above threshold (left panel, dotted line) on
some, but not all trials, changing the relationship between mean membrane potential and
mean firing rate into a probabilistic relationship. B. Increasing membrane potential variability
during low contrast stimulation (left panel, blue trace) should result in an increase in the gain
of this relationship (right panel, blue curve). Gain would increase as a result of the increased
probability of spiking responses being observed for a given mean membrane potential, due to
larger variability boosting the membrane potential above threshold (left panel, dotted line)
more often.

Inhibitory mechanisms may still contribute to CGC in AC however. Shunting in-
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hibition in particular offers an elegant way of controlling neuronal gain through the
modulation of input conductance (Borg-Graham et al., 1998a). This has a scaling
effect on the amplitude of post-synaptic potentials (PSPs), with increases in conduc-
tance reducing PSP size. In keeping with shunting inhibition contributing to gain
control in V1, the input conductance of these neurons has been found to increase by
up to 300% during stimulation with gratings of 100% contrast (Borg-Graham et al.,
1998b; Anderson et al., 2000; Monier et al., 2003; Frégnac et al., 2003). While
both excitatory and inhibitory conductances contribute to changes in the global
input conductance of the neuron, estimates of conductance based on somatic in-
tracellular recordings are biased to detect large GABAa-mediated somatic changes
in conductance as opposed to smaller distal excitatory conductance changes that
primarily occur on dendrites (Williams and Mitchell, 2008). Furthermore, theoret-
ical studies have shown that changes in global conductance at the soma must be
on the order of a 100-200% increase compared with no sensory stimulation in or-
der to effectively scale membrane potential responses and control gain (Koch et al.,
1990). Furthermore, as excitatory and inhibitory conductances both increase global
input conductance as opposed to cancelling out, it is not necessary to separate these
components when investigating whether inhibitory shunting conductance changes
between stimulus conditions. Changes in global input conductance have therefore
been used extensively in order to detect the presence of shunting inhibition in corti-
cal neurons (Borg-Graham et al., 1998b; Anderson et al., 2000; Monier et al., 2003;
Frégnac et al., 2003). If shunting inhibition contributes to CGC in AC, an increase
in the input conductance of AC neurons should be observed during high contrast
stimulation. This would scale down the amplitude of sensory evoked membrane
potential responses and would result in a reduction in gain.

Here, I address the question of whether shunting inhibition and fluctuations

in membrane potential contribute mechanistically to CGC in Al. First, I investi-
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gate whether PSP amplitude is modulated by stimulus contrast, as this effect is not
predicted by the membrane potential variance hypothesis but is predicted by the
shunting inhibition hypothesis. Next, I asked whether membrane potential vari-
ance is reduced during high contrast stimulation, as it is in V1, and, if so, whether
this results in gain changes in the relationship between membrane potential and
firing rate in these neurons. Finally, I estimated the input conductance of AC pyra-
midal cells during low and high contrast auditory stimulation in order to investigate

the involvement of shunting inhibition in CGC in AC.

5.2 Methods

5.2.1 Intracellular recordings

Blind whole-cell patch recordings were made from the AC of anaesthetised C57BL/6
Mice, between the ages of 4 and 10 weeks old. These animals were not used in any
other experiments presented in this thesis. For some intracellular recordings, a
durotomy was performed before recording took place. Electrodes were oriented
45 degrees to the cortical surface and were advanced to depths of between 300
and 700 uwm in order to record from the middle layers of the cortex. Conventional,
low-resistance (4—7 MQ) patch pipettes were made from glass (World Precision
Instruments, Sarasofa, Florida, USA). The intracellular solution consisted of (in
mM): 110 K-gluconate, 40 HEPES, 2 ATP-Mg, 0.3 GTP, 4 NaCl and 4mg/ml biocytin,
pH 7.2-7.3. A Multiclamp 200b amplifier (Molecular Devices, CA, USA) was used
in order to amplify intracellular recordings. As with extracellular recordings, a
TDT RZ2 digital signal processor was used to digitize the data. For intracellular
recordings, I performed the surgery while Martin Kahn prepared the pipettes and
established the patch recordings.

Unlike extracellular recordings, which can be stable over many hours, whole
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cell recordings can typically only be maintained for tens of minutes. This limitation
prevented me from collecting enough data to fit receptive field models as has been
done with the extracellular data. As a result, the spectrotemporal tuning properties
of the neurons that were recorded from remained unknown. In order to probe
response properties in neurons with unknown tuning properties, I embedded 50ms
bursts of frozen noise halfway through each DRC (Figure 5.2). This enabled me to
drive responses in all neurons, irrespective of their individual tuning properties. A
similar approach has successfully been used previously in order to assess the time
course of CGC in ferret AC (Rabinowitz et al., 2011a). Stimuli consisted of a 1
second DRC that was repeated 11 times. The contrast varied from low (o; ~6.2 dB,
¢ = op/uP = 0.68) to high (0; ~11.97 dB, c = op/up = 1.2) with each repetition
while the spectrotemporal pattern of the DRC remained the same. The 50 ms noise
bursts occurred 500 ms into each DRC. The two 25 ms chords that would otherwise
have occurred at this time were omitted during the noise burst. Noise bursts were
spectrally frozen so that each burst in a stimulus was identical. DRCs and noise
bursts were constructed using 4 different tokens in order to generate the random
numbers that determined pure tone levels for the DRCs and the spectral structure
of the noise burst. This allowed me to ensure that our results generalised across
stimuli and are not specific to the particular pattern present in a particular DRC or
noise burst. The first low contrast DRC was omitted from the analysis in order to

avoid onset responses.

5.2.2 Access resistance compensation

I attempted to measure the input conductance, G, of recorded AC neurons by in-
jecting different levels of current and measuring the effect on membrane potential,
V... The extent to which V,, changes in response to injected current,I"’V, depends on

G, as is captured in Ohm’s law:
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Figure 5.2: A. For whole cell recordings, I created DRC stimuli consisting of one second of DRC
that repeated 11 times, changing between two contrast levels with every repetition. B. A 50
ms frozen noise burst was embedded 500 ms into each DRC. This noise stimulus allowed me to
investigate evoked responses under different contrast conditions without requiring me to know
the tuning of each neuron. C. Temporal cross section of the DRC showing the variation in sound
level at 1kHz.

Iinj

Vin
G

(5.1

This allowed me to estimate G from the recorded change in V,, in response to
different levels of I". The inverse of G is the input resistance of the neuron R,
The resistance of the electrode after the patch is formed, also known as the series of
access resistance and here referred to as R%“*, also contributes to the relationship

between V,, and I"V:

Vm — Iinj * ( [Raccess + Rinput) (52)

In order to accurately estimate stimulus induced changes in G over time, it was
first necessary to compensate for R*“* in our recordings. Before each stimulus
presentation current with a square waveform (20Hz, 20 cycles) was injected into
each cell. The recorded change in membrane potential in response to I'V consists

of two components, a fast change due to R*“* and a slow exponential change due
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to R (Anderson et al., 2000). In order to separate these two components, I fit a

double exponential model to the mean recorded change in V;, over time, V(t):

V(t)/]inj — Raccess[l . exp(_t/TacceSS)] + Rinput[l . €:L’p(—t/7'inpm)] (53)

where 7% corresponds to the time constant of the neuron and 7%°®* corre-
sponds to the time constant of the patch electrode. The mean response to I'V was
calculated from V,, responses that did not include an "up state”. Up states are peri-
ods of spontaneous depolarisation (Destexhe et al., 2003) that can mask the effect
of I'V on V,,. As this results in a bimodal distribution of V,, values, up states could be
detected by threshold crossing where the threshold is the mean V,,, recorded during
both up and down states (Figure 5.3A). Sweeps including up states were excluded
from further analysis. The model was fit to the mean V,, response (Figure 5.3B). A
clear minimum in the mean squared error of the fit for different values of electrode
resistance and time constant was consistently observed (Figure 5.3C). Subtracting
the voltage component corresponding to R*“* allowed me to estimate the true V,,
response to IV,

In order to validate this method of R*“* compensation, I examined the ef-
fect of current injection on spike threshold both before and after compensation for
R*<s | In keeping with previous studies (Anderson et al., 2000) I assumed that spike
threshold would not change dramatically with IV, Any change in spike threshold
with different levels of I'V can therefore be attributed to changes in V,, resulting
from R** (Figure 5.3C). I detected spikes by crossing of a threshold positioned 7
standard deviations of the V,, distribution above the mean V,,. Spike threshold was
detected by finding the inflection point in the spike waveform within 1 ms prior to

threshold crossing. After identifying the mean spike threshold for each I'V, I fit a
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linear model, with a slope that corresponded to R** that had not been success-
fully compensated for (Figure 5.3D). The slope of this fit was consistently reduced

to near O following R%“** compensation.
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Figure 5.3: R¥®S compensation. A. I injected a series of 40pA current pulses into each neuron
before each sweep. This allowed me to estimate both R%*S and R™“ from the change in V.
Under anaesthesia, cortical neurons undergo periods of spontaneous depolarisation, known as
up states. During these periods, the impact of IV on Vi, is difficult to quantify. Cycles of
current injection that included an up state (red traces) were identified by crossing a threshold
corresponding to the mean of the Vy,, distribution. These traces were excluded and the remaining
traces (blue) were used to compute the mean Vy, response to the current pulses. B. The mean
Vin (blue trace) consists of fast and slow exponential components that correspond to R*“*** and
RimPUt - respectively. A double exponential model was fit to the mean Vy, response in order to
quantify the contribution of R**** so that it could subsequently be compensated for. C. Each
fit showed a clear minimum in the error function for a range of resistance, R*“*S, and time
constant, 775, yalues. D. Estimate of the true Vy, in response to IV following compensation
for RS E. An estimate of the remaining R*“®S following compensation was also obtained for
each neuron by quantifying the change in spike threshold under different levels of I'V. Spikes
before (black) and after (blue) correction for R¥ using these two methods. F. A linear fit
(black line) to mean spike threshold for different levels of IV (black circles, standard errors
indicated by black lines) can be used to quantify R*“*. Error bars appear as a single line due
to the variation in spike threshold between spikes being minimal. After correction for R,
spike threshold is impacted far less by I'V (blue), demonstrating that RS has successfully
been compensated for.
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5.3 Results

5.3.1 Membrane potential responses undergo contrast gain con-

trol

If contrast-dependent membrane potential variance alone underlies CGC at the level
of spiking responses in AC, the amplitude of subthreshold V;, responses should re-
main unchanged between contrast conditions. If inhibition contributes to CGC of
spiking responses, subthreshold V,, responses should also be modulated by stimulus
contrast. Current clamp recordings were performed from 17 pyramidal cells in the
AC of anesthestised mice. No net current was injected into the neuron (OpA hold-
ing current), allowing V,, responses to DRCs of different contrasts to be recorded
(Figure 5.4A-F). This approach allowed the effect of stimulus contrast on evoked
Vi, responses in AC neurons to be examined.

[ first examined whether the mean V,, responses to DRCs changed with stimulus
contrast. I found a small but significant depolarisation during high contrast com-
pared to low contrast stimulation (low contrast V,,: -52.62 mV, high contrast V,,:
-52.39 mV; sign-rank test: p=0.009) (Figure 5.4E). I next examined whether noise-
evoked PSP amplitudes were modulated by DRC contrast. Noise bursts lasting 50
ms were embedded 500 ms into a 1 second DRC of either low or high contrast. I
found that noise-evoked PSP amplitude was suppressed under high contrast stim-
ulation (low contrast: 4.67 mV, high contrast: 3.77 mV; sign-rank test: p=0.042)
(Figure 5.4F).

In order to investigate whether this suppression reflects divisive gain control,
I varied the level of the noise probe stimuli between 70 and 90 dB in 5 dB steps
and recorded the amplitude of PSPs evoked by these stimuli when embedded in a
high or low contrast DRC (Figure 5.5A,B). If the PSP suppression observed during

high contrast stimulation reflects divisive gain control, PSP amplitude should be
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Figure 5.4: A-D. mean Vy, responses to 1 ms high contrast (red) and low contrast (blue) DRCs
for four different AC neurons. Broken lines indicate the onset of a 50 ms 80 dB noise burst.
E. Mean V,, is not significantly modulated by stimulus contrast. F. The amplitude of the noise
evoked PSP was increased under low contrast stimulation, relative to high contrast stimulation.
Ratios in the corner of plots indicate the number of neurons above the identity line, y=x, over
the total number of neurons.

scaled down with increasing stimulus level. I fit a linear model to the relationship
between noise probe level and PSP amplitude for each recorded neuron in order
to quantify the extent to which this suppression was divisive or subtractive (Figure
5.5C). Six out of 7 neurons showed a significant divisive reduction in the slope of
this relationship in response to increased stimulus contrast (Figure 5.5D). Recorded
neurons did not show any systematic effect on x-axis intercept with stimulus con-

trast (Figure 5.5E). CGC therefore appears to exist at the level of the membrane
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potential response as well as in the spiking response of AC neurons.
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Figure 5.5: In order to investigate whether the observed contrast dependent suppression of
PSP amplitude was predominantly suppressive or divisive in nature, I varied the amplitude of
noise burst stimuli between 70 and 90 dB in 5 dB steps. Noise burst stimuli were embedded
in high and low contrast DRCs. In all plots blue indicates low contrast while red indicates
high contrast. A. PSPs recorded in response to noise probe stimuli of different sound levels for
a single representative neuron. B. Same as in A for a second neuron. C. Linear fits to PSP
amplitudes recorded in response to noise probe stimuli of different levels for the same neurons
in A and B. Dots indicate mean PSP amplitude for a given stimulus token. D. Histogram of
slope coefficients of the linear fit for each recorded neuron. The majority of neurons showed
a reduction in slope indicative of a gain change. E. Histogram of x-intercepts of the linear fit
for each recorded neuron. The neurons did not show a systematic change in x-intercept with
contrast.
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5.3.2 Membrane potential variability in auditory cortex is not

contrast dependent

Trial-to-trial V,, variability alters gain by changing the probability that a mean value
of V,,, will result in a spiking response but leaves PSP amplitude unaffected (Troyer
et al., 1998; Hansel and van Vreeswijk, 2002; Carandini, 2004; Ringach and Mal-
one, 2007; Finn et al., 2007). This mechanism therefore cannot account for the
observed reduction in PSP amplitude under high contrast stimulation but may still
contribute to CGC at the level of spiking responses. If this is the case, responses
should be more variable under low contrast stimulation, resulting in an increase in
the gain of this relationship. I fitted a power law function to the mean V,,, V,,, and
mean spiking response across trials, S, in order to investigate whether the gain of

this relationship is indeed increased under low contrast stimulation.

S = k[vm - Vrest]p+ (54)

Vst Tefers to the resting membrane potential of the neuron and the subscript “+7”
indicates half-wave rectification. The exponent p was fixed between contrast condi-
tions but the gain factor k was allowed to vary. Some neurons showed an increase in
gain under high contrast stimulation (Figure 5.6A) while others showed no change
(Figure 5.6B). No neurons showed a reduction in the gain of this relationship under
high contrast stimulation as would be predicted if changes in membrane potential
variance contributed to contrast gain control (Figure 5.6C). As fluctuations in V,,
are thought to underlie changes in this relationship, this finding indicates that V,,
variability is not contrast dependent. I addressed this issue by quantifying both
the variance of V,, responses to high and low contrast DRCs and the variability in
noise-evoked PSP peak amplitude across trials. As predicted, no contrast dependent

changes in the standard deviation of V,,, o, were observed (low contrast: 4.34 mV,
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high contrast: 4.19 mV; sign-rank test: p=0.426) (Figure 5.6E). No contrast depen-
dent changes were observed in the standard deviation of peak response amplitude
to the embedded noise stimuli either (low contrast: 2.96 mV, high contrast: 2.91

mV; sign-rank test: p=0.426) (Figure 5.6F).
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Figure 5.6: A. A power law function was used to map Vi, to firing rate for each unit. Some
units, such as this one, showed an increase in the gain of this relationship under high contrast
stimulation. B. Other units showed no change in this relationship with stimulus contrast. C.
Histogram of gain changes resulting from increased contrast. No units showed the predicted
reduction in gain. The broken line corresponds to the median increase in gain with increased
contrast. D. Four representative units showing PSPs evoked by noise stimuli during high (red)
and low (blue) contrast stimulation. Shaded areas indicate the standard deviation of V,, re-
sponses across trials. F. Membrane potential standard deviation during DRC stimulation did
not change with stimulus contrast. G. Similarly, the standard deviation of PSP responses did
not show a systematic change with stimulus contrast. Ratios in the corner of plots indicate the
number of neurons above the identity line, y=x, over the total number of neurons.

5.3.3 Contrast dependent changes in G do not explain gain con-

trol

I next investigated whether the input conductance (G) of AC neurons is modulated

by stimulus contrast, as predicted by the hypothesis that shunting inhibition con-
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tributes to CGC. G was estimated by injecting different levels of current into the
neuron during sensory stimulation (Figure 5.7A) as this allowed me to estimate G
by examining the relationship between injected current and recorded membrane
potential. In order to do this, I fit a linear model at each time point of the stimulus
to the recorded membrane potential responses (Figure 5.7B). The inverse of slope
of the model was used as the estimate for G at each time point (Figure 5.7C). The
estimates of G over time could then be used to reconstruct the recorded V,, in order

to validate the estimates of G (Figure 5.7D).
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Figure 5.7: A. Mean Vy, recorded for four different levels of current injection during DRC and
noise stimulation. G was estimated at each time point in the stimulus. The broken line indicates
a single time point 100 ms into the stimulus for which I estimated a single value of G. B. Open
circles indicate the Vy, recorded at this time point for 25 stimulus repetitions for the four levels
of current injection. Blue triangles indicate mean V,, values plotted in A. G could be estimated
at this time point from these responses by examining the relationship between injected current
and recorded V, response. This relationship was modelled by fitting a line to this data as
Ohm’s law predicts that this relationship should be linear. C. The inverse of the slope of the
linear fit was used as the estimate for G for this time point. D. Using Ohm’s law, the V,, could
be reconstructed from this estimate for G and the known levels of current injection, in order to
validate the estimates. This was necessary as neurons are not perfectly linear devices.

In order to asses the reliability of the linear model over the recorded range of
membrane potentials, I compared the estimated (Figure 5.7D) V,, to the recorded
V.. (Figure 5.7A). This was performed for the entire data set (Figure 5.8A). Pre-
dicted values of V,,, captured 97% of the variance in the membrane potential re-
sponse indicating that the estimates of G were successful and that the relationship
between injected current and recorded membrane potential is highly linear (Figure
5.7B).

I next asked whether contrast dependent changes in G could account for the
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Figure 5.8: A. Density plot of predicted vs recorded membrane potential responses for the entire
data set. B. Histogram of the errors in the membrane potential prediction. Predicted recorded
membrane potential responses were highly similar to recorded membrane potential responses,
validating the use of the linear model to estimate input conductance.

reduction in the amplitude of the V,, response under high contrast stimulation. In
order to assess the contrast dependency of input conductance in the recorded neu-
rons, G was estimated during stimulation with both high and low contrast DRCs. In-
creasing contrast by ~2 had no systematic effect on G (Median change in G 2.37%j;
sign-rank test: p=0.296). In order to account for the contrast dependent scaling of
PSPs, changes in G should be correlated with the observed changes in PSP ampli-
tude. I found that contrast dependent changes in G were unrelated to the contrast
dependent changes the size of PSPs (Figure 5.9H). This was primarily attributable
to the small magnitude of changes in G between contrast conditions, indicating that

input conductance does not change with stimulus contrast.

5.4 Discussion

I aimed to investigate the biophysical mechanisms underlying CGC in AC by ex-
amining the involvement of two mechanisms, shunting inhibition and membrane

potential variability. My approach was to perform whole-cell current clamp record-
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Figure 5.9: A-C. Membrane potential responses recorded under 4 different levels of current
injection for 3 representative units, during high (red) and low (blue) contrast stimulation.
Broken lines indicate the timing of noise stimulus presentation. D-F. G estimated for these
same 3 units under high (red) and low (blue) contrast stimulation. G. Histogram of % change
in G in response to an approximate doubling of stimulus contrast. G showed no systematic vari-
ation with stimulus contrast. H. Scatter plot of contrast dependent changes in PSP amplitude
(abscissa) and G (ordinate). The change in G between contrast conditions was far smaller than
changes that would be required to account for the contrast dependent scaling of the evoked Vi,
response. The ratio in the corner indicates the number of neurons above the identity line, y=Xx,
over the total number of neurons.

ings from the AC of anaesthetised mice while they were presented with auditory
stimuli of high or low contrast. This allowed me to examine the effect of stimulus
contrast on responses at the level of the membrane potential, to quantify variability

in the membrane potential and to estimate the input conductance of each neuron.
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CGC in AC has been observed at the level of spiking responses (Rabinowitz
et al., 2011a) but it has previously been unknown whether or not it exists at the
level of the membrane potential. According to the hypothesis that shunting inhi-
bition predominantly underlies CGC, gain changes observed in spiking responses
occur as a result of a divisive scaling of PSP amplitude. This hypothesis therefore
predicts that CGC should also be observed at the level of the membrane poten-
tial. The hypothesis that contrast-dependent fluctuations in membrane potential
responses underlie CGC in the spiking response predicts that CGC should not ex-
ist at the level of the membrane potential responses. According to this hypothesis,
gain changes occur as a result of interactions between membrane potential variabil-
ity and spike threshold but the size of evoked PSPs remains unchanged. In order
to test these predictions, I recorded membrane potential responses to high and low
contrast DRC stimuli containing noise probe stimuli. The PSPs generated by these
noise stimuli showed a divisive scaling in their amplitude during high contrast com-
pared to low contrast stimulation. This is consistent with the shunting inhibition
hypothesis but not the membrane potential variance hypothesis. This finding indi-
cates that contrast-dependent membrane potential variance alone cannot account
for CGC in AC but it does not preclude it from contributing to this computation in
combination with another mechanism that can account for the contrast-dependent
reduction in PSP amplitude. In order to investigate whether membrane potential
variability contributes at all to CGC in AC, I compared the standard deviation of
evoked PSP amplitudes between contrast conditions and found no systematic dif-
ference. In keeping with this, the gain of the relationship between mean membrane
potential and firing rate was not reduced during high contrast stimulation in AC
neurons, unlike in V1 where this is found to be the case Finn et al. (2007). These
findings indicate that contrast dependent changes in membrane potential variabil-

ity do not contribute to CGC in AC, but are consistent with the shunting inhibition
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hypothesis.

Shunting inhibition is thought to modulate gain by increasing the input conduc-
tance of neurons in order to divisively scale PSP amplitude. In order to examine
the contribution of shunting inhibition to CGC in AC, I estimated the input conduc-
tance of each neuron during stimulation with high and low contrast DRCs. I did
this by injecting multiple levels of current and fitting a series of linear models to
the relationship between this injected current and the observed membrane poten-
tial response at each time point in the recording. This analysis assumes that this
relationship is linear, an assumption which may reasonably be questioned given the
number of voltage dependent nonlinearities present in neurons. I primarily injected
negative currents into the neurons in order to avoid depolarising them and thereby
avoid interactions with voltage dependent nonlinearities. I also validated this mod-
elling approach and tested the assumption of linearity by predicting the membrane
potential responses from the model. In keeping with previous reports (Anderson
et al., 2000), I found that this relationship is indeed highly linear. This approach
generated estimates of input conductance over time during sensory stimulation.

Using this modelling approach, I found that input conductance was not signifi-
cantly modulated by stimulus contrast. In V1, input conductance can increase up to
300% during the presentation of a high contrast grating with reference to baseline
input conductance (Anderson et al., 2000). Here I observed no such effect, indi-
cating that in AC, shunting inhibition does not contribute to CGC. Our recordings
were performed across the depth of cortex however, and it is possible that shunting
inhibition is recruited by thalamic inputs and may therefore be confined to neurons
in layer 4. Targeted recordings of input conductance in layer 4 neurons during stim-
ulation with stimuli of different contrasts will be necessary in order to address this

issue.
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Chapter 6

Discussion

6.1 Conclusions

In this thesis, I aimed to investigate the mechanisms underlying a fundamental
sensory computation, contrast gain control (CGC), in auditory cortex (AC). Little
was previously known regarding this issue, in contrast to primary visual cortex
where the mechanistic basis of this computation has been studied extensively. The
presence of this computation in other sensory cortical areas, such as primary visual
cortex (V1), was a strong motivating factor in this research, as investigating the
mechanisms underlying CGC in AC would not only add to our understanding of
auditory processing but would also contribute to the fundamental issue of whether
cortical areas exploit canonical circuit mechanisms in order to implement canonical
computations.

The methods required in order to investigate these mechanisms necessitated the
use of a different model organism to the ferret, in which CGC had originally been
characterised. Mice were used due to their suitability for both optogenetic ma-
nipulations of genetically determined neuronal subtypes and for in-vivo whole-cell

recording. Before these techniques could be used in order to investigate the mech-
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anistic basis of CGC in AC, it was necessary to determine whether it was present in
mouse AC. I found that CGC was widely observed in spiking responses in AC, al-
lowing for investigations into its underlying mechanisms using the previously men-
tioned techniques.

I first examined whether PV interneuron inhibition is capable of modulating gain
in AC. I found that, as in V1, PV interneuron activity is capable of modulating the
gain of sensory evoked responses in AC. I next examined whether PV interneurons
increase their firing in response to an increase in stimulus contrast, as they have
been found to do in V1. I found that in the neurons I recorded from in AC, this
was not the case. This raises the possibility that a subpopulation of PV interneu-
rons, not recorded from in these experiments, may be capable of contributing to
contrast driven gain changes in AC. I finally examined contributions of two bio-
physical mechanisms to CGC in AC; shunting inhibition and membrane potential
variability. Unlike in V1, I found no role for either of these mechanisms in CGC in
AC, raising the possibility that this canonical cortical computation is implemented
by non-canonical circuit mechanisms in different cortical areas. Alternatively, PV
interneuron mediated shunting inhibition may underlie CGC but in AC this may be

restricted to layer 4.

6.2 CGC in mouse AC

I aimed to characterise CGC in AC both in order to allow research into its mecha-
nistic basis but also in order to examine the canonical nature of this computation
(Carandini and Heeger, 2012). CGC has been observed in both the AC of the ferret
(Rabinowitz et al., 2011a) and V1 of several species, including the mouse (Atallah
et al., 2012). Characterising CGC in mouse AC therefore enabled me to test whether

CGC is truly canonical, both in the sense that it is observed both across species and
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across cortical areas. I found that the majority of multi-unit (MU) responses in AC
showed a reduction in gain during high contrast stimulation, indicative of CGC. I
also observed several differences compared with CGC in ferret AC. Unlike in the
ferret, the strength of gain control in the mouse appeared to approximate complete
compensation. As in the ferret, spectrotemporal tuning was left largely unaffected
by changes in stimulus contrast, except for a small change in the bandwidth of
spectral tuning. Interestingly, however, whereas bandwidths narrowed slightly with
increasing contrast in ferret AC (Rabinowitz et al., 2011a), bandwidths increased
slightly under high contrast stimulation in the mouse. When a sigmoidal output
nonlinearity was fitted to these receptive field models, no change in threshold was
observed for responses in mouse AC during high contrast stimulation, compared
with a reduction in threshold in the ferret during high contrast stimulation.

These differences indicate that there may be differences in the way in which
this computation is implemented across species. This possibility can only be inves-
tigated through the characterisation and comparison of the mechanisms involved
across these two species. Such interspecies differences in CGC have not been re-
ported in V1 however. This raises the possibility that the variation in the effect
of stimulus contrast on responses in ferret A1 and mouse AC is due to differences
in experimental paradigms. Ferret Al is easily located based on anatomy. This is
not the case for mouse A1 which shows variation in its precise location across ani-
mals. It was not possible to map auditory cortical fields in order to precisely localise
Al and so the dataset presented here likely includes responses from both primary
and secondary cortical areas. Responses in secondary fields may show different
contrast-dependencies which could have contributed to the differences observed
between species. Another experimental difference is that investigations of CGC in
ferret A1 have been based largely on single-unit, not multi-unit data (Rabinowitz

et al., 2011a, 2013). This may also have contributed to the observed differences.
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6.3 Non-canonical circuit mechanisms

Gain control has been proposed to represent a canonical computation. Taken in
combination with suggestions that the cortex consists of canonical circuits for such
computations, it appears possible that the same mechanisms may implement this
computation across sensory cortical areas and across species. In ferret AC, CGC
has been shown to compensate for 75% of changes in stimulus contrast. I found
that, in mouse AC, CGC approximates complete compensation for changes in stim-
ulus contrast. Similarly, In V1, CGC is thought to be completely compensatory
(Heeger, 1992). These differences raise the possibility that, despite the canonical
nature of this computation and the relative homogeneity of cortical architecture,
different mechanisms may implement this computation in these different sensory
systems and species. Much work has been done in investigating the mechanistic
basis of CGC in V1, making experimentally determining whether the same mecha-
nisms contribute to CGC in AC as well the most direct test of the canonical circuit
hypothesis.

In V1, CGC is thought to be implemented via a combination of mechanisms.
Early research focused on shunting inhibition as a mechanism of contrast depen-
dent gain control (Carandini and Heeger, 1994; Carandini et al., 1997) and, more
recently, efforts have turned to characterising the contribution of the most likely
source of shunting inhibition, PV interneurons (Atallah et al., 2012; Wilson et al.,
2012; Lee et al., 2012, 2014; El-Boustani et al., 2014). In V1, PV interneuron activ-
ity in superficial layers increases with stimulus contrast (Atallah et al., 2012) and
the effect of their inhibition has been shown to be divisive, i.e. it produces a reduc-
tion in the gain of sensory evoked responses. These two findings establish a logical
chain of events that strongly implicates PV interneuron inhibition in gain control; as
stimulus contrast increases, so does PV interneuron activity and as PV interneuron

activity increases, gain is reduced. I aimed to investigate whether a similar circuit
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logic exists in AC that may account for CGC in this area.

In order to investigate whether PV interneuron activity is capable of modulating
the gain of sensory evoked responses as in V1, I optogenetically modulated PV in-
terneuron activity during sensory stimulation. ChR2 activation of PV interneurons,
had no effect on spectro-temporal tuning but produced a small reduction in the
gain of sensory responses. The largest effect however was a subtractive reduction
in baseline fairing rates. In keeping with this finding, a recent study in which ChR2
was used in order to activate PV interneurons in AC found that this artificial activa-
tion led to complex network effects in which the true nature of the inhibitory effect
was masked by interactions with the spike threshold of pyramidal cells (Seybold
et al., 2015). Another possibility however is that this result is due to activation of
non-primary AC areas as, unlike V1, it is not possible to precisely target A1 without
functional mapping of auditory cortical fields.

By suppressing PV interneuron activity using Arch, I avoided issues of inter-
actions with spike threshold, which have similarly been found to mask the effect
of PV interneuron inhibition in V1 (El-Boustani et al., 2014). This approach also
avoids introducing artificial structure into the spiking activity of the population be-
ing manipulated. As with PV interneuron activation, PV interneuron suppression
left tuning properties largely unchanged. The strongest effect of PV suppression
was a multiplicative disinhibition of sensory evoked responses, corresponding to
an increase in gain. This demonstrates that PV interneuron activity is capable of
modulating gain in AC as it has been shown to do in V1 (Atallah et al., 2014)

I next investigated whether PV interneurons are typically recruited under condi-
tions that would allow them to contribute to CGC. I tested whether PV interneurons
increase their firing rates during high contrast stimulation, relative to low contrast
stimulation, allowing them to mediate the suppressive reduction in gain observed

during high contrast stimulation. In order to do this, I expressed ChR2 in PV in-
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terneurons and used their responsiveness to light in order to identify these cells in
extracellular recordings (Lima et al., 2009). This allowed me to track the activ-
ity of PV interneurons during stimulation with high and low contrast stimuli. In
contrast to the findings in V1 (Atallah et al., 2012) I found that the majority of pu-
tative PV interneurons I recorded from did not increase their firing with increased
stimulus contrast. The neurons recorded from, however, represent a small subset
of PV interneurons, precluding any conclusive statements being made regarding
the involvement of PV interneurons in CGC. Several methods exist for targeting
PV interneurons and these approaches have previously resulted in contradictory re-
sults (Moore and Wehr, 2013; Li et al., 2014). Variation in the results of different
studies may be in part due to PV interneurons consisting of multiple sub-classes
of interneurons which are indiscriminately manipulated or recorded from in these
studies. The development of more precise genetic techniques to target these sub-
classes may reveal a variety of different functional contributions to CGC and other

cortical computations.

6.4 Layer-specific circuitry

These experiments attempted to investigate whether a correlative link between
stimulus contrast and PV interneuron activity exists and whether a causal link be-
tween PV interneuron activity and the gain of sensory evoked responses could be
established. One major difference in the approaches taken to investigate these two
issues relates to the subpopulations of PV interneurons being examined. In investi-
gating the hypothesised link between PV interneuron activity and response gain in
AC, the activity PV interneurons across cortical layers was modulated, particularly
those in the most superficial cortical layers. In investigating how PV interneuron

activity relates to stimulus contrast, PV interneurons were recorded predominantly
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in deep cortical layers, although the precise laminar location of the recordings could
not be verified. This raises the possibility that sub-populations of PV interneurons
may contribute to CGC in AC. These subpopulations may have been recruited by
the optogenetic manipulations but were not recorded from in my attempts to relate
stimulus contrast to PV interneuron activity.

In chapter 3 I characterised the laminar organization of CGC in mouse AC. I
found that CGC is strongest in deep cortical layers. Despite this laminar variation,
CGC was present to a similar degree in all cortical layers, including thalamorecipi-
ent layer 4. Furthermore, this laminar pattern was mirrored by the variation in the
noise of MU responses, with deep cortical layers showing the least noisy responses.
These findings indicate that laminar variation in CGC may not be functionally rel-
evant. It is possible therefore that CGC may be primarily implemented in layer 4
and subsequently inherited outside of layer 4, with relatively little modification. A
PV interneuron subpopulation that contributes strongly to CGC might therefore be
confined to layer 4, explaining the lack of consistent contrast-driven responses in
deep PV interneurons. These neurons would have been targeted by the optoge-
netic manipulations but we most likely not recorded from in the stimulus contrast
experiment. In order to characterise the contribution of PV interneurons in differ-
ent cortical layers more systematically, newly developed multi-channel silicon elec-
trodes designed for both laminar identification and single unit isolation (Blanche
et al., 2005) may be used in combination with optogenetic-mediated PV interneu-
ron identification (Lima et al., 2009), in order to simultaneously record from PV
interneuron subtypes in all cortical layers.

Previous work indicates that layer 4 PV interneurons may form a functional sub-
population. These neurons receive the densest thalamic projections of any cortical
interneuron subtype, including PV interneurons found in all other cortical layers (Ji

et al., 2015). A feedforward thalamocortical circuit may therefore underlie CGC in
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AC, with layer 4 PV interneurons providing feedforward inhibition. In the ferret,
CGC has a time course of 62-85ms (Rabinowitz et al., 2011a) making it likely that

other mechanisms, including recurrent feedback inhibition, contribute to CGC.

6.5 Biophysical mechanisms of CGC

If PV interneuron inhibition underlies CGC, this should be detectable through in-
tracellular recordings. PV interneurons are thought to mediate shunting inhibition,
in which large changes in somatic conductance have a divisive scaling effect on
membrane potential responses, that can result in a reduction in gain (Borg-Graham
et al., 1998b). Such changes in gain are observed in a contrast-dependent manner
in V1, and are thought to contribute to CGC. Stimuli of 100% contrast have been
shown to produce increases in conductance of up to 300% in V1 pyramidal cells
(Borg-Graham et al., 1998b; Anderson et al., 2000; Monier et al., 2003; Frégnac
et al., 2003). I found that the input conductance of neurons in AC did not increase
with stimulus contrast as would be expected if shunting inhibition contributes to
CGC in AC. Again, however, recordings were performed across the depth of cor-
tex. If CGC is implemented via shunting inhibition from layer 4 PV interneurons,
recordings confined to layer 4 may find contrast-dependent modulation of input
conductance. Intracellular recording in vivo could be combined with optogenetic
activation of PV interneurons in order to test whether this subtype really does mod-
ulate the conductance of pyramidal cells, as predicted by the hypothesis that they
signal via shunting inhibition.

If cortical inhibition does contribute to CGC in AC but no contrast-dependent
changes in conductance are observed in layer 4, in vivo voltage clamp recordings
from pyramidal cells during sensory stimulation may be used in order to identify the

mechanism by which inhibition modulates gain. One likely candidate mechanism
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is balanced excitation and inhibition, which has been observed extensively in AC
(Wehr and Zador, 2003; Sun et al., 2010; Dorrn et al., 2010; Zhou et al., 2014a)
and other cortical areas (Haider et al., 2006; Okun and Lampl, 2008; Xue et al.,
2014; Hasenstaub et al., 2005; Haider and McCormick, 2009).

Inhibition appeared to be the most plausible candidate mechanism based on
results from CGC in the ferret. In ferret AC, stimulus contrast in both excitatory and
suppressive regions of frequency space are known to contribute to CGC (Rabinowitz
et al., 2011a). The contribution of stimulus contrast in suppressive regions of the
receptive field of neurons implicated intracortical inhibition as a mechanism of CGC
in AC. It is not known whether this finding generalises to the mouse, however, as I
did not attempt to characterise the spectral region within which stimulus contrast
modulates gain in mouse AC. Suppressive side bands in frequency tuning were
rarely observed however, making it possible that this finding may not generalise
to the mouse. If this is the case, it increases the possibility that non-inhibitory
mechanisms may contribute to CGC in mouse AC.

Pharmacological blockade of GABA transmission offers an approach for testing
the involvement of cortical inhibition in CGC in both species, although in V1 this has
produced contradictory results (Katzner et al., 2011; Morrone et al., 1987; Ozeki
et al., 2009; Haider et al., 2010). If cortical inhibition can be shown to play a
causal role in CGC, systematic characterisation of the contrast-response properties
of different interneuron subtypes may allow the crucial components to be identified.
Calcium-dependent sensors for in vivo imaging can be targeted to specific interneu-
ron subtypes in the mouse, allowing the activity of populations of these neurons to
be imaged during sensory stimulation (Hippenmeyer et al., 2005; Li et al., 2014).
Such imaging techniques are typically restricted to layers 1-4 due to lack of light

penetration to deeper cortical layers (Winkowski and Kanold, 2013).
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6.6 Non-inhibitory mechanisms of gain control

While it is possible that PV interneurons in layer 4 mediate CGC via shunting inhibi-
tion, it is also possible that non-inhibitory mechanisms contribute to CGC in mouse
AC. It may be the case that the divisive nature of PV interneuron inhibition has
been recruited for other purposes in AC, instead of being used to implement con-
trast driven gain changes. In keeping with this, PV interneurons in AC have been
shown to be recruited by top-down inputs that are known to mediate other forms
of gain control (Pi et al., 2013).

One non-inhibitory mechanism of gain control is contrast dependent membrane
potential variability. This mechanism is known to contribute to CGC in V1, where
the increased variability of membrane potential responses across trials under low
contrast stimulation results in an increased probability of spike-threshold crossing
(Troyer et al., 1998; Hansel and van Vreeswijk, 2002; Carandini, 2004; Ringach
and Malone, 2007; Finn et al., 2007). This results in an increase in the gain of
the relationship between mean membrane potential across trials and mean spiking
response across trials. I found no contrast-dependent modulation of membrane
potential variability in mouse AC, indicating that this mechanism is not canonical,
in that it is not preserved across cortical areas.

Short-term synaptic depression (STD) at the thalamocortical synapse is believed
to contribute to CGC in V1. The prime reason that it was not considered as a mecha-
nism for CGC in AC was that is could only account for gain changes within restricted
excitatory regions of frequency space. If stimulus contrast only contributes to CGC
in mouse AC when it is within the excitatory region of frequency tuning, STD may
contribute to CGC in mouse AC. STD is known to occur at the auditory thalamocor-
tical synapse in the mouse (Rose and Metherate, 2005) but it is not known whether
stimulus contrast outside the receptive field of the neuron can modulate gain in the

mouse. Replicating in the mouse the approach used in order to quantify the spec-
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tral regions that contribute to CGC in the ferret (Rabinowitz et al., 2011a) will be
necessary in order to address this question.

In the ferret, systematic CGC is not observed in the inferior colliculus (IC) but
emerges in AC (Rabinowitz et al., 2013). It is not known whether CGC has been
implemented by the level of the IC in the mouse. Furthermore, it is not known
whether CGC exists in the medial geniculate body of the thalamus (MGB) of either
of these species. STD may contribute to CGC in each of these stations of the ascend-

ing auditory pathway, sequentially strengthening CGC (Rabinowitz et al., 2013).

6.7 CGC in the thalamus

Systematic characterisation of the strength and time-course of CGC in the ascending
auditory pathway of the mouse will be necessary in order to identify the locations
of the crucial mechanisms involved in CGC. If, as in the ferret, CGC is less strong
and systematic in the IC, the location of the mechanisms underlying CGC observed
in cortex can be most likely localized to the thalamocortical system. Given the
observation that CGC is present at full strength in thalamorecipient layer 4, the
site of the crucial mechanisms is most likely to be found at the thalamocortical
synapse or perhaps in the thalamus itself. Given the strong interconnectedness of
the thalamus and cortex, simply demonstrating the presence of CGC in the thalamus
will most likely not be adequate in order to ascertain whether it is implemented
solely in this structure. Careful characterisation of the time course of CGC during
simultaneous recordings from MGB and AC may be necessary in order to identify
which, if either, of these structures plays the more important role in implementing
CGC.

If CGC is found to occur more quickly and at full strength in MGB, and this can

be shown to occur in the absence of corticothalamic feedback projections from layer
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6 of AC, the site of the mechanisms implementing CGC will more likely be found in
thalamus than cortex. These feedback projections can be targeted for optogenetic
or chemogenetic inactivation in the mouse using the NTSR1-Cre GN220 mouse line
(Olsen et al., 2012; Gong et al., 2007). This approach can also be replicated in other
species, such as the ferret, via chromophore-targeted laser photolysis (Bajo et al.,
2010) or via dual injections of cre-dependent Arch in AC and a cre-expressing virus
in MGB (Znamenskiy and Zador, 2013).

If CGC is found to be weaker in the thalamus than cortex, or to have a slower
time course, the most likely site of CGC will be the thalamocortical synapse, or
more generally layer 4 of AC. STD at the thalamocortical synapse may be capable
of accounting for CGC in the mouse if it can be demonstrated that only the excita-
tory regions of the receptive field contribute to CGC in AC. Furthermore it would
also be necessary to demonstrate that the entirety of a cortical neuron’s excitatory
tuning can be inherited from individual MGB afferents. This may be achievable by
inactivating different portions of MGB while simultaneously recording from AC in
order to examine how tuning is affected. Experimental manipulations or recordings
of sensory driven STD are not currently possible in vivo, so simulations may be nec-
essary in order to examine any role for this mechanism in CGC. Several predictions

are made from the STD hypothesis, however, that can be tested experimentally.

6.8 Linking mechanisms to computation and behaviour

The functional importance of any mechanisms that contribute to CGC can ulti-
mately be examined using the same causal techniques employed in this thesis.
CGC has been shown to result in cortical representations that are invariant to back-
ground noise (Rabinowitz et al., 2013). It may be possible to demonstrate the

behavioural importance of specific mechanisms by disrupting these mechanisms in
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animals trained to perform an appropriate behavioural task. In the case of noise
invariance, an auditory signal-in-noise discrimination task might be used. It may
also be possible to causally manipulate these mechanisms in order to strengthen
CGC and thereby benefit behaviour. A primary function of CGC is the efficient use
of the dynamic range of sensory neurons. A consequence of this is that, when in
a low-gain state, discrimination of stimulus intensity should be improved. It may
therefore be possible to improve intensity discrimination by blocking mechanisms
that typically reduce gain under natural conditions.

Other functions of CGC can be examined at the electrophysiological rather than
behavioural level. CGC is thought to produce less redundant and sparser population
codes that are capable of winner-take-all dynamics. The importance of specific
mechanisms to these proposed functions may similarly be examined through causal
disruption of these mechanisms. Such experiments will ultimately allow links to
be drawn between mechanistic, computational and behavioural levels of analysis in

neuroscience.
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