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Abstract

According to the theory of predictive coding, the brain does not gener-
ate sensations simply by ’sponging up’ bottom-up information arriving
from the senses. Instead, cortical circuits are fundamentally wired to ac-
tively make predictions on the basis of experience, communicate these in a
top-down fashion to areas with access to less global information, and prop-
agate the residual errors that ensue when predictions are compared with
reality (Friston, 2005). As these error signals feed forward through the
processing hierarchy, they allow each successive processing stage to refine
its predictions, allowing future stimulation to be better predicted and, in
some ways, better 'understood’ by the brain’s internal model of the world.
The critical predictive and error signals are thought to stem from anatom-
ically distinct neural populations, with predictions represented both in the
deep and superficial cortical layers, and errors localised to superficial sites
(Kanai et al., 2015). Evidence that the superficial and deep layers are,
to some degree, specialised for bottom-up and top-down communications,
affiliated with activity in the v (30-100 Hz) and a-f (8-25 Hz) frequency
bands respectively (Bastos et al., 2015; Michalareas et al., 2016) has also
raised the possibility that predictions and errors are encoded in different
spectral channels. The goal of this thesis work was to examine the hypoth-
esised anatomical and functional affiliation of predictive coding variables
with distinct cortical layers and their oscillatory signatures. This question
was pursued on a range of scales - from the behaving animal and isolated
in wvitro brain circuit, to the single cell.

In the first chapter, I piloted two behavioural paradigms in which mice
made 2-Alternative Forced Choice judgements about visual stimuli while
auditory cues predicting stimulus orientation were used to incentivise
sensory predictions. The goal was to eventually conduct translaminar
multi-electrode recordings to test whether neuronal activity patterns in
the mouse visual cortex carry decodable predictive representations, and
whether these are localised to any cortical layer or frequency band. I found
that, while mice successfully acquired the first, stimulus location discrim-
ination task, their behaviour showed no evidence of using auditory cues
to produce orientation-specific stimulus predictions. Furthermore, mice
failed to achieve above-chance performance on the second, same/different
orientation judgement task. Thus, neither task was appropriate for ex-
ploring predictive coding in the visual system of the behaving mouse.



In the second chapter, I conducted two series of experiments, combining
local field potential recordings with optogenetics, to explore whether the
proposed oscillatory signatures of predictive coding can be found in a lo-
cal circuit of mouse primary somatosensory cortex (S1) in witro. Slices
of S1 expressing the photosensitive channelrhodopsin under the CaMKII
promoter received stimulus patterns which followed particular statisti-
cal norms. On a minority of trials, norms were violated with stimuli
which either deviated from the expected stimulation amplitude (Exp 1)
or locus of stimulation within the barrel column (Exp 2). Both experi-
ments provided no evidence that power or peak frequency in the y-band
- the alleged carrier of prediction error signals - was sensitive to stimu-
lus (un)predictability. Furthermore, I obtained no evidence that power
in the a-band represented sensory predictions, on an acute or long-term
temporal basis. a-power did not differentiate between conditions with
diverging likely futures, and failed to scale with increasing stimulation
history which goes hand-in-hand with accrual of sensory expectation (van
Ede et al., 2010; van Pelt et al., 2016).

In the third chapter, I combined patch-clamp electrophysiology and com-
putational modelling to explore how single cell computation is affected
by the v rhythm - a critical information carrier in the predictive coding
scheme. Previous research has shown that v-modulated excitation boosts
the input-output slopes of cortical pyramidal cells over and above what
can be achieved with arrhythmic excitation (Sohal et al., 2009). However,
it is still unclear whether the same enhanced response properties can be
achieved with ~-rhythmic inhibition, which is critical for inducing net-
work v oscillations (Mann et al.. 2005; Traub et al., 1996; Whittington
et al., 1995), and whether the 4-rhythm is unique in this respect. This
question was explored by examining spike patterns of putative pyramidal
cells in mouse S1 in response to excitatory current pulses of increasing
amplitudes, while simulated rhythmic inhibitory post-synaptic potentials
(IPSGs) were administered with varying degrees of y-power, using dy-
namic clamp. The experiment revealed that, with increasing y-power in
the IPSG, pyramidal cells achieved higher maximal spike rates, as well as
exhibiting higher input-output slopes and spike timing fidelity. A further
experiment was conducted to compare the effects of varying the frequency
of inhibition, finding that ~-frequency inhibition (40 Hz) appeared to be
optimal in its ability to boost the input-output properties of pyramidal
cells. A computational model of the single cell was able to replicate these
effects by simulating conditions of low M-type KT channel conductance
and high flux through voltage-gated Ca?* channels, shedding some light
on the potential underpinnings of +’s unique effects on single-cell compu-
tation.
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INTRODUCTION
1.1 WHAT IS PREDICTIVE CODING?

In a 1993 publication documenting some physiological properties of neurons in
the monkey primary visual cortex (V1), Grosof and colleagues argued that their find-
ings were in support of the idea that “V1 is an image-processing area, rather than
simply a spatially transformed replication of the retina” (Grosof et al., 1993). T am
quoting this sentence not necessarily because it is a revelation, but because it struck
me that the idea of a cortical area being there to not merely reproduce the retinal
image appears to be something that had to be actively advocated for as recently as
the early 1990s.

What would a visual system be if the goal of each processing stage was purely
to reproduce the information represented at the previous milestone of information
flow? Arguably, it would be a series of cameras taking photographs of photographs
taken by the cameras before. Where meaningful image processing would come in
is unclear. The theory that the sensory brain cannot make sense of the world by
passively processing inputs in a bottom-up fashion has been a central tenet in psy-
chology since the mid-19th century (Gregory, 1968; Gregory, 1970; Helmholtz, 1860).
According to this idea, the brain makes an ongoing effort to actively generate an
internal representation of the external world in order to infer the underlying sources
of patterns of external stimulation it encounters throughout life. Without such active
mapping of internal models onto external inputs — something psychologists refer to as
‘perceptual hypotheses’ (Gregory, 1968; Schlaghauer et al., 2017) — the brain would
arguably represent nothing more than a bitwise description of the world that is void
of the meaning necessary for organisms to make decisions and take actions. Thus,
the theory posits that our implicit expectations, generated through repeated expo-
sures to diverse external inputs, fundamentally shape how we interpret each pattern
of stimulation to arrive through the periphery.

A more current take on this idea - predictive coding — attempts to ground the
more-or-less philosophical concept of a 'perceptual hypothesis’ in neurophysiological
reality (Friston, 2005; Friston & Kiebel, 2009; Kanai et al., 2015). It posits that cor-
tical circuits are fundamentally wired to make predictions and communicate them to
cortical regions situated lower in the perceptual processing hierarchy — regions with
response properties tuned to more local-level information - in order to constrain their
responses in accordance with the most likely global interpretation of an incoming
pattern of sensory stimulation. This allegedly allows sensory systems to reduce infor-
mational redundancy in the neural code, which goes hand in hand with reducing the

metabolic costs of generating sensations, by representing and propagating forward



primarily those inputs which were not successfully predicted (i.e. prediction errors).
In turn, the error signals that are constantly being propagated through the processing
hierarchy as we navigate our environment allow the brain to continuously refine its
internal model of the world and thus make increasingly more accurate interpretations
of stimulation patterns. According to the logic of predictive coding, the content of
sensory cortical activity should therefore contain two primary pieces of information:
i) internal predictions of upcoming inputs formed on the basis of experience, and ii)
error signals resulting from an ongoing comparison between these predictions and the
feedforward input carrying evidence from the environment.

The idea that sensory cortices actively generate predictions (or ‘perceptual hy-
potheses’; Gregory, 1968) and respond to their discrepancies with reality is supported
by a diverse body of research examining how the brain responds to sensory expec-
tations that are either implicitly generated as a result of sequence learning (Garrido
et al., 2008; Meyer & Olson, 2011; Meyer et al., 2014), exposure to prime stimuli
(Amado et al., 2018; Barbosa & Kouider, 2( 18) or explicit predictive cues within
the task (j\hnh et al., 2010; Bichot et al., 2005; Gardner & Fontanini, 2014; Stokes
et al., 2009). A characteristic finding of such studies is that sensory cortices ac-
tively generate patterns of anticipatory activity in neuronal populations representing
upcoming stimuli (Kok et al., 2014; Stokes et al., 2009), and react to the evidence
by responding to departures from the predictions engendered by these activations
(Bell et al., 2016, Auksztulewicz & Friston, 2015; Garrido et al., 2008; Komatsu
et al., 2()1’), while encoding hypothesis confirming inputs with superior resolution
(Bell et al., 2016; Summerfield et al.. 2008). What follows is a summary of the main
streams of research delving into the question of whether predictive coding provides
a good account of perception and its neural underpinnings, obtained across a range
of techniques, from behaviour, to functional magnetic resonance imaging (fMRI),
magneto- /electro-encephalography (MEG/EEG), electrocorticography (ECoG), and
single-unit electrophysiology.

1.2 EVIDENCE FROM COGNITIVE AND BEHAVIOURAL NEU-
ROSCIENCE

1.2.1 PERCEPTUAL PRIMING

One behavioural phenomenon which lends some support to the predictive cod-
ing framework is priming — the tendency for stimuli to evoke quicker and less error-
prone responses if they are preceded by a related stimulus (i.e. a prime), even if
the prime is masked or presented briefly enough so as to evade conscious perception
(Shigeno, 2017). Notably, primed stimuli have also been found to lead to weaker
neural activity (termed ‘repetition suppression’) compared to those that were either
not preceded by a prime or not sufficiently related to it (Barbosa & Kouider, 2018).
While it is likely that some priming effects are underpinned by bottom-up neuronal



adaptation (especially in cases where the prime and stimulus have a high degree of
feature similarity, and thus can be expected to recruit highly overlapping neuronal
populations), a body of evidence now argues that they can be a by-product of active
predictive processes taking place in the brain. Specifically, it has been proposed that
priming effects might occur because of the bias produced by the prime towards a par-
ticular interpretation of the next input, which materialises in more efficient processing
of and faster behaviour towards stimuli that match the implicit prediction (Gotts et
al., 2012).

One finding which supports this notion is that priming can occur even when the
prime and subsequent probe stimulus stem from different sensory modalities — a phe-
nomenon termed cross-domain priming (Amado et al., 2018; Zhang et al., 2010). In
one fMRI experiment showing this effect, participants heard spoken names of famous
individuals followed by brief presentations of face images, on which they were asked
to make recognition judgements (Amado et al., 2018). Faces which corresponded
to the spoken primes were recognised significantly faster than those that did not,
and evoked reduced BOLD signals in the fusiform and occipital face areas, known
to harbour face-selective neurons (Kanwisher et al., 1997; Pitcher et al., 2011). This
observed cross-domain priming effect argues strongly against the idea that local adap-
tation can account for all cases of priming, as primes and probe stimuli from different
modalities will by definition recruit different neuronal populations, and thus make
purely bottom-up effects implausible. Instead, it provides a convincing case that ac-
tive predictive processes are at work in sensory systems, with auditory primes capable
of biasing visual areas towards particular interpretations of images. Furthermore, the
fMRI findings lend credence to the idea that sensory responses in a predictive brain
should be weakest when the internal model of input matches reality.

One potential caveat of cross-priming effects is that they often involve a con-
sciously perceived prime (Amado et al., 2018; Young et al.; 1988), and thus arguably
engage active cognitive processes. This leaves much room for speculation about the
extent to which prediction is an inherent and automatic part of sensory processing,
as opposed to being mediated by cognition — and thus, to some degree, intelligence. I
would argue that a process proposed to constitute a fundamental coding property of
sensory systems ought to be proven independent of conscious cognitive activity, and
applicable to the lowest organisms in possession of a brain. There is some limited
evidence that cross-domain priming is observed under conditions where the prime
is subliminal owing to extremely brief duration or heavy visual masking (Faivre et
al., 2014), which indicates a reasonable likelihood that the predictive processes which
likely contribute to priming effects can indeed occur without cognitive mediation.



1.2.2 MISMATCH NEGATIVITY (MMN)

Another phenomenon which has been argued to reflect predictive processes
in the sensory brain is the mismatch negativity (MMN) — an electrophysiological
hallmark of ‘surprise’ in response to violations of sensory regularities that has been
captured in EEG and ECoG recordings in humans (Garrido et al., 2008), monkeys
(Komatsu et al., 2015) and rats (Harms et al., 2014). The MMN is typlcally studied
using the so-called roving paradigm (%uks/tul(‘\\lu & Friston, 2015; Garrido et al.,
2008; Komatsu et al., 2015; Wacongne et al., 2011). This protocol involves present-
ing participants with a sensory stream repeatlng the same stimulus (eg. A-A-A) or
stimulation pattern (eg. AB-AB-AB), peppered with occasional oddball stimuli or
unexpected switches to different stimulus trains. Across the aforementioned species,
such unexpected oddballs or stream switches have been found to elicit a mismatch
negativity (MMN) - a component of the event-related potential which consistently
emerges within 150-250 ms of the violating stimulus onset (Fishman, 2014; Garrido
et al., 2008; Harms et al., 2014; Komatsu et al., 2015).

The MMN appears to be a universal feature of the brain’s response to ex-
pectancy violation — it occurs in response to discrepancies with a variety of expected
stimulus features, such as duration (Jacobsen and Schroger, 2003), amplitude (Naata-
nen et al., 1987), and inter-stimulus interval (Ford and Hillyard, 1981). While the
MMN is generally not observed during deep sleep, it is present in other lighter stages
of sleep (Loewy et al., 1996; Sabri et al., 2000), and appears to be insensitive to
an individual’s attentional state (S(,ulthol pe et al., 2009), which indicates that the
phenomenon is rooted in some degree of automaticity. Furthermore, since the MMN
was originally documented in the auditory modality (Hillyard et al., 1973), it has
now been observed in the visual (Kremlacek et al., 2016), olfactory (Krauel et al.,
1999), and somatosensory domains (IKekoni et al., 1997), implying that the MMN is
a domain-general neurophysiological signature of sensory ‘surprise’.

The MMN was originally thought to reflect bottom-up change detection as a
result of release from local adaptation brought on by stimulus repetition (Schroger,
1998). However, it has more recently been proposed to result from a comparative
process signalling departures of inputs from top-down expectancies established by
environmental regularities (Stefanics et al., 2014; Winkler, 2007). This latter hy-
pothesis predicts that the MMN should be observed not only under conditions of a
low-level sensory deviation (eg. A-A-A-B), where release from local adaptation is the
most parsimonious account, but also under circumstances where the violation con-
cerns a more complex or abstract rule. Indeed, the MMN has recently been found in
response to violations of higher-level stimulus regularities (Horvath & Winkler, 2004;
Paavilainen et al., 2018). In one such experiment (Paavilainen et al., 2018), the odd-
ball stimuli were pairs of tones presented in descending frequency order, embedded
in an auditory stream featuring tone pairs in ascending frequency order. The find-
ing that such oddball pairs characterised by an abstract relationship evoked robust



MMNs presents a convincing case that this electrophysiological phenomenon is not
exclusively a function of local neuronal adaptation, but takes into account higher-
level statistical properties of the input stream. Furthermore, given that participants’
ears were being fed two distinct auditory streams with opposing within-pair frequency
relationships, it is unlikely that violations of these statistical relationships were being
monitored concurrently in both streams at a cognitive level.

In the same year, researchers presented evidence that simulated sensory pre-
diction errors accurately map onto the amplitudes of visual event-related potentials
(ERPs) and MMN responses in a visual roving paradigm (Stefanics et al., 2018).
In this study, participants viewed a visual stream consisting of faces of a particular
colour (red or green) and emotional state (happy or fearful), which exhibited oc-
casional unexpected stream switches. An ideal predictive observer was modelled in
order to quantify the correspondence between its output and EEG recordings ob-
tained from human participants. This model observer implemented a hierarchical
belief updating system in which beliefs about external states were generated and re-
fined both on a first-order level (eg. probability of seeing a red versus green, or happy
versus fearful face in the stimulus stream) and on a second-order level, which was
based on conditional statistics (eg. probability of seeing a red face given the previ-
ous stimulus). It was found that, on a trial-wise basis, visual ERPs were significantly
modulated by prediction errors computed at the second-order level of the model. Fur-
thermore, trials featuring the top and bottom 10% of model-based prediction error
magnitudes mapped onto those with the strongest and weakest mismatch negativities,
respectively. These results not only corroborate the evidence that the MMN responds
to violations of expectancies shaped by higher-level regularities (Paavilainen et al.,
2018), but draw direct parallels between neuronal responses (reflected in the ERP)
and sensory prediction error.

1.2.3 REPETITION SUPPRESSION

In recent years, even phenomena considered to be proxies for non-predictive
habituation have become re-examined through the lens of predictive coding. One
such phenomenon is repetition suppression — the observation that stimulus-evoked
neuronal responses weaken over time in response to repeated stimulus exposure (De
Baene & Vogels, 2010; Krekelberg et al., 2006; Summerfield et al., 2008). Repetition
suppression has been documented in a huge diversity of circumstances, from weakened
single-unit responses in monkey superior temporal sulcus neurons to viewing repeated
hand actions (Kuravi et al., 2016), to suppressed blood oxygenation level-dependent
(BOLD) signals in human visual cortex when repeatedly viewing colours from the
same linguistic category (Bird et al., 2012). Traditionally, repetition suppression was
viewed as an index of neuronal fatigue — an assumption implicit in the extensive use of
repetition suppression paradigms as a window into the representational tuning prop-
erties of neurons across sensory and cognitive domains (Barron et al., 2016; Boynton
& Finney, 2003; Grill-Spector et al., 2006; Grill-Spector & Malach, 2001). However,



this fatigue-based interpretation may not be the whole story, according to a more
recent perspective which implicates top-down predictive mechanisms (Auksztulewicz
& Friston, 2016; Summerfield et al., 2008; Todorovic et al., 2011).

Discussion of the potentially predictive nature of repetition suppression was, in
part, triggered by the finding that repetition suppression of BOLD activity in the
human fusiform gyrus is sensitive to the relative frequency of visual stimulus repeti-
tions across experimental blocks (Summerfield et al., 2008). That is, in blocks where
stimulus repetitions were relatively frequent compared to stimulus alternations (con-
trolling for the total number of exposures to the critical stimulus), sensory responses
were suppressed to a higher degree. This led the authors to conclude that repetition
suppression is a by-product of fulfilled sensory expectations - i.e. conditions of low
prediction error. The finding that repetition suppression is especially pronounced
when repetitions are statistically common has been replicated by others using fMRI
(Kronbichler et al., 2018; Kovacs et al., 2012), EEG (Summerfield et al., 2011) and
MEG recordings of human auditory cortex (Todorovic et al., 2011), although there
have been some notable failures to replicate the effect on single unit and LFP adap-
tation in monkeys (Kaliukhovich & Vogels, 2010).

The issue of whether repetition suppression corresponds to a rapid decline in
sensory prediction error is further complicated by the finding that multi-voxel fMRI
patterns exhibiting such suppression co-exist within the same sensory areas with pat-
terns exhibiting repetition enhancement (de Gardelle et al., 2013). The researchers
behind this finding argued that this might reflect the existence of specialised neuronal
populations representing prediction errors (which should exhibit repetition suppres-
sion) and those accumulating sensory expectations (which ought to respond more
strongly as the evidence for a stimulus repeating itself grows). However, it is unclear
how the course-grained snapshot of neuronal activity that is afforded by an fMRI
multi-voxel pattern should map onto the much finer anatomical distinctions made by
the predictive coding framework. While two co-existing fMRI patterns are alleged to
provide evidence for distinct representational codes relevant to predictive coding, this
framework posits that error- and prediction-encoding neurons are, to a great extent,
segregated within the cortical column (IKanai et al., 2015). It is likely that the issue of
dissecting the potential anatomical basis of predictive coding surpasses the resolution
capabilities of neuroimaging techniques. To my knowledge, no single-unit recording
studies have thus far explored potential anatomical segregation between neurons ex-
hibiting differential responses in a stimulus repetition context.

Despite their limitations, neuroimaging studies have shed considerable light on
the functional role of predictions in sensory processing. The evidence they have pro-
duced suggests that predictive modulation of neuronal activity increases the quality
of expected stimulus representations, despite producing suppressed responses (lok
et al., 2012; Noudoost et al., 2017). To show this, researchers applied multivariate
pattern analysis (MVPA) to fMRI data obtained from participants making orien-



tation discrimination decisions about stimuli after receiving either valid or invalid
predictive auditory cues. They found that, while validly cued gratings evoked signif-
icantly weaker BOLD responses in V1 (again, supporting the notion that response
suppression may represent lower prediction error), the resulting multi-voxel patterns
of activity enabled superior decoding of stimulus orientation compared to when the
cue had been invalid (and the stimulus thus unexpected). This improvement in de-
coding performance correlated with better participant performance, which suggests
that the changes to representational quality picked up by the fMRI scans were of
consequence for behaviour. More recently, single-unit recordings from monkey infer-
otemporal cortex have corroborated this evidence, finding that sensory expectations
produced suppressed stimulus-evoked responses but resulted in a representational ad-
vantage, as indexed by superior stimulus decoding by neuronal firing rates (Bell et
al., 2016).

An explanation put forward for this effect is that predictive signals might al-
ter the gain of recipient neurons, producing a representational ’sharpening’ effect for
expected signals (Kok et al.; 2012). This might be implemented by co-recruitment
of different forms of inhibition which carry out both divisive (eg. fast spiking in-
terneurons; Lee et al., 2012) and subtractive (eg. somatostatin-positive interneurons;
Sturgill & Isaacson, 2015) gain control on principal cortical cells, producing an over-
all suppression of responses along with steeper input-output curves. However, we
currently have little to no direct evidence on the possibility of predictive signals re-
cruiting varying forms of inhibition, and to varying outcomes. A further complication
is that research suggests that neurons exhibiting strong divisive effects tend to receive
weaker subtractive modulation (Arandia-Romero et al., 2016), which raises questions
about how these effects might co-occur during sensory predictions. Notwithstand-
ing our lack of mechanistic understanding of enhanced representational quality for
expected stimuli, these observations offer some support to the idea that predictive
coding might optimise sensory systems for saving on metabolic costs, by reducing the
amount of activity spent on encoding the necessary information.

Unfortunately, neither the human nor monkey study permits any conclusions
about whether such representational benefits would emerge under conditions in which
participants do not actively attend to the stimuli, and thus do not cognitively engage
with the statistical regularities of the sensory stream. Furthermore, it is unclear,
from a logical standpoint, whether it is stimuli which match expectations or those
which deviate from them that should benefit from greater encoding quality. As a
counterexample to the aforementioned benefits of meeting expectations, one study
observed that receptive fields in cat primary auditory cortex (A1) exhibited a two-
fold increase in frequency resolution when exposed to frequency deviants in a stream
of auditory tones (Ulanovsky et al., 2003).



1.3 EVIDENCE FROM STRUCTURAL AND FUNCTIONAL BRAIN
ARCHITECTURE

1.3.1 STRUCTURAL HIERARCHIES

Hierarchical organisation appears to be a key architectural principle of the brain.
It manifests in a plethora of evidence that sensory systems are composed of processing
pathways featuring regions with increasingly complex tuning properties as one pro-
ceeds further away from primary sensory sites along a functionally defined gradient
(Zeki & Shipp, 1988). A classic example of this is found in the visual system, where
the first cortical station, V1, comprises a retinotopic map of neurons with ‘simple’
preferences for features such as oriented edges, each tuned to a circumscribed loca-
tion defined as the cell’s receptive field (Hubel & Wiesel, 1969). These cells provide
inputs to regions characterised by increasingly complex tuning properties and larger
receptive fields, such as the colour selective area V4 (Bartels & Zeki, 2000) and area
V5 /MT, which exhibits selectivity for motion vectors (Zeki, 2015). The hierarchy
culminates in areas such as the fusiform gyrus of the temporal lobe, where neuronal
preferences are so specific as to encode faces in a position- and angle-invariant fash-
ion (human - Kanwisher et al., 1997; monkey - Tsao et al., 2006), and further still
— specific patterns of facial motion (Polosecki et al., 2013). Within this hierarchical
framework, brain regions are conceptualised as occupying some level within the hi-
erarchy, with higher-level areas defined on the basis of function as those containing
neurons with more complex tuning properties, often also exhibiting increased spatial
invariance. In this scheme, projections from lower to higher levels in the hierarchy are
labelled as feedforward or bottom-up; while those projecting in the opposite direction
are labelled as feedback or top-down. (Sece the schematic titled "Sensory hierarchies’
for an illustration of feedforward and feedback signalling, as well as a rough summary
of the canonical connectivity motif in cortical hierarchies, discussed below.)

The brain’s hierarchical structure implies that a higher region, by virtue of re-
ceiving convergent inputs from lower regions, has access to more a global view of a
sensory input than the levels below. This puts such regions in the position of being
able to generate top-down signals predicting the holistic and stable objects which
likely underpin the highly dynamic and variable patterns of stimulation which ani-
mate neuronal populations at earlier processing stages. In other words, a brain region
higher up in the sensory hierarchy may harbour, in its turning properties, a range of
experience-driven Platonic representations of objects in the environment which may
be mapped back onto a noisy and time-varying distribution of signals at its input
levels.

There is a wealth of empirical evidence that both feedforward and feedback
communication does take place within sensory systems. Firstly, structural anatomy
supports this. A fundamental feature of cortex is the presence of a canonical pattern



of intracortical projections which direct the flow of signals into and out of the corti-
cal column. A projection can be classified as feedforward or feedback by identifying
its source and target using, for instance, unidirectional tracers (eg. [3H]leucine iso-
tope, which harnesses anterograde transport - Morgan & Huston, 1990 - and horse
radish peroxidase (HRP), which relies on retrograde axonal transport - Sherlock et
al., 1975) and triangulating this with functional information about the hierarchical
relationship between the connected areas. Studies using this method have yielded a
wealth of knowledge about the nature of projections which link brain areas residing at
different levels within processing hierarchies (summarised in the schematic ’Sensory
hierarchies’).

As a rule, feedforward inputs enter the cortical column at L4, from where
activation spreads to the superficial L2/3, and eventually L5 (Bastos et al., 2012;
Thomson & Bannister, 2003). This scheme of information transmission was first doc-
umented in the cat visual system using intracellular recordings (Douglas & Martin,
1991), and subsequently replicated in further studies exploring synaptic transmission
using glutamate uncaging (Weiler et al., 2008), as well as a combination of electro-
physiological recordings and histology (Thomson et al., 2002). The connectivity pat-
tern for information arriving in a feedback direction follows a different, but similarly
stereotypical scheme, with inputs bypassing 1.4 in favour of 1.2/3 and L6 (Rockland
& Pandya, 1979), although it has been found that feedback signals arriving from the
most high-level regions, such as the prefrontal cortex, terminate almost exclusively in
L1 (Markov et al., 2013).

The manner in which signals depart from the cortical column to be transmitted
to target sites also appears to have a universal blueprint, separately for feedforward
and feedback communications. Here, the distance to be crossed by a signal matters
for its laminar origins. Whereas feedforward signals travelling short distances along
the processing hierarchy (eg. V2 = V4) leave the cortical column at L2/3 and L5,
those travelling further (eg. V2 = IT / inferotemporal cortex) originate much more
heavily from 1.2/3 (Markov et al., 2013) Feedback signals, on the other hand, originate
both in L.2/3 and L6 when travelling short-distances back down the hierarchy (eg. V4
= V2) while stemming primarily from the deep layers when travelling further down
to lower-level areas (eg. IT / inferotemporal cortex = V1) (Angelucci & Bressloff,
2006; Markov et al., 2013; Rockland & Pandya, 1979).

While this summary is certainly an oversimplification of the laminar distri-
bution of interareal connections, the overarching distinctions between the laminar
origins and targets of feedforward and feedback connections are consistent enough
to have given rise to a widely used index for characterising whether a connection
between two areas is feedforward or feedback - the SLN% (Supragranular Labelled
Neurons %). This measure captures the percentage of neurons which hail from the
supra- versus infragranular layers of the cortex, involved in connecting a source area
to its target. Here, a high skew towards supragranular origins is taken to indicate
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Sensory hierarchies. A: The macaque visual system as a model sensory hierarchy.
A small number of key visual areas are marked with examples of their preferred
stimuli, demonstrating a gradient of tuning complexity. This gradient begins with
tuning to oriented bar stimuli in V1 (Hubel & Wiesel, 1969), angles and curves in V2
(Ito & Komatsu, 2004), simple shapes in V4 (Oleskiw, Nowack & Pasupathy, 2018),
composite motion in V5 (Cui et al.; 2013), and complex objects and faces in IT
(inferotemporal cortex; Bondar et al., 2009). A cortical hierarchy is primarily defined
functionally, with areas populated by cells with more complex tuning properties seen
as occupying higher positions within the hierarchy. Connections in the low=-high
direction are classified as feedforward, while those in the high=-low direction are
classified as feedback. B: a simplified schematic of the laminar connectivity pattern
linking a cortical column in one area to its higher-level (left) or lower-level (right)
targets, as described by Markov et al. (2013). Feedforward projections crossing small
hierarchical distances (eg. V2 = V4) originate in L2/3 and L5, terminating in L3B
and L4 of the target area. Those which cross larger hierarchical distances (eg. V2 =
IT) originate predominantly in L.2/3. A portion of feedforward inputs are provided
by pathways from L5 routed via higher-order thalamic nuclei. Feedback projections
follow a different pattern. Those which cross small hierarchical distances (eg. V4 =
V2) originate in 1.2/3 and L6, terminating in corresponding layers. Those crossing
larger hierarchical distances (eg. IT = V2) draw significantly heavier contributions
from L6, and terminate exclusively in L1.
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a heavily feedforward mode of communication, and thus a ‘low’ position in the process-
ing hierarchy relative to the target area. Hierarchical trees’ constructed from such
anatomical data agree well with those based on functional definitions of relatively
lower- or higher-level areas (Barone et al., 2000; Markov et al., 2013). Furthermore,
comparing what is known about the laminar origins and targets of anatomical connec-
tions in the visual (Markov et al., 2013) and somatosensory (Petersen, 2007) systems
indicates that the overarching motif is shared. This provides a rationale to believe
that the described motif is universal, rather than specific to any particular sensory

hierarchy.

The co-existence of these microcircuits within the column, as well as the replica-
tion of this scheme across cortical sites has formed the basis for viewing them as part
of a fundamental motif in cortical processing (Douglas, Martin & Whitteridge, 1989).
This motif highlights the presence of an evolved system for shuttling information
both in the feedforward and feedback directions, which appears to be transplantable
to any particular cortical region. This raises the question: what roles do these motifs
play in the grand scheme of processing? Particularly interesting are connections sub-
serving transmission in the top-down direction, which are inherently less connected
to the outside world, and yet significantly outnumber projections supporting feed-
forward signalling (Felleman & Van Essen, 1991; Markov et al.m 2013). Proponents
of the predictive coding framework argue that it is precisely this co-occurrence of
bottom-up and top-down communication which logically implies that the brain is
predictive, with feedforward and feedback connections playing distinct roles (Bastos
et al., 2012). Indeed, evidence that the superficial and deep cortical layers give rise
to distinct profiles of oscillatory activity (Spaak et al., 2012) has also given rise to
the possibility that predictive coding makes use of distinct anatomical and spectral
channels for communicating predictions and prediction errors - to be discussed in a
future section.

It is also important to note that interareal communication does not exclusively
take place via direct cortico-cortical pathways, but also recruits parallel cortico-
thalamo-cortical projections, whereby signals are first relayed from cortical L5 to
higher-order thalamic nuclei before being shuttled to the feedforward input layers
of target cortical regions (Li, Guido & Bickford, 2003; Reichova & Sherman, 2004:
Theyel et al.,; 2010). These transthalamic pathways are distinct from the modulatory
feedback pathways which target thalamic neurons from cortical L6. In fact, not all
thalamic nuclei which receive feedback take part in cortico-thalamo-cortical signalling,
which is thought to subserve primarily feedforward communication Guillery, Feig &
Van Lieshout, 2001). This view is based on observations that transthalamic projec-
tions exhibit the same driving properties as observed for other bottom-up connections,
including large EPSPs, the occurrence of paired-pulse depression indicative of high
transmitter release probability, and the tendency to engage exclusively ionotropic
receptors (Sherman & Guillery, 2011). Moreover, signals arriving via higher-order
thalamic nuclei can evoke robust responses in target areas, which exceed those pro-
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duced by direct cortical connections both in magnitude and duration (Zhang & Bruno,
2019). The precise function of such pathways in interareal communication is, however,
still largely unknown. Calcium imaging of the mouse visual cortex, combined with
layer-specific optogenetic activation of principal cells, has revealed that transthalamic
pathways recruited by cortical L5 are critical for the global propagation of stimulus-
evoked activity (Stroh et al., 2013). This has led to the suggestion that higher-order
thalamic nuclei are essential for coordinating large-scale cooperation between brain
areas, based on cognitive and attentional states (Sherman, 2016). However, further
research into this topic is unfolding slowly. As such, the current discussion of feed-
forward and feedback connections between regions in sensory hierarchies will center
on direct cortico-cortical connections with better documented effects.

Feedback and feedforward pathways are also known to differ in terms of their
spatial specificity. Using reciprocal connectivity between primate visual areas V1
and V2 as a model system, researchers found that feedforward projections show
a retinotopic mapping of inputs to the next processing level (Perkel et al., 1986),
while feedback projections tend to be somewhat more spatially diffuse (Shmuel et al.,
2005; Salin & Bullier, 1995). This observation perhaps makes sense when considered
through the lens of predictive coding. Sensory representations in higher-level regions
exhibit greater degrees of position-invariance than those in lower-level regions such as
V1 — a tendency which becomes more pronounced as one ascends the processing hier-
archy (comparison of striate and extrastriate cortex - Smith, 2001; invariant encoding
of biological motion in the superior temporal sulcus — Grossman et al., 2010). This
presumably allows the brain to achieve a visual and conceptual representation of an
‘apple’ that remains the same irrespective of retinal location. Thus, it is perhaps to be
expected that top-down signals regarding perceptual hypotheses about the meanings
of sensory inputs are somewhat less spatially specific than the signals inherent to the
lower levels of the hierarchy.

The somewhat distinct postsynaptic effects of feedforward and feedback projec-
tions are also indicative of their likely distinct functions. While feedforward projec-
tions are classified as directly ‘driving’ their targets, feedback signals produce more
modulatory and non-linear outcomes (Sherman & Guillery, 1998). It should be noted
that this framework has more recently been found to oversimplify the physiological
properties of feedforward versus feedback connections, especially for intrathalamic
circuits (for summary see Bickford, 2015). However, the notion that the two classes
of connection functionally differ is supported by evidence from the visual system
that feedforward-driven activity is critically reliant on rapid-action AMPA gluta-
mate receptors, while feedback activity is largely underpinned by the slower NMDA
receptor-mediated transmission (implied by differential sensitivity to receptor block-
age by CNQX and APV respectively; Self et al., 2012). These two differing modes
of transmission set the stage for feedforward stimulation providing a default source
of neuronal activation, while slower-acting feedback plays a more modulatory (or, to
use anthropomorphic terms, ‘nudging’) role, in accordance with likely interpretations
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of input.

1.3.2 EXTRA-CLASSICAL RECEPTIVE FIELDS

Setting aside the brain’s structural connectivity patterns as evidence for bottom-
up and top-down signalling, there is clear functional evidence that such interactions
take place. A testament to this is the wealth of studies finding that neurons in
low-level sensory regions, such as V1, exhibit responses to information that extends
beyond the scope of their classical receptive fields (Desimone & Shein, 1987; Grosof
et al., 1993). These so-called extra-classical receptive fields are often found to heavily
depend on feedback from higher-level regions such as V2, V4 and V5 (Hupé et al..1998;
Nassi et al., 2013; Schnabel et al., 2018). One specific extra-classical effect that
is consistent with the notion of perceptual predictions being imposed by top-down
modulation is the observation that neurons in V1 can respond to illusory contours
that could not have possibly activated the cells in a bottom-up fashion (Grosof et al..
1993; Kok & de Lange, 2014). A stimulus that is commonly used in studying this is
the so-called Kanizsa triangle (shown below, in the schematic 'Kanicza triangle’).

Originally, researchers discovered, using single-unit recordings in monkeys, that
V1 neurons with receptive fields falling on the ‘edge’ of an illusory contour respond
as if that contour was present (Grosof et al., 1993). An intuitive explanation for this
is that such responses stem from feedback inputs from higher-level regions gauging
the holistic extent of the illusory figure. Consistent with this, a single-unit recording
study of monkey visual areas found that illusory modulation of neuronal responses
in V1 occurred with a greater latency than in V2, indicating the effect was inherited
from top-down (Lee & Nguyen, 2001). Interestingly, the reported delay of >100
ms has been specifically linked to the arrival of top-down signals, as indicated by
the onset of other extra-classical receptive field effects in V1 (Schnabel et al., 2018;
Self et al., 2012). Furthermore, application of high-field (7T) fMRI with the power
to discriminate BOLD responses across cortical layers (Scheeringa et al., 2016) has
indicated that illusory contours predominantly engage a different laminar profile of
activity in V1 compared to contours that are physically present, and thus reach V1 in
a bottom-up fashion (Kok et al., 2016). These lines of evidence suggest that illusory
effects in primary visual cortex might be conferred by higher-level regions with access
to more holistic information. This puts the illusory contour phenomenon within the
territory of predictive coding theories.
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Kanicza triangle. A commonly used visual illusion, the Kanicza triangle involves
a trio of pacmen images oriented so as to impose the perception of a triangle. Note,
however, that the contours of this shape are not physically present, and that the
receptive field of a V1 neuron encompassing part of the illusory contour (red circle)
would be receiving no bottom-up evidence for an edge. Any responses in V1 to such
contours are thus traditionally interpreted as resulting from higher-level regions with
access to a holistic representation of the illusory triangle projecting predictions about
the contours’ existence.
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More recently, parallels between illusory contour induction and predictive coding
were examined in humans in an fMRI paradigm. Here, BOLD activity was compared
across the visual system during viewing of the Kanicza triangle and a control display
featuring a similar, but scrambled, array of pacmen figures that did not induce an il-
lusory percept (Kok & de Lange, 2014). It was observed that V1 responses to illusory
contours were enhanced compared to responses to real contours. The authors took
this to indicate that illusory contours evoked a greater perceptual prediction error
owing to the fact that, while the appropriately oriented pacmen induced the impres-
sion of an object with contours, which was presumably communicated by higher-level
regions, this failed to predict their actual absence in the bottom-up input to V1.
Nonetheless, the notion that illusory contour effects in V1 reflect predictive processes
currently lacks causal evidence. While findings on the relative timing of such effects
in lower- and higher-order areas (Lee & Nguyen, 2001), as well as the suppression
of activity in V1 for correctly predicted contours ([Kok & de Lange, 2014) present
interesting circumstantial evidence, there have yet been no studies attempting to in-
tervene with top-down signalling in order to probe its effects on neuronal activity and
illusory perception.

1.4 EVIDENCE FROM OSCILLATORY ACTIVITY

In recent years, one particularly prominent property of brain activity has be-
come implicated in providing the functional avenue for the top-down and bottom-up
communication of sensory predictions and prediction errors in cortical circuits (Bastos
et al., 2012; Kanai et al., 2015; Michalareas et al., 2016). The property in question is
the widespread nature of oscillatory activity.

1.4.1 WHAT ARE OSCILLATIONS?

Oscillations are rhythmic fluctuations in the membrane potential or spiking pat-
tern of individual neurons or neuronal ensembles. When sufficiently large numbers
of neurons engage in synchronised rhythmic activity, the resulting macroscopic os-
cillation can be captured using a diversity of methods operating on different scales,
such as extracellular electrodes directly probing neural tissue (Spaak et al., 2012),
electrocorticography (ECoG) sensors placed on the cortical surface (Hill et al., 2012),
or electroencephalography (EEG) sensor arrays placed non-invasively on the scalp
(Barbosa & Kouider, 2018). Oscillatory activity is widely observed throughout the
brain in an enormous variety of mental states. Since some of the earliest pioneers
of oscillation research used EEG to document prominent oscillatory activity in the
alpha-frequency band («; 8-12 Hz) in resting humans (Berger, 1929), a vast body
of work has observed that the brain generates rhythmic activity, often in selective
frequency bands, in a huge diversity of contexts, such as during attentive processing
(Bichot et al., 2005; Meyer et al., 2014; Thut et al., 2006), memory retrieval (Foster
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et al., 2016; Javadi et al., 2017), decision- makmg (Polania et al., 2014), and action
selection (Brittain & Brown, 2014; Joundi et al., 2012). One would be hard- pressed
to find any cognitive or perceptual task in which oscillatory activity is not observed
in the brains of humans or other animals.

The ubiquity of neural oscillations has given rise to questions regarding their
potential function in brain processing. One prominent theory holds that oscillatory
activity constrained to a specific bandwidth provides the neural equivalent of a radio
channel which neuronal populations can tune into in order to exchange informa-
tion (Fries, 2005). This so-called “communication through coherence” hypothesis is
premised on the idea that, when neuronal populations engage in rhythmic activity,
their membrane potential fluctuations generate periodic windows of receptiveness,
with inputs being most effective at evoking responses when aligned with the rhyth-
mic depolarisation peaks of their target population. Thus, neuronal populations
engaging in synchronised — or coherent - oscillatory activity maximise their potential
for communication by virtue of being able to send and receive signals at the same rate.

There is a wealth of evidence in support of the notion that neuronal oscillations
serve a ‘binding’ function, allowing neurons to tune in and exchange information
(Bichot et al., 2005; Gray et al., 1990; Grothe et al., 2012; Rohenkohl et al., 2018;
Womelsdorf et al., _(]()/). One of the earliest experlments to provide the basis for
this theory found that visual cortical neurons activated by their preferred stimulus
entered a state of rhythmic synchronization in the gamma (v; 30-100 Hz) frequency
band (Gray et al., 1989). Another experiment bolstered the notion that v may serve
as a channel for neurons to tune into when representing a shared piece of information.
Here, monkeys were instructed to look out for visual targets characterised by a partic-
ular collective property, such as colour, as they scanned across a complex multi-item
array (Bichot et al.. 2005). During such visual search, whenever the receptive fields of
a subset of recorded neurons encountered stimuli which displayed the appropriate fea-
ture, spikes produced by the neurons in question exhibited increased coherence with
the local field potential (LFP) specifically in the -band. These findings indicate that
~v-band rhythmic activity may play the role of metaphorical glue, connecting neuronal
populations encoding the same message. Moreover, there is a convincing case that ~
may facilitate the transmission of this message to the appropriate recipient region(s).

In one experiment showing this, high-density ECoG recordings were obtained
throughout the monkey visual system while the animal performed a task requiring it
to attend to one of two stimuli, depending on the colour of a cue presented at the start
of each trial (Bosman et al.; 2012). The researchers observed robust synchronisation
in the y-band between the oscillatory activity of higher-level area V4 and neuronal
populations in V1 encoding the location of the target stimulus. This synchrony
reflected enhanced information flow between V1 and V4 in the feedforward direction,
as indicated by Granger causality analysis of the time-courses of oscillatory activity
in these two regions. The same synchronisation effect was not found between V4
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and V1 neurons encoding the location of the distractor stimulus. This lent robust
support to the idea that synchronous rhythmic activity in the y-band might be the
mechanism by which the brain flexibly enables relevant information to be shuttled
between selected sender and recipient regions.

There is good reason to believe that such interareal synchronisation is be-
haviourally relevant, as the strength of V1-V4 v-band synchronisation has been found
to predict the speed with which monkeys perform change detection (Rohenkohl et al.,
2018). Of note, it is highly plausible that enhanced V1-V4 synchrony during task per-
formance might in fact be merely a marker, rather than the underpinning mechanism,
of efficient information exchange between these sites. However, this possibility is in-
herently difficult to test, as it would be virtually impossible to selectively interfere
with synchrony without fundamentally affecting the signals which serve as the critical
information carriers.

1.4.2 OSCILLATIONS AS CHANNELS FOR BOTTOM-UP AND TOP-DOWN
SIGNALLING

The potential relevance of oscillations to predictive coding came to light as it
emerged that oscillatory activity in different frequency bands can be traced back to
distinct cortical layers (Buffalo et al., 2011; Maier et al.; 2010; Spaak et al., 2012)
— layers which are, at this point, laden w1th expectations about encoding sensory
predictions and prediction errors, owing to their anatomical connection patterns in
sensory hierarchies (Rockland & Pandya, 1979; Kanai et al., 2015). This has given
rise to the possibility that distinct frequency bands might pr0V1de communication
channels for the top-down and bottom-up communication of sensory predictions and
prediction errors, respectively (Bastos et al., 2012).

The development of this sphere of research goes back to a series of translaminar
recording studies which found that activity in the deeper (or infragranular) layers
of the cortex appears to have a low-frequency spectral fingerprint, peaking in the «
(8-12 Hz) and 8 (12-25 Hz) frequency range, while the superficial (or supragranular)
layers primarily oscillate at higher, vy-band (30-100 Hz) frequencies (Buffalo et al.,
2011; Maier et al., 2010; Spaak et al., 2012). These differences are thought to arise
from a variety of intrinsic properties of the local circuitry, such as the presence of
fast-rhythmic burst neurons (Traub et al., 2005), first introduced as a distinct class
of pyramidal ‘chattering’ cells (Gray & 1\[((‘()11111( 1996) in the superficial layers,
the low-frequency pacemaker-like properties of a subpopulatlon of L5 pyramidal cells
(Silva et al., 1991; Sun & Dan, 2009), and the nature of interactions between principal
neurons and fast-spiking interneurons, which are thought to be critical regulators of
v-band activity (Salkoff et al., 2015; Sohal et al., 2009).
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Given our pre-existing knowledge that feedforward connections originate pre-
dominantly in the supragranular 1.2/3 while feedback connections also arise from the
deeper L5/6 (Angelucci & Bressloff, 2006; Rockland & Pandya, 1979), it is logical
to suppose that low- and high-frequency oscillatory activity might map onto commu-
nication in opposite directions through sensory hierarchies. Several studies support
this, finding that hierarchies inferred from the directional flow of oscillatory activ-
ity in distinct frequency bands between regions in a sensory hierarchy correspond
quite accurately to those constructed from anatomical tracing studies with explicit
knowledge of the senders and recipients of neuronal projections (Bastos et al., 2015;
Michalareas et al., 2016; van Kerkoerle et al., 2014).

In the first of such studies, researchers performed Granger causality analysis of
ECoG data between every possible pair of 28 sensors situated in the rhesus macaque
visual system (Bastos et al., 2015). Briefly, Granger causality analysis involves exam-
ining the degree to which the past value of some variable (eg. y-power or membrane
potential) recorded at site A explains the future value of that variable at site B, and
vice versa (Faes et al., 2017). Its goal is thus to infer whether site A, to some de-
gree, causally determines the unfolding of events at site B, which would imply that
information flows in the direction A = B. Knowing whether site A is above or below
site B in the hierarchy, based on properties such as the relative complexity of its
receptive fields and the predominance of anatomically feedforward versus feedback
projections it receives from site B, helps determine whether the information flow A
= B represents feedforward or feedback communication. Applying this method to
the ECoG recordings revealed that oscillatory activity in the feedforward direction
showed a distinct spectral peak in the y-band, while activity in the feedback direc-
tion was selectively affiliated with the lower-frequency [-band. Shortly thereafter,
the same conclusions were reached by a study of human MEG data (Michalareas et
al., 2016). Such findings are further bolstered by evidence that, while stimulating
the lower-level V1 prompts it to engage in synchronous y-band activity together with
V4, stimulating the higher-level area synchronises it with V1 at a substantially lower
frequency (van Kerkoerle et al., 2014).

While these spectral information channels can be artificially isolated through
analysis or experimental stimulation, studies suggest that low- and high-frequency
oscillations frequently interact (Dougherty et al., 2017; Fontolan et al., 2014; Popov
et al., 2017; Richter et al., 2017). One study conducting cross-laminar recordings
in monkey V1 reported that, during visual stimulation, firing rates in L2/3 were
tightly coupled to the phase of a- oscillatory activity which was traced down to the
infragranular layers (Dougherty et al.. 2017). There is reason to believe that such
cross-frequency interactions occur when there is a need for bottom-up information
flow to be re-routed according to task needs — something which presumably requires
top-down communication. Consistent with this, Richter and colleagues (2017) found
that top-down [-band synchronisation within the monkey visual system in an at-
tentional task enhanced visually-evoked 7-band synchronisation in the V1 = V4
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direction. This cross-frequency coupling effect has now been documented between
the human primary and association auditory cortices, using depth electrode record-
ings (Fontolan et al., 2014). A further study which found this effect in the human
visual system using MEG;, indicated that such coupling is of relevance for behaviour,
as top-down modulation of stimulus-driven y-band activity in V1 predicted perfor-
mance quality on an attention task (Popov et al., 2017).

Thus, we are a left with a convincing case that lower- and higher-frequency
oscillatory activity may correspond to the exchange of information in the top-down
and bottom-up directions respectively, and that these oscillations routinely interact
to select the information that is allowed to propagate further up the processing hi-
erarchy. A tempting question which now arises is: do we have any evidence that
the information being exchanged in these two directions maps onto the distinction
between sensory predictions and prediction errors?

1.4.3 OSCILLATIONS AS CARRIERS OF PREDICTIONS AND ERRORS

There is solid evidence to believe that sensory expectations pre-activate neuronal
populations that are involved in encoding the expected stimulus or sensory property
(Kok et al., 2014; Puri et al., 2009; Stokes et al., 2009). More recently, these neural
correlates of perceptual prediction have been endowed with some spectral properties,
indicating that lower-frequency oscillatory activity in the a- and S-bands might be
the critical carrier of predictions.

Traditionally, power in a-band was found to avoid the hemisphere which was
to process an expected input — a phenomenon which is termed a-lateralisation and
thought to indicate, at least in part, increased top-down allowance for the bottom-up
propagation of information from the expecting hemisphere (Myers et al., 2014; Rihs et
al., 2007). More recently, various studies found that this lateralisation phenomenon is
sensitive to the predictability of sensory events (Bauer et al., 2014; Sedley et al., 2016,
van Pelt et al., 2016). In one such study, human participants performed a task in
which they monitored a contracting visual stimulus for changes in contraction speed
(Bauer et al., 2014). The delay with which the change occurred relative to stimulus
onset was randomly selected from a range of values, such that the hazard rate (i.e.
probability that a change was about to happen given that it hasn’t already done so)
increased sharply towards the end of each trial. Under these conditions, the longer a
participant waited on any given trial to see a change, the more predictable that change
was going to be when it arrived. This index of predictability scaled with the strength
of a/B-lateralisation in participants’ visual cortex, and was thus thought to reflect a
signal of increasing stimulus expectancy. Notably, trials with more expected changes
and stronger lateralisation of low-frequency activity were also associated with shorter
reaction times. A similar relationship between expectation and «/S-lateralisation has
also been seen in the somatosensory system (van Ede et al., 2010).
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Arguably, an important piece of the puzzle missing from these findings is ver-
ifying that such low-frequency oscillatory activity actually contains decodable in-
formation about sensory predictions. A study by Broski-Guerniero and colleagues
(2017) offers some more concrete evidence of this using MEG. Human participants
performed a task in which they were asked to detect faces in ambiguous black-and-
white images. To address the question of whether perceptual predictions about seeing
a face have any particular spectral properties, the neural data were analysed using
the information-theoretic measure AIS (Active Information Storage), which measures
the amount of decodable information in the future of a neural process which is ex-
plained by its past. The use of this measure was rooted in the assumption that the
brain may not always know when exactly a prediction needs to be measured against
reality, requiring the predictive representation to persist for a certain amount of time
— something which the AIS measure aims to capture.

The authors found that the brain’s face-processing areas exhibited an enhanced
AIS index (indicative of a lingering face prediction), which correlated with power
in the S-band on a trial-by-trial basis. Interestingly, the strength of this predictive
information also correlated with the degree of top-down information flow from these
face-selective areas, as indicated by Granger causality analysis. Thus, it was con-
cluded that low-frequency oscillations may indeed provide a channel for transmitting
prior knowledge and expectations. Such a conclusion, however, may require signifi-
cantly more evidence. An increased AIS index in essence indicates that a pattern of
neuronal activity (whether static or dynamic) returns to its state with a sufficient de-
gree of periodicity to indicate a persistent representation. However, it is unclear how
discriminative such brain activity truly is with respect to perceptual content. This is
something which may perhaps be properly assessed by combining decoding analysis of
neural data with a task in which participants expect particular faces, rather than faces
in general. Nonetheless, this is some of the firmest evidence to date documenting a
link between low-frequency oscillations, top-down communication, and pre-activation
of stimulus-relevant areas during perceptual expectation.

The next relevant issue to examine is whether we have any evidence that ~-
oscillatory activity indexes prediction error. Some clues that this might be the case
are offered by the finding that ~-band synchrony is sensitive to the predictability of
stimulus repetition. Specifically, a stimulus repeat which occurs in a block with low
repetition probability evokes a significantly higher ~-band response compared to a
statistically common repetition (Todorovic et al., 2011). More recently, two intracra-
nial recording studies of human participants engaging in auditory sequence listening
have shed some more light on the potential roles of v-activity. These indicate two
important properties of the y-band: i) the ability to encode prediction errors evoked
both by local anomalies in the input and more global deviations from a statistical
norm (I Karoui et al., 2015), and ii) sensitivity to the precision of a sensory pre-
diction (Sedley et al.. 2016), which is argued to be an important determinant of the
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degree to which sensory systems weigh current evidence against predictions in refining
the internal model (Kanai et al., 2015).

One experiment dissociated lower- and higher-level prediction errors by present-
ing participants with local deviants (eg. A-A-A-B) which might not have been global
deviants by virtue of being presented in a stimulus set where such sequences were
common (El Karoui et al., 2015). Conversely, a local non-deviant (eg. A-A-A-A) pre-
sented in the same stimulus set represented a global deviant, owing to its rarity, and
thus arguably generated a more complex prediction error that could be gleaned from a
more integrated representation of the stimulus stream. The electrophysiological data
indicated that, while local novelty triggered a rapid (> 80 ms) and transient increase
in high v-band activity (60-120 Hz) in the temporal regions, global prediction errors
elicited a more sustained and widely distributed y-band response starting with >350
ms after the critical deviation. As such, oscillations in the v-band might play a role
in responding to prediction errors rooted in varying degrees of abstraction, perhaps
originating at different stages in the processing hierarchy.

In the second aforementioned experiment, researchers manipulated the precision
(and thus reliability) of sensory priors by exposing participants to auditory sequences
where tones varied in pitch around a mean with a particular degree of variance (Sedley
et al., 2016). This was underpinned by the rationale that a sensory system engaging
in a ‘rational’ mode of predictive coding would update its internal model more readily
when a prediction error departs from an internal prediction rooted in a highly variable,
and thus unreliable, set of perceptual experiences. Intracortical recordings revealed
that sudden pitch deviations from the stream average evoked neural responses in the
~v-band which correlated most strongly with a measure of prediction error scaled by
precision (i.e. the inverse of the variance in the preceding stimulus stream).

It is important to consider whether the oscillatory activities corresponding to
parameters such as sensory prediction (Broski-Guerniero et al. 2017) and prediction
error (El Karoul et al., 2015; Sedley et al., 2016) indeed serve information-encoding
functions or are merely correlative markers of encoding without having any direct
bearing on the process itself. This is certainly a widely raised issue (Friston et al..
2015; Sohal, 2016). Oscillations are an intrinsic property of circuits with intercon-
nected excitatory and inhibitory cell populations engaging in mutual activation and
suppression on particular time-scales, meaning that rhythmic activity may be merely
a reflection of the excitatory-inhibitory interactions that encode the necessary infor-
mation (Ray, Ni & Maunsell, 2013).

In some ways, to say that oscillations are irrelevant to encoding would be to
ignore the evidence of their ability to influence the input-output properties of prin-
cipal neurons (Sohal et al., 2009; also explored in Chapter 3 of this thesis), which
clearly points to an active role in managing communications. On the other hand, it
is not clear to me whether there is anything to be truly gained from examining the
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functional relevance or irrelevance of oscillations. Since it is impossible to treat them
as separate from the patterned neuronal interactions which give rise to them, ask-
ing whether oscillations matter to information encoding may be equivalent to asking
whether I am able to pick up an object because of the specific pattern of muscular
contractions in my hand or because of the movements generated by these contractions
(i.e. the movements are the contractions; the distinction is merely semantics).

Setting aside the debate on whether oscillations encode predictive coding vari-
ables or merely reflect their encoding, the evidence firmly supports a view of the
bram as one which generates sensory predictions (Broski-Guerniero et al., 2017; Kok
et al., 2014; Stokes et al., 2009), weighs them against sensory evidence (Sedley et al.,
2016) and responds to resulting discrepancies (El Karoui et al.; 2015; Todorovic (r
al., 2011). In light of this, I would like to ask: is anything stlll missing, and how
can my thesis research contribute to the wider goal of understanding the brain as a
predictive coding 'machine’?

1.5 RESEARCH GOALS

Without a question, predictive coding is powerful in its ability to explain neu-
ronal and oscillatory phenomena. Nonetheless, there is arguably a difference between
yet again verifying that the brain generates sensory predictions and responds to their
violations, and striving to identify some constraints to the phenomenon which might
shed light on how and where the parameters of this predictive coding scheme play out
in the brain. I would argue that, while we have sufficient evidence to make the general
statement that the brain engages in predictions, we still lack the detail required to
understand how this is implemented.

One critical element of the predictive coding scheme that is yet to be directly
tested is the supposed anatomical affiliation of sensory predictions and prediction er-
rors with distinct neuronal populations across the cortical column (with predictions
represented in the superficial and, to a greater degree, deep layers, and errors primar-
ily in the superficial layers; Bastos et al., 2012; Kanai et al., 2015). This expectation
follows logically from the non-overlapping Jaminar origins of feedback versus feedfor-
ward connections (Berezovsky et al., 2011; Rockland & Pandya, 1975), which has
singled out the retrogradely mgnalhng neurons of the deeper layers (and the oscil-
latory activity they generate) as the natural carriers of predictive signals that need
to travel top-down across the sensory hierarchy. In contrast, it is the supragranular
neurons giving rise to feedforward connections which are thought to be the primary
source of prediction errors that propagate upwards through the hierarchy and refine
future predictions.

Evidence from multi-voxel pattern analysis of fMRI data indicates that neuronal
populations showing weakened responses to predictable stimulation (i.e. alleged pre-
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diction error ensembles) and those exhibiting the converse properties (i.e. candidate
sensory prediction carriers) co-exist within the same sensory areas (de Gardelle et al.,
2013). However, the resolution of analysis afforded by fMRI paradigms has arguably
been insufficient to truly illuminate any laminar segregation between those signals,
with fMRI only recently acquiring the power to access layer-specific BOLD responses
(Kok et al., 2016; Scheeringa et al., 2016). Often, it is common for animal research
to fill in the ‘holes’ left by the global nature of neuroimaging and address questions
with a greater degree of anatomical specificity. But a look at the animal research in-
dicates that we have not yet concretely answered the question of laminar or spectral
specialisation within the predictive coding scheme.

Much of recent research into neuronal and circuit dynamics in animal brains
has made use of two-photon microscopy, which offers cellular-level resolution within
its imaging plane, but comes with the notable caveat of having a maximal imaging
depth because of issues with fluorescent signal-to-noise ratios and potential for cy-
totoxicity due the greater energy levels required to image at greater depths (Liu et
al.,; 2009; Yildirim et al., 2019). Such inconvenience has confined many investigations
to the superficial layers of the cortex — which have nonetheless yielded some fasci-
nating insights into sensory predictive processes. One study imaged the responses of
L2/3 V1 neurons as mice crossed a virtual environment, uncovering neurons which
produced strong responses to occasional perturbations in the normal coupling be-
tween the animals’ movements and optic flow playback (Keller et al., 2012). This was
strongly indicative of prediction error encoding properties in the superficial layers.
Several years later, researchers imaged 1.2/3 of mouse V1 as the animals made their
way through a virtual tunnel peppered with visual landmarks. They reported that,
within hours of the animals beginning to practise their tunnel traversal, a portion
of neurons ( 6%) produced anticipatory responses which enabled a pattern classifier
to discriminate the orientation of an upcoming visual stimulus (Fiser et al., 2016).
In short, we now have evidence that neurons encoding both sensory predictions and
prediction errors reside within the superficial layers.

These findings leave us with some important questions about the neural sig-
natures we might find in the deeper cortical layers. Along with L2/3, they are the
primary recipients of feedback projections (Rockland & Pandya, 1979), as well as
the delayed recipients of information during feedforward signal sweeps through the
cortical column (Douglas & Martin, 1991; Thomson et al., 2002). This raises ques-
tions about whether these layers might house both predictive and error-based signals,
perhaps on different time-scales. I would argue that, in order to assess this situation,
it is worth traversing the cortical column and examining the responses of individual
layers during sensory expectation and its clash with reality. It is with this rationale
that, over the course of my research project, I aimed to set up a mouse behaviour
paradigm that would enable me to conduct cross-laminar electrophysiological record-
ings of primary visual cortex during perceptual decision-making — work that will be
detailed in Chapter 1.
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I followed this attempt with a set of in wvitro optogenetic stimulation experi-
ments, detailed in Chapter 2, aiming to examine whether local intracortical circuitry
is capable of acquiring sensory predictions, and whether oscillatory activities in the ~-
and «/f-bands have roles to play in encoding them, as well as their departures from
input. This question is interesting for several reasons. Evidence that neurons in V1
can receive contextual information which contributes to extra-classical receptive fields
via lateral connections within V1 (Self et al.; 2013) implies that lower-level regions
may, to some degree, be equipped to generate sensory predictions using information
that is not necessarily of top-down origin. Furthermore, the variety of circuit plastic-
ity mechanisms which take place on a range of time-scales (Bliss & Lomo, 1973; Dylla
et al., 2017; Fujisawa et al., 2008), and with such a degree of biochemical diversity
as to implicate distinct mechanisms at work in different cortical layers (Daw et al.,
2004), raises the possibility that sensory predictions — which arguably can be distilled
to the learning of past inputs - are a hardwired property of all circuits. As such, the
work comprising Chapter 2 of this thesis involved exposing brain slices to patterns of
stimulation adhering to particular statistical regularities, which enabled me to ask —
can a circuit learn to predict its input?

Finally, a goal which reflects in the work comprising Chapter 3 was to provide
some more mechanistic answers regarding the role of oscillatory activity in the grand
scheme of sensory processing. Given that ~-rhythmic activity has been preferen-
tially attributed the role of propagating prediction errors through sensory hierarchies
(Bastos et al., 2012), it is relevant to ask what are the effects of v on information
processing in target neurons. This is particularly interesting given some experimental
evidence that y-rhythms enhance single neuron input-output properties (Sohal et al.,
2009), which raises the possibility that the oscillatory channel carrying prediction
errors might be optimal for triggering target cell responses. Thus, with these goals
in mind, my hope is to shed some light on the predictive brain both on a global,
local-circuit and single cell level.
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CHAPTER 2

2.1 INTRODUCTION

2.1.1 BROAD CONCEPTUAL GOALS AND OBJECTIVES: OSCILLATIONS
AND THE LAMINAR ORIGINS OF PREDICTIONS

Over the past decade, imaging neuronal activity in the superficial layers of the
mouse visual system during virtual world navigation has revealed the existence of
neurons which produce stimulus-predictive responses (Fiser et al 2016) and those
which respond to violations in normal optic flow (Keller et al.. )12) These find-
ings concur with the hypothesis that a predictive cortical system should harbour cells
encoding both sensory predictions and the prediction errors which ensue when the
internal model fails to predict external reality (Friston, 2005). However, the evidence
still leaves much room for speculation about the implementation of predictive coding
and its anatomical and spectral properties, which have been a central consideration
of theories in this sphere of neuroscience.

One important, and yet largely untested, tenet of the framework is that sen-
sory predictions and prediction errors originate in non—overlapping neural popula-
tions across the cortical column (Bastos et al., 2012; Kanai et al., 2015). This idea
is premised on a combination of anatomical and functional evidence which strongly
implicates the deeper (infragranular) layers of sensory cortex in top-down communi-
cation well-suited to signalling predictions, and the more superficial (supragranular)
layers in feedforward signalling, ascribed the role of propagating prediction errors
(Bastos et al., 2012; Berezovsky et al., 2011; Michalareas et al., 2016; Rockland &
Pandya, 1979). F urthermore, evidence that oscillatory activity in the superficial and
deep cortical layers is, to some degree, spectrally distinct (with a skew towards ~-
(30-100 Hz) and a/f-bands (8-25 Hz) respectively; Spaak et al., 2012), has raised the
hypothesis that predictions and prediction errors might be communicated through
separate frequency channels (Bastos et al.. 2012).

As of now, the virtually absent exploration of the deeper cortical layers leaves
us with little true food for thought about the allegedly distinct encoding functions of
neurons across the cortical layers, and the putative information-transmitting roles of
the oscillatory patterns they produce. Thus, the objective of the research laid out in
this chapter was to fill some of these empirical holes. The work was geared towards
the plan of conducting translaminar recordings from the mouse V1 during a percep-
tual decision-making task in which animals were encouraged to internally generate
stimulus predictions and were occasionally exposed to sensory violations which can
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be reasonably expected to trigger prediction error signals. In examining neuronal
activity during i) the period of stimulus anticipation and ii) the post-onset stimulus
processing period, my goals were manifold.

Firstly, I hoped to verify that anticipatory single- or multi-unit activities in vi-
sual cortex represent stimulus-specific predictions that can be discriminated using
classification analysis. Secondly, in differentiating signals on the basis of laminar ori-
gin, my hope was to produce some concrete answers about whether there is indeed a
preferential distribution of predictive and error signals in distinct cortical layers. This
would also allow me to characterise the properties of any potential oscillations that
might be observed and shed some light on the roles of rhythmic activity in encod-
ing the informational variables that are so central to the predictive coding framework.

2.1.2 MOUSE VISION AS A MODEL SENSORY SYSTEM

I chose the mouse visual cortex to serve as my model system for a few reasons.
Firstly, there is a strong precedent for its use both in perceptual decision-making
paradigms (Andermann et al., 2010; Douglas et al., 2006; Graf et al., 2018; Pinto et
al., 2013) and specifically in investigations of sensory predlctlons (blsol et al., 2016;
Keller et al., 2012). Mice are capable of performing a variety of visual tasks, such
as those requiring discrimination of stimulus location (Graf et al., 2018), coherent
motion direction (Douglas et al.; 2006), and grating orientation (Andermann et al.,

10, Jin et al., 2018; Jurjut et t al., 2017; Pinto et al., 2013), as well as detection of
or1entat1on change (Wang et al., 2016). In such tasks, perceptual decisions can be
successfully obtained using either a A-alternative forced choicenative Forced Choice
(2-AFC) response paradigm, in which animals respond by choosing to lick a water
spout situated to their left or right (Andermann et al., 2010; Graf et al., 2018),
or a go/no-go paradigm, in which animals indicate choice by licking a water spout
or actively withholding from it (Jin et al., 2019; Jurjut et al., 2017; Pinto et al..
2013). The evident breadth of behaviours that can be harnessed to interrogate visual
decision-making in mice makes them an amenable model system for the purposes of
my research.

A second reason why mouse vision is a sensible model for investigating broad
questions about the mechanisms of sensory processing is its overarching similarity
with the visual systems of other species (Bonin et al., 2011; Gao et al., 2010; Niell
& Stryker, 2008). To say this is not necessarily to undermine the clear distinctions
between the visual systems of mice and other animals, which certainly exist. One
robust species difference concerns the degree of topographical organisation. It has
long been known that the visual areas of species like monkeys (Ohki et al.. 2006)
and cats (Bonhoeffer & Grinvald, 1991) exhibit highly organised gradients of tuning
properties, with neurons tuned to particular stimulus orientations or locations neigh-
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bouring those with subtly different preferences, to form a continuous representational
map. Often, these gradients are replicated across the cortical layers, giving rise to
the notion of a cortical column as a unit of cortical information processing (Hubel &
Wiezel, 1969; Mountcastle et al., 1955). While researchers have lamented our lack of
concrete evidence as to the function of such columns (Horton & Adams, 2005), others
have taken representational maps to indicate that those in possession of this organ-
ising principle enjoy higher local circuit processing efficiency, manifesting in benefits
such as sharper orientation tuning (IKXoch et al., 2016).

Such maps are substantially weaker in the mouse visual system, where neurons
with diverse functional properties are often found intermingled in a fashion which
implies a loose organisation, if any at all (Sohya et al., 2007). Nonetheless, research
indicates that the mapping principle is fundamentally present, with a clear degree
of tuning continuity at larger scales of >100 pum (Bonin et al., 2011; Schuett et al.,
2002; although Ringach et al., 2016 identified a length constant of >40 pum). The
relative lack of organisation on a small scale by no means appears to preclude neuronal
selectivity, as mouse V1 neurons exhibit tuning for properties such as orientation and
spatial frequency on par with the more complex visual systems of predatory species (L.i
et al., 2012; Niell & Stryker, 2008; Vreysen et al., 2012). Thus, despite some notable
differences between the visual systems of mice and more complex animals, it is sensible
to assume that the mouse visual system is capable of high quality representations of
stimulus dimensions such as orientation and spatial frequency. Consequently, using
a behavioural task which encourages mice to generate perceptual predictions can,
in principle, be expected to produce stimulus-specific neuronal representations that
would be amenable to decoding analysis.

2.1.3 TRIALLING A MOUSE VISUAL DECISION-MAKING PARADIGM

Before embarking on an electrophysiological recording project that would re-
quire chronic implantation of a multi-electrode probe into the mouse visual cortex, it
was critical to pilot the task I had in mind for the animals and verify that it exhibited
two main properties. Firstly, the task needed to be one that mice could learn to a
high performance standard using a reasonably quick training regimen which could
be replicated after probe implantation in a cohort of experimental mice. This was a
critical consideration, since chronically implanted microelectrode arrays tend to suf-
fer from a longevity issue, exhibiting a gradual decline in signal strength and making
activity-based decoding analysis more difficult over time (Flint et al., 2012; Stark &
Abeles, 2007). The second important property was that the sensory cues used to
elicit sensory predictions within the task setting would produce verifiable effects on
animal behaviour. I reasoned that this would be the most unambiguous indicator
that sensory predictions were indeed being generated somewhere in the brain, and
that if such predictions did play out in visual cortex, perhaps preferentially in some
layer, I could expect to capture them with a translaminar probe.
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2.2 METHODS

2.2.1 ANIMALS

The experiments were approved by the Committee on Animal Care and Ethical
Review of the University of Oxford and licensed by the UK Home Office. I used
4 adult mice (C57BL/6, 2 males and 2 females) for the first pilot experiment, and
2 adult mice (C57BL/6, 2 males) for the second, aged 10 weeks at the start of be-
havioural training. In all cases, animals of the same sex were littermates and housed
in the same cage. Approximately two weeks prior to commencing the training regime,
I implanted stainless steel head-bars onto the skulls using dental cement, for the pur-
pose of behavioural training under head-fixation. Animals were allowed at least one
week of recovery time before starting a water restriction protocol aiming to produce
a motivational state that would encourage them to perform a behavioural task in
exchange for water rewards.

During the period of pre-training water restriction, mice were weighed and given
a dose of water (0.7 ml) on a daily basis. Training began when the appropriate target
pre-training weight was achieved (>85%, as specified by the project license). Once
training began, animals consumed most of their daily water intake during their week-
day training sessions. On weekends, daily water doses were provided to each animal
using a syringe with a metallic tip that emulated the licking spouts used during train-
ing. Animals continued to be regularly weighed to ensure that they remained within
the acceptable margins of weight loss under water restriction, and were supplemented
with further water in case they performed poorly on a particular session and thus
did not receive sufficient amounts of water during training. A 0.7 ml daily water
ration appeared to be appropriate, as it enabled the target pre-training weight to be
achieved within 7-8 days of commencing water restriction.

2.2.2 EXPERIMENTAL SET-UP AND STIMULI

All training sessions were conducted in a dark sound-proof booth. Stimuli and
training protocols were programmed in Python 2.7, and displayed on two 77 Rasp-
berry Pi screens controlled by two Raspberry Pi Model 2 mini computers and situated
at a 45° angle with respect to the animal. The stimuli that required lick responses
were sine-wave gratings (0.04 cycles per degree (cpd), 100% contrast, black and white;
30 Hz refresh rate), drifting at 2 Hz. Throughout the course of each training session,
whenever animals were not presented with gratings, both screens displayed dynamic
visual noise created by randomising the visual grating image, so as to generate a noise
stimulus with an equivalent number of black and white pixels.
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Lick responses were detected using a design which allowed the mouse to complete
an electronic circuit upon making contact with the metallic water spout (Slotnick,
2009). This was enabled by fact that the mouse was connected to the anode of a 9V
battery through constant contact with aluminium foil lining the inside of its cylinder,
while the water spout was connected to the battery’s cathode. Reward delivery was
implemented by allowing lick detections occurring within the critical time window to
trigger the opening of solenoid valves connected to a water supply, which allowed a 4
ul portion of water to flow to the appropriate lick spout within 40 ms of the licking
event.

2.2.3 BEHAVIOURAL TRAINING CONDITIONS

At the start of each training session, animals were briefly handled. Once they
were head-fixed and placed into a half-cylinder coated with aluminium foil, the cylin-
der was secured inside the testing booth such that the animal’s face was directly in
front of two licking spouts and at a 45° angle with respect to the two screens used
for visual stimulus presentation. A surveillance camera placed underneath the licking
spouts was used to ensure that each spout was equidistant to the animal’s mouth, to
prevent any obvious discrepancies in effort required to make left and right responses.

Training proceeded in a number of stages during which the animals were habitu-
ated to the set-up, and trained to lick specifically during stimulus presentation before
responses could be shaped into location discrimination (Pilot 1) and same-different
(Pilot 2) judgements. These steps are detailed below. First, animals underwent a pe-
riod of habituation to the testing apparatus, during which water was unconditionally
delivered through the spouts to train the mice that licking them would result in water
delivery (Long et al., 2015). The animals were then progressed to the first stage of
response shaping, during which water was delivered indiscriminately from any spout
provided that the animal licked it after the onset of a grating stimulus. This was
done to train the animals that licking behaviour only paid off during the stimulus
presentation period. Finally, animals were trained to identify the locations of drifting
gratings presented on a single screen (Pilot 1) or judge whether the orientations of
two simultaneously presented stimuli were same or different (Pilot 2), by receiving
water rewards only in response to licking the correct spout.

The training protocol was programmed such that animals could collect up to
two rewards on a given trial, separated by >1 s, provided they returned to the same
spout after delivery of the first reward without engaging with the other spout in the
intermediate period. This feature of the task inevitably meant that animals could
only perform half the number of possible rewarded trials before reaching their daily
quota of water intake; however I reasoned that it would nonetheless be conducive
to training by forming strong associations between the relevant stimulus and correct
licking spout.

29



Training occurred five days a week, with each session terminating as soon as
each animal collected a total of 182 rewards (amounting to 0.73 ml of water). This
was done to prevent full satiation, which would likely reduce the effort that animals
would be willing to exert on the following training occasion. If animals failed to ob-
tain all their allocated rewards within 50 minutes of session commencement, training
was terminated for the day to prevent boredom (which became clear when animals
would stop responding altogether). In this case, the animals were manually topped
up with the required volume of water to ensure a daily water intake of 0.7 ml. Upon
completing a training session, animals were rewarded with a small amount of con-
densed milk.

2.2.4 PILOT 1: LOCATION DISCRIMINATION TASK STRUCTURE

Water-restricted mice were trained, under head-fixation, to discriminate whether
drifting sine-wave gratings were presented on the right or left screen by licking the
corresponding spout. At the start of each trial, a sine grating was randomly selected
to be presented either on the left or right screen for a 4 s duration. During the grating
presentation window, animals were rewarded with water if they responded by licking
the spout that was on the same side as the screen with the grating. Licking the incor-
rect spout at any point during stimulus presentation triggered a punishment waiting
period of 6 s, during which both screens displayed visual noise and lick responses had
no pay-off.

Following stimulus offset (on correct trials) or the punishment period (on in-
correct trials), animals were given an inter-trial interval selected at random from a
uniform distribution of values ranging between 6000 and 8000 ms. Licking the spouts
during this period had neither beneficial nor detrimental effects on task progression.
This interval was immediately followed by a conditional waiting period which ex-
tended for as long as animals continued to make lick responses. To trigger the next
trial, animals needed to refrain from licking entirely for >5 s. Thus, not only did
licks not pay off at this point, but they had the counterproductive effect of delaying
stimulus onset for a potentially indefinite period. The purpose of this task feature was
to discourage compulsive licking and encourage responses specifically during stimulus
presentation.

Errors and response omissions were followed with error-correction trials. This
involved presenting the grating stimulus on the same screen as the previous trial,
which was repeated on subsequent trials until a correct response was given. This
point triggered the task programme to resume random trial-wise selection of stimulus
location.
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2.2.5 PILOT 1: INTRODUCING AUDITORY CUES TO EVOKE SENSORY
PREDICTIONS

Predictive auditory cues were incorporated into the protocol once animals showed
consistently above-chance location discrimination for 3 training sessions. At this
stage, animals were presented with one of two auditory cues (6 kHz or 12 kHz; 400
ms duration; 80 dB volume) through a loudspeaker located inside the training booth,
2 s prior to the onset of each grating stimulus. The 2 s interval was selected on the
basis of two factors: i) the need for a cue-to-stimulus interval of sufficient length
to maximise the chances of capturing predictive electrophysiological activity without
contamination by residual auditory cue-evoked activations, and ii) evidence that mice
are capable of retaining information in working memory over delays of up to 4-5 s
(Liu et al., 2014).

Each of the two tones predicted, with 100% accuracy, whether the animals were
going to be presented with a vertically or horizontally oriented grating. Under these
conditions, animals underwent three consecutive training sessions before any further
task or stimulus manipulations.

To test whether cues carrying predictions about stimulus orientation might fa-
cilitate responding under difficult conditions, stimulus contrast was progressively re-
duced to 60%, 40%, 20%, 10%, 7%, 5%, and 3% over the course of consecutive training
sessions (at the lowest contrast value, a Gaussian mask and noise were also superim-
posed on the grating). The aim was to identify a level of contrast degradation that
would make discriminating stimulus from noise sufficiently taxing so as to influence
performance, in terms of accuracy or reaction times. To test whether the predictive
auditory cues were contributing to performance at lower contrast levels (<20%), I
began to interfere with the predictive value of these cues.

Testing whether animals relied on auditory cues providing predictive informa-
tion about stimulus orientation involved examining whether behaviour was deleteri-
ously affected on trials when their predictions turned out to be incorrect. Thus, each
training session contained a pseudo-randomly selected 20% of trials when auditory
cues were followed by a stimulus orientation which was opposite to that affiliated
with a given cue (these trials are termed ‘invalid’). These were programmed to occur
with equal frequency for both auditory cues, to prevent selective validity degradation
effects.
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2.2.6 PILOT 2: SAME-DIFFERENT JUDGEMENT TASK

Water-restricted mice were trained, under head-fixation, to discriminate whether
drifting sine-wave gratings presented on two screens were of the same or different ori-
entations, by licking the appropriate spout. Thus, one mouse was required to lick
the left spout if two gratings were the same and right spout if different, while the
other mouse was allocated the opposite response requirements. These response re-
quirements remained the same for the duration of the training protocol. At the start
of each trial, one sine grating was presented on top of dynamic noise on one of the
two screens (location on left or right screen selected at random), for a 2 s duration,
and immediately followed by a second sine grating on the opposite screen. The two
gratings overlapped by 2 s. Each training session was pre-programmed to contain 50%
of trials with gratings of the same orientation; and a remaining 50% of trials with
different orientations. Each training session was also pre-allocated an equal number
of horizontal and vertical same pairs, to avoid associating any one orientation more
strongly with same status. Order of trial types was determined pseudo-randomly,
the only constraint being that there could be no more than two consecutive trials
featuring differently oriented grating pairs.

During the time window marking the coincident presentation of both gratings,
animals were rewarded with water if they responded by licking the spout that was se-
lected to be affiliated with a same or different judgement. Licking the incorrect spout
at any point during stimulus presentation triggered a punishment waiting period of 6
s, during which the screens displayed visual noise and lick responses had no pay-off.
Following stimulus offset (on correct trials) or the punishment period (on incorrect
trials), animals were given an inter-trial interval selected at random from a uniform
distribution of values ranging between 6000 and 8000 ms. Licking the spouts during
this period had neither beneficial nor detrimental effects on task progression. This
interval was immediately followed by a conditional waiting period which extended for
as long as animals continued to make lick responses. To trigger the next trial, animals
needed to refrain from licking entirely for >5 s. Thus, not only did licks not pay off
at this point, but they had the counterproductive effect of delaying stimulus onset
for a potentially indefinite period. The purpose of this task feature was to discourage
compulsive licking and encourage responses specifically during stimulus presentation.

Errors and response omissions were followed with error-correction trials, in
which a grating pair with the same same/different status as in the previous trial
continued to be presented (orientations selected at random) until the animal provided
a correct response. This meant that the relative frequencies of same versus different
trials dynamically steered away from the pre-programmed 50:50 distribution in the
early stages of training (assuming that animals exhibited initial biases); however equal
frequencies were to be re-imposed once animals attained high levels of performance.
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2.3 RESULTS - PILOT 1

2.3.1 RECAP AND OBJECTIVES

In this chapter, I piloted a behavioural task designed to evoke sensory expecta-
tions in the mouse visual cortex, with the goal of eventually recording V1 neuronal
activity and exploring the anatomical and physiological properties of these representa-
tions under task conditions. To this end, I designed a A-alternative forced choicenative
Forced Choice (2-AFC) paradigm which set out to combine visual decision-making
demands with an implicit incentive to form internal predictions.

Head-fixed mice were trained to discriminate the locations of sine-wave gratings by
licking the appropriate water spout. After criterion performance level was achieved,
auditory cues were introduced during the pre-stimulus period, predicting whether the
animals were about to see a horizontally or vertically oriented grating. Gradually,
grating contrast was lowered over successive training sessions to make the task more
challenging (for evidence that stimulus contrast influences neuronal tuning and mouse
performance on the 2-AFC see Gao et al., 2010, Li et al., 2012, & Long et al., 2015).
It was reasoned that making decisions more difficult might bias the animals to exploit
the predictive information provided by the auditory cues, possibly by pre-activating
neuronal populations with the appropriate orientation tuning to aid in stimulus de-
tection (tuned pre-activations documented and found to boost stimulus detection in
humans by Kok et al., 2014 and Stokes et al., 2009).

The raw data collected from each training session consisted of timestamps for
the following events: i) individual lick detections, ii) stimulus onsets, and iii) openings
of the solenoid valves which delivered water rewards. Data from each animal, whom
I will refer to as Female 1 (Vanilla), Female 2 (Cardamom), Male 1 (Benji) and Male
2 (Fatty), will be examined separately.

2.3.2 MICE CAN LEARN TO DISCRIMINATE STIMULUS LOCATIONS

All animals learned to respond at high rates within the first few training sessions
(Figure 2.1A for females; Figures 2.2C and 2.3C for males). Despite the evidently high
degree of effort expended, neither of the females exceeded chance-level performance
at any point over the course of 16 training sessions (Figure 2.1D), as shown by a
series of binomial tests comparing the proportion of correct responses each animal
gave during every session to a theoretical success probability of 0.5. The females’
performance, in fact, fell significantly short of chance on a small number of sessions,
as seen from the statistical summary in Table 2.1.
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Both females exhibited a pervasive bias towards licking the right spout (Figure
2.1B). This was evidenced by the significantly skewed ratios of right to left licks
which were harvested throughout each of their training sessions, as summarised in
Table 2.2. Nonetheless, this bias was likely not the initial factor underpinning both
animals’ failure to acquire the task, but rather secondary to reinforcement histories
which generated a strong preference towards one spout - on different timescales in
the two females.

Thus, female 1 (Vanilla) showed a consistently higher accuracy on trials requir-
ing right responses to the detriment of left-sided accuracy (Figure 2.1C) - however
this preceded the animal’s bias towards licking the right spout by five sessions (Figure
2.1B). This suggests that the animal’s incidentally higher success rate on right-sided
trials in the early stages of training may have caused it to evolve a persistent bias to-
wards licking the right spout. This bias appears to have chronically disincentivised the
animal from orienting towards the opposite spout with sufficient frequency to enable
rule acquisition. Female 2 (Cardamom), instead, switched between higher right-sided
and left-sided accuracy over the course of the training regimen (Figure 2.1C). This
suggests that the animal’s preference towards one spout was not chronic, but rather
fluctuated on a smaller time-scale, in a manner that was driven by more recent re-
inforcement history. Overall, the behavioural patterns of both females indicate that
performance was heavily driven by conditioning experiences which led the animals to
chronically (in the case of Vanilla) or temporarily (in the case of Cardamom) treat
one spout as the correct one, rather than varying their responses enough to learn that
both spouts paid off, depending on stimulus location.

The females’ failure to show any signs of improvement contrasted with suc-
cessful task acquisition by the two males, which achieved significantly above-chance
performance at earlier stages of training, with Benji exceeding chance by training
session n°14 (Accuracy= 64%; p= 0.003), and Fatty doing so by training session n°12
(Accuracy= 73%; p< 0.001). Furthermore, both males showed clear evidence of a
steady improvement in accuracy leading up to the first session demarcating above-
chance performance, with the upward performance trend starting after session n°6
(Figures 2.2F and 2.3F). Given this disparity in performance between the females
and males, training of females was terminated after session n°16 and all further anal-
yses and training focused on the males.

These animals eventually achieved high levels of accuracy, with Benji’s perfor-
mance peaking at 92.3% on training session 19 and Fatty’s performance peaking at
96.6% on training session 18 (Figures 2.2F and 2.3F). At this point, both animals
were also markedly faster at supplying correct responses (Figures 2.2D and 2.3D), as
indicated by two Mann-Whitney Wilcoxon rank sum tests (Benji: Rank sum= 5407,
p<0.001; Fatty: Rank sum= 3662, p< 0.001) for differences in median reaction times
between each animal’s first (Benji: Med= 1759.5 ms, [QR= 2299 ms; Fatty: Med=
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2234 ms, IQ)R= 1658 ms) and peak accuracy session (Benji: Med= 344 ms, [QR=
267.5 ms; Fatty: Med= 293 ms, IQR= 94.5 ms).

An additional measure I used to track the animals’ progress was their accuracy
on trials requiring responses towards a different spout than the one which was re-
warded in the previous trial (referred to as ‘side switch trials’ in Figures 2.2F and
2.3F). I reasoned that this was a relevant performance measure as it is theoretically
possible for an animal to have a high level of overall accuracy while actually showing
a significant skew towards being correct when required to select a specific spout.

Both animals showed evidence for pre-existing side biases, as evidenced by a
series of x2-tests comparing the proportions of successes on trials requiring left-sided
versus right-sided lick responses (data shown in Figures 2.2E and 2.3E; test results
in Table 2.3). These tests revealed that Benji’s response accuracy was significantly
higher on trials requiring left-sided licks on 12 out of 28 training sessions, while
accuracy on trials requiring right-sided licks never significantly exceeded left-sided
accuracy. The tests also verified that Fatty showed the converse tendency of making
significantly more accurate responses on trials requiring right-sided licks on 6 out of
28 sessions, while left-sided accuracy was never better. As such, overall accuracy
might conceal a selective performance advantage for one spout, and thus overesti-
mate an animal’s level of task understanding. Indeed, there was a trend for Fatty’s
response switch accuracy to lag behind his overall accuracy in the initial stages of
training (Figure 2.3F), although a series of x*-tests did not identify a single session
containing a statistically significant discrepancy in accuracy. A visual inspection of
Benji’s overall and side switch accuracies (Figure 2.2F) shows that the two measures
traced each other quite precisely over the course of training. As such, none of the two
animals show evidence for their initial licking side biases significantly impairing rule
acquisition on this task.
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Table 2.1: Results of binomial tests testing Vanilla and Cardamom’s accuracy across sessions
for a deviation from chance level performance.

Animal

Session number

Test results (sig. marked with *)

Vanilla 1-2
3-4
5-6
7-8
9-10
11-12
13-14
15-16

Accuracy= 34.5%, p= 0.025
Accuracy= 35.4%, p= 0.001*
Accuracy= 42.9%, p= 0.064
Accuracy= 50.0%, p= 0.999
Accuracy= 40.4%, p= 0.019
Accuracy= 48.2%, p= 0.890
Accuracy= 38.8%, p= 0.003*
Accuracy= 47.5%, p= 0.580

Accuracy= 28.6%, p< 0.001*
Accuracy= 35.9%, p< 0.001*
Accuracy= 53.5%, p= 0.425
Accuracy= 49.7%, p= 0.999
Accuracy= 39.5%, p= 0.110
Accuracy= 47.5%, p= 0.580
Accuracy= 50.9%, p= 0.879
Accuracy= 50.0%, p= 0.999

Cardamom 1-2

2-6
7-8
9-10
11-12
13-14
15-16

Accuracy= 42.25%, p= 0.235
Accuracy= 43.63%, p= 0.215
Accuracy= 55.92%, p= 0.389
Accuracy= 53.21%, p= 0.444
Accuracy= 59.19%, p= 0.029
Accuracy= 55.29%, p= 0.192

Accuracy= 23.87%, p= 0.001*

Accuracy= 47.19%, p= 0.371

Accuracy= 52.79%, p= 0.528
Accuracy= 51.40%, p= 0.761
Accuracy= 40.00%, p= 0.424
Accuracy= 46.35%, p= 0.348
Accuracy= 65.97%, p< 0.001*
Accuracy= 68.12%, p< 0.001*
Accuracy= 40.56%, p= 0.002*
Accuracy= 52.80%, p= 0.230

* sig. threshold Bonferroni-corrected to p< 0.003
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Table 2.2: Results of single-sample t-tests testing Vanilla and Cardamom’s Logig Right:Left
lick ratios for a difference from 0 (i.e. no side bias).

Animal Session number Test results (sig. marked with *)
Vanilla 1-2 R:L=-0.31, t= -4.08, p< 0.001* R:L=-0.28, t= -5.91, p< 0.001*
3-4 R:L=-0.14, t= -3.38, p< 0.001* R:L= -0.078, t= -2.05, p= 0.042
5-6 R:L= 0.16, t= 4.10, p< 0.001*  R:L= 0.29, t= 7.31, p< 0.001*
7-8 R:L=0.27, t= 6.74, p< 0.001*  R:L= 0.24, t= 5.44, p< 0.001*
9-10 R:L= 0.24, t= 5.65, p< 0.001*  R:L= 0.38, t= 8.27, p< 0.001*
11-12 R:L= 0.28, t= 3.89, p< 0.001* R:L= 0.26, t= 5.94, p< 0.001*
13-14 R:L= 0.23, t= 5.23, p< 0.001* R:L= 0.32, t= 7.59, p< 0.001*
15-16 R:L=0.24, t= 5.63, p< 0.001*  R:L= 0.16, t= 4.14, p< 0.001*
Cardamom 1-2 R:L=-0.32, t= -5.15, p< 0.001* R:L= 0.14, t= 3.81, p< 0.001*
3-4 R:L=-0.11, t=-2.30, p= 0.215  R:L= 0.37, t= 9.67, p< 0.001*
5-6 R:L= 0.06, t= 1.48, p= 0.380  R:L= 0.34, t= 3.75, p< 0.001*
7-8 R:L= 0.18, t= 4.81, p< 0.001*  R:L= 0.32, t= 8.48, p< 0.001*
9-10 R:L= 0.42, t= 9.58, p< 0.001*  R:L= 0.42, t= 8.21, p< 0.001*
11-12 R:L= 0.39, t= 8.71, p< 0.001* R:L= 0.22, t= 5.79, p< 0.001*
13-14 R:L= 0.096, t= 2.79, p= 0.005  R:L= 0.052, t= 1.39, p= 0.291
15-16 R:L= 0.13, t= 4.10, p= 0.003*  R:L= 0.067, t= 1.76, p= 0.187

* sig. threshold Bonferroni-corrected to p< 0.003
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Figure 2.2: Location discrimination task acquisition by Male 1 (Benji). A-B
show lick patterns across trials taken from one early (A) and later (B) training session.
Individual licks are shown in grey; reward deliveries in response to licks following stim-
ulus onset (marked with a sine grating) are shown in red. The animal could collect <2
rewards per trial with a >1 s interval, provided it did not lick the wrong spout in the
intervening period. A 5 s no-lick period prior to stimulus onset was implemented to
discourage compulsive licking. C shows response rate (% of trials on which the animal
made a lick response during the post-stimulus onset response window). D shows me-
dian RTs (in s) on correct trials. E shows mean accuracy on trials requiring a left vs
right response. F' shows mean accuracy averaged across all trials (red) and specifically
for trials requiring the animal to switch spouts from the most recently rewarded one
(grey). Grey triangles demarcate sessions where stimulus contrast was reduced to 60%,
40%, 20%, 10%, 7%, 5%, and 3%.
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Figure 2.3: Location discrimination task acquisition by Male 2 (Fatty). A-B
show lick patterns across trials taken from one early (A) and later (B) training session.
Individual licks are shown in grey; reward deliveries in response to licks following stim-
ulus onset (marked with a sine grating) are shown in red. The animal could collect <2
rewards per trial with a >1 s interval, provided it did not lick the wrong spout in the
intervening period. A 5 s no-lick period prior to stimulus onset was implemented to
discourage compulsive licking. C' shows response rate (% of trials on which the animal
made a lick response during the post-stimulus onset response window). D shows me-
dian RTs (in s) on correct trials. E shows mean accuracy on trials requiring a left vs
right response. F' shows mean accuracy averaged across all trials (red) and specifically
for trials requiring the animal to switch spouts from the most recently rewarded one
(grey). Grey triangles demarcate sessions where stimulus contrast was reduced to 60%,

40%, 20%, 10%, 7%, 5%, and 3%.



Table 2.3: Results of x?-tests comparing Benji’s and Fatty’s accuracy on trials requiring

right- versus left-sided responses

Animal Sesstion number Test results (sig. marked with *)
Benji 1-2 2= 9.82, p= 0.002 2= 6.54, p= 0.011
3-4 2= 1.57, p=0.21 %= 13.76, p< 0.001*
5-6 X%=7.77, p=0.005  x2= 21.038, p< 0.001*
7-8 2= 294, p=0.087  x%= 11.55, p< 0.001*
9-10 x?=2.13, p=0.14 2= 9.22, p= 0.002
11-12 2= 24.51, p< 0.001* %= 15.43, p< 0.001*
13-14 2= 21.31, p< 0.001* %= 26.36, p< 0.001*
15-16 2= 16.11, p< 0.001* %= 0.49, p= 0.48
17-18 2= 17.51, p< 0.001* %= 6.19, p= 0.013
19-20 2= 5.69, p= 0.017  x%= 0.41, p= 0.52
21-22 2= 20.56, p< 0.001* %= 1.49, p= 0.22
23-24 2= 11.79, p< 0.001* %= 16.52, p< 0.001*
25-26 2= 0.018, p=0.89 %= 1.23, p= 0.027
27-28 x?=3.19, p= 0.074 %= 7.83, p= 0.005
Fatty 1-2 2= 0.46, p= 0.49 %= 10.85, p< 0.001*
3-4 2= 0.026, p= 0.87  x%= 14.84, p< 0.001*
5-6 2= 19.61, p< 0.001* %= 22.83, p< 0.001*
7-8 x%= 0.49, p= 0.48 %= 3.75, p< 0.053
9-10 x%= 46.45, p< 0.001* x2=20.48, p < 0.001*
11-12 2= 0.054, p= 0.82  x%=5.28, p= 0.021
13-14 = 3.29, p= 0.07 x?= 1.39, p= 0.24
15-16 %= 7.63, p= 0.006 x?=0.49, p= 0.48
17-18 x?=1.25, p= 0.26 x?= 0.083, p= 0.77
19-20 x2=7.60, p= 0.006 2= 3.49, p= 0.062
21-22 2= 5.33, p= 0.021 2= 4.57, p= 0.033
23-24 2= 0.14, p= 0.70 = 5.74, p= 0.016
25-26 2= 2.13, p= 0.14 %= 0.14, p= 0.71
27-28 2= 221, p= 0.14 x?= 1.94, p= 0.16

* sig. threshold Bonferroni-corrected to p< 0.0017
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2.3.3 DEGRADING STIMULUS CONTRAST IMPAIRS DISCRIMINATION
ACCURACY

To identify task conditions that might pose a sufficient challenge to visual
decision-making and thus possibly increase reliance on predictive auditory cues, I
gradually reduced the contrast of the grating and noise that animals were required
to discriminate over the course of consecutive sessions, in the following order: 60%,
40%, 20%, 10%, 7%, 5%, and 3%. To examine whether location discrimination accu-
racy began significantly faltering during any of these sessions, I ran two preliminary
x2-tests - one per animal - comparing proportions of successes between eight training
sessions, which included the final session featuring 100% contrast and the following
seven sessions featuring the aforementioned contrast reductions. The tests indicated
that Benji’s accuracy significantly differed between these sessions (\*= 40.32, p<
0.001).

Follow-up x2-tests (sig. threshold Bonferroni-corrected to p< 0.006) revealed
that accuracy became significantly lower at contrasts <5% compared to the maximum
contrast condition (5%: = 15.27, p< 0.001; 3%: ?= 14.04, p< 0.001). The test
also flagged up a significant difference in Fatty’s accuracy amongst the seven tested
sessions (y“= 41.53, p< 0.001), which follow-up tests pinned down to performance
becoming significantly worse at 7% and 3% contrast compared to the maximum con-
trast condition ( 7%: \?= 7.98, p= 0.005; 5%: y?= 1.06, p= 0.30; 3%: *= 20.19,
p< 0.001).

2.3.4 DEGRADING STIMULUS CONTRAST SLOWS DISCRIMINATION
DECISIONS

Next, I examined the effects of degrading stimulus contrast on reaction times
(RTs), to identify conditions which proved sufficiently taxing as to cause animals to
make slower perceptual decisions (shown in Figures 2.2D and 2.3D). In all cases, RTs
were sampled exclusively from trials where animals produced accurate responses, and
outlier RTs of <100 ms were eliminated from analysis, as these most likely did not
represent stimulus-driven responses.

To test whether RT's were significantly influenced by differing stimulus contrast
conditions, I performed two Kruskal-Wallis tests - one per animal - for differences in
median RT's across eight levels of the contrast variable. The tests revealed a main
effect of contrast for both Benji (A stat= 49.09, p< 0.001) and Fatty (/X stat= 204.42.
p< 0.001). Given that the number of clarifying post-hoc comparisons that could be
made is extremely high, median RTs in <20% contrast conditions were compared
specifically to those in the 100% contrast condition using a series of Mann-Whitney
Wilcoxon rank sum tests (sig. threshold Bonferroni-corrected to p< 0.010), to verify
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whether RTs under any of these conditions were significantly impaired compared to
the condition that would reasonably support maximum performance.

Benji’s tests revealed that median RTs at a contrast level of 100% were not
significantly faster than at 20% (Rank sum= 2258.5, p= 0.35) and 10% (Rank sum=
115 2 0, p= 0.45), however significantly faster than at 7% (Rank sum= 12325 p=
0.010), 5% (Rank sum= 1439.5, p= 0.006) and 3% contrasts ( Rank sum= 1130. () p=
0.009). Fatty’s tests revealed that median RTs at 100% contrast were not significantly
faster than at 20% (20% Rank sum= 1663.0, p= 0.023), however were significantly
faster compared to median RTs at all contrasts <10% (10% Rank sum= 16145, p<
0.001; 7% Rank sum= 985.0, p< 0.001; 5% Rank sum= 691.5, p< 0.001; 3% Rank
sum= 1073.5, p< 0.001). Thus, the evidence suggests that both animals displayed
a tendency towards significant slowing of responses with declining stimulus contrast.
This took place at <7% contrast in Benji, and <10% contrast in Fatty. Since visual
conditions during these training sessions provide a challenge that is most likely to
encourage animals to use the given predictive cues to aid in stimulus detection, sta-
tistical analyses examining whether the animals did indeed do this will center around
the contrast ranges found to be specifically challenging for each animal.

2.3.5 INVALID PREDICTIVE CUES DO NOT IMPAIR DISCRIMINATION
ACCURACY

The animals’ accuracy and RT data indicate that task performance suffered
as a result of reducing stimulus and background noise contrast. This provides some
footing to explore my evidence-based (IKok et al., 2014; Stokes et al., 2009) conjec-
ture that animals performing under visually taxing conditions might increase their
reliance on predictive auditory cues to assist with stimulus detection. I reasoned that,
if animals exploited the cues to pre-activate orientation-tuned V1 neuronal popula-
tions to enable faster stimulus detection and processing, the predictive cue advantage
should manifest in more accurate and rapid judgements about stimulus location. This
advantage should not take place where predictions made by the cues turn out to be
incorrect.

To test whether animals measurably based their behaviours on predictive cues,
I compared accuracy on trials featuring valid and invalid cues (80% and 20% of trials,
respectively), aggregated across contrast levels associated with significantly slowed
RTs in each animal (<7% in Benji and <10% in Fatty; Figure 2.4B). Data were sub-
mitted to a series of y2-tests comparing proportions of successes between valid and
invalid cueing conditions. These tests revealed no evidence that accuracy differed
significantly depending on predictive cue validity, in either Benji (Valid cueing Accu-
racy= 75.2%; Invalid cueing Accuracy= 80.4%; x*= 0.434, p= 0.51) or Fatty (Valid
cueing A(,/(,uza(,y: 78.3%; Invalid cueing A(/(,/u,ra,(,,y: 80.2%; x*= 0.072, p= 0.788).
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2.3.6 INVALID PREDICTIVE CUES DO NOT SLOW DISCRIMINATION
DECISIONS

I proceeded to examine whether interfering with predictive cue validity impaired
the animals’ performance by significantly slowing the time taken to provide correct
responses. Median RTs taken from sessions aggregated across contrast levels associ-
ated with significantly slowed reaction times in each animal (< 7% in Benji and <10%
in Fatty; Figure 2.4B) were entered into a pair of Mann-Whitney Wilcoxon tests to
compare median RTs on validly and invalidly cued trials. The tests revealed that
median RTs did not significantly differ between valid and invalid cueing conditions
in both Benji (Valid cueing Med= 741.5 ms, IQR= 1399 ms, Invalid cueing Med=
634.5 ms, IQR= 1389.75 ms; Rank sum= 1133.5, p= 0.24) and Fatty (Valid cueing
Med= 420 ms, IQR= 242.5 ms, Invalid cueing Med= 411 ms, IQR= 234 ms; Rank
sum= 829.9, p= 0.44).

It is possible that predictive cue quality influenced RTs without shifting the cen-
tral tendency of the distribution but rather by affecting the distribution profile itself.
In an attempt to more closely understand these possibilities, I fit each animal’s RT
distribution, obtained under valid and invalid cueing conditions, to an ex-Gaussian
probability density function composed of a Gaussian convolved with an exponential
curve (using the open-source Ex-Gauss Matlab code library; Zandbelt, 2014). The
parameters estimated by the model-fitting algorithm consist of: p and o, which rep-
resent the mean and spread of the normally distributed component of the function,
as well as 7, representing the exponentially distributed element that is rooted in the
positive skew of the RT distribution and provides a measure of the prevalence of slow
responses. The ex-Gaussian distribution has previously been found to provide a good
fit to empirical RT distributions obtained in human experiments (Balota & Spieler,
1999; Tarantino et al., 2014), which provided a rationale to use the model to under-
stand the influence of predictive cue validity on mouse RT’s.

Figure 2.4C shows the RT distributions extracted from responses given by each
animal on valid and invalid cueing trials, collapsed across the selected contrast con-
ditions, as well as the distributions predicted by the ex-Gaussian curve fitted to each
observed distribution. The resulting parameter estimates of the ex-Gaussian RT dis-
tributions for Benji (Valid cueing: p= 233.21, o= 106.36, 7= 871.37; Invalid cueing:
p= 258.49, o= 102.27, 7= 948.66) and Fatty (Valid cueing: pu= 215.32, o= 84.29,
7= 332.84; Invalid cueing: p= 22444, o= 53.86, 7= 351.48) indicate that providing
animals with incorrect auditory predictions increased their tendency to make slow
responses, as reflected in the trend that the exponential component, 7, increases un-
der invalid cueing conditions in both animals. Notably however, a series of x? tests
comparing observed RT distributions with those predicted by the ex-Gaussian point
to a significant caveat.
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The obtained x? statistics (Benji: Valid cueing - y?= 92.79, Invalid cueing - y*=
17.19; Fatty: Valid cueing - x*= 24.49, Invalid cueing - x?= 7.98) show that for only
one of the four distributions does the test statistic fall under the critical value of 11.1
given 5 degrees of freedom (constrained by the number of probability bins used to
compare the empirical and predicted distributions). As such, the ex-Gaussian model
does not provide sufficiently good fit to the animals’ RT data as to allow reasonable
inferences about potential effects of cueing validity on response speed.

2.3.7 MICE MAY HAVE HELD FALSE BELIEFS ABOUT PREDICTIVE
CUE MEANING

The animals’ accuracy and RT data provide no reason to believe that they
were using predictions offered by the auditory cues to aid in stimulus detection and
boost location discrimination performance. This was evidenced by the finding that
location judgements towards stimuli whose orientations violated cued predictions (i.e.
invalidly cued trials) were not less accurate or slower compared to when stimulus ori-
entations complied with prediction. This leads to two primary possible explanations
for why the anticipated cue validity effect was not found.

One possibility is that mice treated the auditory cues as irrelevant and uninfor-
mative features of their environment, and thus performed the location discrimination
task without any input from the auditory cues. This is plausible, given that the
auditory cues predicted a stimulus feature (i.e. orientation) which was not explicitly
linked to that on which the animals based their judgements (i.e. location). However,
one observation convinced me that mice were not, in fact, ignoring the predictive
cues. During my surveillance of the animals during training, I noticed a tendency to
begin vigorously licking the spouts immediately following auditory cue onset. This
was verified by two one-sample t-tests which found that the mean number of spout
licks obtained during the post-cue period significantly deviated from zero (Benji: 1=
9.79, p< 0.001; Fatty: t= 1247, p< 0.001) - the number of licks obtained prior to cue
onset due to the mandatory ‘silent period’ required to trigger the next trial. Clearly,
the auditory cues did not pass by entirely unnoticed.

Importantly, the animals were capable of rapidly switching the spout they were
licking upon stimulus onset. This is supported by two one-sample t-tests finding that
the proportion of trials on which both Benji (//= 0.33, SD= 0.12, {= 8.58, p< 0.001)
and Fatty (M= 0.29, SD= 0.08, t= 11.98, p< 0.001) switched from the spout they
last licked in the post-cue period upon stimulus onset significantly differed from zero.
This suggests that the auditory cues prompted the animals to prepare responses that
they perhaps ultimately anticipated to pay off, but did not commit to, given their
ability to switch licking spouts following stimulus onset. The implication of this is
that animals may have regarded the auditory cues as providing them with information
that formed the basis for a plausibly beneficial anticipatory response. One question
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that arises from this is - what information did the mice think they were being given?

I suspected that the animals operated on the false assumption that the cues
actually provided them with predictive information about the likely location of an
upcoming stimulus. While the cues were programmed to have no global statistical
relationship with stimulus location, it is possible that animals based their impressions
on memories of a small number of recent trials, which would increase the risk of
perceived statistical dependency between cue type and stimulus location. To explore
this possibility, I examined whether the animals’ choice of spout during the post-cue
period on any given trial was significantly biased by the location of the stimulus
(and thus, the pay-off spout) in the most recently rewarded trial featuring the same
auditory cue (illustrated in Figure 2.5A). A look at one animal’s licking patterns
across individual trials from several sessions indicates that there may be a relevant
relationship (Figure 2.5B-C), as when an auditory cue had previously been followed
by a right-sided stimulus, the animal tended to lick the right spout in anticipation of
the next stimulus.

To statistically assess whether animals treated the auditory cues as supply-
ing them with location-predicting information, I extracted their average Logjo-ratio
of Right:Left licks from the post-cue period, as an indicator of right side bias in
cue-evoked licking. This measure was obtained across all training sessions featuring
auditory cues and collapsed across cues predicting horizontally and vertically oriented
gratings, since the ‘false belief” hypothesis assumes that orientation information was
considered irrelevant, and that both types of auditory cues would be equally affected
by the false belief if it did take place. Two independent-samples t-tests - one per an-
imal - were then used to test for significant differences between mean post-cue Logiq
R:L lick ratios on trials when an auditory cue was last associated with a right- versus
left-sided stimulus. The tests revealed that, on trials with a cue that was last followed
by a right-sided stimulus, post-cue right licking bias was significantly stronger both
in Benji (Previous left: M= -0.17, SD= 1.00; Previous right: M= 0.19, SD= 0.88,
t=7.34, p= 0.01) and Fatty (Previous left: M= 0.11, SD= 1.20; Previous right: M=
0.58, SD=1.19, t= 6.95, p= 0.01), compared to when that cue had previously been
associated with a left-sided stimulus.

Thus, examining the animals’ anticipatory licking patterns leads to an important
conclusion. The finding that mice were not significantly influenced by the correctness
with which auditory cues predicted stimulus orientation can be explained by the
likelihood that they held a false belief that cues told them about stimulus location
rather than orientation. In this case, a cue providing invalid orientation information
could not be disruptive of performance, as this was not the stimulus dimension the
animals attended. Instead, animals acted upon their false belief about the informative
content of predictive cues by orienting towards the spout they considered likely to
pay off upon stimulus onset.
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Figure 2.5: Post-cue licking patterns are shaped by the false belief that
auditory cues predict stimulus location. A demonstrates the procedure used to
determine whether mice acted on false beliefs about auditory cue meaning. For each
occurrence of a particular auditory cue (6 kHz or 12 Hz; here denoted as red or green),
the analysis involved identifying the most recent occurrence of that particular cue and
registering the location of the stimulus which appeared on that trial. Thus, the post-cue
licking pattern obtained during each trial (demarcated with the mouse) can be related
to (pink arrow) stimulus location upon the most recent encounter with the same cue
(demarcated in pink). B and C show left and right licks made by one animal (Benji)
during the post-cue period (0-2 s) on trials segregated on the basis of the previous cue
encounter involving a right-side stimulus (B) or left-side stimulus (C). Here, left and
right licks are shown in red and blue respectively. D shows each animal’s mean Logig
ratio of Right:Left licks for cues which, on previous encounter, were associated with a
left or right stimulus location.
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2.3 RESULTS - PILOT 2

2.4.1 RECAP AND OBJECTIVES

The goal of this experiment was to pick up from the failure of the previously
piloted task (see Results section 2.3) and pilot a further task with the stated goal
of evoking sensory expectations in mouse visual cortex. In this 2-alternative forced
choice (2-AFC) paradigm, head-fixed mice were required to judge whether the orien-
tations of two sine-wave gratings were same or different, by licking the appropriate
water spout. Upon the animals’ achievement of a high level of performance on this
task, my plan was to introduce pre-stimulus auditory cues that were predictive of
stimulus orientation, and combine these with manipulations of the relative frequen-
cies of same versus different stimulus pairings in various experimental blocks. It was
my reasoning that this would offer a window into the effects of environmental prob-
abilities on perceptual hypotheses. However, as discussed below, the animals failed
to attain above-chance accuracy on this task after several weeks of training, and the
pilot was terminated.

The raw data collected from each training session consisted of timestamps for
the following events: i) individual lick detections, ii) stimulus onsets, and iii) openings
of the solenoid valves which delivered water rewards. Data from each male, whom I
will refer to as Male 1 (Saruman) and Male 2 (Frodo), will be examined separately.

2.4.1 MICE CANNOT LEARN TO MAKE SAME-DIFFERENT JUDGE-
MENTS

Despite the fact that both animals showed high response rates (Figure 2.6A),
neither of them exceeded chance-level performance over the course of >20 training
sessions (Figure 2.6C), as shown by a series of binomial tests comparing proportions
of correct responses given on each session to a theoretical 0.5 success probability
(results shown in Table 2.4). The finding that performance was, in fact, significantly
below chance rate on a proportion of trials implied that animals were not merely
guessing, but rather being driven by counterproductive licking biases which overrode
potential understanding of task rules. In the following explorations of this possibility,
all results are interpreted with respect to a Bonferroni-corrected significance threshold
of p< 0.002, to account for sequential testing across >20 training sessions for each
animal.

Both animals indeed showed a significant bias towards licking one spout in the
early stages of training (Figure 2.6B). In Saruman, this is evidenced by a series of
single-sample t-tests finding that the cross-trial mean Logjoratio of Right:Left licks
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harvested during the response window was significantly lower than zero during the
first five training sessions, (Sessions (5): S1 t=-4.56, p< 0.001: 52 t=-4.95, p< 0.001;
S3 t= -5.76, p< 0.001; S4: t= -10.33, p< 0.001; S5: t= -5.96, p< 0.001). This bias
manifested in a significant accuracy advantage for trials requiring left versus right lick
responses (Figure 2.6C), as shown by a series of x?-tests comparing proportions of
successes between the two trial types (Sessions (S): S1 ?= 9.083, p= 0.003; S2 =
17.02, p< 0.001; S3 x?= 29.27, p< 0.001; S4 x*= 31.72, p< 0.001; S5 x*= 15.20, p<
0.001). At the same time, a series of binomial tests showed that right-sided accuracy
consistently fell below chance during most sessions in this time period (Sessions (5):
S1 Accuracy= 27.8%, p< 0.001; S2 Accuracy= 36.5%, p= 0.007; S3 Accuracy= 33.3%,
p< 0.001; S4 Accuracy= 31.1%, p< 0.001; S5 Accuracy= 37.8%, p= 0.023), implying
an active and detrimental licking bias was a more likely explanation for poor overall
performance than guessing.

A bias towards licking predominantly one spout was even more pronounced in
Frodo. A series of single-sample t-tests found that Frodo’s cross-trial mean Log;g
ratio of Right:Left licks during the response window was significantly higher than
zero during 8 of the first 10 training sessions, (Sessions (S): S1 t=1.90, p< 0.05; 52
t= 3.83, p< 0.001; S3 t= 7.26, p< 0.001; S4 t= 7.50, p< 0.001; S5 t= 1.55, p=
0.122; S6 t= 5.65, p< 0.001; ST t= 2.66, p= 0.009; S8 t= 5.46, p< 0.001; S9 {=
10.78, p< 0.001; S10 t= 7.59, p< 0.001), implying a robust bias towards the right
spout. A series of y?-tests confirmed that the time-course of his rightward bias was
associated with a significantly greater accuracy for right-sided compared to left-sided
trials (Sessions (S): S1 x*= 15.52, p< 0.001; S2 x*= 27.45, p< 0.001; S3 x?*= 45.55,
p< 0.001; S4 2= 50.19, p< 0.001; S5 x2= 17.15, p< 0.001; S6 2= 38.14, p< 0.001;
S7 x?= 10.15, p= 0.001; S8 x?= 41.28, p< 0.001; S9 x?= 31.06, p< 0.001; S10 y*=
56.95, p<< 0.001). A series of binomial tests also mirrored Saruman’s results, showing
that Frodo’s accuracy on trials requiring licks of the non-preferred left spout fell
significantly short of chance across most sessions during which the animal exhibited
the right-side licking bias (Sessions (S): S1 Accuracy= 26.6%, p< 0.001; 52 Accuracy=
28.3%, p< 0.001; S3 Accuracy= 17.8%, p< 0.001; S4 Accuracy= 22.3%, p< 0.001; S5
Accuracy= 37.5%, p= 0.014; S6 Accuracy= 24.6%, p< 0.001; S7 Accuracy= 41.1%,
p= 0.113; S8 Accuracy= 24.5%, p< 0.001; S9 Accuracy= 11.7%, p< 0.001; S10
Accuracy= 16.8%, p< 0.001).

Observations across the two animals show that both mice had a pre-existing
preference for licking one spout - a bias that actively interfered with their ability to
orient towards the non-preferred spout and thus obtain sufficient reward experience for
task rule acquisition. This bias required a non-trivial amount of training to neutralise.
Ultimately, animal performance plateaued at chance level for trials requiring both
left and right judgements, providing no indication that accuracy would exceed chance
within a reasonable time frame.
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Figure 2.6: Same-different discrimination task performance by Male 1 (Saru-
man; left) and Male 2 (Frodo; right) A shows the response rate (defined as %
of trials on which the animal made a lick response during the response window). B
shows mean Logio ratio of Right:Left licks during the response window, as a measure
of rightward bias. C shows mean accuracy on trials requiring a left (green) versus
right (purple) lick response. D shows mean accuracy averaged across all trials (red)
and specifically for trials requiring the animal switch spouts from the most recently
rewarded one (grey).
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Table 2.4: Results of binomial tests testing Saruman and Frodo’s accuracy across sessions for
a deviation from chance level performance.

Animal Session number Test results (sig. marked with *)
Saruman 1-2 Accuracy= 34.8%, p< 0.001*  Accuracy= 48.4%, p= 0.075
3-4 Accuracy= 45.3%, p= 0.31 Accuracy= 46.8%, p= 0.43
5-6 Accuracy= 51.2%, p= 0.82 Accuracy= 45.9%, p= 0.25
7-8 Accuracy= 39.1%, p= 0.001*  Accuracy= 39.4%, p= 0.007
9-10 Accuracy= 57.1%, p= 0.11 Accuracy= 48.4%, p= 0.75
11-12 Accuracy= 49.3%, p= 0.94 Accuracy= 45.9%, p= 0.25
13-14 Accuracy= 46.4%, p= 0.42 Accuracy= 49.2%, p= 0.82
15-16 Accuracy= 44.6%, p= 0.186  Accuracy= 37.8%, p= 0.001*
17-18 Accuracy= 44.4%, p= 0.13 Accuracy= 35.5%, p< 0.001*
19-20 Accuracy= 45.4%, p= 0.26 Accuracy= 30.4%, p< 0.001*
21-22 Accuracy= 47.4%, p= 0.52 Accuracy= 40.9%, p= 0.045
23-24 Accuracy= 46.4%, p= 0.42 Accuracy= 48.0%, p= 0.68
25-26 Accuracy= 47.7%, p= 0.63 Accuracy= 43.5%, p= 0.082
27 Accuracy= 39.8%, p= 0.007
Frodo 1-2 Accuracy= 37.3%, p= 0.009  Accuracy= 39.8%, p= 0.023
3-4 Accuracy= 30.4%, p< 0.001*  Accuracy= 34.9%, p< 0.001*
5-6 Accuracy= 43.5%, p= 0.13 Accuracy= 37.4%, p= 0.003
7-8 Accuracy= 51.4%, p= 0.80 Accuracy= 35.0%, p= 0.001*
9-10 Accuracy= 27.2%, p< 0.001*  Accuracy= 27.0%, p< 0.001*
11-12 Accuracy= 29.3%, p< 0.001*  Accuracy= 32.8%, p= 0.008
13-14 Accuracy= 34.2%, p< 0.001*  Accuracy= 34.5%, p< 0.001*
15-16 Accuracy= 36.8%, p= 0.003  Accuracy= 38.2%, p= 0.004
17-18 Accuracy= 49.1%, p= 0.88 Accuracy= 50.8%, p= 0.93
19-20 Accuracy=43.6%, p= 0.042 Accuracy= 47.9%, p= 0.98
21-22 Accuracy= 39.2%, p= 0.009  Accuracy= 42.8%, p= 0.13
23 Accuracy= 51.0%, p= 0.87

* sig. threshold Bonferroni-corrected to p< 0.002
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2.5 DISCUSSION

This series of pilot experiments highlighted several strengths and limitations
of the head-fixed mouse as a behavioural model for studying perceptual decision-
making. In the first pilot experiment, water-restricted and head-fixed mice were
trained to perform a 2-alternative forced choice (2-AFC) task, in which they were
required to judge the locations of visual sine-wave gratings by licking a water port
to the left or right side of their mouth. This experiment showed that mice were ca-
pable of acquiring the task within a short training period (~10 sessions), and to a
high standard of performance (>90% accuracy; Figures 2.2F and 2.3F). However, the
hypothesised possibility that their behaviour could be significantly influenced by cues
providing predictive information about a behaviourally irrelevant stimulus attribute
(i.e. orientation) did not find its roots in the evidence. Mice were not significantly less
accurate or slowed in indicating stimulus location after being given invalid predictive
cues (Figure 2.4). Instead, the animals’ pre-stimulus licking patterns suggested that
they operated under the false impression that cues were, in fact, predicting stimulus
location, rather than orientation.

This was evidenced by their tendency, during the anticipatory post-cue period,
to lick the spout which was rewarded on the most recent last trial featuring a par-
ticular cue (Figure 2.5). Thus, if an animal’s most recent encounter with a 12 kHz
auditory cue was immediately followed by a left-sided grating stimulus, then the
animal exhibited a significant bias towards licking the left spout upon its next en-
counter with that same auditory cue. The finding that mice may have misinterpreted
orientation-predictive cues as providing spatial information makes the behavioural
paradigm inappropriate for the stated goal of exploring orientation-specific expec-
tations and anticipatory activation patterns in the mouse visual cortex. Thus, the
2-AFC location discrimination task did not form the basis for proceeding with training
and chronic electrophysiological recordings in an experimental cohort of mice. How-
ever, it does extend our current knowledge of mouse capabilities within the realm of
2-AFC tasks. This is explored in greater detail below.

2.5.1 MICE CAN MAKE VISUAL LOCATION DISCRIMINATION DECI-
SIONS UNDER HEAD-FIXED CONDITIONS

To the extent of my knowledge, this is the first demonstration of mice providing
visual stimulus location judgements using a 2-AFC task design, under head-fixation.
This contributes to a growing body of decision-making research exploring the be-
havioural repertoire of the mouse that can be harnessed to probe perceptual process-
ing using a variety of paradigms, and in particular the 2-AFC task design which, as
discussed below, enjoys a range of benefits over other tasks.
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Until quite recently, perceptual decision-making was largely explored using
freely moving paradigms. In these tasks, the limits of animals’ visual discrimina-
tive abilities are probed by requiring them to swim towards target stimuli (Prusky
et al., 2000; Wang et al.; 2016) or make their way towards the correct touch-screen
to provide a nose poke response (Busse et al., 2011; Graf et al., 2018; Turner et al.,
2017), and thus indicate stimulus detection and location decisions. In tasks such as
these, mice usually learn at a relatively high pace, showing above-chance discrimina-
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tive responses within 10-15 training sessions (Turner et al., 2017).

While freely moving paradigms are immensely useful where the primary mea-
sure of interest is behaviour, they have several noteworthy limitations. These include
the fact such paradigms often preclude precise stimulus delivery, making it difficult to
determine parameters such as the spatial frequency of a visual display or odour con-
centration. Any degree of parameter certainty that is afforded by taking the animal’s
motion into account using tracking equipment will not be equivalent to controlled
stimulus presentation, which limits the scope of perceptual investigation that can
be carried out using freely moving animals. A further consideration which disad-
vantages freely moving paradigms is that they do not provide sufficient mechanical
stability to enable neuronal signals to be visualised using methods such as calcium or
voltage-sensitive dye imaging. Consequently, head-fixed behaviour has been gaining
a foothold in the field as a means of enabling both sensory processing, cognition, and
their underlying neuronal activities to be characterised using a variety of techniques,
including the 2-AFC and go/no-go paradigms (Dombeck et al., 2007; Schwarz et al.,
2010; Guo et al., 2014).

Importantly, while the go/no-go paradigm is a popular and effective method of
extracting perceptual judgements (Abraham et al., 2012: Lee et al., 2012; Pinto et
al., 2013), it comes with a number of caveats which cast the alternative — 2-AFC —
design into a more favourable light. Firstly, mice are innately predisposed to lick the
spout. The implication is that withholding a lick to provide a no-go response involves
a host of impulse-regulating processes which likely contaminate the behaviour and
resulting neuronal activity with cognitive and premotor components that are absent
during a go response. More recently, a group of authors argued that the demands
on balancing impulsiveness with instrumental learning lead the go/no-go task to un-
derestimate mouse capabilities (Berditchevskaia et al., 2016). Furthermore, mice and
rats tend towards opposing response policies in go/no-go paradigms, which highlights
the likelihood that animals’ behaviour on the task is suffused with their evolved
roles in predator-prey niches (Jones et al., 2017). Such inherently different response
policies imply that the go/no-go paradigm is not a just another neutral method for
interrogating sensory discrimination capabilities across species. Arguably, all of these
limitations can be redressed using a response harvesting system which places symmet-
rical demands on both judgements — something embodied by the 2-AFC paradigm. It
is thus arguably important to establish the breadth of contexts and sensory modalities
in which the 2-AFC task can be effectively used to study mouse perceptual decision-
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making.

Evidence suggests that this paradigm can, in principle, support rapid task ac-
quisition. In a 2-AFC somatosensory object localisation task (Guo et al., 2014), mice
were required to lick a left or right water spout to judge whether a bar was touching
their anterior or posterior whisker pad, which they learned to do at above-chance
rate within 5-10 training sessions (corroborating previous findings in rats by Krupa
et al., 2001). Introducing a brief delay between stimulus offset and response window
to challenge working memory caused the animals’ performance to instantly decline;
however recovery was achieved after 5-10 further training sessions. This, combined
with the time-course of learning the initial delay-free version of the 2-AFC task, sug-
gests that 5-10 training sessions might be a standard time-course for mice to acquire
a 2-AFC task featuring two water spouts.

The behavioural pilot described in this chapter provided the first demonstra-
tion of the 2-AFC paradigm being used to collect location discrimination responses
from head-fixed mice in the visual modality. My observation that both mice I trained
showed above-chance accuracy between the 10th and 15th training sessions, however,
indicates that the visual 2-AFC may require longer training times than the previ-
ously explored somatosensory version (Guo et al., 2014). This might be attributable
to rodents’ fundamental reliance on the whisker system, and the likelihood that any
behaviour would be acquired more rapidly within this modality.

2.5.2 TECHNICAL CAVEATS

It is undeniably important to note that the task was successfully learnt only
by the male mice which underwent training. Two females which were trained con-
currently with the males failed to show any signs of task acquisition (Figure 2.1C-D)
at a time when the males reached accuracy levels exceeding 70% (Figures 2.2F and
2.3F), causing their training to be terminated after session n°16. The females’ be-
havioural patterns suggested that both animals may have treated reinforcements as
signalling that a particular spout was the exclusive source of reward, as opposed to
providing rewards when stimuli were presented in specific locations. This likely pre-
vented them from sampling each water spout at sufficient rates during each training
session to achieve effective rule comprehension. The likelihood of this is reflected in
one female’s chronic tendency to respond accurately on trials requiring right-sided re-
sponses, while left-sided accuracy consistently fell below 50% (Figure 2.1C;left), and
in the other female’s tendency to vacillate between higher right-sided and left-sided
accuracy on different training sessions (Figure 2.1C; right). The females’ failure to
learn the task leaves some uncertainty about the general utility of 2-AFC paradigms.
Females have successfully been included in previous studies using the 2-AFC response
harvesting system, however they are notably fewer in number than males in one study
(Guo et al., 2014), while another study does not specify relative numbers of males and
females undergoing behavioural training (Burgess et al., 2017). One further difficulty
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with contextualising the failure of the two females to learn the task outlined in the first
part of this chapter is that studies often focus on post-acquisition task performance
and any interventions which may affect it, rather than exploring the speed and nature
of progress in task acquisition, as well as any sex differences which might arise. This
points to the likelihood that females are capable of learning the same 2-AFC tasks as
males, albeit on different time-scales - something which appears to be under-explored.

It is also likely that laboratory mice, as a population, exhibit considerable
variability in cognitive ability, such that training both males and females in larger
numbers would ultimately reveal no significant difference in performance between the
sexes. The studies described in this chapter certainly suffer from the shortcoming
of training small numbers of animals, which prevents this work from clarifying the
issue of potential sex differences in task performance. The decision to pilot tasks with
small numbers was taken for two principal reasons. Firstly, it was my rationale that
a paradigm in which behaviour is to be combined with chronic electrophysiological
recordings should be learnable by the vast majority of laboratory mice, to prevent im-
plantation of chronic recording devices into a group of animals of which only a small
fraction would be able to fulfil task requirements. Thus, I reasoned that piloting a
few mice should be sufficient to indicate how attainable a task is to the typical mem-
ber of the C57BL/6 strain. Secondly, the decision to trial small numbers of animals
was driven by practical constraints, as I was training animals in a single behavioural
booth offered by another laboratory. Concurrently training large numbers of animals
was not viable in this case - something that can certainly be done in future studies.
Despite mixed results, however, successful task acquisition by the males was sufficient
to enable a test of the 2-AFC location discrimination task’s suitability for the purpose
of exploring predictive coding.

2.5.3 MICE DO NOT ACT ON PREDICTIVE INFORMATION ABOUT TASK-
IRRELEVANT DIMENSIONS

One of the main goals of this pilot was to test whether mice judging stimulus lo-
cation would make use of auditory cues which predicted the orientations of upcoming
grating stimuli to aid performance under challenging conditions. Such behavioural
effects were to serve as the basis for exploring predictive neuronal activity in the ani-
mals’ visual cortex. While dissociating the stimulus dimension determining behaviour
(i.e. location) and the dimension of sensory prediction (i.e. orientation) seems coun-
terintuitive, I opted to do this for several reasons.

One rationale was that, if task-irrelevant cues evoked any predictive cortical
representations, these would likely be relatively free from explicit cognitive control,
which might otherwise come into play if the cues were directly task-relevant. As
a consequence, anticipatory activity in V1 might provide a window into automatic
sensory predictions generated as a result of exposure to the statistical properties of
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the environment, rather than cognitively imposed expectations. From my perspective,
this would provide a robust indicator of the automaticity of predictive coding in
sensory systems. A further rationale behind my choice to provide task-irrelevant
auditory cues was that it would minimise the risk of visual input becoming irrelevant.
Animals given task-relevant cues (i.e. those carrying direct predictions of upcoming
stimulus location) would arguably lose any incentive to wait for the visual stimulus, as
the auditory cue itself would enable them to automatically prepare a left versus right
lick response. This would effectively minimise the need for the brain to represent any
visual predictions, since the auditory cue would become the primary driver of choice
behaviour while vision takes a functional back-seat. Finally, evidence suggests that
dissociating the behaviourally relevant and predicted stimulus dimensions should not
be problematic for the likelihood of evoking anticipatory cortical representations, and
by extension any behaviours which may be rooted in them. Researchers have observed
predictive stimulus-specific activations in mouse V1 under conditions where absolutely
no requirements were placed on the animals to engage in perceptual decision-making
and behaviour (i.e. their objective was purely to traverse a virtual tunnel and reach
the end-goal of a water reward; Fiser et al.; 2016). This indicates that sensory systems
are capable of registering regularities and recruiting predictive neural codes even when
they have little direct applicability to behaviour.

To test whether mice exhibited signs of acting upon task-irrelevant predictive
information, I introduced auditory cues (400 ms duration; 6 kHz or 12 kHz) which pre-
ceded by 2 s the grating stimuli whose locations the mice were required to judge, and
predicted whether these would be horizontally or vertically oriented. I reasoned that,
if the animals were sufficiently challenged by the task — brought about by conditions
of degraded stimulus contrast - they might, to some degree rely on the orientation-
specific predictive information to pre-activate neuronal ensembles in V1 (found to
boost stimulus detection in humans by Kok et al., 2014 & Stokes et al., 2009) to aid
grating detection, and consequently localisation.

To explore this possibility, I examined the accuracy and speed of animals’ lo-
cation judgements on trials where the auditory cues provided valid versus invalid
predictions, at stimulus contrasts that had been lowered to a sufficient degree so as to
produce significantly slowed performance. Behavioural analysis provided no evidence
to believe that mice relied on the orientation-specific predictions provided by the au-
ditory cues, which was expected to manifest in less accurate or slowed responses on
invalidly cued trials (Figure 2.4). Instead, the animals’ post-cue licking patterns (ex-
amined in Results section 2.3.6) suggested that mice behaved as if the auditory cues
predicted stimulus location. This manifested in vigorous licking which was signifi-
cantly biased towards the spout associated with the location of the stimulus during
the most recent trial featuring the same auditory cue. It is important to note that
stimulus location was selected at random on a trial-wise basis, and had no global
statistical relationship with the auditory cues. Thus, mice must have pooled evidence
to support their false belief from the recent past, inferring that a cue which most
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recently co-occurred with a right-sided stimulus must predict that a right response
should be made upon the next encounter with that cue.

This finding is somewhat unexpected, and without much experimental precedent
to which one could refer. The evidence that mice operate on the basis of what
appears to be a false belief about predictive cue meaning suggests that sensory systems
may not register those statistical properties of the environment that are not directly
relevant to behavioural demands, where those demands are clearly outlined. Instead,
animals may be motivated to attribute meaning to sensory inputs in accordance with
perceived behavioural context.

2.5.4 MICE CANNOT MAKE SAME-DIFFERENT JUDGEMENTS UNDER
HEAD-FIXED CONDITIONS

In the second pilot study detailed in this chapter, I attempted to train head-
fixed and water-restricted mice to judge whether two sine-wave gratings presented on
the left and right screens were of the same or different orientations, using two licking
spouts. Associations between the left versus right water spout and ‘same’ versus
‘different” stimulus pairing status were counterbalanced across the two mice. After
>20 sessions of training, neither animal exhibited above-chance accuracy, which led
to termination of the training protocol (Figure 2.6C-D). There are two main possible
explanations for the animals’ failure to acquire the same-different task, rooted in low-
level perceptual and cognitive factors respectively.

2.5.5 DID MICE STRUGGLE TO PERCEPTUALLY DISCRIMINATE OR-
THOGONAL ORIENTATIONS?

One possible underpinning of failed task acquisition is that mice were incapable
of visually discriminating the two orthogonally oriented gratings which would form
the internal basis for judging if there was a difference. The limited visual capacities
of rodents have indeed been an oft-cited reason for their relatively delayed rise in
popularity in visual research, as rodents, and mice in particular, are known to have
lower visual acuity than a range of species such as human and non-human primates
(Merigan & Katz, 1990), ferrets (Price & Morgan, 1987) and cats (Timney et al.,
1978). This inferior acuity is, to a great extent, rooted in species differences in the
densities of retinal ganglion cells (RGC) and strength of foveation, which constrains
spatial resolution. While primates have a RGC density of over 100,000 cells/mm?
(McGregor et al., 2018; Wassle et al., 1990), rodents exhibit a substantially lower
density of 2000-3000 cells/mm? (mice: Drager & Olsen, 1981; rats: Salinas-Navarro
et al., 2009). Furthermore, while RGC density varies 2-3 fold between the rodent
retinal periphery and the superior retinal region considered to be an analogue of the
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fovea (Drager & Olsen, 1981; Salinas-Navarro et al., 2009), this difference factor is in
the region of 2000-3000 in the primate retina (Wassle et al., 1990). Together, these
parameters point to fundamental physiological limitations which severely limit the
resolving capabilities of rodent visual systems.

However, several lines of evidence indicate that mice trained in this pilot experi-
ment should not have struggled to discriminate between the vertically and horizontally
oriented gratings they were presented. Firstly, mouse visual cortex appears to show
an affinity for representing spatial frequencies in the region of 0.04 cycles per degree
(cpd) - the frequency used in the pilot. Maximally preferred spatial frequencies of
mouse V1 neurons range between 0.02 and 0.08 cpd, with a median single unit pref-
erence of 0.036 cpd (Niell & Stryker, 2008), as well as a high sensitivity to inputs at
and around 0.06 cpd, as reflected in LFP analysis (Porciatti et al., 1999). Perhaps
more importantly, mouse behaviour points to 0.04 cpd being an appropriate frequency
for enabling the animals to discriminate orthogonal orientations. Experiments mea-
suring mouse visual acuity using the optomotor (Abdeljalil et al., 2005; Prusky et
al., 2004; Schmucker et al., 2005) and optokinetic (Sinex et al., 191?)) reflexes place
their estimates of maximal contrast sensitivity and acuity at 0.06-0.1 cpd. Crucially,
a frequency of 0.04 cpd was successfully used to extract orientation discrimination
judgements from head-fixed mice in a go/no-go paradigm (Pinto et al., 2013). This
argues against the idea that limited perceptual discrimination was the primary bot-
tleneck in the animals’ ability to acquire the task featured in this pilot experiment.

2.5.6 WERE MICE COGNITIVELY INCAPABLE OF COMPREHENDING
TASK REQUIREMENTS?

Perhaps a more plausible explanation for the animals’ failure to learn the same-
different discrimination task is that the task rules exceed this species’ cognitive ca-
pabilities. While a number of similar tasks have been successfully used in the past
(Glickfeld et al., 2013; Wang et al., 2018), there is no published evidence of mice
performing the particular task used in this pilot. This leaves open the possibility
that, much like Thomas Edison, I have “just found [one of] 10,000 ways that won’t
work” (Oxford Essential Quotations) - though in asking a mouse to make a perceptual
judgement, rather than finding the right lightbulb filament.

One published task that depended on the animals’ ability to discriminate ori-
entations — with success - required mice to indicate their detection of orientation
changes to on-screen grating stimuli (0.1 c¢pd) by releasing a lever which they oth-
erwise held over the course of a trial (Glickfeld et al., 2013). Animals tended to
acquire this task rapidly, and were able to discriminate changes as small as 8° with
near 100% accuracy. In another successful task posing apparently similar demands to
those of the current pilot experiment (Wang et al., 2018), mice were presented with
an initial grating in one hemifield, which was followed by a second grating of identical
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orientation in the opposite hemifield. After a brief interval, the first grating either
underwent an orientation change or not — something that mice were asked to signal
using a go/no-go response system.

The animals’ success on these two tasks, coupled with their failure on the same-
different judgement task, points to a potential strategy that mice use when indicating
change detection — one that would be of no help on the same-different task piloted
here. In both of the described studies, mice could succeed by performing a sim-
ple temporal comparison between patterns of stimulation within the same hemifield.
Thus, a vertical grating undergoing a subtle tilt — if resolved by the visual system —
could evoke something akin to a brief arousal signal, allowing the animal to indicate
that it can see a difference between the past and present orientations.

In contrast, the same-different task piloted in this chapter required mice to
make explicit spatial comparisons between the two stimuli in front of them. Deciding
whether two distinct objects exhibit the potentially arbitrary property of matching
or not matching might require an entirely distinct cognitive process than the one
involved in deciding if the current version of an input matches its past version (i.e.
change detection). It is entirely possible that mice simply do not possess the cognitive
ability to carry out this process. Of further importance, mice which received training
in both aforementioned published experiments indicated their detection of change
through action or inaction (i.e. releasing / continuing to hold a lever or licking / not
licking a water spout). The go/no-go response system, despite its aforementioned
shortcomings, might in fact represent a more intuitive output modality than the
2-AFC system for yes/no decisions (i.e. change/no change; same/not same). In
this respect, it is unclear whether the animals’ failure to indicate that two stimuli
were same or different was rooted primarily in their inability to comprehend these
concepts or the difficulty of mapping ‘same’ and ‘different’ judgements onto arbitrarily
selected spout sides. Regardless of the precise underpinning reasons, however, both
the location discrimination paradigm and the same-different task examined in this
chapter proved inappropriate for examining sensory predictions and errors in the
mouse visual system. I now turn to the n vitro slice work to ask a different question
about the possible implementations of predictive coding.
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CHAPTER 3

3.1 INTRODUCTION

3.1.1 BROAD CONCEPTUAL GOALS AND OBJECTIVES: CAN PREDIC-
TIVE CODING BE LOCAL?

The high prevalence of top-down projections in the brain (Markov et al., 2013),
as well as the evidence that these enable higher-level regions to influence lower pro-
cessing levels in a manner which suggests predictive modulation (eg. encoding of
illusory contours in V1; Grosof et al., 1993; Kok et al., 2016), has given rise to the
theory that a predictive mode of operation is virtually inevitable where hierarchical
processing takes place (Friston, 2005; Kanai et al., 2015). The objective of the current
chapter was to ask a complementary question: does a predictive system need to be
embedded in a hierarchy?

The classical receptive field - widely regarded as a property of bottom-up anal-
ysis combined with local lateral interactions - makes a convincing case for perceptual
predictions being ubiquitous even where hierarchies do not intervene. After all, the
processes of lateral inhibition which enable retinal bipolar and ganglion cells to be
more responsive to stimuli which border a contrasting stimulus property in the re-
ceptive field (Cook & McReynolds, 1998; Kramer & Davenport, 2015) can be viewed
as indicative of a wiring scheme preparing the visual system to detect breaks from
continuity — a spatial prediction error at the lowest level of analysis, if you will. The
existence of a plethora of circuit plasticity mechanisms (Bliss & Lomo, 1973: Dylla
et al., 2017; Fujisawa et al., 2008) also indicates that a circuit is, to some degree,
equlpped to learn from its stimulation history on its own. A range of plasticity
mechanisms make plausible candidates for the basis of local circuit prediction, allow-
ing predictable inputs to become less effective drivers of activity. The possibilities
include short-lasting homosynaptic depression (Gover & Abrams, 2009), long-term
depression (Glanzman, 2009; Kandel et al., 2013); input-selective potentiation of
inhibitory synapses on target neurons (Das et al., 2011; Fischer & Carew, 1993; Ra-
maswami, 2014), and anti-Hebbian plasticity, whereby presynaptic inputs repeatedly
preceding a target’s spike become depressed (Grant et al., 1996; Koch et al., 2013;
Letzkus, Kampa & Stuart, 2006; Roberts & Leen, 2010).

Thus, the goal of two series of experiments described in this chapter was to test
the possibility that neural signatures attributed to predictive coding can be observed
on a local-circuit level, using recordings of local field potentials (LFP) from slices of
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the mouse barrel cortex as a model in vitro circuit. The main question of interest
here was: can a local circuit exposed to a particular pattern of stimulation ‘learn’
its statistical regularities and respond when such regularities are violated by deviant
stimuli? Does this response to violation have a specific affiliation to oscillatory activity
in the y-band, as posited by predictive coding theories (Bastos et al., 2012; Kanai et
al., 2015)7 In this chapter, the question was addressed by driving excitatory neurons
of the mouse primary somatosensory cortex (S1) to express the algal photosensitive
cation channel channelrhodopsin-2 (ChR2; Boyden et al., 2005), which allowed these
cell populations to be activated with spatiotemporal patterns of light intended to
exhibit particular regularities and occasional violations.

An important consideration in attempting to find the physiological signatures
of predictive coding in a brain slice is the stimulation protocol. What types of condi-
tions might be reasonably expected to generate sensory predictions and responses to
violations of these predictions in a slice?

3.1.2 EXPERIMENT 1: AMPLITUDE PREDICTION ERRORS

An ECoG study which inspired the stimulation protocol used in the first set
of experiments in this chapter dissociated ’local’ and ’global” prediction errors (El
Karoui et al.; 2015). Here, sequence elements that were local deviants (eg. A-A-
A-B), were not necessarily global deviants, if in a stimulus set where such sequences
were frequent. Such a local-global distinction provides a basis to explore the extent to
which sensory regions are capable of detecting low-level versus complex violations of
stimulus stream regularities. Thus, the stimulation protocol featured in the first part
of this chapter referenced this prediction error dichotomy to probe in vitro responses
of the somatosensory circuit exposed to stimulation intensity prediction errors. Slices
of S1 were exposed to sine-wave photo-stimulus trains which ramped up in amplitude
over the course of a 4.1 s period. On 20% of trials, the ramp featured one of four
different amplitude anomalies halfway through the trial - a small or large amplitude
deviation in the positive or negative direction (Figure 3.1B-C). The key manipulation
was the frequency with which one selected anomaly (in this case, the large positive
amplitude deviant) occurred in the stimulus set, with one set of slices being exposed
to it with 5% frequency, and another set receiving it on 80% of stimulation trials.
This allowed me to ask whether the slice’s response to a large amplitude deviant in
its stimulus train is modulated by how frequent, and thus predictable, that deviant
is in the global context of the entire stimulus stream? In other words — does a slice
behave differently when a local deviant is also a global deviant, versus when it is not?

I selected stimulation amplitude as a parameter of interest because of empiri-
cal evidence suggesting that activation strength in mouse S1 neuronal populations is
directly relevant to encoding information. In one study, optogenetic stimulus trains
modulated at a rate of 10 Hz were delivered to layer 4 of the mouse primary so-
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matosensory cortex while the animals navigated a virtual tunnel in which walls were
not physically present, but rather implied by scaling LED power with proximity to
the 'wall’ (Sofroniew et al., 2015). Using this stimulation scheme, animals successfully
navigated the curves of the illusory tunnel with an equal level of accuracy as when
navigating a set-up in which walls were physically present. Thus, mice would rapidly
turn left if the amplitude of optogenetic stimulation in the left hemisphere encoding
proximity signals from the right wall was increased in order to signal wall approach.
The finding that mice could use stimulation amplitude variation within their barrel
cortex to derive the required spatial information implies that this stimulation mode
can serve as a distance code, although it does not necessarily imply that it does so
during natural behaviour. As such, I reasoned that an optogenetic stimulation proto-
col featuring amplitude ramps with deviations would constitute an in vitro simulation
of a navigation scenario in which a signal encoding wall approach might be rapidly
disrupted with a locally deviant signal which may or may not be expected given its
frequency in the stimulus set. Furthermore, while the authors of the aforementioned
study did not explore the effects of delivering stimulation at a range of frequencies,
their successful use of 10 Hz stimulation indicates that this frequency might permit
meaningful information encoding within S1. With this in mind, both experiments
featured in this chapter presented optogenetic stimulation at a rate of 10 Hz.

3.1.3 EXPERIMENT 2: SPATIOTEMPORAL PREDICTION ERRORS

In the second series of experiments, prediction error concerned the site of pho-
tostimulation — a parameter choice based on the fundamental relationship between
neuronal location within its designated cortical site and informational content.

One of the most universal and prominent features of sensory cortices across
modalities and species is the presence of a place code, whereby neurons situated at
different sites have distinct representational properties. Here, change along directions
parallel to the cortical surface often co-varies with representations of space, such as
retinotopic (Hubel & Wiesel, 1969; Schuett et al., 2002) and somatotopic locations
(Sumser et al., 2017; although tonotopy in auditory cortex, eg. Humphries et al., 2010,
is not strictly spatial, as it corresponds to the cochlea’s, rather than environment’s,
spatial representation of sound). The barrel field of the rodent primary somatosensory
cortex in particular has become a prototype for cortical functional mapping, due
to its robust spatial representation of the animal’s whisker pad. Here, 1.4 features
cylindrical structures, termed barrels, populated with neurons whose responses are
primarily driven by one principal whisker, with precise correspondence between a
barrel’s cortical location and the site of its principal whisker on the pad (Woolsey &
Van der Loos, 1970). On the scale of a single barrel, neurons in the layers above and
below are considered to be constituents of a barrel column — a proposed computational
unit of the whisker system (Petersen, 2007).
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More recently, a mapping principle has also been uncovered on the subcolum-
nar scale. The receptive fields of barrel neurons are known to be multi-dimensional,
exhibiting sensitivity to a range of features aside from whisker identity, such as veloc-
ity and angular direction of whisker deflection (Andermann & Moore, 2006; Bale &
Maravall, 2018). We now know, due to electrophysiological recordings (Andermann
& Moore, 2006) and voltage-sensitive dye imaging (T'sytsarev et al., 2010) of the rat
S1 superficial layers, that these neurons form a graded directional selectivity map
within individual barrel columns. Here, principal whisker deflections in the direction
of a particular neighbouring whisker generate neuronal activations whose centre of
gravity is biased towards the barrel representing that nearer whisker.

Evidence for such a tuning gradient is weaker in the mouse, where researchers
have observed what can be better described as a salt-and-pepper arrangement. Here,
similarly tuned units cluster at certain sites within the barrel column, but without
a graded progression of tuning properties across the column’s extent (Peron et al.,
2015). For the purposes of the current experiment however, the question of whether
the mouse barrel cortex replicates the rat’s organised directional tuning map is not
critical. The essential property exhibited by both rats and mice is the tendency for
neuronal populations at different sites within their individual barrel columns to have
different informational properties. This means that exposing tissue within a single
barrel to a particular spatiotemporal pattern of stimulation might, in a rough way,
provide an in vitro equivalent to a context in which a particular whisker experiences
a rapid sequence of deflections in various directions. This holds true for both species,
even if the underlying tuning map is organised in a less graded fashion in the mouse.

With this equivalence in mind, the stimulation protocol used in the second
series of experiments of this chapter aimed to probe individual barrel columns for
signs of predictive coding by exposing slices of ChR2-expressing barrel cortex to
temporal sequences of differently localised light patches. These were delivered using
a Digital Micro-mirror Device (DMD) at a rate of 10 Hz (i.e. 100 ms per patch),
in accordance with previous findings that stimulating mouse S1 at this frequency
provided functional sensory signals during navigation (Sofroniew et al., 2015). Light
patches were targetted specifically to L2/3, which receives direct input from L4 upon
the arrival of feedforward thalamocortical signals (Thomson & Bannister, 2003), and
which exhibits the sub-columnar angular tuning gradient first discovered in the rat
(Tsytsarev et al., 2010) and subsequently found in a significantly looser format in the
mouse (Peron et al., 2015). Furthermore, an inter-trial interval of 10 s was chosen
based on a similar rationale to that in experiment 1 of this chapter - that is, to
replicate the intervals that behaving animals would encounter when performing a task
such as virtual navigation. On a majority of trials (85%), these patches proceeded
in a particular order — an attempt to roughly simulate a specific sequence of whisker
deflections. However, a small number of trials featured deviations from the standard
sequence, such as premature stimulation at a particular location, or total reversal of

64



sequence direction. The goal of this experiment was simple: that is, to ask whether
the slice responded to stimulation events differently under conditions when these were
expected or not, given their position in the sequence.

3.1.4 THE LOCAL FIELD POTENTIAL (LFP) AS A MEASURE OF POP-
ULATION ACTIVITY

In both series of in vitro experiments, microelectrodes were used to conduct
extracellular recordings of the local field potential (LFP). An LFP signal can be
generated by currents flowing across any excitable membrane, with contributions
potentially stemming from various cellular compartments of both neurons and glial
cells in the vicinity of the recording electrode (Buzsaki et al., 2012). These currents,
measured at a given location in the extracellular medium, produce a specific potential
with respect to a reference value obtained from outside the tissue, and are used
as a measure of population activity. It is important to note that LFP signals are
thought to be underpinned predominantly by currents emanating from pyramidal
cells (Murakami & Okada, 2006), as the consistent alignment of their dendrites along
one direction increases the distance over which electrical fields travel and gives these
cells an open-field configuration (Lorente de No, 1947; Ness et al., 2018). This, in
turn, allows such fields to persist for long enough to be picked up by extracellular
current sensors.

The precise nature of the component signals of the LFP is not entirely clear,
given the breadth of potential contributing factors. However, it is currently thought
that the LFP primarily represents the summed synaptic activity of neuronal ensem-
bles contained within the small volume of tissue surrounding a recording electrode
(Katzner et al., 2009). The reasons for this are several. Firstly, the posited impor-
tance of synaptic activity is based on the notion that extracellular currents which
give rise to a measurable LFP signal must have a considerable degree of temporal
overlap (Buzsaki et al., 2012). From a probabilistic standpoint, the relatively slow
nature of synaptic currents makes them a primary candidate (Elul, 1971). Rele-
vant to this point is also a plethora of modelling work showing that the LFP can
be relatively well-explained by assuming that the extracellular medium has low-pass
filtering properties which preferentially attenuate higher-frequency events (>100 Hz)
such as action potentials, while preserving the slower signals produced by synaptic
events (Bedard et al., 2004; Bedard et al., 2006; Linden et al.; 2011), although this
is disputed (Dehghani et al., 2010; Logothetis et al., 2007). One of the first studies
to crystallise the link between LFP and synaptic activity examined concurrent ex-
tracellular and intracellular patch-clamp recordings in the mouse cortex, finding that
the LFP could predict subthreshold membrane potential fluctuations of individual
neurons as accurately as the recorded synaptic currents (Haider et al., 2016). This
strongly suggests that the LFP and synaptic activity closely correspond. As such,
the LFP provides a good indicator of cortical activity.
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The LFP is a popular measure of ensemble activity which can be harvested
using microelectrodes directly inserted into tissue (Lsghaei et al., 2017; Xing et al.,
2010). Importantly, for the purposes this chapter, the LFP signal can be spectrally
decomposed using methods such as Fourier (Burns et al., 2010) or wavelet (Manning
et al.,; 2009) analysis, to estimate whether neuronal activity exhibits oscillatory com-
ponents at frequencies of interest. Thus, cortical LFP recordings during a ‘predictive
coding’ stimulation protocol would lend themselves well to addressing some current
questions about whether parameters of the predictive coding scheme, such as sensory
predictions and prediction errors, are preferentially encoded by lower- and higher-
frequency a-8 (8-25 Hz) and « (30-150 Hz) oscillations respectively (Bastos et al.,
2012; Kanai et al., 2015).

While activities in the two frequency bands are predominantly generated in
the deep and superficial cortical layers respectively (Buffalo et al., 2011; Spaak et
al., 2012), there is some reason to believe that probing cortical LFPs using a single
Well—p081t10ned extracellular recording electrode should allow oscillatory signals from
various layers to be sampled. Researchers have combined analysis of cross-correlations
in spatially separated LFP recordings with direct cortical cuts at specific intervals to
show that the LFP is volume-conducted to a distance of 400-500 pum (Dubey &
Ray, 2016; Enool et al., 1990). Given the 900 pum thickness of C57BL/6 mouse cortex
(Lerch et al., 2008), this spatial spread can be exploited to capture signals from across
the layers using an electrode positioned in the vicinity of L4. This was the strategy
in the first series of experiments, where the LFP was acquired and analysed from a
single extracellular electrode placed in the centre of the cortical column. In the second
series of experiments, recordings were conducted simultaneously using two electrodes
placed in the deep and superficial layers, for better spatial resolution of the signal.

The ultimate goal of acquiring LFP recordings during the aforementioned stim-
ulation protocols was to ask questions such as: Is there an observable response to
violation of expectancy that is consistent with predictive coding occurring on a local-
circuit level? Is activity in the y-band particularly sensitive to prediction errors? Are
prediction errors accompanied by changes in oscillatory interactions, such as those
that can be captured using coherence analysis?

This last question is interesting given evidence that dynamic fluctuations in
oscillatory coherence between neuronal populations enable flexible exchange of infor-
matlon accordmg to task demands (Gutierrez et al., 2010; Richter et al., 2017; Roberts
et al.; 2013). Translaminar coherence is particularly relevant from a predlctlve coding
perspectlve, given its proposed distinction between the top-down communication of
predictions via low-frequency oscillations, and the feedforward transmission of pre-
diction errors by higher-frequency rhythms (Bastos et al.; 2012; Kanai et al., 2015).
Indeed, localised interactions across the layers come in a variety of flavours (Senzai et
al., 2019; Spaak et al., 2012), and can take the form of i) coupling oscillatory activities
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stemming from different layers in one or several frequency bands (termed amplitude-
amplitude coupling; Shirvalkar et al., 2010) or ii) modulation of oscillatory activity
in one frequency band by the phase of an ongoing oscillation in a different, usually
lower-frequency band (termed phase-amplitude coupling; Seymour et al., 2017; Spaak
et al., 2012). As such, spectrally decomposed LFP signals simultaneously acquired
from the deep and superficial layers of the barrel column in the second series of exper-
iments were subjected to cross-frequency coupling analysis to explore the possibility
that prediction error is associated with some form of perturbation in translaminar
coherence.
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3.2 METHODS

3.2.1 ANIMALS

Experiments were approved by the Committee on Animal Care and Ethical
Review of the University of Oxford and licensed by the UK Home Office. Sixteen
adult mice (C57BL/6, 9 males and 7 females, aged 6-8 weeks) underwent surgery to
receive intracranial injections of ChR2 for the in vitro optogenetic work in Experiment
1; fifteen adult mice (C57BL/6, 7 males and 8 females, aged 6-8 weeks) did so using
the same surgical procedures for the work in Experiment 2.

3.2.2 VIRAL INJECTIONS INTO MOUSE SOMATOSENSORY CORTEX

Mice received primary somatosensory (S1) cortical injections of adeno-associated
virus serotype 5 (AAV5) expressing ChR2-mCherry under the CaMKIla promoter
(AAV5-ChR2-CaMKIIa-mCherry), with a concentration of 10'? genome copies/ ml,
for the purpose of enabling optogenetic activation of excitatory cell populations dur-
ing stimulation and physiological recordings from brain slices in wvitro. The viral
construct was acquired from the Vector Core Facilities at the North Carolina Gene
Therapy Centre (courtesy of Dr. Karl Deisseroth).

At the start of the procedure, mice were anesthetised with isoflurane (4% in
2 L Og/min) and received a quick head shave before being placed in a stereotaxic
frame (Stoelting Co.). The scalp was then disinfected with a chlorhexidine diglu-
conate solution prior to administering a 40 ul injection of marcaine under the scalp
area, as well as a subcutaneous injection of a mix of buprenorphine (0.12 mg/kg)
and meloxicam (0.1 mg/kg) for systemic post-operative pain relief. Throughout the
procedure, anaesthesia was maintained with 1-1.5% isoflurane in 2 L Os/min; the
occasional adjustment was made with the aim of ensuring a constant breathing rate
of 1 Hz, indicative of a stable anaesthetic state. Body temperature was maintained
at 36° C using a homoeothermic blanket and a heat probe placed under the animal’s
abdomen (Harvard Apparatus).

Following a scalp incision, a dental drill was used to make a drill tip-wide
craniotomy at two sites overlying S1 (site 1: 2 mm posterior and 3.2 mm lateral to
Bregma; site 2: 1.5 mm posterior and 3 mm lateral to Bregma). Each craniotomy
site was injected with AAV5-ChR2-CaMKIIa-mCherry in 3 x 100 nl /min doses at
two separate depths (-350 pm and -750 pm), for a total of 1.2 ul virus per animal,
using a Hamilton Microliter Syringe. The edges of the scalp were then coated with
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a small amount of marcaine before suturing with braided vicryl sutures (Ethicon 5-0
W/ 16 mm tapered needle). Animals were allowed to recover for 30-60 minutes in a
warmed (33° C) chamber prior to being moved to their cages and housed with the
other animals that underwent surgery on the same day (usually 4-5 mice which had
been littermates). Mice were kept on a 12h light / 12 dark cycle, and monitored daily
for the first week post-surgery to ensure satisfactory recovery.

It should be noted that, prior to the aforementioned surgeries taking place,
an earlier batch of 20 mice (C57BL/6, 10 males and 10 females, aged 6-8 weeks)
had received S1 injections of another construct - AAV5-ChR2-CaMKIla-eYFP - for
experimental purposes. However, brain slices from these animals were not included
in the analysis reported in this chapter, owing to them exhibiting poor fluorescent
marker gene expression in the target cortical region, weak photostimulation-evoked
responses, and no verifiable activity in the v frequency range. Discussions in our
laboratory concluded that this was likely due to expiry of the viral construct, which
had been purchased several years before commencing this work.

3.2.3 ACUTE BRAIN SLICE PREPARATION

For both series of experiments, work was carried out over a period of 6-16
weeks after animals received viral injections into S1, to allow the virus to reach
high levels of expression. To start the brain extraction and slicing procedure, mice
were anesthetised in a chamber filled with isoflurane (4% in 2 L O/min) until they
exhibited a breathing rate indicative of deep anaesthesia (0.5-1 Hz) and a total loss
of the pedal reflex. At this point, they were rapidly decapitated and the brain was
dissected in warmed (32-35° C) sucrose solution (150 mM sucrose, 40 mM NaCl, 25
mM NaHCOj3, 15 mM glucose, 7.4 mM MgSQO4, 3 mM KCI, 1.25 mM NaH;PO,4 and
1 mM CaCly) - a method which has previously been used in our laboratory, with a
good degree of success, to cut slices for experiments involving LFP recordings.

Brains were sliced in coronal sections for Experiment 1; and thalamocortical
sections for Experiment 2, with the aim of increasing the preservation of barrels
neighbouring each other along the row dimension, (see Agmon & Connors, 1991).
Briefly, acquiring thalamocortical sections involves cutting the front of the intact
brain at a 45° angle and subsequently placing it cut side down for slicing. Slices were
produced at a thickness of 350 um, using a VT 1200S vibratome (Leica) and incubated
in an interface storage chamber filled with room-temperature aCSF (containing 126
mM NaCl, 24 mM NaHCOj3, 10 mM glucose, 3.5 mM KCIl, 2 mM CaCl,, 1.25 mM
NaH,POy4, and 1 mM MgSQO,) for at least 1 hour before commencing recordings. All
solutions used during the dissection, slicing, and incubation procedures were saturated
with 95% Os/ 5% COs.
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3.2.4 ASSESSING SLICE VIABILITY

Prior to data acquisition, it was important to establish that potential recording
sites in S1 were suitable for the experimental paradigm. That is, it was critical to
ascertain that a candidate recording site exhibited: i) robust fluorescence indicative
of successful expression of the ChR2-CaMKIIa-mCherry construct, ii) light-evoked
activation, a pre-requisite for an optogenetic stimulation protocol, and iii) activity
in the y-frequency, loosely defined as 30-150 Hz. Prior to testing for the latter two
properties, fluorescence was assessed in a submerged recording chamber under a mi-
croscope (Olympus BX5I WI microscope). Suitability assessment then proceeded
differently in Experiments 1 and 2.

Ezxperiment 1: After ascertaining fluorescent expression of the reporter mCherry
gene, the brain slice was taken to the interface chamber where recordings were to be
conducted, and an extracellular electrode was inserted into the vicinity of L4 in the
putative S1 region, identified on the basis of its location relative to prominent anatom-
ical landmarks such as the hippocampus or lateral ventricles. A Thor Labs blue LED
(M470F3, 470 nm emission) was placed directly on top of the tissue of interest, and
a 2 s train of sine-modulated light pulses (10 Hz) was applied to the tissue to test
whether the underlying cell population produced activations that fulfilled the crite-
ria of exhibiting light-evoked activity with significant oscillatory components in the
~v-band. If a visual inspection of the LFP trace confirmed this was the case, then
the site was used to conduct recordings under experimental conditions. On the other
hand, if the target site failed to produce any ~-oscillatory activity in the context
of clear light-evoked activations, then nearby sites in the slice would continue to be
probed with the electrode until an appropriate site was located. Figure 3.1D provides
a representative example of an LFP trace that exhibited v-oscillatory activity and
was thus considered suitable for experimental recordings.

Slices inevitably differ in terms of absolute ChR2 expression levels, and conse-
quently in terms of photosensitivity. Such variability may play a particularly impor-
tant role in this experiment, where stimulation amplitude is the critical manipulated
variable. While using trains of light pulses to probe candidate recording sites for
light-evoked and ~-band activity, I took the opportunity to gauge the tissue’s sensi-
tivity to light stimulation. To prevent photosensitive slices from exhibiting response
ceiling effects during the amplitude progression of the stimuli used in the experiment,
I scaled absolute LED output by a factor which yielded a satisfactory increase in re-
sponse strength with increasing power. Thus, absolute levels of light being delivered
to the tissue differed across slices, while leaving the rate of change in light amplitude
which occurred during stimulus presentation unaltered.
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Ezxperiment 2: After confirming fluorescent expression of the reporter mCherry
gene, an extracellular electrode was inserted into a putative recording site in L2/3 of
S1 and a recording was obtained while a single standard light sequence (see Figure 3.2
and Section 3.2.7) was delivered onto a patch of tissue below the electrode. A Morlet
wavelet transform was immediately carried out on the test recording (using Igor Pro
software), to estimate power across the spectrum and test whether y-band activity
was present. If v was confirmed, a second recording electrode was inserted into L4/5
within the same barrel column as the 1.2/3 electrode, and the experimental protocol
began. Targeting of specific layers and barrel columns was visually guided by the
pattern of fluorescence expression across the cortex, which was abundant above and
below L4 and clearly outlined the lateral extent of each barrel column.

3.2.5 RECORDING LOCAL FIELD POTENTIALS (LFPs) IN SOMATOSEN-
SORY CORTEX

Electrophysiological data were acquired at a rate of 10 kHz. Execution of the
experimental protocol, data acquisition, and pre-processing of the electrophysiological
recordings were all controlled by custom-written scripts run in Igor Pro software
(Version 6.3.7).

Ezxperiment 1: Extracellular recordings were conducted in an interface record-
ing chamber comprising two compartments: i) a bottom compartment filled with dis-
tilled Hy0 that was continuously bubbled with 95% Os/ 5% CO, and maintained at
33-34° C) and ii) an overlying compartment perfused with aCSF, which contained the
brain slice. Slice visualisation and targeting of the recording electrode were performed
with the aid of a Wild Heerbrugg dissection microscope. Recordings were acquired
using a borosilicate glass electrode (1-5 M resistance), filled with aCSF.

Ezxperiment 2: Extracellular recordings were conducted in a submerged record-
ing chamber that was continuously perfused with warmed aCSF (30° C). Slice visu-
alisation and targeting of the recording electrodes were performed with the aid of an
Olympus BX5I WI microscope. Dual recordings were acquired using two borosilicate
glass electrodes (1-5 M resistance), filled with aCSF.
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3.2.6 EXPERIMENT 1 PROTOCOL: EVOKING TEMPORAL SEQUENCE
PREDICTIONS IN VITRO

Each stimulus consisted of a train of sine-modulated light pulses (4.1 s duration;
10 Hz) which progressively increased in amplitude (max. LED power 30 mW /mm?)
as a function of time, such that the peak amplitude of the sine at time-point, Amp;
occurring at 100 ms intervals, was determined by the following formula:

Amp, = Amp;_1 + (Amp;_; x 0.10 x (t-1))

Thus the amplitude of any given light pulse was 10% higher than that of the
immediately preceding pulse. There were two main types of stimulus: i) a standard
ramp, in which the described amplitude progression occurred in an uninterrupted
fashion, and ii) an oddball ramp in which the progression was interrupted at 1.9 s by
the occurrence of a single oddball pulse, which deviated from the projected amplitude
by one of four amounts (+35%, +70%, -35% or -70%). An illustration of the standard
ramp and the four possible oddball ramps is provided in Figure 3.1C.

To test whether local S1 circuitry engages in a predictive mode of information
processing, the goal was to record LFPs during patterns of photostimulation that
were either ‘predictable’ or ‘unpredictable’ by virtue of having high or low levels
of prevalence in the stimulus set. Importantly, these stimulation patterns needed
to be physically identical so as to ensure that any potential effects on the neural
response were not attributable to trivial stimulus differences. Given this rationale,
the experiment was based on a between-group design which set out to compare LFP
recordings obtained from two groups of slices in which the frequencies of two types
of photostimulus were reversed.

One group of slices (22 slices; 12 slices from males and 10 slices from females)
received a stimulus set in which the standard ramp occurred on 80% of trials, while
each of the oddball ramps (-35%, -70%, +35%, and +70%) occurred with a 5%
frequency. A second group of slices (15 slices; 8 slices from males and 7 slices from
females) received a stimulus set in which one of the oddball ramps (+ 70%) was
selected to occur on 80% of trials, while each the remaining stimulus types (-35%,
-70%, +35%, and standard ramp) occurred with a 5% frequency. This frequency
reversal across slice groups enabled the same stimulus (i.e. ramp featuring a +70%
amplitude deviant) to assume the role of the ‘predictable’ and ‘unpredictable’ stimulus
on the basis of having a prevalence rate of 80% versus 5%, respectively, in different
slices.

The experimental protocol proceeded as follows. Slices were initially exposed to
20 repetitions of the stimulus assigned to have a high frequency, based on the rationale
that this would begin habituating the neural circuitry and engage potential predictive
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coding mechanisms. This was followed by 100 trials in which the five stimulus types
(standard ramp and four deviant ramps) occurred with their assigned frequencies, as
described above. Stimuli were presented in pseudorandom order, with two significant
constraints: 1) two low-frequency stimuli may never occur on consecutive trials, and
2) a given low-frequency stimulus may not be identical to the previously occurring
low-frequency stimulus. These constraints were primarily intended to prevent the
potential development of local ‘pockets’ of probabilistic information, such as those
which might be caused by the occurrence of the same low-frequency stimulus on
multiple consecutive trials. In all cases, stimuli were separated by 16 s inter-trial
intervals. Each slice was used for a maximum of one experiment, yielding a total of
120 discrete trial recordings: 100 recordings obtained during the delivery of a high-
frequency ‘expected’ stimulus, and 20 recordings obtained while applying the four
lower-frequency ‘unexpected’ stimulus types.

The stimulus frequency of 10 Hz was selected on the basis of the finding that
optogenetic stimulation of mouse S1 with sinusoidally modulated light pulses deliv-
ered at 10 Hz effectively replaced natural neuronal activation patterns triggered from
the periphery by direct contact with walls, and enabled animals to navigate a virtual
corridor with a high degree of accuracy (Sofroniew et al., 2015). The relatively long
inter-trial interval of 16 s was also selected to mimic the intervals that behaving ani-
mals would encounter in a task context, in order to explore whether such stimulation
conditions could yield evidence for predictive coding on a local circuit level.

Electrophysiological recordings were initially amplified 10-fold by Axoclamp 2A
(Molecular Devices), before undergoing further 100-fold amplification and low-pass
filtering (1 kHz) by LPBF-48DG, NPI Electronic.
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Figure 3.1: Experimental protocol for evoking temporal expectations in
vitro. A illustrates the experimental set-up. Slices of mouse somatosensory cortex
expressing ChR2 under the CaMKIla promoter were held in an interface chamber, and
received direct exposure to blue light modulated in a sinusoidal fashion at 10 Hz, while
a single extracellular electrode was used to acquire LFP recordings from the vicinity of
L4. B demonstrates the standard ramp stimulus used in the experiment, featuring a
sinusoidal ramp steadily ascending in amplitude at a rate of 10% per cycle. C zooms
in on a 300 ms time-bin which contains one of the five possible amplitude variants used
in the experiment — the standard amplitude pulse (grey), +35% (pink), +70% (red),
-35% (light blue), and -70% (dark blue) amplitude deviants. The frequencies of the
+70% amplitude deviant and standard amplitude pulse were reversed in two groups of
slices. D provides a representative 750 ms LFP trace obtained during the trialling and
assessment stage of the protocol, during which slices were probed for the presence of
light-evoked y-band responses. The higher-frequency fluctuations nested in the troughs
of the stimulus-evoked 10 Hz LFP oscillation were taken as reflective of y-band activity.
Slices exhibiting such a light-driven response characteristic were used for experimental

recordings.
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3.2.7 EXPERIMENT 2 PROTOCOL: EVOKING SPATIOTEMPORAL PRE-
DICTIONS IN VITRO

Stimuli were patterns of light projected directly on the brain slice surface using
a DMD modulating the spatiotemporal output of a LED (470 nm emission; max.
power 6 mW /mm?), both from Vialux. Patterns were projected through an x40
magnification lens, onto a tissue surface square with a width which did not exceed
the span of a single barrel column.

A single stimulation trial consisted of a sequence of 200x200 pixel squares of
light which were presented, one at a time, at 8 evenly spaced consecutive locations
along a circle of 768-pixel diameter, at a 10 Hz frame rate. Thus, each trial lasted a
total of 800 ms. The experiment consisted of four trial types (illustrated in Figure
3.2), collectively intended to enable an exploration of the potential effects on the LFP
response of physiological stimulation which deviates from statistical norm. These four
trial types were as follows:

e Standard sequence: squares were presented sequentially along a pre-
determined direction around the circle (whether this was clock-wise or counter-
clockwise was counterbalanced across experiments).

e Reverse deviant sequence: squares were presented sequentially along a
direction opposite to the standard.

e Forward skip deviant sequence: traversal along the standard direction
was interrupted by a skipping forward of two locations, with a randomly
selected start of any frame between the 3rd and 5th elements of the sequence.

e Backward skip deviant sequence: a forward-skip was immediately follow-
ed by a backward skip of two locations.

Each experiment consisted of 215 trials, separated by 10 s inter-trial intervals.
The stimulation protocol started with 15 consecutive presentations of the standard
sequence followed by a pseudorandomly ordered stimulus set interleaving 170 standard
sequences (85% frequency), 10 reverse deviant sequences (5% frequency), 10 forward-
skip deviant sequences (5% frequency), and 10 backward-skip deviant sequences (5%
frequency). The only constraint placed on the otherwise random order of stimuli
was that deviant sequences were separated from each other by at least one standard
sequence. Each experiment involved the use of one slice; no slice was used for more
than one experiment.
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Figure 3.2: Experimental protocol for evoking spatiotemporal expectations
in vitro. A demonstrates the experimental set-up. Slices of mouse somatosensory
cortex expressing ChR2 under the CaMKIIa promoter were held in a submerged cham-
ber. Two extracellular microelectrodes simultaneously recorded LFPs from L2/3 and
L4/5, while a DMD was used to deliver spatiotemporal patterns of light stimulation.
B shows the expression pattern of fluorescent marker gene mCherry in a representative
slice, demonstrating preferential expression in the superficial and deep layers. White
triangles highlight two septa which mark the boundaries of a single barrel column. The
white square outlines the extent of L.2/3 where optogenetic stimulation was targetted.
A microelectrode is located in L4, for reference. C-F illustrate the four trial types used
in the experiment. C: Standard sequence trial, D: Forward-skip deviant sequence trial,
E: Reverse deviant sequence trial, F: Backward-skip deviant sequence trial.
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3.3 DATA ANALYSIS

3.3.1 PRE-PROCESSING LFP TRACES

Raw traces were subjected to the following zero-phase filters: i) a notch filter
centred on 50 Hz used to eliminate noise generated by mains electricity, ii) a 0.2 Hz
high-pass filter, and iii) 200 Hz low-pass filter.

3.3.2 EXAMINING POWER ACROSS THE FREQUENCY SPECTRUM

To estimate the distribution of power across the frequency spectrum contained
within the LFP signal, pre-processed traces were subjected to a continuous Morlet
wavelet transform (with a width of 6 cycles), using Igor Pro software. The resulting
Igor binary wave files were imported to MATLAB (Version 2016a), using an open-
source toolbox of functions (courtesy of Jakub Bialek). The bulk of data analysis
took place in MATLAB (R2016a).

Prior to examining any stimulus-evoked activity across the spectrum, estimates
of power at each time-point and frequency were normalised by mean estimates at the
same frequency from a pre-stimulus baseline period of 500 ms.

3.3.3 OUTLIER REMOVAL

When examining estimates of parameters of interest (eg. vy-power or a-power),
outliers were removed in order to make the data more amenable to parametric analysis
(as tested using a Shapiro-Wilk test). For each experiment, any trials featuring esti-
mates that deviated from the lower and upper quantiles of the experimental estimates
of that parameter by £2 IQRs were removed prior to computing the experimental
mean. Furthermore, any individual experiments yielding estimates departing from the
lower and upper quantiles of the cross-experiment dataset by £2 IQRs were removed
prior to statistical analysis. This procedure eliminated no more than 2 data-points
each time it was applied.

3.3.4 STATISTICAL TESTING FOR DIFFERENCES

Where more than 2 levels of a variable were concerned, and/or statistical
interactions between variables were plausible, the test of choice was an ANOVA.
Where data failed to meet the normal distribution requirement for an ANOVA and
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a statistical interaction was not necessary to explore, the test of choice was the non-
parametric equivalent of a one-way ANOVA — a Friedman’s analysis of variance test.
Comparisons of data where <2 levels of a variable were concerned involved either t-
tests or Wilcoxon rank-sum tests, depending on whether data violated the normality
requirement of parametric analysis.

3.3.5 EXAMINING CROSS-TRIAL SITE COHERENCE ACROSS THE SPEC-
TRUM - EXPERIMENT 2

Owing to the fact that Experiment 2 involved recording LFPs simultaneously
from L2/3 and L4/5, I was able to estimate coherence between these two channels to
examine whether stimulation contexts associated with a prediction error give rise to
changes in coherence between signals obtained from the superficial and deep cortical
layers. To test this, I first conducted a continuous Morlet wavelet transform for each
trial, using pre-processed LEPs from the two laminar recordings (see Section 3.3.2).
These channel-specific estimates of power were then used to obtain a cross-spectrum
estimating signal correlation between the two channels across the trials for each in-
dividual experiment and condition, as a function of frequency f (S;?), as follows:

°trial °trial
Sf1’2 — ;L:lma s Wfl x ;L:lrza s W*fz

Where W;! is the wavelet transform of the signal obtained from channel 1 (L2/3),
and W*;? is the complex conjugate of the wavelet transform of the signal obtained
from channel 2 (I.4/5). Coherency between the signals was then computed by normal-
ising the squared magnitude of the cross-spectrum by the product of the magnitudes
obtained from the wavelet transforms of individual channels, as follows:

B

°trial * °trial
( ;1:1mas W} « Wfl) « ( 11:1ma3 ng « W;Q)

3.3.6 EXAMINING CROSS-TRIAL PHASE LAG CONSISTENCY - EXPER-
IMENT 2

Coherency is influenced both by covariance in power across the spectrum be-
tween two channels, as well as consistency in the phase relations of the two signals
(Roach & Mathalon, 2008; Torrence & Compo, 1998). Thus, in addition to examining
coherence, I isolated a measure of cross-trial phase lag consistency between the two
signals as a function of condition. Phase lag consistency was computed separately for
each experiment and condition, by obtaining the magnitude of the imaginary com-
ponents of the complex Morlet wavelet description at each frequency and time-point,
summed over trials.
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3.3.7 CROSS-FREQUENCY COUPLING ANALYSIS - EXPERIMENT 2

To examine i) whether low-frequency activity recorded from the deeper L4/5
channel significantly modulated higher-frequency activity concurrently recorded from
the more superficial L2/3, and ii) whether such cross-frequency coupling was sen-
sitive to deviant versus standard stimulation conditions, I performed exploratory
cross-frequency coupling analysis, using methods originally described in Canolty et
al. (2006). The analysis was carried out using the openly available cross-frequency
coupling MATLAB toolbox (courtesy of Andrew Quinn, University of Oxford), and
proceeded as follows.

First, pre-processed extracellular recordings from both channels (encompassing
+ 400 ms of stimulus duration; 1.6 s in total) were split into 30 windows of 100 ms
lengths, with 50 ms overlap. Such windowing was necessary to ensure that cross-
frequency coupling over the course of a trial could be estimated with some degree
of temporal resolution (by default, the analysis would yield a single time-blind esti-
mate). Within each window, recordings were band-pass filtered to produce two sets
of real-valued signals centred on frequencies that could plausibly provide oscillatory
channels for the interplay between modulating low-frequency activity in L4/5 and
high-frequency activity in L2/3. Recordings from L2/3 were subjected to parallel
filters with centre frequencies ranging from 50 to 90 Hz (a broadly defined y-band),
separated by 20 Hz steps and comprising 20 Hz bandwidths; filters applied to record-
ings from L4/5 were of centre frequencies 8 and 10 Hz (covering the traditional a-
frequency band), in 2 Hz steps and 3 Hz bandwidths. This was done separately for
each individual trial of every experiment.

Next, Hilbert transforms were applied to each band-pass filtered signal to obtain
a collection of complex-valued analytic representations of the signals at each of the
channels and frequency bands of interest. In the next step, phase information was
extracted from the set of L.4/5 complex representations to create a set of analytic phase
time series (6,,) focused on each of the two aforementioned a-range frequency bands
where possible modulating activity might be taking place. Conversely, the amplitudes
of the set of L.2/3 complex representations were used to create an equivalent analytic
time series of magnitude values (Amp, (t)) at each of the y-frequency bandwidths of
interest. Using these two types of time series, the procedure constructs a collection of
composite complex-valued signals combining each of the two a-phase time series with
each of the y-amplitude time series (yielding a total of 8 composite phase-amplitude
series, Z), as follows:

Z(t) = Amp, (t) x e*0=lt)
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The length of this vector provides a measure of coupling between the phase of
ongoing low-frequency activity in L4/5 and the amplitude of higher-frequency activity
in 1.2/3, while the average of this length across trials captures the degree of consistency
in this coupling. One caveat of this value is its sensitivity to baseline differences in
~v-amplitude — i.e. given experiments with identical cross-frequency dependencies,
those with higher y-amplitudes would yield larger average vector lengths.

A normalised modulation index (MI,,,,,) was thus derived to ensure that cross-
frequency coupling estimates were independent of amplitude. This was produced by
normalising each experiment’s average vector length by a metric of distance between
it and the average vector length taken from 250 surrogate composite phase-amplitude
time series. In each surrogate series, the phase time-series was circularly shifted by an
integer randomly selected from a uniform distribution ranging from 0 to the number
of samples in the time-series, thus preserving the amplitude information while dis-
rupting any potential phase-amplitude relations. The distance metric was computed
as follows:

D = (mean(VTRUE)—mean(VSURR))/std(VSURR)

where Vrryg is the vector of the true composite phase-amplitude time-series and
Vsurr is the vector of the surrogate time-series. Next, the distance metric was used
to scale the average vector length and obtain MI,,,;.,,, as follows:

MInorm = (D X eixangle(mean(VTRUE)))

3.3.8 STATISTICAL ANALYSIS OF COHERENCE AND CROSS-FREQUENCY
COUPLING - EXPERIMENT 2

I approached the question of whether deviant and standard stimulation pro-
duce differences in i) coherence or ii) cross-frequency coupling strength between the
superficial and deep layers without an a priori hypothesis of the spectral locus of the
expected effect. The time when this effect was expected was also not constrained,
as a change in power coherence, phase relations, or phase-amplitude coupling could
occur immediately in response to a deviation, or manifest in a response to future
stimulation. This open-ended approach to examining a time- and frequency-indexed
measure comes with a high false positive risk, due to the extremely high number
of frequency-time points available for testing. To address this issue, I used a non-
parametric statistical test recommended by Maris, Schoffelen & Fries (2007), which
takes into account prior ignorance of the spectral or temporal locus of an effect.
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For coherence and phase lag consistency data, the test proceeds by transforming
the frequency- and time-indexed coherence values (see Section 3.3.5) for the two
conditions of interest (Dev vs Ctrl) into a matrix of frequency- and time-indexed
z-scores (Z; Brillinger, 1981), separately for each experiment, as follows:

(tanh~1(Cohy] ") — 1/d.f.P=) — 2) — (tanh~1(Cohy; ") — 1/d.f.(C) — 2)
V (1/d.f.(Pev) —2)  (1/d.f.(CtrD) — 2)

For cross-frequency coupling data, z-scores are obtained by subtracting and
consequently dividing each experiment’s mean MIL,,,.,, across deviant trials by the
cross-experiment mean and standard deviation of MI,,,,,, indices obtained in the con-
trol condition, separately for each corresponding time-window and modulating/carrier
frequency combination. For each experiment, this yields a three-dimensional matrix
of z-scores (indexed by modulating frequency, carrier frequency, and time-window)
which serves as the foundation for statistical analysis.

Analysis proceeds by identifying each experiment’s maximal absolute value z-
score across the range of specified dimensions (i.e. time-point and frequency for
coherence and phase lag consistency data; time-window, modulating frequency, and
carrier frequency for cross-frequency coupling data) and obtaining an average maximal
z-score across experiments. This z-score is then assigned a statistical significance level
by a randomisation test which compares this z-score to a reference distribution of
average maximal z-scores constructed on the basis of 10,000 random permutations
of data point-label associations. A resulting Monte-Carlo p-value (pas¢) of < 0.05
would indicate that the deviant and control conditions differ significantly somewhere
in the time-frequency plane (for coherence and phase-lag consistency data) or in
some time-window (for cross-frequency coupling data); however it does not specify
the spectral and temporal location of the effect. Nonetheless, it can be used to guide
plot interpretation.
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3.4 RESULTS - EXPERIMENT 1

3.4.1 RECAP AND OBJECTIVES

In this series of experiments, extracellular recordings of LFPs were obtained
from a total of 37 slices of mouse S1 in vitro, (n=4 from two different mice, n=3 from
five different mice, n=2 from five different mice, and the remainder of single slices
taken from four different mice), while cortical tissue was subjected to optogenetic
stimulus ramps. Figure 3.3 provides an illustrative example of the stimulus-evoked
LFP and its spectral decomposition. The main objective was to test whether stimulus-
evoked responses in barrel cortex are modifiable by the statistical regularities of the
stimulus stream. Specifically, the question was whether responses to a local ampli-
tude deviant (referred to as LPD, or Large Positive Deviant throughout this section)
in the stimulus ramp differ depending on whether that deviant is statistically unpre-
dictable or not, owing to low (5%; n=22 slices) or high (80% n=15 slices) frequency
of occurrence in the stimulus set. Throughout this results section, these experimen-
tal conditions will be referred to as Condition 1 (LPD rare) and Condition 2 (LPD
common).

3.4.2 STATISTICAL ANALYSIS: CONTROLLING FOR CROSS-SLICE AND
CROSS-TRIAL VARIABILITY

Individual slices differ in terms of photosensitivity and baseline magnitude of
~v-activity. Furthermore, differences can also emerge over time within a slice, over the
course of an experiment. To facilitate statistical comparisons of conditions in which
a large amplitude deviant constituted the ‘expected’ versus ‘unexpected’ stimulus,
each trial featuring the deviant was matched with the immediately preceding trial
in the same experiment featuring a non-deviant pulse, to serve as the control. I
reasoned that a paired-samples approach using trial pairs with maximal temporal
proximity would enable a comparison between the large and standard stimulation
amplitudes which maximally controlled for parameters that might change over the
course of an experiment (eg. channelrhodopsin saturation, habituation), and enable
optimal comparison of conditions under which a local amplitude deviant was a global
deviant by virtue of low frequency in the stimulus set versus when it was common,
and thus expected.
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Figure 3.3: Illustrative example of stimulus-evoked LFP in mouse S1 in vitro
and its spectral decomposition, during standard ramp stimulus delivery. A
illustrates the standard sinusoidal ramp stimulus used to modulate the delivery of blue
light onto the tissue surface. B demonstrates a representative LFP recording obtained
from L4/5, aligned to the stimulus. C demonstrates log-power as a function of time
and frequency in the LFP trace, showing clear spectral peaks at the stimulus frequency
(10 Hz) and its harmonic frequency (20 Hz), as well as distinct modulations of power
at the higher frequencies of the y-spectrum (50-150z). Here, power is modulated by the
10 Hz rhythm, reflecting the presence of nested y-oscillations.
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3.4.3 POWER IN THE «+-BAND IS RESPONSIVE TO STIMULUS AMPLI-
TUDE

The ~-band can be loosely defined as encompassing frequencies within the
bounds of 30-150 Hz. However, given the likelihood that oscillatory processes taking
place at lower and higher ~-frequencies represent physiologically and functionally
distinct processes (Ray & Maunsell, 2011; Ray et al., 2008; Van der Meer & Redish,
2009), the ~-band was split into a series of narrower 15 Hz-wide frequency bands,
ranging from 30 to 150 Hz, for the purposes of analysis.

To ascertain whether y-power was sensitive to stimulus amplitude, time-frequency
descriptions of the LFP (see Sections 3.3.1 and 3.3.2) were used to estimate maximal
power at each of the defined v-bandwidths during the 100 ms following the onset of
each large amplitude deviant. This estimate was normalised by the equivalent esti-
mate obtained from the preceding 100 ms (illustrated in Figure 3.4A), to control for
slice differences in absolute levels of y-power and capture an estimate of stimulus-
driven change. The same normalised maximal y-power estimate was obtained for the
same 100 ms period marking the standard pulse taken from each matched control
trial.

Normalised estimates of power within the discretised y-bandwidths in response
to deviant and standard stimuli were aggregated across the two experimental con-
ditions (Figure 3.4B), and submitted to a repeated measures two-way ANOVA with
Frequency Band (60-75 Hz, 75-90 Hz, 90-110 Hz, 110-130 Hz, and 130-150 Hz) and
Stimulation Amplitude (Large Deviant and Standard Pulse) as repeated measures
variables, to test whether power in any of the frequency bands was sensitive to stim-
ulus amplitude.

The ANOVA revealed a significant main effect of Stimulus Amplitude (/'(1,
35)=83.28, p< 0.001, z/f, = (.704), owing to stimulus-evoked power across the vy-bands
being, on average, significantly higher during the large amplitude deviant (/= (.49,
SD= 0.25) compared to the standard pulse (//= 0.087. SD= 0.009). A significant
main effect of Frequency Band (F(1,7)= 4.22. p= 0.007, r/;: 0.11) indicated that
power was, on average, significantly higher in some frequency bands; however this
main effect was not pursued further, due to the vast number of post-hoc comparisons
this would involve combined with the relatively small informational gain of doing
so. Finally, the ANOVA found no significant Frequency Band X Stimulus Amplitude
interaction (/'(1, 35) = 1.15, p= 0.33, 1/]2) = 0.032). Thus, y-power in the LFP was
found to be significantly higher when slices were exposed to larger stimulus ampli-
tudes, delivered through increased LED power. The next, and crucial question, is: is
this amplitude effect modulated by whether that level of stimulation was expected,
by virtue of being common (Condition 2) versus rare (Condition 1)?
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3.4.4 POWER IN THE ~-BAND IS NOT RESPONSIVE TO STIMULUS
PROBABILITY

To test the critical hypothesis that stimulus-driven «-band power is sensitive
to stimulus probability, I extracted the differences between normalised maximal -
power estimates obtained during the large amplitude deviants and their matched
control trials. These y-power contrast measures (Figure 3.4C), averaged across trials
within each experiment, were submitted to a repeated-measures two-way ANOVA
with Frequency Band (60-75 Hz, 75-90 Hz, 90-110 Hz, 110-130 Hz, and 130-150 Hz)
as the repeated-measures variable and Large Deviant Probability (Low (5%) and
High (80%)) as the between-subjects’ variable. The ANOVA reported no significant
main effects of Large Deviant Probability (//(1, 34)= 2.21, p= 0.147, 7°= 0.061),
and Frequency Band (F'(1, 7)= 0.844, p= 0.551, /;12,: 0.024), as well as no significant
Large Deviant Probability X Frequency Band interaction (/'(1, 7)= 1.092, p= 0.369,
z/f,: 0.031). These results contradict what would be expected if the probability of the
amplitude deviant significantly modulated stimulus-driven y-band power.

Nonetheless, a close-up visual inspection of the stimulus-evoked ~v-activity tak-
ing place in the slice (Figure 3.4D) suggests that splitting the range of y-frequencies
into five equal bandwidths may not be entirely representative of the oscillatory activ-
ity taking place. Instead, the time-frequency transform suggests that the ~-activity
is more accurately described as occupying two discrete bandwidths - a lower one
spanning 30 to 50 Hz, and a higher one extending from 75 to 150 Hz. Given these
observations, a further analysis was undertaken on the basis of a more data-driven
outline of the v bands within which an effect of stimulus predictability might be
found. As done in Section 3.4.3 (above), time-frequency descriptions of the LEP were
used to estimate maximal power in the two observed y-bandwidths (30-50Hz and 75-
150Hz) during the 100 ms following the onset of each large amplitude deviant. This
estimate was normalised by the equivalent estimate obtained from the preceding 100
ms (illustrated in Figure 3.4A). The same normalised maximal y-power estimate was
obtained for the same 100 ms period marking the standard pulse taken from each
matched control trial.

The resulting normalised estimates of y-power in response to deviant and stan-
dard stimulation, aggregated across the two experimental conditions, are shown Fig-
ure 3.4E. As done in the analysis of five equally spaced 7-bands featured in this
section, the differences between normalised maximal v-power estimates obtained dur-
ing the large amplitude deviants and their matched control trials were extracted for
both the 30-50 Hz and 75-150 Hz bands, as a function of whether a deviant was
rare or common in the stimulus set (Figure 3.4F). The obtained ~-power contrast
measures were averaged across trials within each experiment and submitted to two
independent-samples t-tests (one per frequency band), comparing power contrast es-
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timates between conditions of low versus high deviant probability. The tests revealed
no significant difference in ~-power contrast between condition 1 (deviant rare; M =
0.32, SD= 0.33) and condition 2 (deviant common; M= 0.28, SD= 0.22) in the 30-50
Hz band (1= -0.45, p=0.655). The difference between condition 1 (deviant rare; M/ =
0.48, SD= 0.39) and condition 2 (deviant common; M = 0.35, SD= 0.18) was also
not significant in the 75-150 Hz band (/= -1.37, p=0.178). Thus, analysis of y-power
using a more data-driven delineation of v-bands supported the results of the previous
analysis suggesting that the probability of deviant stimulation did not have a signifi-
cant impact on stimulus-driven ~-power.

3.4.5 SLOPE OF TEMPORAL CHANGE IN v-BAND POWER IS NOT RE-
SPONSIVE TO STIMULUS PROBABILITY

Next, I examined whether y-power estimates exhibit a particular relationship
with time on the time-scale of an experiment, and whether the slope of this relation-
ship differs between conditions where the large amplitude deviant is rare (Condition
1) or common (Condition 2). A set of two linear regressions was performed per ex-
periment — separately for large amplitude deviant trials and their matched control
trials — to estimate the slope of the relationship between raw maximum ~y-power
obtained during the critical 100 ms period and trial number (Figure 3.5A). Slope
estimates (Figure 3.5B), segregated by trial type and condition, were then submitted
to a repeated-measures two-way ANOVA with Stimulus Amplitude (Large Ampli-
tude Deviant and Standard Ramp) as the repeated-measures variable, and Large
Deviant Probability (Low (5%) and High (80%)) as the between-subjects’ variable.
The ANOVA found no significant main effects of Stimulus Amplitude (F'(1, 34)=
0.157, p= 0.69, 1]12,: 0.005), and Large Deviant Probability (/'(1, 34)= 1.21, p= 0.28,
7];2): 0.035), as well as no significant Stimulus Amplitude x Large Deviant Probability
interaction (F(1, 34)= 2.69, p= 0.11, 7>= 0.075).

Next, I examined whether y-power changes at all over the course of an experi-
ment. The derived slope estimates were aggregated across slices and trial types, and
submitted to a one-sample Wilcoxon rank sum test, which reported that the median
slope of temporal change in stimulus-evoked ~y-power (Med= -2.59, [()R= 292.61) did
not significantly differ from zero (Rank sum= 345, p= 0.85).
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Figure 3.4: Effects of deviant amplitude stimulation, and its predictability,
on power in the 7-band, in vitro (n=37). A illustrates the procedure used to
obtain normalised estimates of «-power in response to large amplitude deviants and
standard pulses, shown in B. Max. y-power was estimated within a defined frequency
band during 100 ms marking the critical pulse stimulus, and subsequently normalised
by an equivalent power estimate from the immediately preceding 100 ms. Normalisation
was used to gauge the degree of change taking place from one stimulus pulse to the next;
the same method was used in analyses of y-band PF. B shows normalised max. power,
for a range of ~-frequencies, during photostimulation with large amplitude deviants
(red) and standard pulses (blue), averaged across slices. C' shows mean subtractive
contrasts between the normalised max. y-power estimates shown in B, for Conditions
1 (deviant rare; green; n=22) and 2 (deviant common; grey; n=15).D shows a 100
ms snapshot of a time-frequency transform data of a representative trial, highlighting
y-activity in two discrete bandwidths: 30-50 Hz and 75-150 Hz, used to conduct a
further data-driven analysis of y-power, shown in E-F. E shows normalised max. power,
for each of the two empirically defined y-bands, during photostimulation with large
amplitude deviants (red) and standard pulses (blue), averaged across slices. E shows
mean subtractive contrasts between the normalised max. y-power estimates shown in
D, for Conditions 1 (deviant rare; green; n=22) and 2 (deviant common; grey; n=15).
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Figure 3.5: Effects of deviant amplitude stimulation, and its predictability,
on temporal changes in y-power, in vitro (n=37). A shows trial-wise estimates of
stimulus-evoked y-power (within the broadly defined ~-band of 30-150 Hz), from a sin-
gle experiment. Note that power is shown in arbitrary units resulting from normalising
raw time-wise power estimates by values obtained from a 500 ms baseline period pre-
ceding stimulus delivery. Changes in y-power over the time-scale of an experiment were
quantified by taking slope estimates from linear regressions (plotted as dashed lines)
fitted to the relationship between single-trial y-power estimates and trial number, sep-
arately for trials featuring standard pulse stimuli and large amplitude deviants (dots).
B shows a violin plot of the resulting v-power slope estimates, obtained as described
in A. Black boxes delineate the lower and upper quartiles of the data distribution; the
median is marked in white.
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3.4.6 PEAK FREQUENCY IN THE «-BAND IS NOT RESPONSIVE TO
DEVIANT PROBABILITY

I turned to examining whether peak frequency - defined as the frequency ex-
hibiting the highest power — within the broadly defined ~-band was sensitive to the
predictability of large amplitude deviants. Time-frequency descriptions of the LFP
(see Sections 3.3.1 and 3.3.2) were used to extract peak frequency estimates within
the range of 30-150 Hz, as a function of time (Figure 3.6A).

Peak frequency estimates were averaged within each 100 ms period featuring a
large amplitude deviant, and normalised by the equivalent estimate obtained in im-
mediately preceding 100 ms of the same trial. Normalised peak frequency estimates
were obtained using the same procedure for matched control trials. The resulting es-
timates (Figure 3.6B) were submitted to a repeated-measures two-way ANOVA with
Stimulus Amplitude (Large Amplitude Deviant and Standard Pulse) as the repeated-
measures variable, and Large Deviant Probability (Low (5%) and High (80%)) as the
between-subjects variable. The ANOVA reported no significant main effects of Stim-
ulus Amplitude (F'(1, 34)= 1.65, p= 0.21, 7/;2,: 0.046), and Large Deviant Probability
(F(1,34)=1.27, p= 0.27, /)ﬁ: 0.036), as well as no significant Stimulus Amplitude X
Large Deviant Probability interaction (/' (1, 34)= 0.064, p= 0.80, r/;z): 0.002). This
indicates that deviant predictability was not a significant modulator of peak frequency
in the y-band during stimulus-evoked activation.

3.4.7 SLOPE OF TEMPORAL CHANGE IN 7v-BAND PEAK FREQUENCY
IS NOT RESPONSIVE TO DEVIANT PROBABILITY

Next, I examined whether peak frequency exhibits a particular relationship with
time on the time-scale of an experiment, and whether the slope of this relationship
differs between conditions where the large amplitude deviant is rare (Condition 1) or
common (Condition 2).

A set of two linear regressions was performed per experiment — separately for
large amplitude deviant trials and their matched control trials - to estimate the slope
of the relationship between raw peak frequency and trial number (Figure 3.6C). Slope
estimates (Figure 3.6D), segregated by trial type and condition, were submitted to a
repeated-measures two-way ANOVA with Stimulus Amplitude (Large Amplitude De-
viant and Standard Ramp) as the repeated-measures variable, and Large Deviant
Probability (Low (5%) and High (80%)) as the between-subjects’ variable. The
ANOVA found no significant main effects of Stimulus Amplitude (/'(1, 34)= 0.47.
p= 049, 7,= 0.14), and Large Deviant Probability (F'(1, 34)= 1.54, p= 0.22, 1), =
0.043), as well as no significant Stimulus Amplitude X Large Deviant Probability
interaction (F'(1, 34) = 0.026, p= 0.87, 7= 0.001).
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Figure 3.6: Effects of deviant amplitude stimulation, and its predictability,
on peak frequency (PF) in the v-band, in vitro (n=37). A shows raw y-band
PF as a function of time, averaged across trials featuring standard amplitude pulses
(blue) and large amplitude deviants (red). Results are shown separately for slices in
Condition 1 (top; deviant rare; n=22) and Condition 2 (bottom; deviant common;
n=15). B shows 7-band PF estimates averaged over the 100 ms duration of each
standard pulse and large amplitude deviant, separately for slices in Condition 1 (left;
deviant rare) and Condition 2 (right; deviant common). Estimates were normalised by
values obtained from the previous 100 ms within the same trial. C' shows trial-wise
stimulus-evoked y-band PF estimates from a single experiment. Changes in y-band
PF over the time-scale of an experiment were quantified by taking slope estimates from
linear regressions (plotted as dashed lines) fitted to the relationship between single-trial
estimates of peak frequency and trial number, separately for trials featuring standard
pulse stimuli and large amplitude deviants (dots). D shows a violin plot of the resulting
~v-band PF slope estimates, obtained as described in C. Black boxes delineate the lower
and upper quartiles of the data distribution; the median is marked in white.
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3.4.8 POWER IN THE a-BAND IS NOT RESPONSIVE TO DEVIANT
PROBABILITY

Next, I examined whether power in the a-band immediately preceding, or
during, large amplitude deviants and control standard pulses discriminated between
conditions where such deviations were rare (Condition 1) versus common (Condition
2). Time-frequency descriptions of the LFP (see Sections 3.3.1 and 3.3.2) were used
to estimate maximal power in the a-band (5-15 Hz) during the 100 ms period which
i) preceded and ii) followed, the onset of each large amplitude deviant. Equivalent
a-power estimates were obtained for matched control trials. It should be noted that
assessing stimulus-evoked activity in the a-band is highly problematic given that
stimulus trains were delivered at 10 Hz, making it likely that any observed 10 Hz
rhythmic activity in vitro is, to a large degree, directly entrained by photostimulation.
However, the 10 Hz bandwidth used to operationalise « in the following analyses
creates room for examining rhythmic activity at other, nearby frequencies, and raises
the possibility that a meaningful response discriminating different stimulus conditions
might be observed.

First, I tested whether a-power discriminated between stimulation conditions
which were to be followed by two different pulses, which were either expected or
unexpected. Maximal a-power estimates from the 100 ms period preceding the crit-
ical pulse on deviant and matched control trials (Figure 3.7A) were submitted to a
repeated-measures two-way ANOVA with Stimulus Amplitude (Large Amplitude De-
viant and Standard Pulse) as the repeated-measures variable, and Large Deviant
Probability (Low (5%) and High (80%)) as the between-subjects’ variable. The
ANOVA found no significant main effects of Stimulus Amplitude (F'(1, 34) = 3.44,
p=0.072, 1;= 0.092), and Large Deviant Probability (F'(1, 34)= 0.084, p= 0.77, 7, =
0.002), as well as no significant Stimulus Amplitude X Large Deviant Probability
interaction (F'(1, 34) = 0.425, p= 0.52, 77= 0.012). This indicated that a-power did
not distinguish between stimulation conditions associated with different predictable
futures, as would be reflected in a significant main effect of Large Deviant Probability.

Next, estimates of maximal a-power during the deviants and equivalent time
periods in the matched control trials (Figure 3.7B) were submitted to a two-way
ANOVA of the same format. The ANOVA found no significant main effects of Stim-
ulus Amplitude (/(1, 34)= 2.79, p= 0.10, ;= 0.076), and Large Deviant Probability
(F (1, 34)= 0.058, p= 0.811, r/i: 0.002), as well as no significant Stimulus Amplitude
X Large Deviant Probability interaction (F'(1, 34)= 0.29 p= 0.59, ;= 0.008). Thus,
stimulus-driven a-power was found to not be sensitive to stimulus amplitude or prob-
ability.
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3.4.9 SLOPE OF TEMPORAL CHANGE IN a-BAND POWER IS NOT
RESPONSIVE TO DEVIANT PROBABILITY

Next, I explored whether a-power exhibits a particular relationship with time
on the time-scale of an experiment, and whether the slope of this relationship differs
between conditions where the large amplitude deviant is rare (Condition 1) or common
(Condition 2). A set of two linear regressions was performed per experiment — sepa-
rately for large amplitude deviant trials and their matched control trials - to estimate
the slope of the relationship between raw maximal stimulus-evoked a-power captured
during the 100 ms pulse duration, and trial number (Figure 3.7C). Slope estimates
(Figure 3.7D), segregated by trial type and condition, were submitted to a repeated-
measures two-way ANOVA with Stimulus Amplitude (Large Amplitude Deviant and
Standard Ramp) as the repeated-measures variable, and Large Deviant Probability
(Low (5%) and High (80%)) as the between-subjects’ variable. The ANOVA found no
significant main effect of Stimulus Amplitude (/'(1, 34)= 0.33, p= 0.57, 7, = 0.01) and
a moderately significant main effect of Large Deviant Probability (/'(1, 34)= 4.18, p=
0.049, //ﬁ: 0.110), reflecting the observation that slopes of temporal a-power change
were somewhat higher in Condition 1 (large deviant probability low; M= 314.41.
SD= 795.16) than in Condition 2 (large deviant probability high; M= -241.87, SD=
795.21). The Stimulus Amplitude x Large Deviant Probability was not significant
(F(1, 34)= 0.045, p= 0.833, n>= 0.001).

Given prior evidence of an association between ramp-up in low-frequency power
and the build-up of sensory expectation (van Ede et al., 2010; van Pelt et al., 2016),
it is relevant to test whether there is a significant net change in a-power over experi-
mental time. The derived slope estimates were aggregated across slices and stimulus
types, and submitted to a one-sample Wilcoxon rank sum test, which found that the
median a-power slope (Med= -12.24. [()R= 695.06) did not significantly differ from
zero (Rank sum= 331, p= 0.97).
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Figure 3.7: Effects of deviant amplitude stimulation, and its predictability,
on power in the a-band, in vitro (n=37). Note that power is shown in arbitrary
units resulting from normalising raw time-wise power estimates by values obtained
from a 500 ms baseline period preceding stimulus delivery. A-B demonstrate the mean
max. a-power estimates obtained during the 100 ms preceding (A) and following (B)
the onset of large amplitude deviants (red) and standard pulses taken from matched
control trials (blue). Results are shown separately for slices in Condition 1 (deviant
rare; left; n=22) and Condition 2 (deviant common; right; n=15). C shows trial-wise
stimulus-evoked a-power estimates from a single experiment. Changes in a-power over
the time-scale of an experiment were quantified by taking slope estimates from linear
regressions (plotted as dashed lines) fitted to the relationship between raw single-trial
estimates of a-power and trial number, separately for trials featuring standard pulse
stimuli and large amplitude deviants (dots). D shows a violin plot of the resulting
a-power slope estimates, obtained as described in C. Black boxes delineate the lower
and upper quartiles of the data distribution; the median is marked in white.
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3.5 RESULTS - EXPERIMENT 2

3.5.1 RECAP AND OBJECTIVES

In this series of experiments, extracellular recordings were obtained simultane-
ously from the superficial (L2/3) and mid-to-deep (L4/5) layers of 24 slices of mouse
somatosensory cortex in vitro, (includes n=5 from one mouse, n=3 from one mouse,
and n=2 from one mouse, with the remainder being single slices from 5 different
mice.) during exposure to spatiotemporal patterns of optogenetic stimulation. Each
stimulation event was a sequence of light squares, appearing one at a time for 100 ms
at different sites of cortical tissue contained within a single cortical barrel column.
While the standard, and most frequent (85%), stimulus involved a sequence of eight
squares traversing the radius of a circle, the stimulus stream was peppered with a
minority of trials in which the spatiotemporal pattern deviated from the statistical
norm, in the form of skipping sequence elements or a total reversal of sequence direc-
tion. The main objective of the experiment was to probe whether electrophysiological
activity, in vitro, could distinguish predictable forms of stimulation from those deliv-
ered outside their normal temporal context.

3.5.2 ANALYTICAL APPROACH TO EXPLORING EFFECTS OF DEVIANT
STIMULATION

Figure 3.8 shows the raw magnitude squared of Morlet time-frequency decom-
positions of LFP recordings obtained from randomly selected single trials of several
experiments, in L2/3 and L4/5 respectively (prior to baselining). Given that most
clear y-band modulation appeared to take place <50 Hz, v was restricted to a 30-45
Hz bandwidth for purposes of analysis. The three parameters of interest in this re-
sults section are: i) power in the y-band (30-45 Hz), ii) peak frequency in the v-band
(v-band PF), and iii) power in the a-band (8-12 Hz). A critical question, given the
three deviant trial types used in the experiment, was whether any of these parameters
responded significantly to premature stimulation of a patch of tissue, as exemplified
by the forward-skip. Furthermore, it was interesting to explore the slice’s response
during photostimulus delivery to a patch of tissue following its failure to receive the
temporally appropriate stimulation as a result of a forward-skip. As such, the back-
skip, in which stimulation was delivered to one of the previously ‘skipped’ locations
in a back-skip deviant trial type, would prove informative.

When examining the neural response to forward-skips and back-skips, estimates
of maximal 7-band and a-band power, as well as y-band PF, were averaged within
the 100 ms period featuring each appropriate deviant event, yielding 20 individual
trial estimates for forward-skips and 10 for back-skips. Given likely variation in
photosensitivity and stimulus-evoked LF'P power between slices and different patches
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of tissue within the same slice, I reasoned that the most robust way to examine
sensitivity to deviation involved setting up a series of appropriate comparisons. As
such, each deviant trial was paired with a standard sequence trial which immediately
preceded it in the same experiment (to serve as a matched control trial) and three
different measures were extracted, as follows:

1. Deviant stimulus measure: The relevant estimate obtained from the deviant
trial was normalised by the corresponding estimate obtained from the 100 ms period
marking photostimulation of the same patch of tissue in the matched control trial
(trial-1). This measure aimed to compare signals between conditions where stimulus
delivery to the same patch of tissue occurred within the appropriate temporal context
(i.e. standard sequence trial) or not (i.e. during a forward-skip or back-skip). Note
that a tissue patch receiving stimulation during a forward-skip at time t receives stim-
ulation at t+200 ms in a standard sequence trial. During a back-skip event, the patch
of tissue receiving stimulation at time t receives stimulation at t-100 ms in a standard
sequence trial. As such, the deviant stimulus measure compares signals which differ,
not only in terms of deviance, but also time-point during trial. Controlling for this
time-shift requires a specific control, outlined below.

2. Time control measure: For every trial featuring a forward-skip or back-skip,
the two immediately preceding standard sequence trials were selected (trial-1 and
trial-2). The relevant estimate was obtained in trial-1 from a 100 ms period following
time-point t, which corresponded to deviant event onset in the deviant trial to which
the two standard sequence trials were yoked. Note that in this case, the tissue was
not responding to deviant stimulation, but to non-deviant stimulation taking place at
the same time within the trial as the nearest future deviant event. This estimate was
normalised by the equivalent estimate obtained from trial-2 during a 100 ms period
starting with t4+200 ms for forward-skips and t-100 ms for back-skips. The result is
a comparison of signals separated by the same amount of time as those contributing
to the deviant stimulus measure; however, without incorporating any deviance.

3. Deviance control measure: The relevant estimate obtained from a 100 ms
period preceding the forward-skip deviation (t-100 ms) was normalised by the estimate
obtained from the same time period in the matched control trial. This measure aimed
to capture the contrast between standard and deviant trials in a manner which could
not have possibly been influenced by departure from statistical expectancy.

If deviant photostimulus delivery indeed influenced some facet of the LFP signal,
one would expect the deviant stimulus measure to significantly differ both from the
time and deviant control measures, which control both for the timing and stimulus
deviance differences that are inherent in the signals being compared for the deviant
stimulus measure. These three measures are illustrated in Figure 3.9A and Figure
3.10A, for forward-skip and back-skip trials respectively.
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Figure 3.8: Raw power across the frequency spectrum for extracellular
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gle randomly selected trials from 2 sample experiments. Raw extracellular
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3.5.3 7-BAND POWER: NO SIGNIFICANT EFFECTS OF DEVIATION
FROM THE SPATIOTEMPORAL NORM

To examine whether v-power in either 1.2/3 or L4/5 was sensitive to deviation
from the spatiotemporal norm, as triggered by photostimulation outside its normal
sequence context, time-frequency descriptions of the LFP (see Sections 3.3.1 and
3.3.2) were used to estimate power in the v-band across time (30-45 Hz) and obtain
deviant stimulus, and stimulus and time control measures of maximum 7-band power,
as per description in Section 3.5.2, separately for forward-skips (illustrated in Figure
3.9A) and back-skips (illustrated in Figure 3.10A). To test whether the critical deviant
stimulus measure of y-power differed from the control measures for either laminar site
and deviant type, measures were averaged across trials for each slice and submitted
to a series of Friedman’s analysis of variance tests for difference of score distributions,
separately for recordings from L2/3 and L4/5.

A Friedman’s test looking at forward-skips (Figure 3.9B) revealed no significant
difference between the distributions of deviant stimulus measures and the two control
measures in L2/3 (’= 5.25, p= 0.072) and L4/5 (\*= 0.54, p= 0.76). In the back-
skip condition (Figure 3.10B), the test similarly flagged up no significant differences
both in 1.2/3 (\*= 4.20, p= 0.12) and L4/5 (\*= 3.25, p= 0.19). Thus, there is no
evidence that power in the v-band responded to violations of statistical norms.

3.5.4 PEAK FREQUENCY IN THE v-BAND: NO EFFECT OF DE-
VIATION FROM THE SPATIOTEMPORAL NORM

To examine whether v-band PF in either L2/3 or L4/5 was sensitive to deviation
from the spatiotemporal norm, time-frequency descriptions of the LFP (see Sections
3.3.1 and 3.3.2) were used to estimate peak frequency within the defined ~-band
(30-45 Hz), and obtain deviant stimulus, and stimulus and time control measures of
~v-band PF, as per description in Section 3.5.2. These were submitted to a series
of Friedman’s tests, separately for L2/3 and L4/5. In all cases, follow-up post-hoc
tests involved Bonferroni-corrected significance thresholds of p= 0.025, to account for
the necessary double comparison of the deviant stimulus measure with two control
measures.

In the forward-skip condition, (Figure 3.9B), the test showed a significant dif-
ference between the three distributions of y-band PF estimates in L2/3 (?= 9.45,
p= 0.009). This difference was explored with a series of post-hoc Dunn’s pair-wise
tests, which showed, taking threshold correction into account, that the distribution of
deviant stimulus measures failed to significantly differ both from those of the deviant
(t=-0.36, p= 0.39) and time control measures (7= 0.91, p= 0.033). The Friedman’s
test also flagged a significant difference between the three distributions in L4/5 (=
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11.45, p= 0.003), which was explored with a further pair of post-hoc Dunn’s pair-
wise tests. These revealed that the distribution of deviant stimulus measures differed
significantly from that of the deviance control measure (1= 1.09, p= 0.011), but not

of the time control measure (1= -0.27, p= 0.52).

In the back-skip condition (Figure 3.10B), the test indicated a significant differ-
ence between the three distributions in L2/3 (= 6.17, p= 0.046). Dunn’s pair-wise
post-hoc tests indicated that this was due to the distribution of deviant stimulus es-
timates differing significantly from that of the deviance (1= 0.92, p= 0.025) but not
time control (1= 0.833, p= 0.041) measures. In L4/5, Friedman’s test also reported
a significant difference between the three y-band PF measures (\*= 9.50, p= 0.009).
Dunn’s pair-wise tests pointed to the distribution of deviant stimulus measures being
significantly different from that of the deviance (1= 1.25, p= 0.002), but not time
control measures (= 1.84, p= 0.06). Thus, testing failed to provide consistent evi-
dence that peak frequency responded to violations of statistical norms.

3.5.5 ACTIVITY IN THE a-BAND: NO EFFECT OF DEVIATION FROM
THE SPATIOTEMPORAL NORM

Finally, a series of Friedman’s tests looked for differences between the distribu-
tions of maximal a-power estimates captured by the deviant stimulus measure, and
the two control measures, separately for L2/3 and L4/5. In the forward-skip condi-
tion (Figure 3.9B), the test revealed that the three distributions did not significantly
differ in L2/3 (*= 4.00, p= 0.135), but did so in L4/5 (*= 12.20, p= 0.002). This
was explored with post-hoc Dunn’s tests, which revealed a significant difference be-
tween the distribution of deviant stimulus measures and that of the time (/= 1.30,
p=0.004), but not deviance control measures (/= -0.10, p= 0.82).

In the back-skip condition (Figure 3.10B), Friedman’s test found no significant
difference between the distributions of deviant stimulus measures and the two controls
in L2/3 (\*= 4.67, p= 0.097), however did report a significant difference in L4/5
(v?= 9.80, p= 0.007). Post-hoc Dunn’s tests suggested that this was underpinned
by the distribution of deviant stimulus measures being significantly different from
that of time (= 1.10, p= 0.014), but not the deviance control measures (/= -0.20.
p= 0.655). As such, there is no robust evidence that a-power responds to deviant
stimulus delivery at either laminar site.
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Figure 3.9: Effects of deviant forward-skips in a stimulation sequence on
~v-power and peak frequency, and a-power, during L2/3 stimulation, in vitro
(n=24). A illustrates the three measures used to test if the LFP distinguishes tissue
stimulation during a forward-skip from non-deviant stimulation. Top: Deviant stimulus
measure. An estimate of interest (eg. -power) obtained during stimulation of a tissue
patch targeted by a forward-skip (i.e. a deviant event) is normalised by the equivalent
estimate obtained when stimulating the same tissue patch in the preceding standard
sequence trial (control). Middle: Time control issue. The estimate obtained from the
control trial during 100 ms yoked to the forward-skip in the matched deviant trial is
normalised by the estimate obtained from the previous control trial during 100 ms,
delayed by 200 ms. Thus, two stimulus events are compared with a 200 ms time-shift
as featured in the deviant stimulus measure, without differing degrees of event deviance.
Bottom: Deviance control measure. The estimate from 100 ms preceding the forward-
skip in a deviant trial is normalised by the estimate from the same period in the control
trial. This measure captures the difference between the deviant and control trials before
any deviation occurs. To support local-circuit predictive coding, the deviant stimulus
measure is expected to differ both from the time and deviance control measures. B
shows violin plots of deviant stimulus, time control, and deviance control estimates of
~-power (top), a-power (middle), and - band PF (bottom), separately for L.2/3 and
L4/5. Black boxes delineate the lower and upper quartiles of the data distribution; the
median is marked in white.
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Figure 3.10: Effects of deviant back-skips in a stimulation sequence on -
band power and peak frequency, and a-band power, during L2 /3 stimulation,
in vitro (n=24). A illustrates the three measures used to test if the LFP distinguishes
tissue stimulation during a back-skip from non-deviant stimulation. Top: Deviant
stimulus measure. An estimate of interest (eg. ~-power) obtained during stimulation
of a tissue patch targeted by a back-skip (i.e. a deviant event) is normalised by the
equivalent estimate obtained when stimulating the same tissue patch in the preceding
standard sequence trial (control). Middle: Time control issue. The estimate obtained
from the control trial during 100 ms yoked to the back-skip in the matched deviant trial
is normalised by the estimate obtained from the previous control trial during 100 ms,
leading by 100 ms. Thus, two stimulus events are compared with a 100 ms time-shift as
featured in the deviant stimulus measure, without differing degrees of event deviance.
Bottom: Deviance control measure. The estimate from 100 ms preceding the forward-
skip in a deviant trial is normalised by the estimate from the same period in the control
trial. This measure captures the difference between the deviant and control trials before
any deviation occurs. To support local-circuit predictive coding, the deviant stimulus
measure is expected to differ both from the time and deviance control measures. B
shows violin plots of deviant stimulus, time control, and deviance control estimates of
~-power (top), a-power (middle), and 7- band PF (bottom), separately for 1.2/3 and
L4/5. Black boxes delineate the lower and upper quartiles of the data distribution; the
median is marked in white.
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3.5.6 EFFECTS OF SEQUENCE REVERSAL ON v-BAND POWER AND
PEAK FREQUENCY, AND a-BAND POWER

In one deviant trial type (5% frequency), the order in which a sequence of tissue
patches received stimulation was reversed with respect to the standard sequence (Fig-
ure 3.11A). This trial type can shed some light on whether exposure to a particular
stimulation sequence can recruit plasticity mechanisms (eg. ['T'P; Bliss & Lomo 1973)
which enable the next locus of stimulation to be ’anticipated’ based on predictable
recent stimulus delivery to the neighbouring tissue patch. Such an ‘anticipatory’ ef-
fect can perhaps be visualised as one in which stimulation of a tissue patch shortly
followed by activation of another results in the neurons currently undergoing stim-
ulation exerting a long- or short-term depressing effect on neurons about to receive
stimulation, via mechanisms which may involve GABAergic intervention (Das et al.,
2011) or metabotropic glutamate receptors (Cho et al., 2000). In this case, running a
reverse stimulation sequence might offer a read-out of the normal interactions between
neighbouring clusters of neurons which may amount to some form of circuit-level pre-
dictive coding.

Comparing LFP signals in response to stimulation sequences running in op-
posing directions is not straightforward. The electrode may consistently obtain a
stronger signal during stimulation of one patch of tissue versus another, in which case
aligning LFPs recorded during reverse sequences may generate a false impression of
a difference. A visual inspection of the average - and a-power trace recorded during
standard and reverse sequences (Figure 3.11B) reveals that the precise locus of stimu-
lation appeared not to be the main determinant of spectral power, but rather sequence
onset and trial time. That is, both - and a-activity exhibited an initial onset-driven
spike in power (unlikely to be spectrally specific, as LFPs are often characterised by
a prominent onset-driven broadband component; Ray & Maunsell, 2010), followed by
an exponential decay in power over the time-course of a trial, with minor variations
which can likely be attributed to stimulation of distinct tissue patches. In order to
cancel out some of the temporal decay effects and make signals extracted from the
two sequence types more comparable, an exponential curve was fit to the time-course
of v/a-power, separately for each reverse sequence trial and its immediately preced-
ing control trial, with the aim of capturing trial-specific estimates of temporal decay
(Figure 3.11D). Each time-course was then scaled by its own time-reversed exponen-
tial curve to yield a time-course with an effectively reduced decay (Figure 3.11E).

A series of cluster-based permutation tests (one for each parameter and laminar
site; see fieldtriptoolbox.org/tutorial /cluster_permutation_timelock/ for test details)
were provided each experiment’s average reverse and control time-series, to explore
whether the two trial types significantly differed at any temporal locus. These tests
revealed that in neither 1.2/3 ( v: pyo= 0.90; o pye= 0.87) nor L4/5 (v: pre=
0.92; a= pye= 0.75), did the two variables significantly differ between trial types.
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Figure 3.11: Effects of stimulation sequence reversal on y-band and a-band
power, during L2/3 stimulation, in vitro (n=24). A illustrates the standard
sequences (blue) and reverse sequences (red) used for this analysis. B show trial time-
lines, averaged across experiments, comparing y-power between standard and reverse se-
quences, separately for extracellular recordings obtained in L.2/3 (left) and L4/5 (right).
C shows the same for a-power. D shows a sample ~-power trace from a single trial
recorded in L2/3 (blue), starting with the time-point associated with the average peak
in onset-driven power at 150 ms post stimulus onset. An exponential curve was fit to
the data, to capture the degree of temporal decay in power (pink). E shows the result
of scaling the y-power trace shown in D by the time-reversed exponential curve. The
intended effect is to cancel out the decay while preserving the smaller-scale fluctuations.
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3.5.7 TEMPORAL EFFECTS OF STIMULUS DEVIATION ON ~-BAND
AND a-BAND ACTIVITY

Next, I tested whether the LFP response to deviant stimulation distinguished
itself on the temporal scale of an experiment. It is possible, for example, that stimulus-
evoked responses in the v-band weaken over time to photo-stimuli delivered within
their appropriate temporal context, while doing so at a slower rate for unexpected
stimulation events. This might be reflective of a stimulus history recruiting plasticity
mechanisms which contribute to response suppression (Garrido et al., 2009; Randlett
et al., 2019), without providing the same readout of circuit habituation during stim-
ulation associated with prediction error.

To examine this question, I focused on the forward-skip deviant type. Trial-wise
estimates of maximal v-power, a-power, and y-band PF were extracted from a 100
ms period spanning each of the following events: i) each forward-skip event (deviant
event), ii) each non-deviant event where the same patch of tissue received stimulation
in the immediately preceding standard sequence (stimulus control event), and iii) each
event immediately preceding the forward-skip deviation in every sequence featuring
a forward-skip (deviance control event). These three events are illustrated in Figure
3.12A.

Linear regressions were fitted to the relationship between data points taken
from each of the three events and trial number within each experiment (illustrated in
Figure 3.12B for a sample 1.2/3 recording), to compute the slope of change over time,
separately for a-power, v-power, and ~-band PF, as well as each laminar recording
site. Slope estimates (Figure 3.12C-E) were submitted to a series of Friedman’s
tests, which reported no significant differences between the distributions of y-power
(x*= 0.20, p= 0.90), v-PF (x*= 0.80, p= 0.67) and a-power (y*= 2.36, p= 0.31)
slope estimates for the three event types in 1.2/3. The same was found for y-power
(x*= 2.91, p= 0.24), v-PF (x*= 5.09, p= 0.078) and a-power (y*= 0.18, p= 0.91)
slopes in L.4/5. Thus, the three measures did not significantly differ in terms of their
relationship with experimental time, in either recorded layer.

Finally, I set out to verify if any of the three variables exhibited significant
change over experimental time. Slope estimates were collapsed across the three mea-
sures for each parameter of interest, and submitted to a series of one-sample Wilcoxon
rank sum tests for significant differences from a median of zero, separately for each
laminar site. In L2/3, the tests revealed that y-power (Med=4.0 x10~", [QR= 0.05,
p= 0.81), a-power (Med=3.0 x107*, IQR= 0.10, p= 0.38), and +-PF (Med=4.13
1072, IQR= 0.16, p= 0.81) slopes all showed no significant differences from zero.
Similarly, all slopes failed to significantly differ from zero in 1.4/5 (y-power: Med=3.8
x1073, IQR= 0.10, p= 0.79; a-power: Med=1.4 x1073, IQR= 0.10, p= 0.59; v-PF:
Med= 0.12, IQR= 0.26, p= 0.33).
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Figure 3.12: Temporal effects of deviant and control spatiotemporal stim-
ulation on ~-power, peak frequency, and a-power, during L2/3 stimulation,
in vitro (n=24). A illustrates the three event types during which the parameters
of interest were estimated for purposes of linear regression. For all trials featuring a
forward-skip, the 100 ms period of light delivery to the patch of tissue targeted by the
skip was used to estimate the deviant signal (red). The 100 ms period during which
that same patch of tissue was stimulated in a standard trial (i.e. non-deviant stimula-
tion) was used to extract a stimulus control signal (blue). Finally, the 100 ms period
preceding any deviation in each trial featuring a forward-skip was used to estimate a
signal controlling for deviance (green). B shows trial-wise stimulus-evoked 7-power
estimates from a single experiment, for each of the three event types described in A.
Changes in y-power over the time-scale of an experiment were quantified by taking slope
estimates from linear regressions (plotted as dashed lines) fitted to the relationship be-
tween single-trial estimates of y-power and trial number, separately for the three event
types (shown in red, blue and green). C-E show violin plots of the resulting slope esti-
mates, found separately for changes in y-power (C), peak frequency (D), and a-power
(E), as described in B. Black boxes delineate the lower and upper quartiles of the data
distribution; the median is marked in white.
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3.5.8 STIMULUS DEVIATION DOES NOT SIGNIFICANTLY INFLUENCE
COHERENCE BETWEEN L2/3 AND L4/5

Next, I tested whether deviant stimulation of a tissue patch during forward-
skip events influences the level of: i) coherence, and ii) phase lag consistency between
L2/3 and 1.4/5 signals captured by the two extracellular electrodes, at any frequency.
Prior to computing coherence or phase lag consistency across trials, all deviant tri-
als featuring a forward-skip and the immediately preceding standard sequence trials
serving as their controls were aligned to capture £500 ms relative to forward-skip
onset in the pair’s deviant trial. Then, cross-trial coherence was computed separately
for deviant and control trials, as described in Section 3.3.5 and illustrated in Figure
3.13.

Figure 3.14 demonstrates resulting estimates of magnitude squared same-frequency
coherence between 1.2/3 and L4 /5 recordings across the frequency spectrum. Statisti-
cal testing (see Section 3.3.8) for the significance of z-scores associated with comparing
deviant and control trials across time and frequencies (bottom of Figure 3.14A) re-
vealed that the mean difference between deviant and control trials did not exceed
chance rate at any time-point or spectral locus (2= 3.97. py,c= 0.52). Thus, there
is no evidence that coherence between superficial and deep layers was significantly
influenced by deviant stimulation.

Next, the consistency of phase lags (PLC) between same-frequency activities of
L2/3 and L4/5 was computed for each frequency and experiment (see Section 3.3.5;
Figure 3.14B). Testing for differences (see Section 3.3.8) between the PLC z-scores
associated with comparing deviant and matched control trials (bottom of Figure
3.14B) revealed no significant difference between deviant and control trials at any
time or frequency (2= 5.63, pyo= 0.21).
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Figure 3.13: Computing coherence between L2/3 and L4/5 signals, in vitro,
in a sample experiment. Computing coherence for a single experiment involves ob-
taining a squared product of the cross-trial sum of wavelet transforms of LFP recordings
obtained from L2/3 and that of the complex conjugates of wavelet transforms of LFP
recordings from L4/5, normalised by the product of summed magnitudes obtained from
the two layers, as detailed in Section 3.3.5. The left panel features LFP recordings ob-
tained from L2/3 during three sample trials taken from a representative experiment,
alongside plots of the magnitude of the corresponding complex wavelet signal descrip-
tion, as a function of time and frequency (denoted as Wpy/3). The right panel features
LFP recordings concurrently obtained from L4 /5 during the same three trials, alongside
plots of the magnitude of the complex conjugate of the corresponding complex wavelet
signal description, as a function of time and frequency (denoted as W*p,/5). The sums

of these parameters computed across all trials within an experiment (3 ;] Ctrials \y o, /3

for L.2/3 and Y -trials W75 for L4/5) are used to compute the degree of coherence
between L2/3 and L4/ 5 signals, shown in the lowest panel.
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Figure 3.14: Coherence and phase-locking consistency between L2/3 and
L4/5 signals, during L2/3 stimulation, in vitro, on trials featuring forward-
skip deviations versus standard sequences (n=24; 10 trial comparisons per
slice). A shows mean magnitude-squared coherence across the spectrum and time,
for trials featuring forward-skip deviations (top) and control trials featuring standard
sequences (middle). Differences in coherence values between the two trials types were
transformed into z-scores (bottom); and submitted to a permutation test for significant
differences. No loci were found to significantly differ between deviant and standard trial
types. B shows mean phase-locking consistency (PLC) across the spectrum and time,
for trials featuring forward-skip deviations (top) and control trials featuring standard
sequences (middle). Differences in coherence values between the two trials types were
transformed into z-scores (bottom), and submitted to a cluster-based permutation test
for significant differences. No loci were found to significantly differ between deviant and
standard trial types. In both cases, z-scoring was performed as described by Brillinger
(1981).
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3.5.9 STIMULUS DEVIATION DOES NOT INFLUENCE STRENGTH OF
L2/3 - 1L4/5 PHASE-AMPLITUDE COUPLING

Exploratory cross-frequency coupling analysis was performed to examine the
possibility that any cross-frequency coupling between signals in 1.2/3 and L4/5 (Sey-
mour et al., 2017; Spaak et al., 2012) may be significantly disrupted during an unpre-
dictable stimulus event. Each trial featuring a forward-skip and its matched control
trial was split into 30 x 100 ms time windows with 50% overlap and normalised phase-
amplitude modulation indices were obtained for each window (Canolty et al., 2006)
and each combination of candidate modulating (7-9 Hz, 9-11 Hz) and carrier (40-60
Hz, 60-80 Hz, 80-100 Hz, 100-120 Hz) frequency bands, as described in Section 3.3.7.

Figure 3.15 demonstrates the resulting modulation indices obtained across the
range of described carrier frequency bands and time windows; data from each panel
are centred on a different modulating frequency band. Statistical testing (see Section
3.3.8) revealed that the mean difference between deviant and control trials did not
exceed chance rate for any time window or modulating / carrier frequency combina-
tion (2= 2.72. py;o= 0.99). Thus, there is no evidence that cross-frequency coupling
between superficial and deep layers, in vitro, was significantly influenced by deviant
stimulation.

108



A. MODULATING a-BAND: 7-9 HZ

125

100

50

25
-1 5 10 15 20 25 30

Carrier frequency centre (Hz)

15
Time window

B. MODULATING a-BAND: 9-11 HZ

125 '

Carrier frequency centre (Hz)

Time window

Modulation index

0.75 1.00 1.25 1.50

Figure 3.15: Modulation index estimates for cross-frequency coupling be-
tween LFP signals in L2/3 and L4/5, during L2/3 stimulation, in wvitro
(n=24; 10 trials per slice and condition). A demonstrates modulation indices
across the range of tested carrier frequency bands (bandwidth 20 Hz) and time win-
dows (100 ms duration; 50 ms overlap) for a modulating frequency band of 7-9 Hz,
segregated by trials featuring forward-skip deviations (top) and control trials featur-
ing standard sequences (bottom). B demonstrates equivalent values for a modulating
frequency band of 9-11 Hz.
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3.6 DISCUSSION

The two sets of experiments examined in this chapter explored whether the pur-
ported physiological hallmarks of predictive coding can be observed on the level of a
local neuronal circuit isolated from the interactive context of a large-scale hierarchical
network. To this end, LFP recordings were obtained from slices of mouse S1 serving
as an in vitro model circuit, while the tissue was being exposed to temporal (Exp 1)
or spatiotemporal (Exp 2) patterns of optogenetic stimulation exhibiting particular
regularities. Occasionally, stimuli delivered to the tissue violated these regularities,
for instance by deviating from the expected stimulus amplitude (Exp 1) or the loca-
tion of photostimulation (Exp 2).

I obtained no robust evidence that slices of somatosensory cortex generated
predictions based on their optogenetic stimulation histories. This manifested in a
range of observations, such as the finding that spectral power and peak frequency in
the «-band were not sensitive to stimulus (un)predictability. Furthermore, I found
no evidence to believe that power in the a-band corresponded with the build-up of
sensory predictions either acutely (i.e. in the immediate lead-up to a stimulation
event) or on a large temporal scale (i.e. by scaling up with growing stimulation
history).

3.6.1 ACTIVITY IN THE ~-BAND DOES NOT CARRY PREDICTION ER-
RORS IN A LOCAL S1 CIRCUIT

In the first experiments detailed in this chapter, slices of S1 tissue were exposed
to trains of sine-modulated light pulses which ramped up in amplitude over the course
of the stimulus train. I explored the potential link between ~-activity and sensory
prediction error by examining power and peak frequency in the y-band during delivery
of a large amplitude deviant pulse which was associated with distinct degrees of
predictability in two sets of slices, where it occurred with either high (80%) or low
(5%) frequency. Examining stimulus-evoked «-band power in response to amplitude
deviants and non-deviant pulses positioned at the same time-points in control trials
showed that v-power was sensitive to the amplitude of optogenetic stimulation in both
conditions, increasing to a greater extent during the amplitude deviant compared to
control pulse (Figure 3.4B). However, y-power differences between trials delivering
amplitude deviants and non-deviant pulses were not sensitive to deviant predictability
(Figure 3.4C). Thus, while y-power was stronger in response to tissue stimulation at
higher LED power, this was not affected by whether higher power at that particular
time-point in a trial was a statistical commonality.
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In a further exploration of the link between y-power and stimulus predictability,
a series of linear regressions determined the rate at which stimulus-evoked ~-power
captured during amplitude deviants and control pulses changed over the time-course
of an experiment, as a function of deviant predictability (Figure 3.4D-E). This was
underpinned by the speculation that y-power might exhibit faster decline over a
growing number of trials in response to a statistically common versus rare stimulus (as
the common stimulus is better predicted, and thus evokes a weaker prediction error).
This may be underpinned by the recruitment of experience-dependent plasticity (Cho
et al., 2000; Das et al., 2011; Bozorgmehr et al., 2013; Randlett et al., 2018). However,
testing provided no evidence that stimulus-evoked ~-power changed over a slice’s
stimulation history in a manner which was sensitive to stimulus amplitude or its
predictability.

The second series of experiments detailed in this chapter provides corroborating
evidence. In these experiments, extracellular recordings were obtained from 1.2/3
and L4/5 in S1 slices exposed to photo-stimuli targeting distinct patches of tissue
in a particular sequence, at the level of a single barrel column, where a minority
of trials (15%) featured deviant stimulus delivery. Comparing y-power measured
during forward- and back-skip deviant events with two control measures revealed
no significant differences that would point to y-power being sensitive to deviation
from the norm, at either laminar site. Furthermore, exploring slopes of change in -
power across the time-course of an entire experiment revealed no significant differences
between slopes computed using estimates taken from the deviant event and those
taken from control events.

In fact, one-sample Wilcoxon rank sum tests revealed that ~-power did not
significantly change over the course of the experimental protocol, in either series of
experiments. This finding does not sit well with the supposed association between -
oscillatory activity and prediction error, which predicts that y-power should decrease
with an increasingly long stimulation history, as experience accrues and sensory pre-
diction error declines. The observed absence of significant change in y-power over
time in this series of experiments does not necessarily undermine the link between
~v-oscillations and prediction errors, but rather indicates a high likelihood that an iso-
lated cortical circuit is not sensitive to sensory prediction errors (and consequently,
does not engage in predictive coding).
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3.6.2 POTENTIAL DISSOCIATION BETWEEN PEAK FREQUENCY AND
POWER IN THE ~y-BAND

Analysis of peak frequency in the y-band (y-band PF) yielded somewhat dif-
ferent results from those obtained with ~-band power. Turning to the first series
of experiments, peak frequency estimates taken during amplitude deviants and non-
deviant pulses in control trials were compared as a function of amplitude deviant
predictability. Testing revealed that, neither stimulus amplitude nor deviant pulse
predictability had any significant main effect on v-band PF (Figure 3.6A-B). More-
over, no relationship was found between stimulus amplitude or predictability and the
slope with which peak frequency in the stimulus-evoked ~-band response changed
over the time-course of an experiment (Figure 3.6D).

These findings are, to a large degree, corroborated by the second series of ex-
periments. Here, I examined whether deviant photostimulation events, in the form
of forward-skip or back-skip departures from the standard sequence, yielded different
peak frequency estimates than two control estimates (Figures 3.9B and 3.10B). In
all cases, distributions of ~-band PF across experiments failed to differ from both
control measures. Where the distribution of deviant v-band PF measures differed
significantly from only one of the two controls, it did so compared to the deviance
control measure which captured PF during a time-window which took place 100 ms
before the onset of any deviant stimulation. In contrast, the distribution of PF es-
timates taken during deviant stimulation consistently failed to differ from that of
the time control PF measures, for both laminar sites and deviant event types. This
strongly suggests that any differences between the deviant and deviance control mea-
sures can be explained by the temporal difference between the time-points when the
PF estimates were obtained. A further important result was that slopes of y-band PF
change over the time-course of an experiment also did not differ significantly between
deviant and control stimulation events (Figure 3.12B). Thus, the notion that peak
frequency in the v-band might be meaningfully sensitive to deviations from the norm,
at least on the level of a local barrel circuit, is lacking evidence.

Interestingly, however, the first series of experiments showed that, unlike -
power, which was significantly greater during tissue stimulation at higher LED power,
peak frequency in the ~-band was not necessarily determined by optogenetic drive.
This finding is consistent with a body of evidence suggesting that ~-band power and
peak frequency are not entirely related variables (Jia et al.; 2013; Lima et al., 2010).
Traditionally, the two were treated as correlated facets of y-oscillatory activity, with
similar modulation by network drive (Whittington et al., 1995; Traub et al., 1996),
and similar contributions to behavioural performance on perceptual and cognitive
tasks (Edden et al., 2009; Scheeringa et al., 2016; Womelsdorf et al., 2007). In V1, the
two variables respond similarly to manipulations such as stimulus contrast increases
(Ray & Maunsell, 2010). However, other studies failed to replicate this relationship,
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finding instead that higher-contrast stimuli evoke higher y-power without significant
shifts in the spectral locus of the peak (Bartolo et al., 2011; Henrie & Shapley, 2005).
One experiment further dissecting such differences in monkey V1 found that some
manipulations — such as increases in visual stimulus size — modulated vy-power and
peak frequency of the LFP in opposing directions (Jia et al., 2013).

This dissociation has led to the hypothesis that the two facets of y-oscillatory
activity may, to some extent, involve dissociable mechanisms (Jia et al., 2013; Lima
et al., 2010). Whereas models indicate that the genesis of y-rhythms is largely a
function of a compromise between fast inhibition and slower feedback mediated by
principal cell-interneuronal connections (Brunel & Wang, 2003), peak frequency may
be partially determined by functional involvement from feedback or lateral connec-
tions, which may change the time constant of communications (Jia et al., 2013; Kang
et al., 2011). In light of this conjecture, it is interesting that the peak frequency of
v-activity in sensory (Lima et al., 2010) and motor (Heinrichs-Graham et al., 2018)
cortices shifts under conditions where sensory stimuli and motor plans, respectively,
compete for selection — conditions which are likely to recruit lateral inhibition or top-
down control (Coultrip et al., 1992; Desimone & Duncan, 1995).

The possible association between peak frequency and top-down or lateral sig-
nalling raises some interesting questions about its role in the supposed ~-frequency
channels encoding prediction errors under conditions where sensory predictions pro-
vide differing degrees of constraint. For instance, deviations from low-precision sen-
sory predictions, generated by less consistent stimulation histories (Friston, 2005;
Stefanics et al., 2018) might be encoded by ~-oscillations centred at different frequen-
cies compared to errors marking departures from deeply ingrained predictions, as the
former are likely preceded by weaker predictive constraints on bottom-up information
flow. Whether this is the case remains to be tested. However, for the time being it
suffices to say that my experiments provided no evidence that peak frequency in the
~v-band was significantly influenced by stimulus predictability in a local barrel cortical
circuit.

3.6.3 a-BAND POWER BEARS NO SIGNIFICANT RELATIONSHIP TO
SENSORY PREDICTIONS OR ERRORS IN A LOCAL S1 CIRCUIT

One interesting question that can be pursued, based on the experiments detailed
in this chapter, is whether a-activity could be plausibly linked to the representation
of sensory expectations (or responses to deviations from them; although this is not a
widely held view) in a local circuit.

Turning to the first series of experiments, I found no evidence that stimulus-
evoked a-power obtained during the 100 ms duration of a deviant differed between
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conditions with different degrees of deviant predictability (nor was a-power signif-
icantly sensitive to stimulation magnitude). The results of the second experiment
series support this finding, as the distributions of a-power estimates obtained during
forward-skip and back-skip deviant events did not differ significantly from the distri-
butions of two control estimates, in either L2/3 or L4/5 (Figures 3.9B and 3.10B).
Thus, a-power was not found to be sensitive to whether stimulation is (un)expected.
This is perhaps more peripheral compared to the finding that a-power does not signif-
icantly distinguish between conditions likely to contain different sensory predictions.

This was explored using data from the first experiment series, where I tested for
differences between maximal a-power estimates obtained during the 100 ms period
preceding each amplitude deviant and non-amplitude pulse, under conditions of low
and high deviant probability (Figure 3.7A-B). While LED power during this period
was identical for both pulse types and conditions, the most likely upcoming stimulus
was not. It is plausible that a circuit generating some form of sensory expectation
of the immediate future which reflects in a-rhythmic activity would produce levels of
a-power which discriminate between events most likely followed by large amplitude
deviants versus non-deviant pulses. An analysis of variance revealed, however, that
this was not the case.

It is plausible however, that a-power might represent the build-up of sensory
expectation in vitro without necessarily discriminating between different contents of
expectation (content-specific signals might be encoded by a different variable, such as
phase-locked spike patterns). To explore this possibility, I tested whether stimulus-
evoked a-power exhibited a gradual ramping up in power over the course of an experi-
ment, as slices were exposed to more stimulus exemplars which ought have contributed
stronger sensory predictions. Both in the first (Figure 3.7C-D) and second (Figure
3.12E) series of experiments, I failed to find that a-power significantly increased over
experimental time. This does not fully line up with human studies which have found
links between the build-up of sensory expectation and lateralisation of power in the
a/f-bands in the sensory cortices (Bauer et al., 2014; Sedley et al., 2016, van Ede et
al., 2010; van Pelt et al., 2016). A plausible conclusion is that the local barrel cortex
circuit is unlikely to have the capacity to generate representations of statistical prop-
erties in its input stream and produce sensory predictions. While researchers have
certainly observed a-band oscillatory activity on the scale of a single cortical column,
where it frequently entrains higher-frequency oscillations and spikes across the layers
(Sakata & Harris, 2009; Spaak et al., 2012), these signals — the purported carriers of
predictive information - perhaps need to be seeded by predictive inputs from beyond
the local circuit itself.
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3.6.4 TECHNICAL CAVEATS

It is critical to address the technical limitations of attempting to find the
physiological signatures of predictive coding in wvitro. One important question is
whether the parameters of optogenetic stimulation - i.e. duration of stimulus events,
inter-trial intervals and number of stimulus exposures - is compatible with what we
know about stimulation conditions which result in synaptic plasticity such as long-
term potentiation (L'TP; Bliss & Lomo, 1973). The use of long inter-trial intervals and
a 10 Hz stimulus delivery rate in both experiments described in this chapter was based
specifically on evidence of the functionality of such stimulation in supplanting natural
stimulus-evoked activity in mouse S1 during behaviour (Sofroniew et al., 2015), rather
than any consideration of stimulus parameters conducive to plasticity. Nonetheless,
evidence suggests that our stimulation protocol - involving a 10 Hz stimulus frequency;,
and inter-trial interval of 16 s (Experiment 1) and 10 s (Experiment 2) - is plausible
for plasticity induction in wvitro.

Traditionally, long-term potentiation - a model for studying the synaptic un-
derpinnings of learning and memory - has been studied in the hippocampus, where it
is induced using prolonged high-frequency (typically, 100 Hz) stimulation of afferent
fibres (Bliss & Collingridge, 1993: Bliss & Lomo, 1973). However, a variety of other
induction methods have been found effective, including theta-burst stimulation, used
both in the hippocampus (Nguyen & Kandel, 1997) and sensory cortex (Sarihi et al.,
2008) . This involves periodically presenting short 100 Hz bursts of 4-5 stimuli at the
lower frequency of 5 Hz, thereby emulating potential modulatory effects on spiking
behaviour of the hippocampal theta rhythm (Buzsaki, 2002). In a further depar-
ture from the classic high-frequency stimulation induction protocol, researchers have
found that repeated low-frequency stimulation at 1 Hz is also capable of inducing a
longer-latency, but lasting, long-term potentiation of synapses in the CA1 area of the
hippocampus, in a manner which does not depend on NMDA receptors (Gonzalez et
al., 2014; Lante et al., 2006), unlike the vast proportion of observed long-term po-
tentiation events (Park et al., 2014). This suggests that a high frequency of stimulus
presentation may not be necessary for inducing plasticity in a slice.

Furthermore, an experiment comparing the effectiveness of burst stimulation
delivered at inter-burst intervals ranging between 100 ms and 20 s found that LTP
at Schaffer collateral-CA1 synapses could be obtained under most stimulation condi-
tions, with the longest inter-burst intervals of 10 and 20 s evoking a shorter-lasting
(5-10 min), but nonetheless robust, synaptic potentiation (Grover et al., 2009). These
observations were interpreted by the authors as consistent with the prevalence of a
range of low-frequency rhythms observed in the hippocampus, such as the 0.01-2 Hz
sharp wave ripples seen during slow wave sleep (Buzsaki, 1986) which logic would
suggest to have the capability of modulating neuronal activity and plasticity. Im-
portantly, these observations have implications for the work outlined in this chapter,
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as they indicate that the featured inter-trial intervals might plausibly support the
induction of short-lasting plasticity, although they are not suitable for inducing long-
term potentiation. A noteworthy aspect of the observed synaptic potentiation effects
is that they emerged after a total of 80 stimulation trials (Grover et al.; 2009), indi-
cating that the numbers of stimulus exposures in the work described in this chapter
(120 trials in Experiment 1; 215 trials in Experiment 2) were plausibly sufficient for
inducing synaptic plasticity.

Finally, it is important to acknowledge that there is a considerable degree of
uncertainty about the discreteness of neuronal populations receiving stimulation by
the travelling square stimuli employed in Experiment 2 of this chapter, which has
implications for the plausibility of plasticity induction through communication be-
tween nearby cell populations. As covered in Section 3.1.3, the decision to expose
L2/3 of mouse S1 to spatiotemporal sequences of differently located squares of photo-
stimulation was based on evidence obtained both from calcium and voltage-sensitive
dye imaging that neuronal populations scattered across the lateral extent of the ro-
dent barrel column are tuned to different angles of whisker deflection (Andermann
& Moore, 2006; Tsytsarev et al., 2010). It was thus assumed that photostimulus
delivery to discrete patches of tissue within 1.2/3 would engage neurons with distinct
coding preferences, and thus roughly simulate a scenario in which a mouse experi-
ences a particular sequence of whisker deflections with a certain degree of regularity
(thus allowing stimulus expectancies to arise, and be subsequently broken). Given
the prevalence of recurrent excitatory circuits within L2/3 (Feldmeyer, Liibke & Sak-
mann, 2006; Lefort et al., 2009), such a stimulation protocol might be expected to
recruit some form of synaptic plasticity through repetitive signalling between con-
nected populations of stimulated neurons.

Importantly, however, this assumption may not hold given considerable uncer-
tainty about the degree to which targeting discrete patches of tissue recruits discrete
and non-overlapping neuronal populations. Morphological reconstructions of excita-
tory neurons within mouse barrel cortex reveal that the dendritic arbours of cells
within L2/3 extend up to 200 pum from the soma, with some sparser extensions seen
at distances of up to 300 um (Lefort et al.; 2009). Such a dendritic arbour would,
in fact, permeate the lateral extent of the average mouse barrel column (Aronof &
Petersen, 2008). This makes it probable that the stimulation protocol outlined in this
chapter may not, in fact, have targetted discrete cell populations with each differently
localised square patch of photostimulation, but may instead have activated heavily
overlapping groups of neurons with dendritic arbours permeating multiple stimula-
tion zones. As such, it is difficult to draw firm conclusions from the experiments
described - something that future studies can address by evoking and monitoring
the neuronal activity with single-cell resolution, using methods such as two-photon
targeted optogenetic stimulation (Zhang et al., 2018).
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CHAPTER 4

4.1 INTRODUCTION

4.1.1 HOW DOES THE v RHYTHM AFFECT INFORMATION TRANS-
FER?

The question of whether y-oscillatory activity plays a role in predictive coding
has thus far been largely examined by correlating power in the y-band to relevant
sensory parameters such as prediction error (El Karoui et al., 2015; Todorovic et
al., 2011). Aside from this, our understanding of predictive processing in the brain
might greatly benefit from asking the question on a smaller scale. Namely — how does
~v-rhythmic activity, the hypothesised channel for feeding prediction errors through
processing hierarchies (Bastos et al., 2012; Kanai et al., 2015), influence the response
properties of neurons which take part in the rhythm? Exploring this might offer some
insights into how prediction errors are propagated through sensory systems, and to
what effect on their target populations.

One notable study indicated that rhythmicity at 40 Hz selectively enhanced
the input-output curves of principal neocortical neurons (Sohal et al., 2009). In this
experiment, pyramidal cell spikes were measured in response to excitatory postsynap-
tic current trains (EPSCs) that were either: i) asynchronous, by virtue of random
sampling of input timings from a uniform distribution, ii) rhythmic at a theta (9)
frequency, with inputs being delivered on each half of a 125 ms cycle, or iii) rhythmic
at a y-frequency, with inputs delivered on each half of a 25 ms cycle. Target cell re-
sponses exhibited increased response gain specifically for y-modulated EPSC trains,
as well as enhanced mutual information between spike frequency and input strength.
Modulation in the #-band, on the other hand, produced only a marginally higher
input-output slope compared to the non-rhythmic input. These findings formed the
basis for concluding that v might play a special role in boosting information transfer.

Nonetheless, the study leaves some uncertainties. For instance, there is the
question of whether gain enhancement is specific to rhythmic excitation, or whether
inhibition can be recruited to the same effect. This is an important consideration,
since evidence suggests that inhibition is absolutely critical for generating the ~-
rhythm (Bartos et al., 2007; White et al., 2000). This is evidenced, for instance,
by the fact that intracellular y-frequency postsynaptic potentials in principal cells
reverse around the equilibrium potential for the inhibitory y-aminobutyric acid type
A (GABA,) receptors (Penttonen et al., 1998). Both soma-targeting fast-spiking
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(FS) and dendrite-targeting somatostatin (SST) interneurons are implicated in the
~v-rhythm (Sohal et al., 2009; Veit et al., 2017), although FS interneurons are thought
to be particularly relevant. Their autocorrelograms often peak in the v-frequency
band (Buzsaki et al.; 1983) and they phase-lock to ongoing ~-frequency activity in
the surrounding LFP (Penttonen et al., 1998 Hasenstaub et al.; 2005). Furthermore,
the causal role of perisomatic inhibition delivered by F'S interneurons during network
v-oscillatory activity is supported by current source density analysis (Mann et al.,
2005).

The time-course of inhibitory post-synaptic currents (IPSCs) is thought to be
critical for the frequency of an oscillating network, with in vivo animal work finding
that pharmacologically prolonging IPSCs results in slower pyramidal neuron rhyth-
micity (Traub et al., 1996; Whittington et al., 1995; Whittington et al., 2000). Such
findings have led to the proposal that interneuronal connections onto pyramidal cells
are pivotal in the induction of synchronised activity in the entire network, while the
time constants of interneuron-to-interneuron, as well as interneuron-to-pyramidal cell
connections within circuits set the frequency of these interactions (Bartos et al., 2007).

In this chapter, I set out to test the effects of y-rhythmic inhibitory post-synaptic
conductances (IPSGs) on the response properties of cortical pyramidal cells, and ex-
amine whether differing degrees of inhibitory v-power produce varying degrees of gain
enhancement. To this end, I used patch-clamp electrophysiology to record the spike
outputs of individual pyramidal neurons in mouse S1 in response to increasing levels
of excitation (delivered using square current pulses), during administration of simu-
lated TPSGs of varying degrees of y-power (delivered using dynamic clamp). My goal
was to test how IPSG trains with differing v-power affected response gain in principal
neurons and thereby extend the work in our laboratory which had begun answering
the question of whether ~-rhythmic inhibition plays a special role in enhancing the
information transmission properties of excitatory neurons.

4.1.2 FREQUENCY-DEPENDENT SCALING OF PRINCIPAL CELL RE-
SPONSES

In the second series of experiments detailed in this chapter, I examined whether
effects exerted by rhythmic inhibition on principal cell input-output curves critically
depend on frequency. In other words: is the y-band special in matters of information
transmission, as indicated by previous findings (Sohal et al., 2009), or can inhibition
delivered at other frequencies in principle generate the same response scaling effects?

Exploring this is relevant to the greater scientific endeavour of dissecting the role
of oscillatory dynamics in circuit processing. Thus far, the y-rhythm in particular has
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been implicated in facilitating the transmission and ‘binding’ of information across
neuronal populations (Bichot et al., 2005; Fries, 2005; Grothe et al., 2012; Womelsdorf
et al., 2007). As proposed by Pascal Fries - one of the progenitors of this hypothesis —
this might, in part, be due to gamma’s capacity to modulate excitation at a sufficiently
rapid rate so as to largely evade slow-onset feedback inhibition and thereby make it a
particularly effective driver of postsynaptic targets (Fries, 2016). The aforementioned
study examining the effects of - versus -band modulation of EPSCs on principal cell
output certainly supports the view of gamma as an enhancer of signal transmission,
finding that y-modulated excitatory inputs were associated with particularly steep
input-output response scaling (Sohal et al., 2009).

Oscillatory activity at lower frequencies has, in contrast, been traditionally as-
cribed an inhibitory role in circuit processing (Klimesch et al., 2007). In support of
this view is a range of studies documenting an association between reduced power in
the a/f frequency bands and increased stimulus-evoked neuronal activity and facil-
itated sensory detection. One human EEG study, for instance, found that a-band
desynchronisation at posterior scalp sites during the pre-stimulus period predicted
higher-amplitude event-related potentials (ERPs) and more accurate stimulus recall,
on a trial-by-trial basis (Myers et al., 2014). In other studies, reduced a-band power
immediately before stimulus onset was associated with a higher probability of par-
ticipants detecting a visual stimulus (Busch & VanRullen, 2010), as well as misinter-
preting visual noise as a signal (lemi et al., 2017). This link between lower-frequency
activity and inhibition is not necessarily surprising, as the inherently longer peri-
ods of reduced network excitability that it implies provide greater opportunity for
briefly incoming stimuli to be suppressed. Indeed, stimuli arriving in the sensory
cortex during one half of the ongoing EEG « cycle evoke significantly weaker ERPs
(Barry et al., 2004) and are much more likely to go undetected than stimuli arriving
in synchrony with other parts of the cycle (Busch, Dubois & VanRullen, 2009). The
finding that the topography of low frequency activity can be consistently and volun-
tarily redistributed to areas where incoming sensory stimuli need to be filtered out of
awareness to meet task demands (lkkai et al., 2016; Rihs et al., 7; Worden et al.,
2000, further indicates that such rhythms have the capacity to suppress excitation
and signal transmission. Thus, rhythms in the a//5-bands can plausibly be expected
to influence scaling of principal cell responses in a manner which opposes that of the
~-rhythm.

Finding that this is the case would by no means be showing the obvious, as inhi-
bition does not appear to be the end of the story for a-oscillatory activity. Crucially,
the complications are especially interesting from the perspective of predictive coding.
In one study, for example, researchers performed multi-electrode array recordings in
the macaque visual system during a decision-making task featuring saccades (Neu-
pane et al., 2017), focusing on the pre-saccadic period, during which representations
of visual stimulus locations undergo a remapping to account for the inevitable mlgra—
tion of a fixated object along the retina (Duhamel et al., 1992; Neupane et al., 2016;

119



Wang et al., 2016). Analysis of LFPs across multiple sites in V4 revealed that the
pre-saccade period was characterised by a spike in a-band coherence between neu-
ronal populations encoding a stimulus’ pre- and post-saccadic spatial locations. The
relative phases of a-activity at these sites indicated that information flowed from the
future to the present receptive field, leading the authors to conclude that o played
a binding role — something traditionally ascribed to ~v-band activity (Bichot et al.,
2005). More specifically, the researchers suggested that « facilitates so-called ‘predic-
tive forward mapping’ — that is, the binding of information pertaining to predictions
as well as sensory reality (Neupane et al.. 2017). As such, it may well be the case
that a- and ~-oscillatory activity play equivalent roles in boosting information trans-
mission, albeit perhaps with fundamental differences in terms of the direction along
which facilitated flow occurs. This is an especially tantalising possibility given the
links drawn between the two frequency bands and the feedforward and feedback com-
munication of sensory prediction errors and predictions respectively (Bastos et al.,
2012; Buffalo et al., 2011).

Given our current lack of knowledge about the outcomes of rhythmic inhibition
at various frequencies, I set out to examine the effects of simulated rhythmic IPSGs
delivered at a range of frequencies on the input-output properties of principal cells in
mouse S1 in vitro. I used patch-clamp electrophysiology to record the spike outputs of
individual cells receiving increasingly strong excitatory inputs (in the form of square
current pulses), while dynamic clamp was used to administer IPSGs at a frequency
of either 10, 20, 40, 60, 80 or 100 Hz. My goal was to gain a better understanding of
rhythmic inhibition, and the potential relevance of different frequencies to information
transmission in cortical circuits.
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4.2 METHODS

4.2.1 ANIMALS

The experiments were approved by the Committee on Animal Care and Ethical
Review of the University of Oxford and licensed by the UK Home Office. 16 adult
mice (C57BL/6, aged 6-12 weeks; 8 males and 8 females) were used for the first set of
experiments and 16 adult mice (C57BL/6, aged 6-12 weeks; 8 males and 8 females)
for the second set of experiments with somatosensory cortex in wvitro.

4.2.2 ACUTE BRAIN SLICE PREPARATION

To start the brain extraction and slicing procedure, mice were anesthetised in a
chamber filled with isoflurane (4% in 2 L/min O,) until they exhibited a breathing rate
indicative of deep anaesthesia (0.5-1 Hz) and a total loss of the pedal reflex. At this
point, they were rapidly decapitated and the brain was dissected in NMDG-HEPES
recovery solution (93 mM NMDG, 2.5 mM KCl, 1.2 mM NaH,PO,, 30 mM NaHCOs,
20 mM HEPES, 25 mM glucose, 10 mM MgSQOy, 0.5 mM CaCl,. Osmolarity 300-310
mOsm/L; pH adjusted to 7.3-7.4 with HCI) that had been cooled on ice over a period
of 30-60 mins. Coronal slices of 350 pum thickness were obtained using a VT 1200S
vibratome (Leica). They were given 10-15 minutes to recover in an interface storage
chamber filled with warmed (28-33° C) NMDG-HEPES solution prior to being washed
in aCSF (126 mM NaCl, 24 mM NaHCOj3, 10 mM glucose, 3.5 mM KCl, 2 mM CaCls,
1.25 mM NaHyPOy, and 1 mM MgSO,) and being transferred to an interface storage
chamber filled with room-temperature aCSF for at least 1 hour of recovery before
commending recordings. The described slicing and recovery protocol was selected
due to observations previously made in our laboratory that it yielded good quality
slices and patch clamp recordings. All solutions used during the dissection, slicing,
and incubation procedures were saturated with 95% O / 5% COs.

4.2.3 INTRACELLULAR RECORDINGS

Experiments were conducted in a single submerged chamber perfused with
warmed aCSF (28-33° C) continuously bubbling with 95% 02 / 5% CO2. Intracel-
lular recordings were acquired using borosilicate glass pipettes (5-12 M) filled with
an internal solution (110 mM KGluconate, 40 mM HEPES, 2 mM ATP-Mg, 0.3 mM
GTP-NaCl, 4 mM NaCl; pH 7.2-7.3; Osmolarity 270-290 mOsm/L). Signals were ac-
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quired through the MultiClamp 700B amplifier (Molecular Devices), digitised at 8000
Hz by a data acquisition board (ITC-18, InstuTECH), and recorded using Igor Pro
software. Slice and cell visualisation, as well as targeting of the recording electrode,
were performed with the aid of oblique illumination and an Olympus BX51W1 mi-
croscope.

Following breakthrough of the cell membrane, bridge balance was adjusted to
compensate for series resistance. Before commencing any experiments on a given cell,
a series of hyperpolarising and depolarising square current pulses of varying ampli-
tudes was administered to rule the cell out as an interneuron and classify it as a
putative pyramidal cell on the basis of its electrophysiological phenotype. For this
purpose, membrane potential responses only to the depolarising current pulses were
visually examined, as they provided sufficient information to make high-confidence
judgements identifying pyramidal neurons. The classification took into account sev-
eral electrophysiological features, such as the half-width of the action potential (<1
ms in interneurons, and significantly longer in pyramidal cells; Bean, 2007), the rela-
tive velocities of the rise and fall phases of the action potential (substantially slower
fall velocity in pyramidal cells compared to interneurons; McCormick et al., 1985),
and the intrinsic firing pattern upon stimulation with a suprathreshold depolaris-
ing current (with regular-spiking cells exhibiting spike frequency accommodation,
and fast-spiking interneurons exhibiting a non-adapting high-frequency firing pat-
tern; Connors & Gutnick, 1990).

It is important to note that a regular spiking pattern does not unambiguously
discriminate between a pyramidal cell and a regular-spiking interneuron. However,
a further characteristic differentiates them - namely the observation that action
potentials of regular-spiking interneurons are followed by robust short-term after-
hyperpolarisation potentials not seen in pyramidal cells (Malkin et al., 2013). Thus,
a visual judgement was made on the basis of all the aforementioned characteristics to
identify each encountered cell as a putative pyramidal neuron. All cells which con-
formed to the pyramidal phenotype were included in analysis. Figure 4.1 illustrates
the electrophysiological phenotyping procedure for a representative cell, highlighting
the features of interest. Tables 4.1 and 4.2 summarise the electrical properties of pu-
tative pyramidal cells recorded from L2/3 of S1 for the first and second experiments
in this chapter, respectively.
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Figure 4.1: Electrophysiological phenotyping of a putative pyramidal cell.
A shows the membrane potential of a representative neuron (bottom) in response to
a progression of square excitatory current pulses of increasing magnitude (top) admin-
istered as part of the neuronal classification procedure. B provides a close-up of the
initial 250 ms window of one of the membrane potential traces from A (marked in red),
which shows spike frequency accommodation, characteristic of regular spiking cells in
cortex (Connors & Gutnick, 1990). C provides a further yet close-up of one of the
spikes from B (marked in red), and demonstrates two important features of the action
potential which strongly indicate a pyramidal, rather than interneuronal, cell origin.
Namely, it can be observed that the half-width of the action potential is longer than 1
ms, and that the falling phase of the action potential is significantly less steep than the
rising phase (Bean, 2007; McCormick et al., 1985).
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Table 4.1: Electrical properties of putative pyramidal cells recorded in 1.2/3 of mouse S1 for

Experiment 1 (n=16)

C (pF) Sag ratio  Thresh. (mV) AP half-width (ms) AHP (mV)
M+ SD  183.27 +£113.99 0.97 £0.047 -46.41 +5.64 1.54 £0.42 14+£1.5
Min. 50.80 0.84 -54.28 1.20 0.00
Max. 454.00 1.006 -33.48 2.90 4.8

Table 4.2: Electrical properties of putative pyramidal cells recorded in 1.2/3 of mouse S1 for

Experiment 2 (n=12)

C (pF) Sag ratio Thresh.(mV) AP half-width (ms) AHP (mV)
M 4+ SD 145.73 +£138.50 0.99 + 0.011 -46.27 +11.09 1.61 £1.06 0.86 £ 0.77
Min. 281.00 0.965 -69.31 mV 1.023 0.028
Max. 513.00 1.002 -21.53 mV 4.92 ms 2.40

C - Capacitance; Sag ratio - defined as the ratio between the steady-state and the peak
voltage response to a hyperpolarising current of -140 pA; Thresh. - Threshold for firing
an action potential; AHP - Afterhyperpolarisation amplitude, defined as the difference
between firing threshold and the membrane potential trough following an action potential,
and determined using the first action potential in a spike train.
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4.2.4 DYNAMIC CLAMP

Perisomatic inhibition — the sort delivered via GABA 4 receptors by fast-spiking in-
terneurons (Freund & Katona, 2007) — is highly effective at synchronising pyramidal cells
(Lytton & Sejnowski, 1991; Mann et al., 2005), and considered a ‘key ingredient of gamma
oscillations’ (Buzsaki & Wang, 2012). Dynamic clamp is the optimal way to mimic the ef-
fects on membrane potential exerted by perisomatic shunting inhibition during v-oscillatory
activity. It uses a high-resolution feedback loop (50 kHz update rate) to output a current
that would flow through a theoretical receptor (in this case, GABA,4) in accordance with
the ongoing interaction between conductance and membrane potential changes which unfold
over time during receptor stimulation. In these experiments, dynamic clamp was performed
using IgorPro software, which continuously updated the injected inhibitory current given
a command conductance (which simulates GABA 4 receptor opening) according to the fol-
lowing equation:

Linh (t41) = Gipp (t) X (Viu(t) — Egapa)

Here, I;,,(t) is the inhibitory current injected at time-point t, Gy,p is the commanded
inhibitory conductance, Eqap4 is the reversal potential for GABAergic synapses and V,,, is
the membrane potential of the cell. The dynamic clamp procedure is illustrated in Figure
4.2.

The amplitude of the IPSG train was tailored to each individual cell before com-
mencing the experimental protocol. It was selected on the basis of a high y-power IPSG at
the chosen amplitude in combination with a square current pulse independently sufficient to
induce an action potential being able to produce a 5 mV fluctuation in membrane potential.
The experiments were performed in whole cell dynamic clamp mode.
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Figure 4.2: Schematic illustration of the dynamic clamp technique. Using dy-
namic clamp to simulate inhibitory synaptic currents involves injecting a current (I;,p)
that is determined using a high-resolution feedback loop which samples the membrane
potential (Vm), computes its distance from the reversal potential for GABA (Egapa),
and scales the discrepancy by the command inhibitory conductance (Gj,y). Dynamic
clamp was performed by the ITC18.
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4.2.5 EXPERIMENT 1 PROTOCOL: SIMULATING y-RHYTHMIC INHIBI-
TION VARYING IN POWER

My goal was to study how simulated changes in y-power in interneuronal output
influence principal cell output over a gradient of excitatory input strengths. As such, the
experiment needed to make use of two classes of stimulus: i) conductance trains at simu-
lated inhibitory synapses, varying in v-oscillatory power, and ii) excitatory current inputs
of varying magnitudes. These inputs would be applied concurrently with the simulated
inhibitory inputs to provide a readout of pyramidal cell response scaling during varying
degrees of excitation under conditions of varying ~y-power of inhibition. The stimuli used
in this experiment were originally generated by Pantelis Antonoudiou - a former graduate
student at our laboratory.

Stimuli used to reproduce GABA 4-receptor mediated inhibitory rhythms were 2 s
synaptic conductance trains generated at a 40 Hz frequency. This was selected because
rhythmic inputs at this frequency have previously been found to produce a multiplicative
gain enhancement of pyramidal cell output (Sohal et al., 2009), and because Pantelis had,
in previous years, set a precedent by examining the effects of various properties of inhibitory
conductance trains at this frequency.

The synaptic conductance trains which simulated GABA 4 receptor opening were pro-
duced by first generating a binary synaptic input train in which 1000 synchronous synaptic
events occurred rhythmically at 40 Hz. These inputs were then convolved with the temporal
profile of a typical inhibitory post-synaptic conductance event (sIPSG), as follows:

adx x e-ax x Gy X e/a

where o = 200, and G;,p= 5 x 107!® S. This generated an inhibitory post-synaptic con-
ductance (IPSG) train with a peak amplitude of 1.04 pS, illustrated in Figure 4.3.

Varying the power of the resulting ~-inhibition involved modifying the structure of
the underlying input train before convolving it with the IPSG. The way this was done
was based on the rationale that variations in y-power obtained in an LFP might reflect
variations in one or more parameters. One important factor might be the consistency of the
intervals which separate the co-occurrence of multiple synaptic inhibitory events (termed
rhythmicity); while another might be the precision with which these inhibitory events align
with the peak of the ongoing y-rhythm (termed synchronicity). Work previously done by
Pantelis in our laboratory confirmed that, while lower rhythmicity and synchronicity both
have the effect of lowering ~vy-power, they have strongly opposing effects on the temporal
variability of the ~v-oscillation (with reduced synchronicity driving 7-variability to lower
values). Thus, to produce inhibitory post-synaptic conductances with varying levels of +-
power while controlling for temporal variability, stimuli were based on different levels of
power-modulating rhythmicity whose effects on stimulus variability were offset by specific
synchronicity values.

To produce various levels of rhythmicity of the 40 Hz IPSG trains, the interval be-
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tween synchronous inhibitory event bursts (inter-burst interval; IBI) was sampled from a
7 distribution (M=ab, 02 = ab?), with a mean of 25 ms, and a standard deviation which
corresponded to CV x u, where CV was a coefficient of variation varying between 0 (per-
fect rhythmicity) and 1 (complete arrhythmia). Conversely, modifying the synchronicity
the inhibitory «-rhythm involved introducing a certain degree of temporal jitter to the on-
set of each individual synaptic event with respect to the onset of the peak to which all
events would simultaneously align in a perfectly synchronous setup. This jitter parameter
was sampled from a uniform distribution with the range [+ jitter] and scaled by the 25 ms
interval which separates event bursts in a 40 Hz synaptic event train. Figure 4.3 provides
an illustration of the independent effects of varying rhythmicity and synchronicity indices
on the IPSG train. The stimuli generated for the experiment comprised the following cate-
gories of y-power (and the following values of rhythmicity and synchronicity): Low ~y-power
(CV = 0.67, Jitter = 0.94), Mid y-power (CV = 0.3, Jitter = 0.24), and High ~-power (CV
= 0, Jitter = 0). In addition, a flat square pulse of inhibitory conductance matched for
amplitude with the rhythmic inhibitory stimuli was also generated (which I will refer to as
‘flat’ throughout the analysis).

To produce the excitatory inputs that would be administered to read out cells’ re-
sponse properties, a series of 12 square pulses of excitatory currents (each of a 2 s duration)
were generated, separated by fixed 20 pA or 40 pA current steps, depending on cell sensi-
tivity, with the goal of preventing a firing rate plateau in the early stages of the experiment.
The first amplitude of the series was individually tailored to each cell, such that it was just
below the amplitude of the pulse which was required for the cell to fire an action potential
during the examination of its intrinsic electrophysiological phenotype.

To study the effect that different levels of inhibitory y-power have on principal cell
output, the experimental protocol consisted of applying each of the four inhibitory conduc-
tances (flat, low-y, mid-y and high-v) in randomly selected order for a total of 5 repetitions
(order was determined separately for each repetition cycle), in pairing with each of the 12
excitatory current pulses presented in ascending magnitude. The procedure is illustrated
in Figure 4.4. Trials were separated by 10 s, for a total protocol duration of 50 minutes.
Upon completion of the stimulation protocol for each level of excitation, a pair of 1 s pulses
(-40 pA and -80 pA) were applied with a 1 s interval, to track the input resistance of the
membrane as the experiment progressed.
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Figure 4.3: Generation of v-oscillatory synaptic inhibitory conductance
trains of varying ~-power, through manipulation of rhythmicity and syn-
chrony. A demonstrates the manipulation of rhythmicity, using sample 500 ms trains
of 40 Hz synaptic events (top) with descending degrees of rhythmicity (left to right).
These are produced by setting the interval between 1000 synchronous synaptic events
to an amount drawn from a ~y-distribution with a g of 25 ms and a standard deviation
of CVxpu, where CV is the coefficient of variation (0, 0.2, and 0.5 are shown here).
The timelines of synaptic inhibitory trains shown on top are convolved with a kernel
representing the temporal envelope of a typical single inhibitory post-synaptic conduc-
tance event (generated by the formula: a’x x e-ax X Gin X e/a, where a = 200,
and Gj,p= 5 x 10718 S), yielding inhibitory post-synaptic conductance (IPSG) trains
with varying levels of ~-rhythmicity (bottom). B demonstrates the manipulation of
synchronicity, using sample 500 ms trains of perfectly rhythmic 40 Hz synaptic events
(top) with descending degrees of synchronicity (left to right). These are achieved by
jittering the timing of each of the 1000 individual synaptic events (by J x (IBI/2)),
where J represents a number drawn at random from a uniform distribution with the
range [Ejitter]|, and IBI represents the 25 ms interburst-interval which separates each
burst of 1000 events in a perfectly synchronous 40 Hz spike train. Larger jitter values
introduce a growing degree of timing noise to the individual events, which degrades the
amplitude of the resulting IPSG trains (bottom).
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4.2.6 EXPERIMENT 2 PROTOCOL: SIMULATING RHYTHMIC INHIBI-
TION VARYING IN FREQUENCY

The goal of the second experimental protocol was to test whether any multiplicative
scaling effects that ~-rhythmic inhibition has on principal cell responses can be obtained
using other frequencies. In other words: is the ~-rhythm special in terms of its modula-
tory properties? Addressing this question required two classes of stimulus: i) inhibitory
post-synaptic conductance trains oscillating at various frequencies while being matched for
power (defined as area under the curve), and ii) excitatory square current pulses, to be ap-
plied concurrently with each inhibitory conductance train to trigger a readout of principal
cell responses to excitation under conditions of varying rhythmic inhibitory conductance
frequencies.

Rhythmic inhibitory conductance (IPSG) trains were generated as sinusoidal waves
at the following frequencies: 10 Hz, 20 Hz, 40 Hz, 60 Hz, 80 Hz, and 100 Hz, each of a 2 s
duration. These IPSGs were administered to principal cells in cortical L.2/3 using dynamic
clamp mode (see Figure 4.2 for illustration), while being paired with 2 s excitatory square
current pulses which increased in magnitude in 12 steps over the course of the experiment.
The excitatory current steps were separated by 10 pA, 20 pA or 40 pA, in a manner which
took into account each cell’s response sensitivity, so as to avoid reaching a firing rate plateau
in the early stages of the experiment. Furthermore, the first amplitude of the series was
individually tailored to each cell, to be just below threshold for firing an action potential
(which was assessed during the electrophysiological phenotyping procedure which preceded
any experimental recordings).

The experimental protocol consisted of applying each of the six IPSG trains (10 Hz, 20
Hz, 40 Hz, 60 Hz, 80 Hz, and 100 Hz) in randomly selected order for a total of 5 repetitions
(order was determined separately for each repetition cycle), for each of the 12 excitatory
current pulses presented in ascending magnitude. Trials were separated by 10 s, for a total
protocol duration of 60 minutes. Upon completion of the stimulation protocol for each level
of excitation, a pair of 1 s pulses (-40 pA and -80pA) were applied with a 1 s interval, to
track the input resistance of the membrane as the experiment progressed.
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Figure 4.4: Experimental protocol for probing the effects IPSG ~y-power
on principal cell response properties. A cell’s membrane potential was being
recorded while receiving 2 s square pulses of excitatory current of increasingly large
amplitudes (IozcAmp) starting with an initial amplitude, defined as just below the
minimum required for an action potential, for a total of 12 steps, each 20 pA or 40
pA higher than the last (step size adjustments were made to prevent spike frequency
ceilings during the protocol). Each excitatory input was co-administered with a range
of different inhibitory post-synaptic conductance trains (IPSGs) in Experiment 1 and 2.
In Experiment 1, the excitatory current pulses were paired with IPSGs defined by each
of four levels of y-power (high, medium, low, and flat control stimulus; shown above),
presented in shuffled order. In Experiment 2, the excitatory current pulses were paired
with IPSGs defined by each of six frequencies (10 Hz, 20 Hz, 40 Hz, 60 Hz, 80 Hz,
and 100 Hz), presented in shuffled order. This procedure was repeated 5 times for each
amplitude of excitatory input before moving on to the next amplitude.
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4.2.7 MODELLING THE SINGLE CELL: MODEL ARCHITECTURE

To better understand the physiological underpinnings of the effects of rhythmic
inhibition on pyramidal cell response properties, I attempted to compare my observations to
the output of a model pyramidal neuron published by Golomb et al. (2006), which simulates
the cell as a single compartment comprising the main ionic currents known to take place
in the soma and proximal dendrites. To outline the primary features of the model cell, its
change in membrane potential over time was represented by a series of coupled differential
equations, each pertaining to a particular ionic flux. The currents included in the model
were:

o In,: Transient Nat current responsible for the depolarising phase of the action
potential.

o I;x_4: Delayed rectifier KT current responsible for the falling phase of the
action potential.

e I, High-threshold Ca?t current through voltage-gated channels, required for
vesicular release.

o I sqs: Fast calcium-activated K current, which contributes to rapid repola-
rization (Storm, 1987; Yue and Yaari, 2004).

o 15 sow: Slow calcium-activated KT current, which mediates slow after-
hyperpolarization and spike frequency adaptation (Madison & Nicoll, 1984).

o Ix p: M-type KT current, an inactivating muscarinic-sensitive receptor known
to regulate membrane potential over long time-scales, regulating transitions
between regular spiking and bursting modes of firing (Bertram et al., 1995).

o Ix_4: A-type KT current, a rapidly activating / inactivating voltage-sensitive
current known to play a role in regulating spike frequency (Hagiwara et al.,
1962; Tierney & Harris- Warrick, 1992).

These ionic currents were defined in accordance with factors such as ion-specific mem-
brane conductances, membrane potential, distance from reversal potential for the relevant
ion, and scaled by dynamical variables based on the activation curves of each current, as
follows: INa(V, h): GNam3(V)h(V - VNa)v Ider(Vv n): GderIlél(V - VK), IK_A(V, b,
a)= Gr_4a3(V)b(V - Vi), Ix_m(V, 2)= Gr_mz(V - Vi), Ioa(V, 1)= Gear®(V - Ve,
IKffast(V; ¢, d): GKffastd([Caer]i)C(V - VK)7 IKfSlow(Va CI): GKfslow,CI(V - VK) The
dynamics of the activation functions used to define these currents, as well as the parameters
and time constants involved, are detailed in Golomb et al. (2006), and shown in Table 4.3.
The conductances and reversal potentials were as follows: Gy, = 35 mS/ em?; Grogr =
6 mS/cm?, Gg_fast = 10 mS/cm?, Gg_gow= 5 mS/cm?, Gx_4 = 0-1.4 mS/cm?, Gr_
= 0-1 mS/cm?, Ggg = 0-0.3 mS/cm? (the last three were explicitly manipulated in the
simulations). Ex, = 55 mV, Ex =-90 mV, E¢,= 120 mV.
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The kinetics of intracellular calcium concentration, [Ca?t];, were determined as fol-
lows:

d[Ca’t];
dt

247,
=—uxIg, — [Ca™T;

TCa

where u = 0.13 cm2/ms X pA, and 7o,= 13 ms.

All simulations were done in MATLAB (R2017b), using the fourth-order Runge-Kutta
method with a At of 0.05 ms, as described in the original publication of this model (Golomb
et al., 2006).

4.2.8 MODELLING THE EFFECTS OF RHYTHMIC INHIBITION

The goal was to examine the firing patterns of the model cell in response to a series
of stimuli which mimicked the experimental set-up described in Section 4.2.6. The cell was
injected with a series of 75 excitatory square current pulses (2 s duration), starting with
700 pA/cm?, and increasing in 40 pA/cm? steps. Each excitatory current pulse was paired
with simulated rhythmic inhibition oscillating in a sinusoidal fashion at one of six different
frequencies: 10 Hz, 20 Hz, 40 Hz, 60 Hz, 80 Hz, and 100 Hz.

Rhythmic perisomatic inhibition was simulated by generating a sinusoidal conduc-
tance at the required frequency which, for each time-step in the simulation, was converted
into the current Igapa through scaling by (V - Egapa), where Egapa represented the
reversal potential for GABA of -70 mV. Thus, the full equation computing the change in
the model cell’s membrane potential over time was:

C ddit/ = _GLeakage(V - ELeakage)7INa7[K7dr7[K—AiIK—ijCaflefast
- IK—slow - IGABA + Iapp

where C = 1 uF/ cm?, GLeakage = 0.05 mS/cm?, Efcakage = -70mV, and I, was the
applied excitatory current.

To identify a set of conditions which replicated the relationship between IPSG fre-
quency and pyramidal cell input-output properties observed in the experimental section of
this chapter, I simulated the cell featuring manipulations in contributions stemming from
the A- versus M-type Kt current, as well as the voltage-gated Ca?t current, which in turn
regulates the fast and slow calcium-activated K currents (Ix_fqs and I gion )-
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Table 4.3: Kinetics equations and parameters for the single pyramidal cell model

Current, variable Kinetics Parameters

I am _ W) | .

Na, M y =1+e om )7 l/dt 0,,= -35 mV
Om= 10 mV
—(V—63)
Ina, h dh — g1 +e o ) —h]/m(V) Gh=-45 mV
Oop= -7 mV
—(V=0py)
(V) =0.1+0.75(1+e Op= -40.5 mV
Oht— -6 mV
o=1

Ticars 1 M g1 em )= h)/7a(V) f=-35 mV

op,= 10 mV
_(V_Gnt)
T.(V)=014+05(14+¢e onc )~ 0= -27 mV
Omt= -15 mV
o=1

Ix_4, a Ccll—a =[1+e <\2;9a))71 —al/dt 0,= -50 mV

0,= 20 mV
—(V—8y)

Ic_a, b b [(1e o ) —b]/m, 0,= -80 mV
Op= -6 mV
7= 15 ms

Ticnr, 2 L [(14e o ) =27, fy= -39 mV
Op=— 5 mV
= 75 ms

loa, T L= [(te ) =r/m  O=-20mV
o= 10 mV
7,—= 1 ms

Ik fast, ¢, d =11+ <g;0c>),1 —d/r., f.= -30 mV
o.=7mV
T,= 2 mS

dd _ 14+ %! a.=6
dt [Ca?t]; ¢
d @t - _

IK—Slow; q d_q - [(1 + m) ! Q]/be Aq= 2

T,= 450 ms
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4.3 RESULTS: EXPERIMENT 1

4.3.1 RECAP AND OBJECTIVES

The main goal of this experiment was to verify a series of previous observations in
the laboratory that i) ~-frequency (40 Hz) inhibitory synaptic conductances produce a
multiplicative gain in principal cell responses to excitatory stimulation, and ii) that the
gain effect is sensitive to variations in the «-power of the inhibitory rhythm, as should be
reflected in a steeper relationship between excitatory drive and firing rate during IPSGs of
high y-power.

To investigate this question, 16 putative pyramidal cells (profiled on the basis of
electrophysiological characteristics; see Figure 4.1) were patched in L2/3 of S1. Their re-
sponse properties were examined during stimulation with excitatory currents of increasing
amplitudes, while dynamic clamp was used to co-administer simulated inhibitory postsy-
naptic currents (IPSCs) to mimic the effects of -rhythmic perisomatic inhibition. These
IPSCs were based on «y-rhythmic inhibitory conductances (IPSGs; 40Hz), which differed in
terms of y-power (low, mid, and high), while conserving temporal variability, due to com-
plementary manipulations of rhythmicity and synchronicity (see Section 4.1.5 and Figure
4.3). Figure 4.5A demonstrates a representative cell’s spiking behaviour in response to a
260 pA excitatory current injection during application of IPSGs with high, medium, and
low y-power. Statistical analysis of variables extracted from the cells’ spiking behaviours
primarily involved repeated-measures ANOVAs; Greenhouse-Geisser corrected values are
reported where a Mauchly’s test indicated a violation of the sphericity assumption. Where
results were followed-up by post-hoc t-tests, the significance threshold was corrected to p<
0.017 (unless otherwise specified), to account for the number of comparisons.

4.3.2 INPUT RESISTANCE AND STABILITY

Whole-cell recordings were acquired from S1 using whole-cell dynamic clamp mode.
To quantify cell stability and recording quality over the course of an experiment, I measured
input resistance (Ri) and resting membrane potential (Vm) at regular intervals throughout
the protocol. Resistance was sampled by examining the membrane potential response to
a square current pulse of -80 pA, which was applied at the end of each of the 12 blocks
featuring increasingly higher excitatory current amplitudes (see Methods section 4.1.5).
Membrane potential was sampled during a 500 ms baseline period preceding the excitatory
current injection of each trial, and subsequently segregated by block number to track average
membrane potential as the experiment unfolded. To evaluate cell stability over the duration
of an experiment, average resistance and membrane potential were compared between the
first and final blocks of each experiment (shown Figure 4.5C).

Two paired-samples t-tests revealed that input resistance did not significantly differ
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between the first and final blocks of each experiment (Ri first block: M= 373.69 MQ., SD=
223.06; Ri final block: M= 314.02 M), SD= 191.01; t= 1.73, p=0.105); and neither did
resting membrane potential (Vi first block: M= -70.33 mV, SD= 0.93; Vm final block:
M= -70.07 mV, SD= 1.34; t= 0.69, p= 0.49). A number of cells did not survive to the
end of the stimulation protocol, however. Cells were only included in the analysis if they
provided data for >8 out of 12 levels of excitation examined in the protocol.

4.3.3 INHIBITORY 7-POWER INCREASES PRINCIPAL CELL MAX. FIR-
ING RATES

First, I set out to examine whether the spike rate ceiling, on average, differs between
inhibitory y-power conditions. Maximal spike rates achieved in each condition were iden-
tified for every cell and submitted to a repeated-measures one-way ANOVA with IPSG
~v-power (Flat, Low, Medium, and High) as the repeated-measures variable. Figure 4.5D
demonstrates these firing rate maxima for each individual cell (grey) as well as the cohort
average (red).

The ANOVA revealed a significant main effect of IPSG ~-power (/'(1.37, 45) = 54.57,
p< 0.001, )];f: 0.78). This was followed up by a series of post-hoc t-tests comparing neigh-
bouring y-power conditions. These found that the average maximal firing rate evoked
during the flat non-rhythmic control IPSG (M= 6.16, SD= 10.62) was significantly lower
compared to the low y-power condition (M = 17.02, SD= 7.08, t= -8.34, p< 0.001), which
was in turn significantly lower than the medium ~-power condition (M= 23.52, SD= 10.61,
t=-5.91, p< 0.001). Finally, maximal firing rates in the high ~-power condition were, on
average, significantly higher than those in the medium ~-power condition (/= 32.00, SD=
17.66, t=4.34, p=0.001). Thus, the evidence suggests that increasing y-power in inhibitory
conductance went hand-in-hand with a significant growth in maximal firing rate.
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4.3.4 INHIBITORY v-POWER BOOSTS PRINCIPAL CELL RESPONSE
SCALING

In addition to observing general effects on spike frequency, it is useful to ask whether
differing levels of inhibitory y-power influence principal cells by modulating the relationship
between excitatory drive and cell output. Thus, I set out to examine whether putative
pyramidal cells’ input-output curves (i.e. firing rates as a function of injected excitatory
current amplitude) were sensitive to manipulations in inhibitory ~-power. Figure 4.5B
demonstrates the input-output relationship in each y-power condition for one representative
cell from the cohort.

The nature of this relationship was quantified for each cell by fitting a linear regres-
sion to its input-output curve, starting with the first non-zero spike rate and ending with
the maximal spike frequency, separately for each y-power condition. The obtained slope
estimates are shown in Figure 4.5F, individually for each cell (grey) and as a cohort av-
erage (green). These were submitted to a repeated-measures one-way ANOVA with IPSG
~v-power (Flat, Low, Medium, and High) as the repeated-measures variable, which revealed
a significant main effect of IPSG ~-power (F'(1.12, 45) = 18.70, p< 0.001, :]'f): 0.56).

This finding was explored with a series of post-hoc t-tests, which revealed that the
input-output slopes in the flat non-rhythmic control IPSG were, on average, significantly
lower compared to all three IPSG ~-power conditions (Flat: M= 0.82, SD= 1.23; t-test
results - High: M= 3.90, SD= 2.84, t= 4.52, p< 0.001; Medium: M= 2.13, SD= 1.22,
t= 6.22, p< 0.001; Low: M= 1.65, SD= 0.97, t= 4.36, p< 0.001). Furthermore, mean
input-output slopes were significantly higher in the high ~-power condition compared to
the medium (7= 3.39, p= 0.004) and low (/= 3.88, p= 0.001) y-power conditions. Medium
~v-power, in turn, produced significantly higher mean input-output slopes than low ~-power
(t=2.73, p=0.015). Thus, the evidence indicates that «-rhythmic inhibitory inputs produce
a multiplicative scaling of principal cell responses that is proportional to the y-power in the
inhibitory conductance.

4.3.5 INHIBITORY -POWER INCREASES PRINCIPAL CELL RHEOBASE

To further examine the dimensions of the principal cell response that might be influ-
enced by various degrees of IPSG ~-power, I assessed the effect of y-power on the rheobase,
defined as the minimum excitatory current required for the cell to generate at least one
action potential over the course of a single trial. Rheobase was extracted separately for
each cell and y-power condition, and expressed as a % of the excitatory current which pro-
duced the maximal spike rate in each experiment. Figure 4.5F shows the resulting rheobase
values, individually for each cell (grey) and as a cohort average (blue).

A repeated-measures one-way ANOVA with IPSG ~-power (Flat, Low, Medium,
and High) as the repeated-measures variable revealed a significant main effect of y-power
(F(1.48, 45) = 78.73, p< 0.001, r]f): 0.84). A series of post-hoc t-tests produced the fol-

137



lowing findings: rheobase was significantly higher in the high compared to medium ~-power
condition (High: M= 50%, SD= 17; Medium: M= 36%, SD=12; t=5.94, p< 0.001), which
was in turn significantly higher than rheobase in the low y-power condition (M = 33%., SD=
10; t=4.56, p< 0.001). All three y-power conditions were associated with significantly lower
mean rheobase values compared to those in the flat non-rhythmic control IPSG condition
(Flat: M= 78%, SD= 21; t-test results - High: t= 8.003, p< 0.001; Medium: t= 10.31, p<
0.001; Low: t= 9,69, p< 0.001). These findings show that ~-power significantly influences
the cells’ baseline sensitivity, as reflected in higher thresholds for eliciting spiking when
excitatory stimulation is accompanied by IPSGs with greater y-power.

4.3.6 INHIBITORY y-RHYTHM INCREASES PRINCIPAL CELL SPIKE
FIDELITY

It is interesting to examine whether ~-power variability in rhythmic inhibitory con-
ductances can modulate the reliability of spike timing in pyramidal cells across repetitions
of the same excitatory input. This issue is relevant to the broader question of how ~-
rhythmic inhibition regulates information processing in principal cells, given the plethora of
evidence that spike timing, both absolute and relative, is a critical parameter of the neural
code (Meister & Berry, 1999) which allows inputs to be decoded with substantially higher
accuracy compared to an exclusively rate-based code (Harvey et al., 2013; Lundstrom &
Fairhall, 2006; Reich et al., 2000; Ruyter van Steveninck & Bialek, 1988).

The experimental paradigm was well-suited to pursuing this question, as each level
of excitatory current pulse was repeated for a total of 5 times along with each of the
four inhibitory conductance types (low, mid, and high y-power, and flat control IPSG).
This enabled me to examine the replicability of principal cells’ spike patterns across stim-
ulus repetitions, by calculating a cross-trial correlation index. This index was obtained
by averaging spike timing cross-correlations, obtained at a 0 ms time-lag, between every
possible pairing of trials at each level of excitation (normalised by spike rate). Figure 4.6A
demonstrates the mean cross-correlation index (CCI) observed under each IPSG ~-power
condition, aggregated across excitatory input strengths.

Indices from individual experiments were submitted to a repeated-measures one-way
ANOVA with IPSG ~-power (Low, Medium, and High) as the repeated-measures variable
(the flat non-rhythmic control IPSG condition was excluded due to the generally low firing
rates which allowed cross-correlation estimates to be made in only a minority of cells). The
test revealed a significant main effect of IPSG ~-power (F(1.07, 24) = 344.732, p< 0.001,
7/]2): 0.97). This was followed up by two post-hoc t-tests (sig. threshold Bonferroni-corrected
to 0.025), which showed that the mean cross-correlation index in the high y-power condition
(High: M= 0.69, SD= 0.19) was significantly higher than that in the low y-power condition
(Low: M= 044, SD= 0.17; t= 18.94, p< 0.001), and not significantly different compared
to the medium ~-power condition(Medium: M= 0.71, SD= 0.16; t= 1.24, p= 0.23).

One interesting question that arises from looking at cross-correlation index (CCI) as
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a function of excitatory drive and y-power in an example cell (Figure 4.6B) is: is the slope
of the apparent growth in spike fidelity over increasing excitatory stimulation significantly
modulated by inhibitory y-power? To explore this question, I fit a series of linear regressions
to the relationship between CCI and excitatory current step number, and extracted the I-
CCI slope for each level of y-power, starting with the minimal current step required to evoke
at least one spike in each condition.

Given the generally low firing rates in the flat non-rhythmic control IPSG condition
(see Figure 4.5D) and the tendency for any spiking to occur at only a few of the highest
excitation steps (see Figure 4.5B for example), slopes were not estimated for this condition.
Cells for which the slope estimates explained <50% of variance in the cross-correlation
values in any of the three y-power conditions were discarded from this analysis, yielding a
total of 12 cells for which cross-correlation slope estimates were available for high, medium,
and low inhibitory «-power conditions. The obtained I-CCI slope values are shown in Figure
4.6C, individually for each cell (grey) and as a cohort average (purple).

Running a repeated-measures one-way ANOVA with IPSG y-power (Flat, Low, Medium,
and High) as the repeated-measures variable revealed that IPSG ~-power had a significant
main effect on mean I-CCI slope (F'(1.23, 22) = 6.70, p= 0.017, r/;f: 0.38). A pair of follow-
up post-hoc t-tests (sig. threshold Bonferroni-corrected to 0.025) revealed that the average
I-CCI slope in the high y-power condition (High: A= 0.072, SD= 0.041) was not signifi-
cantly different from that in the low -power condition (Low: A= 0.051, SD= 0.028; t=
-2.12, p= 0.058), however significantly higher than that in the medium ~-power condition
(Medium: M= 0.044, SD= 0.030; t= 3.25, p= 0.008). These findings indicate that spike
timing reliability increases at a faster rate as a function of input strength during inhibitory
inputs of high vy-power.
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Figure 4.5: Effects IPSG ~-power on principal cell response properties in
L2/3 of S1 (n=16). A shows representative recordings from a putative pyramidal
cell (top) being administered IPSGs (bottom) of high (left), medium (middle), and
low (right) ~-power, while concurrently receiving excitatory stimulation with a 260 pA
square current pulse. B shows the input-output curves of the same cell, for conditions
of high, medium and low ~-power, and the flat IPSG control. C shows average input
resistance (Ri; top) and resting membrane potential (Vm; bottom) across recorded
cells in the first and final blocks of the experiment. D shows maximal firing rates
exhibited at each -power condition. E shows input-output (I-O) slopes for each ~-
power condition. F' shows rheobase for each «-power condition, defined as the minimum
excitatory current required for a single AP, and expressed as a % of the input yielding
the maximal spike rate in each experiment. ** D-F show individual cells’ results in
grey, and cohort averages in colour.
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Figure 4.6: Effects of IPSG ~-power on principal cell spike fidelity (n=16).
A shows the mean cross-correlation index (CCI) in spike timing, aggregated across
excitatory levels for conditions of high, medium and low ~-power, and the flat IPSG
control. B shows the relationship between excitatory drive and CCI in an example
putative pyramidal cell, segregated according to conditions of high, medium and low -
power (flat IPSG control values unavailable due to low firing rates in this condition). C
shows input versus CCI (I-CCI) slopes for each y-power condition. **C shows individual

cells’ results in grey, and cohort averages in colour.
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4.4 RESULTS: EXPERIMENT 2

4.4.1 RECAP AND OBJECTIVES

The main goal of this experiment was to examine whether the effects on principal cell
response properties by co-administration of excitatory current and inhibitory conductance
(IPSG) oscillating at 40 Hz can be replicated using IPSGs of different frequencies. In other
words, is the v-rhythm special in its ability to induce multiplicative scaling of cell responses
and enhancing spike fidelity, as was observed in the previous series of experiments detailed
in this chapter?

To investigate this question, 12 putative pyramidal cells (profiled on the basis of elec-
trophysiological characteristics; see Figure 4.1) were patched in L2/3 of S1. Their responses
to excitatory currents of increasing amplitudes were examined while dynamic clamp was
used to administer rhythmic sine-wave modulated inhibitory postsynaptic conductances
(IPSGs) at the following frequencies: 10 Hz, 20 Hz, 40 Hz, 60 Hz, 80 Hz, and 100 Hz.
Such broad coverage of frequencies normally ascribed contrasting roles in circuit processing
(Bichot et al., 2005; Fries, 2005; Kanai et al., 2015; Myers et al., 2014) allowed me to ex-
plore their effects on single cell-level processing. Figure 4.7A demonstrates a representative
cell’s spiking behaviour in response to a 180 pA excitatory current injection during applica-
tion of IPSGs at each examined frequency. Statistical analysis of variables extracted from
the cells’ spiking behaviours primarily involved repeated-measures ANOVAs; Greenhouse-
Geisser corrected values are reported where a Mauchly’s test indicated a violation of the
sphericity assumption. Where results were followed-up by post-hoc t-tests, the significance
threshold was corrected to p< 0.01 (unless otherwise specified), to account for the number
of comparisons.

4.4.2 INPUT RESISTANCE AND STABILITY

Whole-cell recordings were acquired from S1 using whole-cell dynamic clamp mode.
To quantify cell stability and recording quality over the course of an experiment, I measured
input resistance (Ri) and resting membrane potential (Vm) at regular intervals throughout
the protocol. Resistance was sampled by examining the membrane potential response to
a square current pulse of -80 pA, which was applied at the end of each of the 12 blocks
featuring increasingly higher excitatory current amplitudes (see Methods section 4.1.5).
Membrane potential was sampled during a 500 ms baseline period preceding the excitatory
current injection of each trial, and subsequently segregated by block number to track average
membrane potential as the experiment unfolded. To evaluate cell stability over the duration
of an experiment, average resistance and membrane potential were compared between the
first and final blocks of each experiment (shown Figure 4.7C).

Two t-tests revealed that input resistance did not significantly differ between the first
and final blocks of each experiment (Ri first block: M= 302.30 M2, SD= 297.15; Ri final
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block: M= 392.69 M, SD= 286.37; t=0.605, p=0.56); and neither did resting membrane
potential (Vm first block: M= -70.74 mV, SD= 0.61; Vm final block: M= -69.94 mV, SD=
1.51; t=1.62, p= 0.13). A number of cells did not survive to the end of the stimulation
protocol. Cells were only included in the analysis if they provided data for >8 out of 12
levels of excitation examined in the protocol.

4.4.3 7-FREQUENCY INHIBITION INCREASES PRINCIPAL CELL MAX.
FIRING RATES

First, I set out to examine whether the maximum achievable spike rate, on average,
differs between conditions of varying inhibitory postsynaptic conductance (IPSG) frequen-
cies, with reference to the 40 Hz rhythm. Maximum spike rate was extracted for each
individual cell and IPSG frequency. Figure 4.7D demonstrates these for each individual cell
(grey) as well as the cohort average (red). Firing rate maxima were submitted to a one-way
repeated-measures ANOVA with IPSG Frequency (10 Hz, 20 Hz, 40 Hz, 60 Hz, 80 Hz, and
100 Hz) as the repeated-measures variable.

The ANOVA revealed a significant main effect of IPSG Frequency (F'(2.48, 50)=
46.51, p< 0.001, 7}}‘1: 0.82). A series of post-hoc t-tests comparing max. firing rates for
all IPSG frequencies to the 40 Hz condition (M = 25.57, SD= 2.11) revealed that maximal
firing rates were significantly higher in the 40 Hz condition compared to the 10 Hz (M=
13.46, SD= 4.35, t= 9.79, p< 0.001) and 20 Hz (M= 16.30, SD= 4.62, t= 6.96, p< 0.001)
conditions, with further comparisons failing to survive the corrected significance threshold,
although showing a trend for higher values compared to 40 Hz (40 Hz vs 60 Hz: t= 2.98,
p= 0.014; 40 Hz vs 80 Hz: t= 2.88, p=0.016; 40 Hz vs 100 Hz: ¢t= 1.38, p= 0.19). As such,
the evidence suggests that increasing IPSG frequency up to 40 Hz yields significant firing
rate increases during excitation, with no further significant changes taking place as IPSG
frequency is increased further.
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4.4.4 v-FREQUENCY INHIBITION INCREASES PRINCIPAL CELL
RESPONSE SCALING

Next, I examined whether differing frequencies of inhibitory conductance influence
principal cells by modulating the relationship between excitatory drive and cell output.
Thus, I explored whether putative pyramidal cells’ input-output curves (i.e. firing rates
as a function of injected excitatory current amplitude) are sensitive to manipulations in
IPSG frequency. Figure 4.7C demonstrates the input-output relationship obtained at each
inhibitory conductance frequency, for one representative cell from the cohort.

The nature of this relationship was quantified for each cell by fitting a linear re-
gression to the input-output curve, starting with the first non-zero spike rate and ending
with maximal spike frequency, separately for each IPSG frequency condition. The obtained
input-output slope estimates are shown in Figure 4.7F, individually for each cell (grey) and
as a cohort average (green).

Individual cells’ slopes were submitted to a one-way repeated-measures ANOVA with
IPSG Frequency (10 Hz, 20 Hz, 40 Hz, 60 Hz, 80 Hz, and 100 Hz) as the repeated-measures
variable. The ANOVA revealed a significant main effect of IPSG Frequency (/'(2.52, 55) =
14.67, p< 0.001, I]}‘)): 0.57), which was explored by a series of post-hoc t-tests comparing
slopes obtained in all IPSG frequency conditions to those of the 40 Hz condition (M = 0.21,
SD= 0.12). The tests revealed that input-output slopes were significantly higher in the
40 Hz condition compared to the 10 Hz (M= 0.084, SD= 0.06, t= 4.19, p= 0.001) and
20 Hz (M= 0.11, SD= 0.086, t= 3.22, p= 0.008) conditions, while failing to produce any
significant differences in slope compared to other, higher frequencies (40 Hz vs 60 Hz: t=
1.07, p=0.31; 40 Hz vs 80 Hz: t= 1.76, p= 0.11; 40 Hz vs 100 Hz: ¢= 2.69, p= 0.21).
This evidence indicates that increasing IPSG frequency produces a statistically meaningful
multiplicative scaling of principal cell responses up to 40 Hz, with further marginal increases
in scaling (as reflected in growing input-output slope values as frequencies go up to 100 Hz;
Figure 4.7E) failing to be statistically significant.
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4.4.5 FREQUENCY OF RHYTHMIC INHIBITION INFLUENCES RHEOBASE

Next, I assessed the effect of IPSG frequency on rheobase, defined as the minimum
excitatory current required for the cell to generate at least one action potential over the
course of a single trial. Rheobase was extracted separately for each cell and IPSG frequency
condition, and expressed as a % of the excitatory current which produced the maximal
spike rate in each experiment. In some cases, the lowest excitatory current pulse delivered
was sufficient to evoke >1 AP at a particular IPSG frequency, making it impossible to
empirically determine the rheobase for that specific frequency. In such situations, rheobase
was analytically determined by running a linear regression on the relationship between
firing rate and excitatory current amplitude for the particular cell and IPSG frequency
in question. Rheobase was then defined as the current amplitude at which the projected
firing rate would be just above 0, and, similarly to empirically determined rheobase values,
it was converted into a % of the current which produced the maximal spike rate. This
extrapolation procedure occasionally yielded negative values, as seen in Figure 4.7F, which
shows individual cells’ rheobases (grey) and the cohort average in each IPSG frequency
condition (blue).

Individual cells’ rheobase values were submitted to a one-way repeated-measures
ANOVA with IPSG Frequency (10 Hz, 20 Hz, 40 Hz, 60 Hz, 80 Hz, and 100 Hz) as the
repeated-measures variable. The ANOVA revealed a significant main effect of IPSG Fre-
quency (F(2.57,55)= 6.99, p= 0.008, zyi: 0.39), which was explored by a series of post-hoc
t-tests comparing rheobases in all IPSG frequency conditions to those of the 40 Hz condi-
tion (M= 35.69, SD= 28.88). These revealed that none of the mean rheobase estimates
obtained under differing IPSG frequency conditions differed significantly from those in the
40 Hz condition (10 Hz vs 40 Hz: t= 2.065, p= 0.063; 20 Hz vs 40 Hz: t= 1.96, p= 0.075;
60 Hz vs 40 Hz: t= 1.43, p= 0.18; 40 Hz vs 80 Hz: t= 2.05, p= 0.065; 40 Hz vs 100 Hz: t=
3.04, p=0.011). As such, the results indicate that IPSG frequency has a significant bearing
on cells’ baseline sensitivity (as evidenced by the main frequency effect in the ANOVA),
however the follow-up t-tests suggest that this cell cohort may lack the power to point out
specific differences to a significance level which survives threshold correction.
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Figure 4.7: Effects of IPSG frequency on principal cell response properties
in L2/3 of S1 (n=12). A shows representative recordings from a putative pyramidal
cell being administered IPSGs of the following frequencies, from left to right: 10 Hz, 20
Hz, and 40 Hz (top), 60 Hz, 80 Hz, and 100 Hz (bottom), while concurrently receiving
excitatory stimulation with a 180 pA square current pulse. B shows average input
resistance (Ri; top) and resting membrane potential (Vm; bottom) across recorded
cells in the first and final blocks of the experiment. C' shows the input-output curve
of the same cell as shown in A, segregated according to IPSG frequency condition.
D shows maximal firing rates exhibited at each IPSG frequency condition. E shows
input-output (I-O) slopes for each IPSG frequency condition. F shows the rheobase for
each IPSG frequency condition, defined as the minimum excitatory current required for
a single AP, and expressed as a % of the input yielding the maximal spike rate in each
experiment. Where rheobase could not be empirically determined (if min. administered
excitation exceeded AP threshold for a given IPSG frequency) rheobase was determined
by a linear regression on the relationship between firing rate and excitatory current
magnitude, and defined as the current yielding >0 spikes. ** D-F show individual cells’
results in grey, and cohort averages in colour.
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4.4.6 FREQUENCY OF RHYTHMIC INHIBITION AFFECTS PRINCIPAL
CELL SPIKE FIDELITY

Next, I examined whether variability in the frequency at which rhythmic inhibitory
conductance is delivered modulates the reliability of spike timing in pyramidal cells across
repetitions of the same excitatory input. The experimental paradigm was well-suited to
pursuing this question, as each level of excitatory current pulse was repeated for a total of
5 times along with each of the six inhibitory conductance frequencies. This enabled me to
examine the replicability of the principal cells’ spike patterns across stimulus repetitions,
by calculating a cross-trial correlation index. This index was obtained by averaging spike
timing cross-correlations, obtained at a 0 ms time-lag, between every possible pairing of
trials at each level of excitation (normalised by spike rate). Figure 4.8A demonstrates
the mean cross-correlation index (CCI) observed under each IPSG frequency condition,
aggregated across excitatory input strengths.

Whether frequency made any difference to spike fidelity was tested by submitting
individual cells’ mean CClIs to a one-way repeated-measures ANOVA with IPSG Frequency
(10 Hz, 20 Hz, 40 Hz, 60 Hz, 80 Hz, and 100 Hz) as the repeated-measures variable. The
ANOVA revealed a significant main effect of IPSG Frequency (F(2.51, 55) = 17.66, p<
0.001, 1/2: 0.62). This effect was explored by running a series of post-hoc t-tests comparing
mean CCI at an IPSG of 40 Hz with those of all other frequencies. The tests revealed that
the mean cross-correlation index at 40 Hz (M= 0.34, SD= 0.20) was significantly higher
compared to those at all other frequencies (10 Hz: M= 0.18, SD= 0.11, t= 4.42, p= 0.001;
60 Hz: M= 0.26, SD= 0.14, t= 2.96, p= 0.01; 80 Hz: M= 0.20, SD= 0.096, t= 3.43, p=
0.006; 100 Hz: M= 0.12, SD= 0.06, t= 4.66, p= 0.001), apart from 20 Hz (20 Hz: M=
0.29, SD= 0.15, t= 1.66, p= 0.13).

I decided to supplement these findings by examining whether the apparent increase in
cross-correlation as a function of increasing excitatory drive (as illustrated Figure 4.6B) is
significantly affected by the frequency of concurrently administered IPSG. To explore this
question, I fit a series of linear regressions to the relationship between CCI and excitatory
current step number, for each IPSG frequency condition, starting with the minimal current
step required to evoke at least a single spike in each condition. Frequencies for which the
resulting slope estimates explained <50% of variance in the cross-correlation values were
discarded from analysis. The obtained I-CCI slopes are shown in Figure 4.6C, individually
for each cell (grey) and as a cohort average (purple).

Individual cells’ I-CCI slope values were submitted to a one-way repeated-measures
ANOVA with IPSG Frequency (10 Hz, 20 Hz, 40 Hz, 60 Hz, 80 Hz, and 100 Hz) as the
repeated-measures variable. The ANOVA revealed no significant main effect of IPSG Fre-
quency (F'(5, 55) = 2.26, p= 0.07, 7/]2): 0.24). Overall, the findings indicate that spike
timing reliability is generally highest when excitation coincides with rhythmic inhibitory
conductances at frequencies of 20-40 Hz, with a significant decline in reliability as one
moves further away to lower and higher frequencies. The evidence that the increase in relia-
bility with stronger excitatory stimulation occurs at different rates depending on inhibitory

conductance frequency, however, did not receive robust support.
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Figure 4.8: Effects of IPSG frequency on principal cell spike fidelity (n=12).
A shows the mean cross-correlation index (CCI) in spike timing, aggregated across
levels of excitation delivered simultaneously with IPSGs of each examined frequency.
B shows the relationship between excitatory drive and CCI in an example putative
pyramidal cell, segregated according to IPSG frequency. C shows input versus CCI
(I-CCI) slopes for each IPSG frequency. ** C shows individual cells’ results in grey,
and cohort averages in colour.
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4.5 RESULTS: SINGLE CELL MODEL

4.5.1 RECAP AND OBJECTIVES

In an attempt to understand the physiological mechanisms underlying the observation
that increasing the frequency of rhythmic inhibition enhances principal cell response scaling
(with statistically significant changes taking place <40Hz; see Figure 4.7E), a pyramidal
neuron was simulated according to methods published by Golomb et al. (2006). In short,
the model cell consisted of a single compartment at the confluence of the most predominant
ionic currents known to flow across the soma and proximal dendrites, detailed in Section
4.1.7. The cell was subjected to stimulation conditions which mimicked the experimental
protocol (see Section 4.1.6). This simulated protocol involved pairing each of a sequence
of 75 excitatory square current pulses of 2 s duration (each pulse increasing in amplitude
by 40 pA/cm?) with simulated rhythmic inhibition delivered at a range of frequencies (10
Hz, 20 Hz, 40 Hz, 60 Hz, 80 Hz, and 100 Hz). The goal was to begin understanding which
variables make the heaviest contribution to the aforementioned growth in response scaling
with increasing frequency of inhibition, as well as the observation that increases up to 40
Hz are, statistically, the most relevant, with further frequency increases making smaller
contributions.

In the results sections below, I explore the effects of modulating the degrees of i)
A-type K channel conductance (Gg_4), ii) M-type K* channel conductance (Gx—ps) and
iii) voltage-gated Ca?* channel conductance (G¢g), on the relationship between frequency
of inhibition and the model cell’s input-output properties. At each step, any excitatory
current injected into the cell was compounded with a noise term drawn from a normal
distribution of u= 0 and o= 1, based on one of five different random number generators.
The data presented below treats the outputs produced under each number generator as a
distinct data-point, to better gauge the robustness of any trend in the face of noise.

4.5.2 ROLES OF A-TYPE AND M-TYPE K+ CURRENTS IN PRINCIPAL
CELL RESPONSE SCALING

The main goal of the simulations was to explore the relative importance of the A-
type and M-type K™ currents in the relationship between frequency of inhibition received
by the model cell during excitation and the cell’s output properties. While it is unclear
whether the M-current is present in all principal cells, the existing literature indicates that
this current plays an active role in regulating cell output across a range of cell types and
brain regions - including hippocampal pyramidal cells (Golomb et al., 1996; Hu, Vervacke
& Storm, 2002; Gu, Vervaeke & Storm, 2005; Madison & Nicoll, 1984), cortical pyramidal
(Peng et al., 2017) and stellate (Nigro et al., 2014) cells, multiple types of interneuron
(Grigorov et al., 2014; Lawrence et al., 2006; Li et al., 2014), as well as cells outside the
forebrain (Bordas, Kovacs & Pal, 2015). The A-current is, similarly, widely observed in
the cortex, (Guan et al., 2011), as well as hippocampus (Hoffman et al., 1997), where its
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activity in the dendrites regulates spike thresholds and EPSP summation (Biro et al., 2018).
As such, both types of current are likely relevant parameters to explore in attempting to
understand the mechanistic underpinnings of rhythmic inhibitory influences on cell output.

The stimulation protocol pairing rhythmic inhibition with increasing excitation was
simulated for each of two values of Gx_4 and Gg_yy, as follows: Gx_4= 0 mS/cm? or
1 mS/ecm?; Gx_4= 0 mS/cm? or 1.4 mS/cm?. While these conductances can naturally
assume a vast range of values between these limits under physiological conditions, I ex-
plored the effects of switching these two conductances on or off in a binary fashion, with
the aim of working towards a relatively global understanding of the importance of these
variables (and in the interests of minimising the number of time-consuming simulations to
be run). The minimum and maximum conductance values used in the simulations were not
subjected to any fine-tuning, but rather based directly on the lower and upper limits fea-
tured in the original Golomb et al. (2006) publication. Sample membrane potential traces
of the model cell are shown in Figure 4.9A, featuring conditions of Gx_4=1.4 mS/cm?
Gx_n= 0mS/cm?, Ge,=0.20 mS/cm?, during co-administration of excitation (step n°38)
and rhythmic inhibition at each of the aforementioned frequencies.

For all simulations featured in this section, G, was fixed at a value of 0.020 mS/cm?.
To quantify the input-output properties of the model cell under each of these conditions, I
extracted spike rates obtained during each of the 75 excitatory current pulses, separately for
each examined frequency of inhibition. The slope of the input-output relationship for each
curve was determined by running a linear regression to the subset of data-points on the curve
which started with the first non-zero value and ended with the point at which the maximal
firing rate was achieved (as in the experimental sections of this chapter). Figure 4.9B-
C provides example input-output curves taken from two conditions: Gg_4=1.4 mS/cm?,
Gg_n=0 mS/cm? and Gg_4=1.4 mS/cm?, Gg_p=1 mS/cm?, for each inhibitory fre-
quency.

The resulting input-output slope estimates for each of the four combinations of
Gg_a and Gg_pr (Gg_a=0 mS/cm?, Gg_p=0 mS/ecm?; Gx_4=0 mS/cm?, Gg_pr=1
mS/cm?; Gx_4=1.4mS/cm?, Gx_pr=0mS/cm?; Gg_s=1.4mS/cm?, Gg_p=1mS/cm?)
are shown Figure 4.9D-E. Estimates resulting from each of the five distinct random number
generators are shown in grey; the group average is shown in green. As the figure shows,
input-output slopes exhibited a positive relationship with frequency of inhibition only under
conditions in which the M-type K current was switched off by setting channel conductance
to 0 mS/ cm?. In cases where Gx_j; was at its maximal value of 1 mS / cm?, the relation-
ship was inverted, and inconsistent with empirical observations from patch-clamp recordings
(Figure 4.7E).

It is important to note that input-output curves under conditions of maximal G _ s
(Figure 4.9C) initially seem at odds with the result that such conditions yield a negative
relationship between inhibitory frequency and I-O slope. Here, firing rates appear to scale
more steeply with excitation at higher inhibitory frequencies, similarly to conditions of
minimal Gg_ps. Note, however, that these conditions resulted in firing rates hovering at
low values for a substantial number of steps before beginning to scale with excitation. This
delay - which appears longer at higher frequencies of inhibition, and is not observed under
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conditions of minimal Gg_js (as well as experimental conditions) - produced the gradual
lowering of I-O slopes with frequency that is summarised in Figure 4.9D-E.

In contrast to the effects of G x_jy, the simulations showed that the A-type K* current
was less important in producing a positive relationship between frequency of inhibition and
input-output slope. A positive relationship could be obtained both when Gx_4=0 mS /
cm? and Gx_ 4= 1.4 mS/cm?, as long as Gg_ = 0 ms/cm?.

4.5.3 ROLE OF VOLTAGE-GATED CA+* CHANNEL CONDUCTANCE IN
PRINCIPAL CELL RESPONSE SCALING

In the previous section, I observed the importance of low M-type current levels in
generating a positive relationship between frequency of inhibition and response scaling in a
model cell, approximating experimental findings detailed in Results section 4.4.4. Having
accordingly fixed Gx_ a7 at 0 mS/ cm? and G _ 4 at 1.4 mS/cm? (the latter an arbitrary se-
lection), this section explores the effects of varying Ca?* channel conductance (Gg,), which
regulates the rapid flux of calcium ions through voltage-gated calcium channels (I¢,), which
in turn triggers fast and slow calcium-activated K+ currents (I _ fast and Ix_go,) which
contribute to rapid repolarisation, and slow after-hyperpolarization and spike frequency
adaptation respectively (Madison & Nicoll, 1984). It was my reasoning that this was a
relevant parameter to explore as I suspected that the same mechanism which contributes
to after-hyperpolarization is one which also contributes to the decreasing return on input-
output slopes of increasing frequency of inhibition.

Figure 4.10A-B shows sample input-output curves taken under low and high G¢,
conditions (A: Gg, = 0.05 mS / em?; B: Gou= 0.30 mS/cm?), while Figure 4.10C-E shows
input-output slopes estimated for three values of G¢g, (0.05 mS/cm?, 0.25 mS/cm?, 0.30
mS/cm?), separately for each frequency of inhibition. As can be seen from the I-O slopes
as a function of frequency of inhibition (Figure 4.10C-E), the slope-frequency profiles at the
higher G, values of 0.25 and 0.30 mS/cm? approximate the empirically observed increase in
slope as a result of frequency increases <40 Hz, followed by a diminishing return on further
increases in frequency of inhibition (see Figure 4.7E). In contrast, the slope-frequency profile
observed at the lowest G¢, setting of 0.05 mS/cm? shows a more dramatic increase in slope
as frequency of inhibition exceeds 40 Hz, which does not agree with empirical observations.

Looking at individual input-output curves (Figure 4.10A-B) offers insights into the
potential underpinning of this effect. The maximal firing rate achieved within 75 excitatory
current pulses is notably higher at Go,= 0.05 mS/cm? compared to Goe= 0.30 mS/cm?,
with the model cell reaching a max. of 200 Hz and 80 Hz under these two conditions,
respectively. This cap on possible firing rate imposed by increased conductance through
voltage-gated Ca?T channels may be a significant factor responsible for diminishing the
return on increases in frequency of inhibition beyond 40 Hz. Model results shown in Figure
4.11 indicate that this effect is largely underpinned by increased activation of the slow
calcium-activated KT current at higher frequencies of inhibition. This is likely due to faster
inhibition producing rapid membrane potential modulations which enable more spikes to be
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produced in short periods of time and thus lead to a rapid increase in conductance through
the slow calcium-activated K™ channel (known to be sensitive to number of preceding spikes;
Madison & Nicoll, 1984). As a consequence, the cell periodically enters brief stretches of
silence, effectively lowering the number of stimulus-evoked spikes that can be achieved under
conditions of rapid inhibition (Figure 4.11B). Simulations run under conditions in which
the slow calcium-activated K* current was switched off by clamping conductance through
the channel (G _gow) to 0 mS/ecm? (Figure 4.11 C-D) demonstrate this current’s causal
role in generating a diminishing return on input-output slopes as a function of frequency of
inhibition beyond 40 Hz. In the absence of the K;,,, current, input-output slopes scale more
steeply with inhibitory frequency, with no apparent cap at 40 Hz, as seen in experimental
data.
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Figure 4.9: Effects of A-type and M-type K™ currents on the relationship
between frequency of inhibition and the response properties of a model prin-
cipal cell. A shows sample traces from the model pyramidal cell being administered
rhythmic inhibition of the following frequencies, from left to right: 10 Hz, 20 Hz, and
40 Hz (top), 60 Hz, 80 Hz, and 100 Hz (bottom), while concurrently receiving excita-
tory stimulation with square current pulse n°38. B-C show the input-output curves
of the model cell for each tested frequency of inhibition and two levels of Gg_ps: 0
mS/cm? and 1 mS/cm? while G4 remained fixed at 1.4 mS/cm?. D-G show the
input-output slopes for each frequency of inhibition and each combination of Gg_ 4
and Gg_js as follows, in order: D - Gx_4=0 mS/cm? and Gg_j=1 mS/cm?; E -
Gg_a=1.4 mS/cm? and Gg_p=1 mS/cm?; F - Gg_a=1.4 mS/cm? and Gg_ =0
mS/cm?; G - Gx_4=0 mS/cm? and Gg_3=0 mS/cm?. Gg, was, in all cases, fixed
at 0.20 mS/cm?. **D-G show model cell results under conditions of five different noise
kernels in grey, and the cohort average in green.
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Figure 4.10: Effects of Ca’ current on the relationship between frequency of
inhibition and the response properties of a model principal cell. A-B shows
the input-output curves of the model cell for each tested frequency of inhibition, under
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C-E show the input-output slopes at each frequency of inhibition for
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0.25 mS/cm?; E - Gog= 0.30 mS/cm?. In these simulations, Gx_ 4 and Gg_j were
fixed at 1.4 mS/cm? and 0 mS/cm? respectively. **C-F show model cell results under
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Figure 4.11: Effects of slow calcium-activated K* current (K,,,) on the
relationship between frequency of inhibition and spike output in a model
principal cell. A shows a membrane potential trace (top) from the model pyramidal
cell being administered rhythmic inhibition of 40 Hz frequency while concurrently re-
ceiving stimulation with excitatory current step n°45. The trace below demonstrates
the unfolding of slow calcium-activated K+ conductance (Gg_g0w) at the same time.
B shows the same variables for 100 Hz rhythmic inhibition. The light blue areas mark
a temporary spike-free period in the membrane potential trace (top) which is shortly
preceded by an increase in G _gon (bottom) and continues until Gg g, drops to a
level which appears to permit the resumption of spiking. C' shows a membrane po-
tential trace from the model pyramidal cell being administered rhythmic inhibition of
100 Hz frequency while concurrently receiving stimulation with the same excitatory
current as in A and B, after switching off the slow calcium-activated K™ current by
setting conductance through the channel (G g _go,) to 0 mS/cm?. D shows the model
cell’s input-output slopes as a function of frequency of inhibition, under conditions of
switched off Ky, current. ** In these simulations, the following conductances were
fixed, as follows: Gg_ 4= 1.4 mS/cm?, Gx_pr= 0 mS/cm?, and Goe= 0.30 mS/cm?.
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4.6 DISCUSSION

In the series of experiments detailed in this chapter, I tested how variations in -
power of inhibitory conductance trains (IPSGs) delivered at 40 Hz affected the output
properties of cortical pyramidal cells being concurrently injected with excitatory current.
Here, variations in «-power were achieved by manipulating the synchrony and rhythmicity
of the input trains underlying the IPSG, so as to produce trains with low, medium and
high levels of v-power. Importantly, owing to the fact that perturbing synchronicity and
rhythmicity both compromise y-power while having opposite effects on conductance train
variability over time, specific values of these two variables could be combined to generate
trains which differed in ~-power, but exhibited similar degrees of temporal variability.

The results complement previous reports that rhythmic excitation at 40 Hz is capable
of eliciting stronger multiplicative gain in principal cells compared to excitation at a lower
frequency (Sohal et al., 2009), and elaborate on previous findings from our own laboratory.
I found that, much like rhythmic excitation at 40 Hz, simulated rhythmic perisomatic inhi-
bition at this frequency is capable of producing a multiplicative gain effect on principal cell
responses. This gain effect reflected in steeper input-output slopes, which were significantly
greater during application of rhythmic IPSGs compared to flat control conductances, but
also significantly scaled with the degree of y-power in the IPSG. In addition, I found that
increasing ~y-power subtractively decreased gain, as rheobase significantly increased in tan-
dem with the level of y-power in the IPSG. Lastly, I also examined the effects of ~-power
on principal cell spike fidelity, finding that vy-power has a significant effect.

I extended these findings through a series of experiments comparing the effects of
rhythmic inhibitory conductances modulated at 40 Hz and a range of other frequencies.
My results suggest that the 40 Hz rhythm might play a special role in boosting the out-
put properties of cortical principal cells, with interesting implications for predictive coding
accounts which associate vy-oscillatory activity with the propagation of sensory prediction
errors (Bastos et al., 2012).

4.6.1 SIMULATING PERISOMATIC ~-BAND INHIBITION PRODUCES MUL-
TIPLICATIVE INCREASES IN PRINCIPAL CELL GAIN

Examining the slope of change in principal cell firing rates as a function of increasing
excitatory current amplitude revealed that input-output slopes were, on average, signifi-
cantly higher when excitation was co-administered with a rhythmic 40 Hz inhibitory con-
ductance compared to a flat inhibitory control conductance (Figure 4.5E). Moreover, slopes
became significantly higher for every step made from low, to medium, and high IPSG ~-
power conditions. This suggests that perisomatic inhibition oscillating at 40 Hz is effective
at boosting the input-output slopes of principal cells in a manner that is directly sensitive
to the integrity of ~.
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Experiments comparing the effects of rhythmic IPSGs delivered at 40 Hz to various
other frequencies suggested that 40 Hz may, in fact, be the optimal frequency for boosting
principal cell input-output slopes. I found that increasing IPSG frequency increased slopes,
however only up to 40 Hz, with further increases no longer generating significant return on
slope (Figure 4.7E). This indicates that 40 Hz may be the highest modulatory frequency
necessary to produce the maximal boost in response properties that can be achieved in
principal cells.

The reasons for this effect are likely manifold. One potentially important consid-
eration concerns the inactivation dynamics of voltage-gated sodium channels. Generally,
sustained or slowly oscillating depolarization decreases sodium conductance across the mem-
brane due to lingering sodium channel inactivation, making rapid modulation of membrane
potential, such as that achieved by 40 Hz inhibition, more effective at consistently triggering
spikes during excitation (Bean, 2007; Hodgkin & Huxley, 1952; Noble et al., 1996). This is
supported by evidence that faster modulations of membrane potential boost gain (Azouz &
Gray, 2000; Henze & Buzsaki, 2001). Thus, the higher rate of membrane modulations pro-
duced by rhythmic 40 Hz compared to flat (Exp 1) and lower frequency (Exp 2) inhibition
might be responsible for the principal cells’ abilities to eventually reach higher maximal
firing rates, and thus result in higher input-output slopes. This is exemplified by the find-
ing that increasing ~-power enabled cells to achieve higher maximal firing rates (Figure
4.5C-D), as well as the observation that maximal firing rates associated with modulation
frequencies below 40 Hz were significantly lower than those at 40 Hz (Figure 4.7D).

Importantly, the relationship between frequency of inhibition and maximal firing rate
— as well as input-output slope — was not linear. Namely, both parameters significantly
increased with IPSG frequency only up to 40 Hz. The model of a single principal cell offers
some insights into the conditions which yield such a positive frequency-scaling relation-
ship, as well as the plateau at frequencies of inhibition exceeding 40 Hz. Namely, I found
that setting conductance of M-type K channels to 0 mS/cm? recapitulated the positive
frequency-scaling relationship observed in experiments, with a high conductance value of 1
mS/cm? reversing the trend.

Given the evidence that an active M-type current plays a role in spike frequency
accommodation, effectively putting a break on firing rates (Madison & Nicoll, 1984), the
importance of closing this channel may lie in this enabling higher firing rates. Indeed, a
visual inspection of model cell input-output slopes (Figure4.9 B-C), where Gg_js values
are clamped at 0 and 1 mS/cm? (for a fixed value of Gx_4) makes clear that the model
cell exhibits substantially higher maximal firing rates when the M-type current is shut off;
notably conditions of higher inhibitory frequencies resulted in higher absolute firing rates
compared to lower frequencies.

Furthermore, and perhaps more importantly, a permissive G _ s was associated with
a phenomenon whereby the model cell, upon firing its first AP for a given frequency of
inhibition, hovered at low spike rates for a substantial number of excitatory current steps
before taking off to higher values (unlike when conductance was set to 0 mS/ cm?, which
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allowed firing rates to instantly scale with stimulation). This contributed to an overall
lowering of input-output slopes, most dramatically for higher frequencies of inhibition. Such
a delayed scaling of firing rate with excitation may, in part, be due to the M-type current’s
known effect of increasing AP threshold (Brown & Adams, 1980).

While switching off the M-type K+ current was important in ensuring a positive
relationship between frequency of inhibition and input-output slope, simulations showed
that higher voltage-gated calcium channel conductances were important for the plateauing
of this relationship at frequencies above 40 Hz. Indeed, Figure 4.10D shows that, at a
low Gg, level of 0.05 mS/ cm?, I-O slopes rise even more dramatically at frequencies
above compared to below 40 Hz. In contrast, Gg, values > 0.20 mS/ cm? produced a
relative slowing of the rise in slope with frequency of inhibition. It is my conjecture that
this is due to the resulting calcium flux activating the slow KT current (Ix_g10,) which
is known to produce slow after-hyperpolarisation (Madison & Nicoll, 1984), which likely
generates a firing rate ceiling. This means that, at a certain point, increases in membrane
potential modulation frequency yield no net change in parameters such as maximal firing
rate and input-output slope. Indeed, Figure 4.10B-C shows that firing rates are generally
substantially lower when G¢, is set is 0.30 mS/cm? compared to 0.05 mS/cm?.

4.6.2 RELATIVE IMPORTANCE IN RHEOBASE AND MAXIMAL SPIKE
RATE IN INPUT-OUTPUT SLOPES

Evidence suggests that membrane potential noise is quite effective at eliciting action
potentials with high temporal fidelity compared to constant excitatory inputs (Mainen &
Sejnowski, 1995). This connection between noise and spike fidelity has been previously
observed in our laboratory, where 40 Hz IPSG trains with compromised rhythmicity (and
consequently, higher temporal variability) were associated with higher degrees of spike fi-
delity, as indexed by spike timing cross-correlations across presentations of the same excita-
tory stimulus. My experiments, however, examined the effects of IPSG trains which varied
specifically in terms of v-power, while retaining similar levels of temporal variability. I found
that such trains resulted in differing levels of spike fidelity, with mid-to-high y-power IPSG
trains in particular being associated with significantly higher spike fidelity levels compared
to IPSGs with low ~-power and arrhythmic flat IPSGs (Figure 4.6B).

Importantly, the second experimental series showed that spike fidelity was highest
for IPSGs of 20 Hz and 40 Hz, with significant drop-off with either positive or negative
departures in frequency (Figure 4.8B). Combined with the observation that increasing IPSG
frequency up to 40 Hz provides the most statistically significant boost to maximal achievable
firing rates (Figure 4.7D) and input-output slopes (Figure 4.7E), this evidence reinforces
the notion that the «-frequency of 40 Hz may have special properties in terms of facilitating
principal cell processing.

Whereas previous work implicating noisy membrane potential fluctuations in greater
spike reliability may have suggested that v rhythms boost input-output slopes at the cost
of degraded temporal precision of information transmission, my results imply that this
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may not be the case. Rather, rhythmic perisomatic inhibition in the y-band may enhance
multiplicative gain on principal cell responses as well as the cross-trial reliability of signals.

4.6.3 TOWARDS A BETTER UNDERSTANDING OF 7y

My experiments provide solid evidence that rhythmic perisomatic inhibition is capable
of boosting the response properties of pyramidal neurons in a manner specific to the y-band,
as multiplicative scaling effects and benefits to spike fidelity were most robust when cells
were subjected to IPSGs of 40 Hz frequency. However, while dynamic clamp can effectively
simulate the perisomatic inhibitory influence of fast-spiking PV interneurons on target cells,
these findings would benefit from experimental validation by studies which directly and
selectively recruit these interneurons to produce entirely naturalistic rhythmic inhibition.
It may also be of interest to examine the functional outcomes and biological relevance
of manipulating interneuronal firing patterns and frequencies. Furthermore, whilst the
simulated inhibitory inputs used in these experiments focused on mimicking the outputs of
fast-spiking interneurons, known to be critical for network ~y-oscillations, I did not attempt
to simulate rhythmic dendritic inhibition, such as that produced by somatostatin-positive
interneurons (Scheyltjens & Arckens, 2016). These have been found to be highly effective
at influencing 7—act1v1ty (Veit et (11 ]l /) and modulatlng the input-output properties of
pyramidal cells (Lovett-Baron et al., 2012; Mehaffey et al., 2005). Thus, future explorations
of links between ~-oscillatory act1v1ty and single-cell function would benefit from examining
the effects of dendritic, as well as somatic, dynamic clamping as well.

Finally, it is important to bridge such research with the conceptual question of the
place of v-oscillations, and oscillations in general, in the grand scheme of predictive coding
in sensory systems. Researchers have already successfully combined calcium imaging with
animal behaviour to discover single cells responding to mismatch between optic flow and
motion-generated visual prediction, residing within the mouse V1 (Keller et al., 2012). Our
understanding of such cells and the possible oscillatory dynamics implicated in prediction
error coding would certainly be enhanced if we performed intracellular recordings from such
cells during sensory experiences such as those involving visuo-motor mismatch. Exploring
the effects of disrupting interneuronal dynamics might be a further step in the direction
of better understanding how prediction errors and oscillations fit in the puzzle of sensory
perception.
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GENERAL DISCUSSION

The question of whether the sensory brain generates predictions about its future
inputs is, at this point, not highly contested. There is a wealth of evidence from across
neuroscientific disciplines to support the idea that predictions take place in sensory cortices,
manifesting in pre-activations of neuronal populations tuned to the anticipated stimulus
property, which can be gleaned using a range of techniques from human fMRI (Stokes et
al., 2009) to calcium imaging in the rodent (Fiser et al., 2016). Moreover, we have robust
evidence that brains respond to departures from statistical norms and learned stimulus
expectations (El Karoui et al., 2015; Keller et al., 2012; Komatsu et al., 2015; Harms et
al., 2014; Sedley et al., 2016). This lends credence to the notion that the two informational
variables expected in a brain engaging in predictive coding — namely, sensory predictions
and prediction errors — are a biological reality.

However, little is currently known about the possible implementations of predictive
coding, and the constraints within which this scheme operates. One recent proposal aiming
to give predictive coding some anatomical constraints suggested that sensory predictions and
prediction errors ought to be represented by distinct neuronal populations residing in the
deep and superficial cortical layers (Kanai et al., 2015), in part owing to their differential
propensity to give rise to top-down versus feedforward projections (Barone et al., 2000;
Markov et al., 2013). These distinct anatomical sites have, in turn, been associated with
oscillatory activities in different frequency bands (Michalareas et al., 2016; Spaak et al.,
2012), giving rise to the suggestion that the two parameters of predictive coding might have
both distinct laminar origins and spectral channels (Bastos et al., 2012; Kanai et al., 2015).
The work described in this thesis aimed to make its contribution to the field by examining
this, thus far unexplored, hypothesis.

5.1 INVESTIGATING PREDICTIVE CODING IN THE BEHAVING MOUSE

In the first chapter of this thesis, I aimed to test whether sensory predictions and
prediction errors are encoded in the visual cortex of awake behaving mice during stimu-
lus anticipation and processing, and whether these variables are selectively affiliated with
distinct cortical layers and spectral properties. To this end, I piloted two 2-Alternative
Forced Choice (2-AFC) paradigms in head-fixed water-restricted behaving mice, with the
intention of eventually implanting chronic multi-electrode arrays and combining sensory
decision-making behaviour with long-term recordings in the primary visual cortex. My goal
was to develop a task which incentivised animals to generate sensory expectations whose
underlying neuronal activity patterns might be captured in multi-unit and LFP recordings,
and classified using pattern analysis.

In the first piloted task, mice were required to use lick the left or right water spout
to indicate the locations of oriented visual gratings, which were preceded by auditory cues
predicting grating orientation. Upon the animals’ achievement of criterion performance
(Figures 2.1 and 2.2F), stimulus contrast was increasingly degraded on successive training
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sessions to introduce a stimulus detection challenge which might incentivise reliance on
the predictive cues. This possibility was suggested by prior evidence that humans pre-
activate tuned neuronal populations in their visual cortex when anticipating hard-to-detect
stimuli (Stokes et al., 2009). Despite the mice being significantly challenged at low stimulus
contrasts, as reflected in slower reaction times and reduced accuracies (Figures 2.1 and 2.2D-
F), I obtained no evidence that the animals had, to any degree, relied on the orientation-
predictive cues. This manifested in the finding that performance was not significantly
affected by whether the cues had correctly predicted stimulus orientation (as was the case
on 80% of trials) or not (Figure 2.3).

This outcome counters the expectation that, if animals used predictive information
to boost stimulus detection, performance should be impaired on trials featuring incorrect
predictions. Instead, I obtained evidence that mice likely based their behaviours on the
false belief that cues predicted stimulus location, rather than orientation. This reflected in
their significant propensity to lick the same spout that provided a reward during the most
recent previous encounter with a particular auditory cue (Figure 2.4).

The location discrimination task offers some new insights into the behavioural capa-
bilities of head-fixed mice. While researchers have previously shown mice to be capable of
acquiring the 2-AFC task with water spouts for the purpose of making location judgements
in the somatosensory and olfactory domains (Guo et al., 2014), this is, to the best of my
knowledge, the first demonstration of mice successfully learning to perform this task with
visual stimuli. As the mouse visual system becomes an increasingly popular platform for
genetic and physiological dissections (Niell & Stryker, 2008; Pinto et al., 2013; Seabrook
et al., 2017), it is arguably important to broaden our knowledge of the species’ capabilities
within this sensory modality.

It is relevant to note that, while this task was concurrently piloted with two male
and two female mice of the same age, only the males successfully acquired the task rules
within several weeks of training. As the females exhibited no signs of improvement at
a time when the males were exceeding 70% accuracy after a steady trend of increasing
performance, their training protocol was terminated after sixteen sessions. The possibility
still remains that females might be capable of acquiring the task rules on a different time-
scale to males - something which is not entirely clear from the existing behavioural literature
(Burgess et al., 2017), and may need to be explored with further long-term studies taking
animals’ sex into account. Furthermore, the small animal numbers recruited in the task
pilot mean that the observed sex differences in learning may have been spurious, due to
under-sampling of individuals from a mouse line which exhibits considerable variability of
non-trivial parameters such as gene expression patterns (Vedell, Svensson & Churchill, 2011)
and emotional traits (Jakovcevski, Schachner & Morellini, 2008), although less is known
about specifically cognitive variability. The current study cannot address this possibility,
which is a significant shortfall. However, this may be dealt with in the future by piloting
tasks with animal numbers large enough for individual variability in performance to recede
into the background of behavioural trends as statistical noise rather than giving rise to the
appearance of potentially spurious sex differences.
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Considering sample size issues, along with the observed lack of predictive cueing ef-
fects on animals’ performance, the 2-AFC location discrimination task proved inadequate as
a basis for exploring predictive coding in the mouse, on a behavioural or neurophysiological
level. Taking into account the mice which successfully learnt the task, my failure to find
evidence that animals generated orientation-specific sensory predictions stands in stark con-
trast to earlier findings of stimulus-specific predictive activations in V1, as mice repeatedly
traversed a virtual tunnel studded with predictable visual landmarks (Fiser et al., 2016).
Importantly, the animals in this study were only required to run along a spherical treadmill
to cross the virtual environment, and were given no task demands to explicitly incentivise
sensory prediction-making. This evidence for predictive neuronal activity strongly suggests
that sensory systems are capable of automatically generating predictions on the basis of
an environment’s statistical properties, even when such predictions are not behaviourally
relevant. The fact that my observations did not agree with this, and instead pointed to mice
operating on false beliefs about the meanings of predictive cues, indicates that there are
limitations to harnessing active decision-making processes in exploring predictive coding.

It is likely that cognitive requirements - and neuronal activation patterns underlying
behaviour - differ fundamentally between a passive task such as virtual tunnel traversal
and an instrumental conditioning task in which animals are rewarded for actively making
stimulus judgements. Performing a reward-based task inevitably requires the recruitment
of reinforcement circuitry such as the dopaminergic ventral tegmental area (Arsenault et
al., 2014) and the nucleus accumbens - a prominent target of dopaminergic projections and
critical player in behavioural reinforcement (Corbit, Muir & Balleine, 2001; Eaton, Libey
& Fetz, 2017). Tt is important to note dopamine’s role in modulating neuronal activity, in-
cluding its enhancement of thalamocortical afferent excitability (Govindaiah, Wang & Cox,
2010), as well influence on spike rates and signal-to-noise ratios in cortical neurons encoding
sensory information (Jacob, Ott & Nieder, 2013). It is therefore possible that the require-
ment for animals to work for rewards in the tasks explored in this thesis recruited distinct
circuit mechanisms to those which produced observable predictive and error-based neuronal
responses in the primary visual cortex of mice engaging in passive traversal paradigms (Fiser
et al., 2016; Keller et al., 2012). Here, predictive representations in V1 might have been
generated by the continuous transmission of spatiotemporal information encoded during
past encounters with the virtual tunnel’s sensory milieu - a role potentially carried out by
the entorhinal cortex (Bellmund, Deuker & Doeller, 2019) and hippocampus (Aqrabawi
& Kim, 2018; Howard, 2018; interactions with cerebellum during visuo-motor predictions
reported by Onuki et al., 2013).

Other factors likely differentiate active decision-making and passive traversal paradigms,
which point to passive tasks being more appropriate for exploring predictive coding. Namely,
when mice are asked to make decisions, they appear to be biased towards misinterpreting be-
haviourally irrelevant regularities in their environment as serving their current behavioural
needs. This raises the possibility that the use of decision-making tasks might make it dif-
ficult, if not impossible, to evoke and investigate sensory predictions that are free from
cognitive intervention. Furthermore, the boundaries of mouse cognitive skills are still, to
some degree, unclear, as evidenced by the animals’ complete failure to acquire the second
behavioural task which I piloted in my first chapter. In this task, mice were trained to judge
whether two visual gratings were of the same or different orientations, with the intention of
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eventually combining manipulations of the relative frequencies of ‘same’ versus ‘different’
trial types and auditory cues with the goal of generating hemisphere- and orientation-specific
predictive representations. However, the animals failed to perform above chance level after
four weeks of continuous training, leading me to abort the training protocol.

It is likely that future research into sensory predictive processes in behaving mice
would benefit strongly from using tasks which give mice no explicit decision-making demands
— such as the virtual tunnel traversal paradigm - and instead rely on the evidently inherent
tendency for the visual cortex to predict future stimuli (Fiser et al., 2016). Thus far,
traversal paradigms have primarily been combined with calcium imaging, offering evidence
for both predictive (Fiser et al., 2016) and error-based (Keller et al., 2012) responses in
L2/3 of the mouse visual cortex. While insights gained from calcium imaging are largely
limited to the superficial layers, we can expand our understanding of the anatomical and
physiological basis of predictive coding by combining traversal paradigms with translaminar
probe recordings.

There is, nonetheless, no need to discard explicit decision-making tasks from the list
of experimental methods that can be used to probe the neural underpinnings of predictive
coding. One of the main lessons that can be derived from this thesis is that decision-making
tasks can be problematic primarily when animals are supplied with predictive cues acting
on a stimulus dimension that differs from that used to guide behaviour. This is evidenced
by my observation that mice given auditory cues predicting stimulus orientation are not
affected in their judgements of stimulus location, and moreover appear to erroneously treat
the cues as predictive of the behaviourally relevant dimension (i.e. location). If such
a dimensional clash is avoided, decision-making tasks could provide a fruitful avenue for
researching predictive and error representations in sensory cortices.

It might, for instance, be interesting to examine mouse behaviour and sensory cor-
tical activity in a detection task with threshold grating stimuli, in which cues delivered to
other senses (eg. auditory or whisker-based) predict specific stimulus orientations. Many
interesting questions can be asked in this context. For instance, what neuronal activity
patterns can be observed on ’catch’ trials where no stimulus is presented but animals report
a detection event? Might predictive neuronal representations generated by the cues lead
to the false treatment of visual noise as a stimulus of a particular orientation? How do
such representations differ from those observed when that stimulus is physically present?
Such a task could also offer insights into how orientation prediction errors are encoded in
the primary visual cortex as a function of angular deviation from prediction. Is there a
universal signal which scales with angle of error, irrespective of its direction? Or does the
signal reflect in differential activations of neuronal ensembles tuned to distinct orientations?
A stimulus detection task such as this would likely require the use of the go/no-go response
harvesting system which, despite its shortcomings (covered in Section 2.5.1), appears to
intuitively map onto the cognitive processes involved in signalling a binary event such as
stimulus detection (Glickfeld et al., 2013; Wang et al., 2018). By sampling signals from
across the cortical layers as mice go about detecting stimuli and responding to expectancy
violations, we can begin to gain an understanding of the extent to which predictive and
error-based codes are anatomically segregated in the sensory cortex, and begin answering
questions about the potential oscillatory mechanisms involved.
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5.2 INVESTIGATING PREDICTIVE CODING IN VITRO

In the second chapter of this thesis, I examined the possibility of two hypothesised
oscillatory channels for predictive coding parameters (Bastos et al., 2012) using two opto-
genetic stimulation paradigms, in vitro. Slices of mouse somatosensory cortex expressing
ChR2 under the CaMKII promoter were exposed to streams of stimuli consisting of temporal
(Experiment 1) and spatiotemporal (Experiment 2) patterns of photostimulation, peppered
with infrequent deviations, in the form of a fluctuation in LED power (Experiment 1) or
premature stimulation of a patch of tissue which violated standard sequence dynamics (Ex-
periment 2). My goal was to examine whether oscillatory activity in the a- or 7-bands
discriminated between expected and unexpected photostimuli, in a way that would indicate
that either or both of these frequencies could map onto the critical prediction error variable.

My experiments provided no evidence that power (Figures 3.4, 3.8 and 3.9) or peak
frequency (Figures 3.5, 3.8 and 3.9) in the v-band differed significantly between stimuli
that were expected or unexpected, given stimulus stream statistics. Moreover, I found no
evidence that the rate at which either power or peak frequency in the «-band changed over
the time-course of an experiment (~1 hour) significantly differed between expected and
unexpected stimuli. This is a somewhat surprising outcome if we assume that v-oscillatory
activity reflects prediction error and that statistically common and uncommon stimuli can
be expected to suppress prediction error at vastly different rates with increasing stimulation
history. That is, a predictable stimulus would rapidly reduce prediction error signals over
the course of an experiment due to the number of stimulus encounters that would have
accrued to establish it as the dominant object of prediction, while an unexpected stimulus
would not.

Indeed, a phenomenon widely observed in the auditory cortex — known as stimulus-
specific adaptation (SSA: Angeloni & Geffen, 2018; Ulanovsky et al. 2003) attests to the
plausibility of this supposition. Here, neuronal responses to stimuli presented more fre-
quently in an input stream tend to undergo rapid adaptation, in contrast to responses to
oddball stimuli, which either adapt more slowly or even exhibit temporal facilitation (Natan
et al., 2015; Nelken, 2014). This effect has even been observed in subcortical nuclei such
as the medial geniculate body, although inactivation studies imply that these effects are,
at least partially, inherited top-down from A1l (Bauerle et al.; 2011; Antunes & Malmierca,
2011). In A1 itself, the onset of SSA effects can be as rapid as tens of milliseconds after
tone onset (Ulanovsky et al., 2003; Taaseh et al., 2011), which indicates that the effect
may be generated in the local circuitry, without necessarily requiring top-down inputs from
across the processing hierarchy. Nonetheless, my work suggests that an entirely isolated
primary sensory circuit may, after all, not be capable of differential adaptation to expected
and unexpected stimuli.

Further undermining the possibility of a connection between ~y-oscillatory activity and
prediction error in local somatosensory circuitry was the finding that y-power did not, on
average, show significant change over the course of an entire experiment. This leads me
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to conclude that a local barrel cortex circuit, devoid of global connectivity, is incapable
of responding to violations of an expectancy that might theoretically be established if the
recipient of a stimulation stream were capable of tracking its long-term statistics.

Several other findings indicate that local barrel cortex circuitry does not respond
to prediction errors simply because it does not represent stimulus predictions in the first
place. Aside from the finding that power in the a-band did not significantly discriminate
between expected and unexpected stimuli (Figures 3.6, 3.8 and 3.9), Experiment 1 showed
that it also did not discriminate between conditions in which the next most likely stimulus
was an amplitude deviant versus non-deviant pulse (Figure 3.6). Furthermore, I found that
stimulus-driven a-power showed no significant change over the time-course of an experiment,
both in the first and second experiment series. These findings suggest that a-band activity,
in vitro, fails both to distinguish between conditions associated with acutely different sensory
predictions, and track the accumulation of sensory prediction as an experiment progresses,
and stimulus statistics, and thus ‘expectations’, become clearer.

My evidence for a lacking association between a- and v-oscillatory activity and pre-
dictive coding variables can, of course, be interpreted as indicative of the fact that such an
association simply does not exist. However, to conclude this would be to ignore the solid
body of evidence documenting links between ~-band synchrony in the intact (and awake)
brain and incidences of violated sensory regularities (1 Karoui et al., 2015; Sedley et al.,
2016; Todorovic et al.; 2011). Thus, I am inclined to conclude that the data are more
indicative of the likelihood that local barrel circuitry simply does not engage in predictive
coding.

It is possible that directly applying spatiotemporal patterns of optogenetic stimula-
tion onto cortical tissue represents a protocol that is too artificial to conclusively answer
the question of whether local sensory cortical circuits can represent predictions and errors.
Experimental evidence suggests that this is not necessarily the case, as sine-modulated
optogenetic stimulus trains delivered directly to mouse S1 have been found capable of func-
tionally supplanting natural whisker-evoked activity patterns during navigation (Sofroniew
et al., 2015). Nonetheless, a more naturalistic stimulation protocol may be required to
provide a more conclusive test of the predictive properties of local circuits. As an example,
some insights may be gained from examining oscillatory dynamics in the primary sensory
cortices of animals exposed to stimulus patterns with occasional violations. In Al, for in-
stance, researchers have previously found stronger neuronal responses (Ulanovsky et al.,
2003), and increases in LFP y-band power (El Karoui et al., 2015) during deviant stimulus
processing, strongly hinting at prediction error encoding at the earliest cortical stages of
sound analysis. Examining whether the same properties are observed if Al were function-
ally or structurally disconnected from its higher-level targets might shed some light on the
locality of this effect. Thus, isolating a local circuit while retaining the pathways enabling
a naturalistic flow of input that cannot be provided in vitro might allow us to better un-
derstand the anatomical constraints, and oscillatory properties, of predictive coding.

A more naturalistic stimulation protocol - involving stimulus presentation to the
awake or anaesthetised animal - would also bypass the issue of cell targetting uncertainty,
which was a significant shortcoming of the work described in this thesis. Due to the broad
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spread of L2/3 pyramidal cells’ dendritic arbours across the barrel column (Lefort et al.,
2009), presenting spatially varying optogenetic stimulation within a single column leaves
open the possibility that discrete stimulus patches may nonetheless recruit heavily overlap-
ping cell populations as a result of depolarising their dendrites at multiple sites. As such,
the question of whether a computational unit of a sensory area such as S1 (i.e. a barrel
column) can learn to respond to stimulus regularities and their violations might be best
addressed by targetting that unit from the periphery, rather than attempting to directly
pattern the activity of its tissue.

5.3 TOWARDS A MECHANISTIC INSIGHT OF y-OSCILLATIONS AND
SINGLE CELL COMPUTATION

If the ~-band is responsible for propagating the primary informational currency of
sensation — i.e. prediction error - through cortical hierarchies, it is arguably critical to
establish a better understanding of how activity within this frequency band influences the
processing properties of its target neurons, on a single-cell level. This was the task of work
outlined in Chapter 3. I conducted patch-clamp recordings of putative L2/3 pyramidal cells
of somatosensory cortex to examine their stimulus-driven responses to excitatory currents
while dynamic clamp was used to concurrently administer inhibitory conductance trains
(IPSGs) oscillating at a ~-frequency of 40 Hz. This, in effect, simulated the rhythmic
perisomatic inhibition provided by fast-spiking PV interneurons (Freund & Katona, 2007;
Lytton & Sejnowski, 1991), known to play a key role in synchronising pyramidal cells and
generating network vy-oscillations (Buzsaki & Wang, 2012; Mann et al., 2005).

In the first series of experiments, excitatory square current pulses of increasing am-
plitudes were paired with 40 Hz IPSGs differing in terms of y-power (low, mid, and high),
while conserving temporal variability, owing to complementary manipulations of rhythmic-
ity and synchronicity (see Section 4.1.5 and Figure 4.3). I observed that rhythmic inhibition
produced higher maximal spike rates (Figure 4.5D) and input-output slopes (Figure 4.5F)
in principal cells compared to arrhythmic flat inhibition - an increase which scaled in pro-
portion with y-power in the IPSG. Furthermore, I found that rheobase was significantly
lower in all v-power conditions compared to the arrhythmic IPSG, indicative of y-frequency
inhibition having a permissive effect on firing threshold. Thus, my findings demonstrate
that mimicking rhythmic perisomatic inhibition at 40 Hz increases the baseline sensitivity
of principal neurons, as well as effectively having a multiplicative gain effect on output that
scales with degree of y-power. At the same time, mid-to-high levels of y-power in the IPSG
were associated with significantly greater cross-trial spike timing reliabilities compared to
low ~-power levels (Figure 4.6A). This is indicative of higher levels of inhibitory ~-power
providing a boost to response reliability. High IPSG ~-power also produced significantly
steeper slopes of the positive relationship between excitatory current amplitude and spike
fidelity (Figure 4.6C). In other words, reliability of principal cell firing patterns scaled more
rapidly with input strength when cells were subject to rhythmic inhibitory conductances
with high v-power.
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In a further series of experiments, I explored whether the precise frequency at which
principal cells receive rhythmic perisomatic inhibition matters for their response properties.
In other words, is ~-frequency inhibition particularly well-suited to enhancing gain and
spike timing reliability in principal cells, or can rhythmic inhibition at other frequencies
replicate the effect? I conducted patch-clamp recordings to examine stimulus-driven activity
in putative pyramidal neurons in S1 during exposure to inhibitory conductances oscillating
at frequencies covering the spectrum between the a- and high ~-band. Results strongly
indicated that v may indeed have special properties.

I found that increasing IPSG frequency up to 40 Hz resulted in pyramidal cells pro-
ducing higher firing rates, with no significant increases compared to 40 Hz up to, and
including, 100 Hz, the highest frequency examined (Figure 4.7D). Furthermore, increasing
IPSG frequency - only up to 40 Hz - resulted in higher mean input-output slopes, with fur-
ther increases in frequency having no significant further impact (Figure 4.7E). Examining
spike timing reliability also revealed that the highest reliability was generally obtained when
excitation was paired with 20 Hz and 40 Hz IPSGs, with a gradual fall-off in fidelity with
increasing distance from those frequencies (Figure 4.8A). The evidence leads me to conclude
that inhibitory conductance rhythmicity of 40 Hz may represent the optimal frequency for
boosting principal cell processing.

The special multiplicative gain and spike fidelity effects exerted by 40 Hz inhibitory
oscillations appear to take place without strong frequency-driven effects on firing thresh-
old. Simulations of the experimental protocol in a model pyramidal cell indicated that
the influence of inhibitory frequency on neuronal input-output properties can be observed
under conditions of low conductance through M-type KT channels, combined with height-
ened Ca?" ion flux (Figures 4.9 and 4.10). These two factors appeared to tug on firing
rates in opposite manners; however the result of the combination of low Gg_js and high
Gco was that the model neuron was able to reach higher spike rates with faster rhythmic
inhibition, however (importantly) with diminishing returns with continuing increases in fre-
quency. Dissecting the currents taking place in the model cell under varying frequencies of
rhythmic inhibition indicated that the effect of high G, was underpinned by its activation
of the slow Ca?*-activated KT current, Ky, (Figure 4.11). Specifically, as higher rates
of inhibition produced faster membrane potential modulation, and consequently higher in-
stantaneous spike rates, the occurrence of a number of spikes in rapid succession eventually
caused Koy to accumulate to a level which temporarily shut off further neuronal activity.
As a result, the model cell alternated between modes of high activity and silence, contribut-
ing to an overall lowering of firing rate.

It is relevant to consider the functional implications of the evidence that ~y-oscillations
are particularly well-suited to enhancing the gain of cortical principal cells. Multiplicative
changes in gain generally sensitise neurons to small variations in their encoding parameter,
such that smaller changes in the parameter value in the input can have a larger impact
on cell output. An example of such an effect in sensory cortex is found during attentional
states. Depending on the exact stimulus feature animals are instructed to look out for,
researchers have documented enhanced gain of orientation-tuned neurons in macaque vi-
sual cortex (McAdams & Maunsell, 1999) or directionally-tuned cells in motion-sensitive
area MT (Treue and Martinez-Trujillo, 1999). Thus, multiplicative gain control is likely a
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domain-general mechanism for priming the relevant neuronal populations to be particularly
perceptive of subtle shifts in their variable of interest. This is interesting to contemplate
from the perspective of predictive coding, which endows specifically ~-oscillatory activity
with the ability to encode sensory prediction errors, proposed to be the main informa-
tional variable which propagates through a processing hierarchy. The observed effects of
~-rhythmic inhibition on principal cell response properties point to the alleged prediction
error channel having the capacity to induce target cells to be particularly attuned to their
input. This perhaps makes sense; unpredicted inputs are reasonably the ones that need
accurate registering for the purposes of increasing the quality of future predictions.

In some ways, this conclusion is at odds with our current knowledge of the encoding
of predicted versus unpredicted inputs in sensory cortices. While neuronal responses and
~v-power are generally observed to be higher during the processing of unpredicted stimuli,
the relatively weaker stimulus-driven responses to predicted inputs are nonetheless associ-
ated with greater encoding quality, as measured by superior stimulus decoding based on
multidimensional variables such as fMRI multi-voxel patterns (Kok et al.. 2012: Noudoost
et al., 2017) and multi-unit responses (Bell et al., 2016). This evidence, which points to
predicted stimuli enjoying a particular encoding quality advantage, does not entirely fit my
finding that the 4-rhythm increases principal cell gain (consequently making cells capable
of more fine-grained representations) and spike fidelity across stimulus repetitions, if v is
indeed affiliated with encoding unpredicted inputs. Increased spike fidelity is indeed a rele-
vant dimension, as multivariate analysis of voxel or population activity patterns inherently
relies on those patterns which are consistently retained over stimulus repetitions, implicat-
ing them in encoding as opposed to noise.

Importantly, multivariate analysis often does not consider the temporal precision of
signal reliability over stimulus presentations (this information would not be available with
multi-voxel patterns in the first place). Rather, it tends to focus on cross-trial consistency
of the spatial distribution of graded responses across the swathe of tissue being examined,
occasionally with some temporal windowing. Thus, the population-level index of activation
reliability captured by multi-voxel pattern analysis differs from the single cell index of re-
liability. The question of which one is more critical for encoding information — the spatial
distribution of activity across neurons versus their individual spike patterns - perhaps goes
to the heart of a more general quest to understand the mechanisms by which neurons per-
form their encoding functions. We appear to be left with a combined uncertainty about
the encoding quality of unexpected versus expected stimuli, the potential role played by
~v-oscillatory dynamics, as well as the roles of population versus single-unit activities in any
potential encoding quality differences. We can begin resolving these uncertainties experi-
mentally. It might be possible to gain some insights from experiments in which multi- and
single-unit recordings from the sensory cortices of animals exposed to various stimuli are
paired with manipulations of network ~-oscillatory activity, using pharmacological agents
such as carbachol (known to reliably evoke ~-oscillations both in cortex: Kilb and Luhman,
2003 and hippocampus: Fellous & Sejnowski, 2000). Exploring the quality of decoding us-
ing both population- and single-cell level dynamics under varying oscillatory conditions can
begin providing some more specific answers about neuronal encoding of stimuli associated
with different prediction errors. Hopefully these insights might trickle down to offer some
food for thought on broader questions about how the cortex processes information.
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