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Abstract:

Forming appropriate decisions based on the state of the outside world is an
essential skill animals need to survive. While several tasks to study rodent
decision making have been proposed, many aspects of perceptual decision
making and their neural correlates remain poorly understood. In this thesis
we focused on three separate aspects of auditory decision making in mice,
each represented by one of the following chapters.

We started by demonstrating the involvement of the auditory cortex in per-
formance of a delayed frequency discrimination task. Moreover, we showed a
laminar and temporal separation of sensory and action related signals across
the layers of the auditory cortex as mice perform in that task. In the fol-
lowing chapter, we investigated the influence of baseline neural activity on
the discrimination accuracy of the following trial. We found that baseline
firing rate and cortical synchronisation affected task accuracy only in trials
following mistakes. Therefore, our data represents the first demonstration
of response-outcome dependent brain state influences on frequency discrim-
ination accuracy in mice.

In the last chapter of the thesis, we deeply characterised the behavioural
strategy of animals performing a simple frequency discrimination in a two
alternative forced choice paradigm. We revealed the formation of a gen-
eral, asymmetric response strategy across animals and frequency ranges.
Our analysis provides strong evidence that this response strategy developed
in response to sensory and control limitations. Taken together, our data
highlights the richness of mouse behavioural strategies, even in presumably
simple and symmetric task paradigms.



Resumo:

Tomar decisoes apropriadas com base no estado do mundo exterior é uma
capacidade essencial para a sobrevivéncia de um animal. Embora varias
tarefas para o estudo da tomada de decisao tenham sido propostas , muitas
das suas caracteristicas e paralelos neuronais continuam sem ser compreen-
didos. Nesta tese, concentramo-nos em trés aspectos individuais da tomada
de decisao, por parte de murganhos, com base em evidéncias auditivas.
Comecamos por demonstrar o envolvimento do cértex auditivo na realizagao
de uma tarefa de discriminagao retardada de frequéncia. Além disso, mostra-
mos uma separa¢ao laminar e temporal, ao longo das camadas corticais, por
parte dos sinais relacionados com as componentes sensorial e referente a agao.
No capitulo seguinte, investigamos a influéncia da actividade neuronal basal
na precisao do ensaio seguinte. Descobrimos que a qualidade da resposta do
animal é influenciada pelo ritmo de actividade basal e pela sincronizacao do
cortex exclusivamente depois de respostas incorretas. Desta forma, os nossos
dados demonstram, pela primeira vez, que o ritmo basal e a sincronizacao
do cértex influenciam a performance de murganhos na discriminacao de fre-
quéncia de uma forma que depende do resultado da resposta anterior.

No capitulo final desta tese, caracterizamos de forma aprofundada a es-
tratégia comportamental dos animais ao efectuarem uma discriminacao de
frequéncias simples, num paradigma de duas alternativas e escolha forgada.
Revelamos a formacao de uma estratégia geral, de resposta assimétrica entre
animais e grupos de frequéncias. A nossa andlise destes dados providencia
fortes evidéncias de que esta estratégia comportamental foi desenvolvida em
resposta a limitagoes sensoriais e de controlo. No seu todo, os nossos dados
realcam a complexidade das estratégias comportamentais dos murganhos,
até em tarefas, a primeira vista, simples e simétricas.
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With static ¢, optimal for discrimination of the initial two
easy frequencies. Right: With optimal ¢ considering mul-
tiple frequencies at each difficulty level. c: As a but with
wider low frequency DV distributions. o70,=2; 0mign=1) and
Means= £5, +2.6, £0.2. d: As b, but for distributions in c. .
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4.8

4.9

Pre-stimulus and response licking. a: Average lick-
ing frequency prior to stimulus presentation at the indicated
spout locations during steady state behaviour. Individual
traces correspond to single animals. Yellow shade denotes
the time of light presentation signalling trial start. b: Same
as a, but considering low and high frequency report spout. c
Left: Time course of licking at the low and high frequency re-
port spout in low frequency trials. Lines denote mean, shades
SEM. Grey shade indicates time of sound presentation, yel-
low shade time of light signaling. Right: Same as left, but
for high frequency trials. d: Same as c, but for trials with
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Generalised linear modelling of licking responses. a:
Model performances. Markers denote cross validated perfor-
mances of single models, black bars denote median (horizon-
tal) £ MAD (vertical). b: 5y of models in a. c: Fraction of
variance provided by stimulus (Freq), licks at low (LL) and
high (LH) frequency report spouts as well as the previous
choice (PCh) in correct (PChC) and incorrect (PChI) trials.
Inset: Coefficients of low and high spout licks across record-
ings (median + MAD). d: Predicted psychometric curves us-
ing stimulus coefficients only (black) or in combination with
the general bias (grey). Markers denote predicted responses
in single mice, curves denote the resulting fits for the cohort
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Default response strategy counteracts sensory bias.
a: Differences in lick rates at high and low frequency spouts
in the first sessions of training. Thick lines demarcate cohort
medians, thin lines median = MAD. b Left: Time course of
mean licking asymmetry and mean differences in trial rejec-
tion in the first 20 sessions of training across all animals with
high frequency steady state biases (n=20). Right: Same as
a but for licking asymmetry and corresponding accuracy dif-
ferences. . . . . .. ..
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Chapter 1

Introduction

HIGHLIGHTS

In this first chapter, we review literature and theoretical con-
cepts essential for the following chapters of the thesis.

We begin by reviewing important concepts and methodology
of studying rodent perceptual decision making.

We then introduce key features of the auditory system with
a focus on the laminar structure and distinction of cortical
areas in the mouse.

We furthermore review the literature on state modulations
observed in the auditory cortex.

We conclude the chapter by presenting the structure of this
thesis and clarifying the motivation behind each scientific
question studied.




1 Introduction

1.1 Sensory decision making

We are what we are because of the way we perceive the world and how we
relate to it, because of what we have learned and how we combine all these
factors into our decisions and actions. Studying this process therefore rep-
resents a fundamentally important gateway into understanding the human
condition.

1.1.1 Psychophysics

A decision is the process that results in a deliberate commitment to a cat-
egorical proposition [78]. A common framework to study such processes in
neuroscience is sensory-motor decision making, where subjects are required
to form decisions about certain features of sensory stimuli. Such features can
be the direction of cohesively moving dots [178], the frequency of a sound
[115] or the location of its source [197]. These decisions then need to be
reported by the execution - or omission - of defined actions. Subjects are
therefore tasked to infer the state of the outside world given the informa-
tion provided by their sensory systems [78, 126, 205, 259, 281]. Because
the stimulus is under direct control of the experimenter, the amount of ev-
idence available to perform a decision can be manipulated. Consequently,
sensory-motor tasks can be used to quantify sensory perception, by inferring
information about the sensory evidence perceived by the subject through the
reported decisions [73, 237].

This application of sensory decision making tasks, known as Psychophysics,
was first formulated by Gustav Fechner in the late 19th century and has
since then been widely used to study the perceptual limitations of sensory
discrimination and detection [64, 263, 234, 51, 127, 91, 199, 52|. Typically, in
psychophysical studies, subjects are presented with multiple stimuli varying
the sensory feature relevant for the required decision. This feature can be
intensity in detection tasks [28], cohesion in case of the random dot move-
ment task [178] or interaural level difference for tasks based on rodent sound
localisation [197]. The proportion subjects report one of the two categorical
decisions is then calculated for each of the presented stimuli. In discrimi-
nation tasks, these fractions typically can be well described by a sigmoidal
curve, called the psychometric function or curve. ‘Easy’ stimuli, provide
strong sensory evidence so that the decision making process is not sensory
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limited. Therefore the decisions reported for easy stimuli of one condition do
not vary strongly. These tails of the psychometric curve therefore indicate
the lapse rate of decision behaviour [30]. Only as the sensory evidence for
the task categories diminishes, the probability of reporting either category
changes with the strength of evidence presented. The slope of this sensory-
limited part of the psychometric function therefore measures the sensitivity
[30].

Through careful task design, different internal and external factors interfer-
ing with the sensory decision process can be studied through their effect on
the psychometric curve [30]. Moreover, by conditioning the analysis on the
stimulus or decision history, the dependency on internal biases or history
effects in the decision making process can be quantified through shifts in the
position of the psychometric curve, indicating response biases.

1.1.2 Signal detection theory

To quantify the degree to which animals are able to discriminate or detect
stimuli, different theoretical frameworks have been applied [55, 138, 82].
Among those, Signal Detection Theory (SDT) has become highly influen-
tial. In this framework the decision is formed based on the value of a Decision
Variable (DV) in a particular trial. In the context of psychophysics its value
corresponds to the degree of perceptual evidence available in a given trial.
In a detection task the DV therefore corresponds to the evidence that a
stimulus has been presented while in a discrimination task it represents the
evidence available to classify an observed stimulus into one of two categories.
The value of the DV observed in individual trials is described by two distri-
butions across the trials of the decision categories (Figure 1.1). In a given
trial, the decision is formed by testing if the current DV value is bigger, or
smaller, than a threshold. Importantly, overlapping distributions result in
DV values that can be observed under both distributions, creating trials of
perceptual uncertainty, as the observed perceptual evidence is not uniquely
associated with one task condition. The degree to which task conditions can
be discriminated is quantified by the difference of the distribution means,
relative to the combined standard deviations and is referred to as discrim-
inability index or d-prime [258, 250, 74, 14].

The decision threshold used to determine which distribution a given DV

3
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Figure 1.1: Distribution of the decision wvariable across trials of two
categories, showing d-prime and the criterion (c).

value is attributed to is called the criterion (c). The value of the criterion
is not necessarily determined exclusively by the DV distributions, but can
be subject to internal influences, like motivation, or can be manipulated by
the task structure [14, 46]. It can thus reflect the underlying behavioural
strategy of the animals independent of the perceptual difficulty. The crite-
rion resulting in the highest decision accuracy is given by the value of the
DV that is equally likely observed under both distributions. In this case,
all DV values bigger than the criterion are more likely observed under one
distribution, and all values smaller are more likely observed under the other.
Therefore misclassifications are limited only by the discriminability of the
stimulus percepts. However, instead of maximising decision accuracy, the
criterion can also minimise the risk of misclassifying trials of one of the two
distributions selectively by taking smaller or bigger values [14].

1.1.3 Perceptual decision-making tasks

To generate data suitable to characterise the perceptual decision making pro-
cess and reveal its neural implementation, appropriate sensory-motor tasks
have to be designed that allow for targeted manipulation of the perceptual
evidence, while closely monitoring the subjects’ behaviour and neural activ-
ity [78, 135, 30]. While these tasks have traditionally been developed and
applied for studies using primates [198, 78], similar behavioural paradigms
have now been established for mice. Given the variety of genetic and opto-
gentic tools available, these tasks facilitate targeted neural manipulations to

4
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probe the resulting behavioural effects [85, 153, 108, 30].

The exact design of the task is an important factor for the training speed and
robustness of its findings [283]. Especially in mice, simple Go-NoGo tasks
have often been used [6, 245, 101, 2]. In these tasks, one stimulus category
(S+) is associated with a response, which has to be omitted in its absence or
following presentation of another stimulus (S-). This simple task structure
results in relatively short training times [30]. But because the absence of a
response action can be triggered by either a dedicated task-decision or cor-
respond to a lack of motivation to engage in the task, the response accuracy
is easily confounded. SDT can sometimes disentangle these confounding fac-
tors, however especially in the case of stimulus detection tasks, this is not
trivial, as an unambiguous separation of the presented stimuli in signal and
noise categories is not possible [101]. These shortcomings of Go-NoGo tasks
are avoided in symmetric, Two Alternative Forced Choice (2AFC) tasks, in
which animals report their decision by executing one of two similar response
actions. While changes in the task engagement can still (selectively) alter
the fraction of trials in which the animal responded, these motivational ef-
fects cannot influence the criterion of the sensory-motor decision process
(114, 93].

Apart from different response structures, also distinct classes of behavioural
apparatuses for sensory-motor tasks in rodents have been implemented. In
freely moving task environments, mice are allowed to explore and walk within
the behavioural box voluntarily during the behavioural session. A common
apparatus to train freely moving animals consists of a box with three sepa-
rate nose poke ports. An infrared beam is broken when animals enter these
ports, which is considered the voluntary response. Typically, the poke in the
centre is used to initiate a trial and thus trigger stimulus presentation, while
the two lateral ports are usually sites of the animals’ responses and reward
delivery [206, 28, 273, 114, 299]. This deliberate trial initiation is a great ad-
vantage in task structure as it allows for a self paced progression of trials and
limits the trial-by trial fluctuation in motivation of the animals. Contrasting
this apparatus for freely moving behaviour, especially behavioural tasks for
mice often use behavioural setups that restrict the animals’ movements via
head-fixation [14, 85, 153, 151]. This restraint of movement greatly facili-
tates recording of neural data and additionally allows for easy measurements
of important behavioural indicators like pupil dilation or movements, which
can either be measured by video or by placing the head fixed animal on a
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treadmill or tracking ball [153, 225]. In these head fixed preparations, ani-
mals can report their decision either by licking at water delivery spouts [85],
rotation of a steering wheel [27, 113] or by navigating to a specific location in
a virtual environment using a tracking ball [225]. Some head fixed prepara-
tions also do allow for voluntary trial initiations by the animal. In instances
where mice are fixated while running on a treadmill, specific running speeds
have been used for trial initiation [153]. Moreover, a three licking spout
paradigm for head fixed mice, analogous to the three nose pokes system, has
recently been developed [151].

1.2 Neural coding of sensory information

In all sensory-motor tasks, the brain needs to gather information about the
state of the outside world in order to select the appropriate behavioural re-
sponse. This sensory information is collected by specialised receptor cells
outside of the central nervous system. These receptors cells transduce spe-
cific features of the present sensory stimuli into neural patterns of activation.
This stimulus-evoked neural activity is then propagated into the central ner-
vous system where its processing can lead to a stimulus percept and drive
behaviour.

In this study we focus on auditory decision making processes as audition is
a salient sensory modality in mice [30]. Moreover, other than somatosensa-
tion by whisker movement or olfaction, the detection of sensory stimuli in
the auditory domain is not necessarily associated with movement and can
therefore be temporally well controlled and easier decoupled from movement
influences. In addition, auditory cortical areas are relatively well defined in
their location and spatial organisation and can be easily accessed for elec-
trophysiological recordings [271].

1.2.1 The auditory system

The auditory system is specialised to detect and process sound. Sound refers
to pressure waves generated by vibrations of air molecules and is the sensory
stimulus underlying auditory perception [204]. It is detected by specialised
mechano-receptors in the inner ear and its different features correspond to
distinct aspects of the resulting auditory percept. Thus, the amplitude of
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a sound wave will determine its perceived loudness, while its periodicity is
closely related to the perceived pitch [232].

To transform these airborne pressure waves into neural activity patterns,
sound waves are gathered by the outer ear and transferred to the cochlear
in the inner ear. Pressure waves travelling through the inner ear cause vi-
brations at the basilar membrane which are transformed into neural activity
patterns by hair cells, the sensory receptor cells of the auditory system [204].
Importantly, the basilar membrane systematically changes its flexibility and
width, resulting in distinct locations of maximum membrane vibrations for
sounds of different frequencies. This structural property of the basilar mem-
brane decomposes sound stimuli into their frequency components and leads
to the generation of frequency-specific neural activity patterns by the hair
cells [25, 204].

Neurotransmitters released by the hair cells in turn activate neurons of the
spiral ganglion, which propagates the resulting activity to the central ner-
vous system [204]. Because these neurons only receive input from one or
few hair cells, the frequency decomposition mainly achieved by the physical
properties of the basilar membrane is maintained. This frequency-specific or-
ganisation in the signal propagation, called tonotopy, represents a hallmark
organising principle in the ascending auditory pathway as neighbouring neu-
rons typically have similar characteristic frequencies [25].

In the central nervous system, most sound-triggered neural activity is prop-
agated through multiple relay stations before converging at the inferior col-
liculus [25]. In mammals, these early processing stages are relatively con-
served in their structure and have mostly been implicated in the processing
of sound localisation [232, 116, 110, 292, 25]. Activity patterns of the inferior
colliculus then are propagated to the the Medial Geniculate Nucleus (MGN)
in the thalamus which then gates the activity to the Primary Auditory Cor-
tex (Al) and the striatum [242, 25].

1.2.2 Subdivisions of the mouse auditory cortex

While the anatomical structures that propagate auditory information to the
cortex are relatively conserved across mammal species [232], the subdivi-
sions and terminology of different auditory cortical areas greatly vary across
species. In general, auditory cortex (ACx) is divided into primary and sec-
ondary cortical areas. Primary areas receive direct innervation from the

7
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Figure 1.2: Subdivisions of the auditory cortex (ACx). a: Auditory cortical
areas in nonhuman primates. Primary areas are primary auditory cortex (A1),
rostral area (R) and the rostrotemporal area (RT). Belt areas are referred to by
their position as caudolateral (CL), caudomedial (CM), middle lateral (ML), mid-
dle medial (MM), rostromedial (RM), anterolateral (AL), rostrotemporal medial
and lateral (RTM & RTL). L (Low) and H (High) demarcate the direction of the
tonotopic map. Adapted from Kaas & Hackett [119]. b: Recent subdivisions of
auditory cortical areas of the mouse. Primary areas are primary auditory cortex
(A1), dorsomedial (DM) and anterior auditory field (AAF). Secondary areas are
secondary auditory cortex (A2), dorsal posterior area (DP) and the dorsal an-
terior area (DA). Colours indicate the tonotopic map for pure frequency tones.
Adapted from Tsukano et al. [268]

ventral part of the MGN, are tonopopically organised and exhibit certain
histological features like dense myelination and elevated expression levels
of certain marker proteins [95, 121]. In adjacent primary auditory areas,
the direction of the tonotopic map typically inverts [268, 271]. In primates,
three primary auditory areas with independent activation by the MGN have
been described [164, 109, 168, 207] (Figure 1.2a). These lie in the centre of
the ACx and are typically collectively referred to as the core region. The
core region is surrounded by secondary auditory fields, called the belt re-
gion. These secondary auditory areas are typically innervated by primary
cortical areas and show less myelination than core regions [95]. Moreover,
some secondary auditory areas are not tonotopically organised, but instead
show tuning to higher auditory features [16, 271, 254]. In primates, eight
different belt regions are being distinguished according to their histological
features.

In the mouse, the differentiation of ACx into smaller areas is not as well
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established. Until recently, only two primary areas, the Anterior Auditory
Field (AAF) and the A1, with differing response properties, projection tar-
gets and thalamic inputs, have been distinguished [254, 144, 84, 112, 171,
246]. However, based on fine scale mapping of tonotopic sound responses
and connectivity patterns, recent studies have suggested a division of A1 into
Dorsomedial Field (DM) and A1 [268, 269, 271] (Figure 1.2b). Each of these
three suggested primary areas receive direct innervation from distinct loca-
tions of the MGN and are organised tonotopically. While the Dorsoanterior
Field (DA) also receives direct thalamic innervation, it is not considered a
primary auditory area because of the absence of tonotopy [102, 104, 270, 268].
A tonotopic map has also been described in the secondary auditory cortex of
mice, while neither DA nor Dorsoposterior Field (DP) are activated by pure
frequency tones. Instead, responses in these areas are triggered by changes
in direction of slow frequency modulated sounds [104, 270, 254].
Importantly, while all primary auditory cortices are arranged along a top-
notopic map largely inherited from the cochlea, auditory responses are not
limited to pure frequencies. Instead, neurons independently encode multi-
ple sound features, like localisation, frequency and frequency-envelope cues
[16, 132] and integrate sound stimuli across different time scales [175, 233].
Moreover, neural responses corresponding to reward expectation and up-
coming choices in sensory-motor tasks have been reported [83]. Some studies
have reported that neural responses do also vary according to the distance of
the cells to the surface, suggesting a depth-dependent segregation of sensory
and behavioural information [200, 296].

1.2.3 Laminar organisation of cortex

One hallmark feature of the mammalian neocortex is its stereotypic lami-
nar structure. It is comprised of six main layers, numbered according to
their depth. These layers show distinct cell densities and distributions and
are connected to each other in a highly stereotypic way, referred to as the
canonical cortical microcircuit (Figure 1.3a). The neurons across cortical
layers are broadly categorised by the neurotransmitter they release. The
principal neurons of cortex, comprising 80% of the neural population, ex-
cite their postsynaptic targets by release of glutamate [92]. Because of their
morphology, they are commonly referred to as pyramidal cells [92]. While
these neurons propagate excitatory inputs locally or across long distances in
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Figure 1.3: Connectivity of cortical areas. a: Canonical cortical microcircuit.
Shown are the main excitatory cell types. Line thickness represents the strength
of connection. Nomenclature: Corticocortical cells (CC), Corticothalamic cells
(CT), Intratelencephalic neurons (ITN), Pyramidal cells (PC), Subcerebral pro-
jection neurons (SPN). Adapted from Harris et al. [92]. b: Schematic laminar
connectivity across the cortical hierarchy.

the brain, the remaining cortical neurons inhibit firing in their local postsy-
naptic targets by releasing the neurotransmitter GABA [92].

Both excitatory and inhibitory neurons can be further classified according
to their protein expression levels, morphology and typical connectivity. As-
cending information from primary thalamus or lower cortical areas primar-
ily excites neurons in cortical layer 4 [243], however in the auditory cortex,
strong inputs at the border of cortical layers 5 and 6 have also been observed
(222, 92]. Pyramidal cells in layer 4 then strongly innervate neurons in the
more superficial layers 2 and 3 [243], but projections to neurons in all layers
have also been described [92]. Excitatory neurons in superficial layers 2 and
3 in turn form both local connections to neurons in layer 5 as well as distant
projections to higher order cortical areas [243, 92]. Cells in layer 5 fall into
two major categories that form connections to either telencephalic or sub-
cerebral areas. Intratelencephalic cells innervate targets like the striatum,
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other cortical areas or locally target neurons in layer 2/3 [92]. Subcerebral
cells, on the other hand, do not form strong local connections, but project
to the ipsilateral striatum as well as secondary thalamic and subcerebral
areas [157, 242, 211, 92]. Neurons in the deepest layer of cortex primarily
receive descending feedback projections from higher order cortices or thala-
mus and in turn innervate primary thalamic areas or layer 1 and 6 of lower
cortical areas [243, 92]. In primates, local connections of layer 6 neurons
preferentially target interneurons in the input layer 4 [242, 260, 92], while
a preferential targeting of superficial layer 5 has been observed in rodents
[129, 3]. The most superficial layer 1 of cortex is largely free of cell bodies in
adult animals and instead a target of projections from higher cortical areas,
where they form connections to the ascending dendrites of layer 2/3 and 5
neurons [92] (Figure 1.3a).

This general connectivity of cortical areas forms the basis of the cortical
hierarchy (Figure 1.3b). As ascending information primarily excites layer 4
neurons, while descending feedback projections target the extremes of the
cortical column, a main directionality or hierarchy in the in the information
processing stream can be defined among connected cortical areas [243]. In a
given cortical area, the influences of feed forward information in layer 4 and
feedback projections to layers 1 and 6 then can be combined in their effects
on layer 2/3 and layer 5 neurons. While this characteristic connectivity mo-
tif has often been suggested to be associated to a canonical computation of
a cortical column, its functional role has not been fully understood. But it
is generally believed that the ascending information across the cortical path-
way enables the processing of increasingly complex sensory features, while
the descending feedback projections play important roles in modulations of
cortical processing according to behavioural demands in a particular context
(31, 11].

1.3 State dependent activity in ACx

To identify sensory or contextual features relevant for neural activity, feature-
dependent activity changes have to be quantified. In a single neuron, the
response to a given stimulus is typically described by its average activity at
various time points around the stimulus presentation. The hence obtained
Peristimulus Time Histogram (PSTH) then gives a description of how the
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mean neural activity is affected by the stimulus. In ACx, neurons typically
show fast, transient activations at sound onset, but stimulus triggered silenc-
ing of neurons and responses to the sound offset have also been described
(222, 246, 134].

A different, salient aspect of neural activity in the cortex is its variability
[239, 160]. Thus, the firing rates observed during single stimulus presenta-
tions or behavioural trials can deviate significantly from another [262, 261].
Sources of such neural variability can be deterministic or random [63]. De-
terministic sources of variability in sensory systems can be unintended back-
ground stimuli that interfere with the presented stimulus. Alternatively, the
observed differences in activity can be rooted in the interconnectivity of the
nervous system that allows for complex interactions with contextual infor-
mation [63, 160, 224, 249]. However, noise can also be truly random and
depend on an inherent imperfection in signal detection and/or propagation
in the sensory system [63]. To what extent this neural variability is an in-
herent property of neural systems or explainable by context is still under
debate [238, 63, 237].

However, while some of the observed variability might truly be random, be-
havioural state and context alter cortical activity [224, 249, 160]. Among
others, movement, arousal state as well as task engagement and atten-
tion have been shown to be important modulators of firing rates in cortex
[189, 7, 130, 229, 160]. In the auditory domain, the influence of movement on
auditory cortex has been well studied across species [213, 214, 218, 230, 251,
276, 284, 295]. Movement reduces firing rates and frequency responses across
all frequencies. This suppression is thought to represent the suppression of
expected, self-generated sounds that each movement introduces [216, 24]. In
line with this interpretation, the level of suppression observed increases with
the familiarity to the environment [231, 229]. In mice, this silencing effect is
likely mediated by direct feedback projections from secondary motor cortex
(M2), which target both excitatory and inhibitory neurons [176]. Moreover
these synapses are strengthened through movement related auditory feed-
back, and thus may well represent the pathway of suppression of predicted
self-generated stimuli [61, 62, 228, 229]. Recently, an additional pathway
for motor feedback of upcoming facial movements that selectively activates
layer 6 neurons in the ACx has been suggested [42]. Because principal neu-
rons of layer 6 can modulate the cortical response gain through activation of
layer 4 interneurons [188], such layer 6 activations represent another possi-
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1 Introduction

ble pathway of movement-related suppression of activity in ACx. Movement
modulations are however not limited to the cortex, but occur on many levels
of the auditory pathway [229].

Apart from movement, attention and task engagement also have been demon-
strated to control the size of stimulus responses through thalamic gating
[288]. More prominently though, they have been reported to alter the width
of neural tuning curves [183, 71, 187, 173, 186, 8, 256, 221]. The width of the
neural tuning curve describes the range of stimuli that induce firing above
the baseline rate. It therefore is an important measure of a neurons’ selec-
tivity. When animals are engaged in a task, tuning curves in ACx typically
get narrower and baseline firing rates are reduced, resulting in an improved
ratio of stimulus representation compared to the noise.

However, these behavioural states do not only affect the firing rate and
selectivity of individual neurons alone, but also the degree and level of coor-
dination of neural populations [163, 160] (Figure 1.4). Thus, in the absence
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Figure 1.4: Examples for active and inactive cortical state in the ACx
of anaesthetised rats. a: Raster plot (Top) and PSTH (Bottom) of simultane-
ously recorded neurons during desynchronised cortical activity. b: Same showing
synchronised activity. Adapted from Renart et al. [212]
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of a stimulus, the spontaneous spikes of individual neurons in a population
can either occur independent of each other or they can be synchronised,
leading to periods of collective firing bursts, called up states, and periods
in which spikes are absent in all cells, called down states (Figure 1.4Db).
The degree of synchrony of spontaneous cortical activity is highly variable
across the continuous spectrum between the illustrated extreme states of
coordination (Figure 1.4). Moreover the synchrony of cortical activity, also
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called brain state, is highly correlated with movement and arousal states,
an effect modulated by fluctuations of cholinergic and noradrenegic activity
[140, 163, 38, 210]. Thus, both movement and high arousal are associated
with desynchronous firing, therefore referred to as active state, while high-
est degrees of synchronisation are observed across different stages of sleep
[253, 159]. However, synchronous firing is not limited to phases of sleep, but
can also occur at various degrees during wakefulness [282, 202, 248|.

The degree and sign of firing rate correlations can be an important factor
for downstream areas, involved in detecting or discriminating stimulus in-
formation encoded in that activity [161]. Cortical state of quiescence and
mild synchrony can favour the detection of stimuli near detection thresh-
old during down states [161, 160]. However, strong correlations in firing
rate likely reduce the specificity of the stimulus signal and discrimination
performance [194, 172] (see simplified scheme in Figure 1.5). The active
cortical state on the other hand, can facilitate fine-scale discrimination of
stimuli, due to the global absence of correlations [212, 160]. In addition,
analysis of spontaneous activity in the rat ACx suggests that the active
state is maintained through the balanced interaction of two anti-correlated
cortical sub-populations [20]. This negative correlation could further in-
crease discriminability for a linear decoder if stimulus tuning across these
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Figure 1.5: Effect of correlation in linear coding. Shown are the exam-
ple histograms of the combined activity of two simulated neurons following the
presentation of two stimuli. The colour intensity corresponds to probability of ob-
servation. a: No correlation. Firing rates in the two conditions overlap in few
instances only. b: Positive correlation. Firing rates overlap strongly, limiting
the possibility of correct stimulus discrimination. c: Negative correlation. Noise
and stimulus direction in the neural space are orthogonal, strongly increasing the
separation of activity.
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sub-populations were positively correlated (Figure 1.5). Indeed, experimen-
tal studies have shown that the quality of multi-feature decoding in ACx
does depend on the degree of synchrony in cortical spontaneous firing [132].
As recordings in behaving animals have demonstrated a reduction of such
correlations with task engagement [57, 163], brain state likely represents an
important regulatory mechanism for population function.

Experimentally, many studies have confirmed a correlation of brain state
and performance in detection tasks which seems consistent with different
levels of task engagement and arousal [44, 161, 224, 249, 160|. However, so
far no strong behavioural effect of brain state on stimulus discriminability
has been demonstrated in mice [113].

1.4 Structure and aim of this thesis

The aim of this thesis is to study auditory decision making in mice. After
this introduction, we investigate the laminar distribution of task correlates in
the activity of ACx during frequency discrimination. While previous studies
have demonstrated the presence of action related signals in ACx [83, 296], it
remains unclear if these signals are predictive of upcoming choices or reflect
modulations of ACx by ongoing movements. Moreover, a layer-depended
separation of action and stimulus related activity in sensory cortices has
been recently suggested [200, 296], but such laminar separations have not
yet been observed in mice. We therefore investigate the presence and nature
of response signals in the mouse ACx with the aim of dissociating their lam-
inar and temporal profiles during the performance of an auditory decision
making task. We demonstrate the necessity of ACx in task performance and
a distinct temporal and laminar separation of stimulus and action signals.

In the following chapter, we examine the influence of neural baseline activity
prior to stimulus presentation on the task performance. As cortical desyn-
chronisation has been associated with exploratory movements in rodents and
visual attention in cats [279, 125], it has been suggested to allow for more ac-
curate representations of sensory stimuli. Consistent with this view, several
studies have confirmed a better discriminability of neural stimulus represen-
tations during cortical desynchronisation [76, 192, 13, 132]. The behavioural
effect of these findings, however is not fully understood yet. In detection
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tasks, a clear relationship of neural synchronisation prior to the stimulus
presentation and task performance has been established, that mainly re-
flects changes in the animals’ propensity to respond [161, 160]. Moreover,
an effect of cortical synchrony on stimulus discrimination accuracy has also
been observed in a primate Go-NoGo task [13]. However, when directly
comparing the effects of cortical synchronsation on task accuracy and en-
gagement in a 2AFC paradigm, cortical synchrony has been associated with
the latter [113]. Here, we revisit the influence of cortical baseline activity on
behavioural accuracy during auditory frequency discrimination. We present
evidence that neural activity prior to the stimulus presentation selectively
correlates with behavioural accuracy in trials following incorrect responses,
while no influence of neural activity can be determined in the remaining
trials.

In the following chapter we characterise the behavioural strategies of animals
during frequency discrimination. A deep understanding of the behavioural
strategy is necessary to identify neural implementations of its underlying
computations [135]. We present generic task strategies displayed by our an-
imals leading to biased response patterns. While such choice biases have
been previously described based on trial history [28, 66, 70, 143] and generic
response preferences [77], the underlying limitations causing such biases are
not fully understood. We therefore explore asymmetries in sensory process-
ing and limitations in cognitive control as underlying factors. We present
evidence for such perceptual asymmetries and further demonstrate that the
observed response biases depend on additional control limitations. We then
conclude the thesis by recapitulating the major findings presented in each
chapter, commenting on their significance and relation to existing work and
comment on how remaining questions can be addressed in further studies.
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Chapter 2

Laminar distribution of
stimulus and choice-related
signals in auditory cortex

HIGHLIGHTS

o In this chapter, we introduce a delayed frequency discrimi-
nation task for head fixed mice.

» Using pharmacological silencing, we show that the ACx is
involved in task execution.

o We demonstrate that single and multi unit activity in the
ACx is influenced by both the presented stimulus as well as
the upcoming choice of the animal with distinct temporal
and laminar profiles.

o We show that coding directions in mid-superficial popula-
tions are short-lived and rotating throughout the trial pro-
gression, while deep populations display two distinct, stable
coding formats during sound presentation and during the
delay period.
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2 Laminar distribution of stimulus and choice-related signals in auditory cortex

2.1 Introduction

How the brain transforms sensory information into a behavioural response is
a key question in systems neuroscience. The cortex likely plays an important
role in this transformation [141, 209], but the underlying processes remain
poorly understood. Neocortical areas have a well preserved laminar struc-
ture with canonical connectivity patterns [56, 92, 3] and are heavily inter-
connected, receiving feed forward as well as feedback sources of information
[243, 92]. The repetitive laminar structure and connectivity of cortex has
been suggested to reflect a common set of computations performed within a
cortical column [12, 124]. However, no consensus about the nature of such
a cortical computation has been reached. Classical hierarchical models of
cortical activity assume that sensory percepts are formed by a series of cor-
tical areas that integrate and filter their inputs along the ascending cortical
hierarchy [107, 155, 3]. This model is strongly supported by the encoding of
edge orientation in the primary visual cortex [106, 107], but fails to clearly
account for the strong presence of feedback signals and context modulation
of sensory cortices [65, 136, 229, 50, 32].

Alternatively, a predictive processing framework for cortical function has
been suggested [12, 124, 40] where the brain generates predictions about
expected sensory input, using an internally generated model. Prediction
errors computed with the actual sensory information are then used to up-
date the internal representation of the world. This model is appealing as it
provides a simple explanation for feed forward and feedback architecture of
cortical areas. Thus, feedback signals to a cortical area can be interpreted
as prediction signals that will be locally compared to the sensory informa-
tion [124, 96]. Observations reporting an activation of sensory cortex by
movement in the absence of sensory stimuli [223, 123] and specific responses
to the absence of expected stimuli [67] can be well explained under this
model. Such mismatch activation signals are more densely found in super-
ficial layers of cortex [223]|, making these a likely locus of prediction error
computation. The internal representation needed to form predictions has
been suggested to be maintained in deep layers of cortex as activity there
is more sustained [222, 92, 124]. Such representations in the deep layers
could then be updated by the strong input received from superficial layers.
Moreover deep layers show the necessary connectivity to then broadcast the
resulting predictions to lower cortical areas and other modalities [92, 124].
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2 Laminar distribution of stimulus and choice-related signals in auditory cortex

Previous studies reporting a depth-dependent segregation of sensory and
behavioural information in cortical layers are consistent with this interpre-
tation [200, 296].

Whatever the appropriate conceptual framework for cortical laminar func-
tion is, sensory cortices are not just passively relaying sensory information,
but adaptively changing their activity according to contextual demands like
movement, reward structure, attention or task engagement [136, 229, 50,
32, 83, 58, 7, 57]. In the ACx, movement has been shown to reduce sound
responses through multiple feedback loops [230, 286, 229]. Moreover, ACx
has been reported to selectively increase representations of target stimuli in
a Go-NoGo task paradigm, indicating a flexible processing of sensory stimuli
depending on task demands [10]. In addition to neurons with sensory infor-
mation, also response-action selective cells have been described previously
(83, 296, 272].

Apart from the rich representations of task information and behavioural con-
text, the ACx is not necessarily involved in or required for the execution of
auditory guided behaviour. While there are some conflicting reports, lesion-
ing studies have largely shown that the ACx is required for discrimination of
complex sounds, like frequency modulated stimuli, but not for frequency dis-
crimination using pure tones [165, 29, 79, 185, 220, 201, 75, 34]. In contrast
though, more recent studies, using transient optogenetic or pharmacological
silencing methods, have reported strong impairments in frequency discrim-
ination performance during silencing of ACx [257, 190]. This discrepancy
between permanent and transient silencing of ACx could be due to stimu-
lus unspecific projections to downstream areas that are acutely required for
their function [191]. Alternatively, these differences could indicate a role of
ACx in frequency discrimination that can be compensated for in the case of
long-term lesions. Indeed, while silencing of ACx during discrimination of
easy frequency stimuli significantly reduces task performances [75, 34, 190],
only silencing of upstream areas like the thalamus or the superior colliculus
can reduce performance to chance level [75, 34]. Therefore, as observed in
the lesioning studies, the ACx is not required for frequency discrimination
in pure frequency stimuli, but its activity likely contributes to baseline task
performance. Because targeted optogenetic manipulation of activity in the
ACx has been shown to affect task performance [4, 272] and can directly
influence the animal’s decision [299], this contribution is more likely due to
highly selective output projections instead of an unspecific activation signal
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2 Laminar distribution of stimulus and choice-related signals in auditory cortex

of downstream decision centres. With increasing complexity of the stimulus
or the cognitive demands of the task, like memory components or necessary
mental transformations, the relevance of this contribution for task perfor-
mance likely increases [34, 190, 137].

An important feature of a cortical area involved in task execution is its
noise correlation structure. As single cell responses to a stimulus are vari-
able [43], the degree of stimulus information available to a downstream de-
cision area depends on the correlations in the sensory responses available
as well as the number of neurons in the sensory pool [240]. In uncorre-
lated sensory populations, noisy stimulus responses can be compensated by
integrating across a pool of neurons. However, noise in cortical neurons
is typically correlated [43], thus potentially limiting the degree to which
their effect on downstream areas can be compensated by integration across
the population. Interestingly, noise is typically more strongly correlated in
neurons with similar tuning [300, 133]. Moreover, the trial by trial fluc-
tuations in sensory responses have been reported to weakly correlate with
the reported decisions [23]. This phenomenon, known as choice probabil-
ity, has been reported across different cortical areas and behavioural tasks
[23, 35, 240, 215, 179, 54, 181, 146, 293, 45]. TIts interpretation, however,
depends on the source of the underlying noise correlations [47].

In the original feed forward interpretation of choice probability, the cor-
related noise is reflecting shared and randomly varying sensory input in
neurons with similar tuning, causally impacting on the decision. Consis-
tent with this interpretation, choice probability is small in primary sensory
areas and increases in the cortical hierarchy as it gets closer to the deci-
sion centres [285, 100]. Alternatively, neural populations can be altered by
cognitive factors like attention or task engagement [44, 166, 57, 217], thus
providing an alternative feedback interpretation of such choice probabilities.
This interpretation has been supported by several different observations that
are inconsistent with the causal feed forward interpretation. Thus, choice
probability forms late during the stimulus presentation while early stimulus
presentation is more relevant for the decision process [180]. In addition,
negative correlations of stimulus variations and choice as well as orthogonal
stimulus and choice representations have been reported [81, 298]. Choice
probability therefore might reflect bottom-up as well as top-down signals at
different time scales [287].

While choice related activity has been described previously in the rodent

20



2 Laminar distribution of stimulus and choice-related signals in auditory cortex

ACx [83, 296], due to the task design applied, these signals were funda-
mentally confounded by presence of movement, strongly complicating the
dissociation of stimulus, decision and action related processes. Moreover,
the relationship between sensory tuning and action selectivity has not been
directly addressed yet.

We therefore designed a delayed two alternative forced choice task for head
fixed mice to study the laminar and temporal distribution of task selective
activity in the ACx. We confirmed the involvement of ACx in the default
task execution using bilateral pharmacological silencing. Notably, we did
not observe a strong reduction in stimulus discriminability, but a signifi-
cant drop in task engagement, specific to inactivation of ACx. Our analysis
confirmed the presence of partially overlapping populations of stimulus as
well as action selective neurons. Stimulus selective signals were transient
and present across layers, but with a peak in mid-superficial layers. Action
selective units, however, were mostly located in the deep output layers of
ACx. Importantly, selectivity to the action was not present during sound
presentation, but gradually increased throughout the delay period of the
task. Therefore, activity in ACx has a distinct temporal and laminar profile
that reflects the transformation of sensory information to the behavioural
response.
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2.2 Methods

2.2.1 Animals

All proceedings were in accordance with standard operating procedures ap-
proved by the Champalimaud foundation’s animal welfare body under the
project #2018/007 ‘Principles of Sensory- and Memory-guided Auditory De-
cision Making: Behavior and Neural Basis’ Surgical procedures and training
structure were based on protocols established by Guo et al. [85]. All surg-
eries used standard antiseptic methods. All experiments were performed
using male C57BL/6J mice that were housed on a 12h inverted light/dark
cycle.

2.2.2 Head bar surgery

During induction of anaesthesia, animals (6-8 weeks of age, 20-22g body
weight) were anesthetized with 2-3% (volume in O,) isoflurane (Vetflurane,
Virbac) and subsequently mounted in a stereotactic apparatus (RWD Life
Science) on a heating pad (Beurer). Once animals were stably mounted,
isoflurane levels were lowered to 1-1.5% and the eyes were covered with oint-
ment (Bepanthen, Bayer Vital). The head was shaved and the scalp cleaned
with betadine. A midline incision was performed to expose lambda and
bregma, which were subsequently used to align the skull with the horizontal
plane of the stereotactic frame by measuring their position with a thin glass
capillary (Drummond Scientific). The skull anterior of bregma was exposed
by cutting a small area of skin. The exposed area was cleaned with betadine
and slightly roughened by scraping it with a surgical blade (Swann-Morton).
This procedure improved the attachment of the glue forming the base of the
implanted head bar. Subsequently, the skull was dried with sterile cotton
swabs and covered with a thin layer of super glue (UHU). To further increase
long-term stability, four 0.9mm stainless steel base screws (Antrin Miniature
Specialties) were placed in the skull. The exposed skull and base screws were
then covered with dental cement (Tap2000, Kerr). A custom designed head
bar (22x4x1mm, aluminium, GravoPlot) was lowered into the dental cement
while still viscous until the head bar was in contact with the base screws.
Subsequently, an extra drop of dental cement was applied to the centre of
the head bar in order to fully engulf its medial part. The remaining skin
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incision along the midline was then sutured. The animals were injected with
buprenorphine (opioid analgesic, 0.05 mg/kg) into the intraperitoneal cavity
and allowed to recover for 3-5 days.

2.2.3 Training procedure

After recovery from head bar implantation the animals were water deprived
for 12h prior to the first handling session. In handling sessions mice were
accustomed to the experimenter and being placed in an aluminium tube to
restrain their movement. In the first days of handling, the tube was placed
in the animal’s home cage. Once the mouse voluntarily entered the tube,
it was presented with water delivered manually from a syringe at the end
of the tube. This procedure therefore roughly mimicked the water delivery
system in the training apparatus. Mice were allowed to drink a max of 1.5ml
of water during each handling session (30min). If animals failed to consume
sufficient water they were supplemented to a total of 1ml. The aluminium
tube remained in the animal’s home cage during the entire week of handling
to promote adaptation to it. Animals usually learned to enter the tube and
drink in their home cage within three sessions. Subsequently, the tube was
presented in the experimenter’s hand and, once the animal entered the tube,
it was lifted out of the home cage before allowing the mouse to drink. Most
animals drank at least 1ml in the restraining tube outside of their home cage
within two handling sessions. Once mice were accustomed to receiving water
in the aluminium tube and being handled by the experimenter, they were
placed in the behavioural setup and head fixed with the two water delivery
spouts approximately lcm in front of their mouth. To adapt them to head
fixation, free water was delivered upon licking at either of the water delivery
spouts. Lick detection was based on junction potential measures between
the aluminium restraining tube and the stainless steel lick spout [94]. After
triggering and consuming 15 rewards (single reward size: 3ul), training pro-
ceeded as summarised in table 2.1.

In the first stage of training, every 3.1s a random high (distribution: 22-
40kHz, presented sound randomly selected each trial, category threshold at
14kHz) or low (distribution: 5-8.5kHz) frequency sound was presented to
both ears at 60dB for 600ms, indicating at which of the spouts water was
available (mapping is counterbalanced within each training cohort). 150ms
after sound onset, a green LED flash of 50ms indicated the onset of the
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1.5s response period. If the first lick in the response period occurred the
correct water spout, a 3ul water reward was delivered. In order to facilitate
the animals’ engagement, a free water drop was delivered 150ms after sound
onset in a random 10% subset of trials. Once mice were readily trying to
trigger water rewards by licking at either lick spout after sound presentation
(18 in 20 consecutive trials without free water delivery), the sound duration
was reduced to 150ms, followed by a 1s response period. The Intertrial In-
terval (ITI) was drawn from an exponential decay-distribution (mean: 2.5s,
truncated at 8s). After mice were engaged in the new timing of the task,
free water delivery ceased and incorrect responses were punished by an addi-
tional 6s time delay in between sound presentations. As soon as the animals
had learned to correctly respond by licking at the appropriate water de-
livery spout in at least 34 of 40 consecutive trials, the response delay was
introduced, by gradually delaying the appearance of the go signal. Impa-
tient licks triggered the abort of the trial and were signalled with white light
flashes. The delay period was increased in 10ms increments as long as the
animal performed at an accuracy of at least 80% for maximal five incre-
ments per session. In the following weeks of training the difficulty of the

Stage | Dur Stimuli (Low & High) Priming | Error | Delay
1 600ms 5-8.5kHz & 22-40kHz 10% none none
2 150ms 5-8.5kHz & 22-40kHz 10% none | none
3 150ms 5-8.5kHz & 22-40kHz none | ITI+6s | none
4 150ms 5-8.5kHz & 22-40kHz none ITI+6s | 500ms
5 150ms | 9.9-13kHz & 15-20kHz none ITI+6s | 500ms
6 150ms | 9.9; 12kHz & 16.3; 20kHz none | ITI+6s | 500ms

Table 2.1: Summary of main training stages. Shown are the final parameters
at each stage of the training for sound duration, high & low frequencies presented,
fraction of primed trials with automatic reward delivery prior to response licks,
time punishment after error trials and the duration of the response period.

presented frequencies was gradually increased by approximating the range
of possible low and high frequencies. These increases were performed in 19
increments, depending on a low bias and and high performance (bias < 20%;
performance > 80%, only one change per training session), until a final fre-
quency distribution of low (9.9-13kHz) and high (15-20kHz) frequencies was
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reached. Excessive bias or disengagement at any time during the training
were corrected by delivering free water at the unpreferred spout right after
stimulus presentation until the animal readily responded again. All such in-
tervention trials were excluded from analysis. Session duration depended on
the animals’ engagement and sessions were terminated after approximately
10 consecutive trial rejections. In case animals failed to drink at least 1ml
of water during the behavioural session, animals were supplemented to this
amount in their home cages.

After reaching the final frequency distributions, mice were presented with
two fixed frequencies per condition (Low: 9.9 and 12kHz; High: 16.3 and
20kHz), with the easy being less likely to be presented (15% of trials). This
focus on difficult frequencies enabled us to collect more trials with erroneous
outcomes, making it possible to dissociate frequency from response related
signals, while the easy frequencies mainly serve to keep the animals’ engage-
ment. Psychometric curve fits for behavioural analysis were calculated using
the psignifit toolbox [235]. All remaining analysis, if not explicitly stated
otherwise, is limited on trials where either a 12 or a 16.3kHz stimulus was
presented and the mouse licked at either of the spouts during the response
period without any prior lick since sound onset.

2.2.4 Muscimol silencing

The day prior to the first injection, mice were deeply anesthetized with 2-3%
(volume in O,) isoflurane, mounted in a stereotactic apparatus and kept on
a thermal blanket. The eyes were covered with ointment. Isoflurane levels
were subsequently lowered to 1-1.5%. The animals head was placed in a
stereotactic frame using a custom made holder for the head bar. The skin
covering the areas above the injection sites and the midline was removed
and the exposed skull was cleaned from periostium with a surgical scalpel
blade and cleaned with betadine and dried with sterile cotton swabs. Sub-
sequently two craniotomies were performed above the desired needle entry
points (2.8mm posterior, 2.2mm medio-lateral to bregma under a 23°medio-
lateral angle; drill bit: Meisinger HM1 006). The exposed dura mater and
skull were subsequently covered with silicone elastomere (World Precision
Instruments) and the animal was injected with buprenorphine (opioid anal-
gesic, 0.05 mg/kg) into the intraperitoneal cavity and allowed to recover over
night.

25



2 Laminar distribution of stimulus and choice-related signals in auditory cortex

On the days of behavioural manipulation the animals were slightly anaes-
thetised with 0.5-1.5% isoflurane, placed in the steretactic frame using the
implanted head bar and the silicone elastomer was removed. Next, 70nl of ei-
ther muscimol solution (M1523-5MG Sigma, 1mg/ml in Phosphate Buffered
Saline (PBS); 15ul per minute) or just saline were injected (Nanoject2,
Drummond scientific) using a thin glass capilary (Drummond scientific,
100pm outer diameter) at the desired depth (ACx: 2.6mm from brain sur-
face VCx: 0.5mm from brain surface under a 23°medio-lateral angle). Sub-
sequently, the craniotomies and skull were covered with silicone elastomere
again and the animal was transferred in its home cage to wake up. Be-
havioural testing started 30min after terminating isuflorane anaesthesia. To
allow for an unbiased measurement of trial rejection rates, animals were
presented with 350 trials in each behavioural session. Animals that did not
receive at least 1ml of water during the behavioural session were later sup-
plemented with free water.

The significance of behavioural alterations due to muscimol injection of each
animal was assessed in difficult trials, using a shuffle test procedure. In each
of the 50000 shuffle iterations, trials were randomly assigned to either a sur-
rogate auditory silencing or one of two surrogate PBS control sessions while
maintaining their original trial numbers. Next, trial rejection rates and the
discriminability in valid trials were calculated for each surrogate session.
Similarly, trials from the second PBS control session and the visual cortex
silencing session were randomly assigned to either group and behavioural
measures calculated. The p values were calculated by computing the dif-
ferences between muscimol injected and PBS groups for trial rejection and
discriminability and determining the fraction of surrogates with effect sizes
equal or bigger than the observed ones. Finally, to asses the significance of
the obtained p values, the significance level o was adjusted for 12 compar-
isons using Bonferroni correction. To test if the rejection rates during the
second ACx silencing are significantly higher than during both visual cor-
tex silencing sessions, the procedure was repeated assigning trials randomly
within those three sessions.

2.2.5 Neural recordings

Six to 12 hours prior to the first probe insertion in each hemisphere, mice
were deeply anesthetized with 2-3% (volume in Og) isoflurane, mounted in a
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stereotactic apparatus and kept on a thermal blanket. The eyes were covered
with ointment. Isoflurane levels were subsequently lowered to 1-1.5%. The
animals head was placed in a stereotactic frame using the head bar. The skin
covering the areas above the recording sites and the midline was removed
and the exposed skull was cleaned from periostium with a surgical scalpel
blade and cleaned with betadine and dried with sterile cotton swabs. Subse-
quently a small craniotomy was performed above the desired recording site
(2.8mm posterior, 2.2mm medio-lateral to bregma under a 23°medio-lateral
angle). The exposed dura mater was opened using a small needle (BD
Microlance’™ 0.3 x 13mm) and subsequently the recording silicone probe
(BuzA64sp, Neuronexus) was slowly lowered to the desired depth (2.6mm
from brain surface, 23°medio-lateral angle). Probes were inserted with the
shanks in a medio-lateral orientation, so that the six shanks in the final po-
sition approximately span the cortical layers (Figure 2.5a). Neural activity
was digitised with an 64 channel headstage (Intan) at 16bit and stored for
offline processing using an open ephys acquisition board (open ephys) at a
30kHz sampling rate. Behavioural sessions and storage of recording neural
signals were only started 10-20min after probe insertion to allow for tissue
relaxation and stabilisation of the recording. Recording sessions were lim-
ited to three recordings per hemisphere in each animal due to the tissue
damage caused by probe insertion. In the final recording session in each
hemisphere the probe was coated with Dil (Vybrant? Dil, Invitrogen) to
confirm correct placement of the recording probe histologically.

2.2.6 Data processing

Because the task engagement in the recording session varied strongly, not
all recording files could be used for further analysis. Out of the obtained 36
recording files (three recordings per hemisphere in six animals), only record-
ings with a minimum of 100 valid trials in total and ten valid trials per com-
bination of stimulus and response were considered for further analysis. Valid
trials were defined as above (trials in which the animal responded to either a
12 or 16.3kHz tone in the response period without prior premature licking, no
matter if the response was correct or incorrect). Furthermore, the animal’s
behaviour in valid trials was required to exhibit a minimal d-prime of 0.6 to
be included in analysis. The correct placement of all shanks was confirmed
analysing the location of the fluorescent traces of the probe’s shanks in each
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hemisphere and misplaced shanks were excluded for all three recordings in
that hemisphere. In the remaining 16 recordings, spike events were detected
using Kilosort2 [193] (github.com/MouseLand/Kilosort2) and subsequently
manual clustering was performed using phy2 (github.com/cortex-lab/phy).
The contamination level of each unit was calculated by dividing the num-
ber of spikes in the refractory period by the count expected under a non-
stationary Poisson distribution. This was calculated as the average across
the corresponding spike-counts during the refractory period in 100 surrogate
data sets where each spike time was displaced randomly by a time interval
from -20 to 20ms. All multi-units with contamination levels above 0.3 were
excluded from further analysis. The remaining units’ responsivity to the
task was determined by comparing the mean baseline spike counts in the
150ms prior to the sound presentation in each unit with spike counts during
sound presentation (0-150ms) and the 150ms prior to the response period for
all four combinations of stimulus and action in the task separately. Signifi-
cance was assessed by randomly assigning trials to baseline or task condition
and comparing the distribution of mean firing rate changes across 1000 such
assignments with the observed actual firing rate differences. All units that
did not exhibit a significant spike count change in either of the tested con-
ditions were excluded from further analysis (175 of 422 units, Figure 2.5b).
All further analysis was performed on the activity of the remaining units
during valid trials.

2.2.7 Shank alignment across recordings

To allow comparisons across recordings, each shank’s position was assigned
relative to the shank with maximum frequency information per unit in the
early sound response. Mutual information between a unit’s activity and
the presented frequency was calculated using an iterative process [36]. For
this, the empirical joint distribution matrix p(S, R) of presented stimuli (S)
and spike counts (C) in the first 50ms of sound presentation was formed to
calculate mutual information:

115(5,C)) = " (s, ©)log (pH) 21)

p(s)p(c)

with the empirical marginal distributions over the stimuli and spike counts
p(s) = X.P(s,c) and p(c) = >, p(s,c¢). To reduce the overestimation bias
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of mutual information, a correction factor:

#bins

2Nlog(2) (22)

was subtracted from the empirical estimate, with #bins being the degrees
of freedom of the empirical joint distribution matrix and N the number of
trials [36, 174, 264, 195]. In an iterative process, columns of the p(S, R)
were united, by merging the spike count column with the lowest marginal
probability with its neighbour with lower marginal probability [36]. The
bias-corrected mutual information was then calculated for the reduced ma-
trix and the steps repeated until the matrix had been reduced to size (2,2).
The best information estimate was defined as the maximum information
across all reduced matrices. Mutual information was calculated separately
in low and high report trials and the average taken as the final information
estimate for each unit. Units recorded in shanks medial to the shank with
highest mean information per unit were categorised as deep units, remaining
units as mid-superficial.

2.2.8 Single cell analysis

To calculate the PSTH of neural activity across time, the activity of each
unit was smoothed with a normalised Gaussian kernel with o = 25ms (Figure
2.7a & 2.12). When assessing the units’ selectivity two smoothing windows
were utilised to account for the different time constants of variation during
sound presentation and the rest of the trial. Hence, spikes during sound
presentation (5-150ms after sound onset) were convolved with a ¢ = 20ms
gaussian kernel and spikes outside that window with a kernel of ¢ = 70ms
(see Figure 2.8b for example). Importantly, smoothed neural activity was
used for visualisation purposes only, while statistical analysis of observed
phenomena was performed using the exact spike counts in specific time win-
dows.

To disentangle stimulus and action related tuning from each other, selectiv-
ity of a units activity r between the two presented stimuli s was calculated as
the average across the selectivity values conditional on the animals’ actions:

D=1 ( e )) 23)

act=1 \/0.5(0%1 + 02,
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with C1 := r|s = 1,act and C2 := r|s = 2,act. Action selectivity was
accordingly calculated by taking the average across stimulus-conditional ac-
tion selectivity values. Signed d prime values were obtained by omitting the
squaring step.

To assess if the selectivity to stimulus or action observed in each unit was
significantly above chance, stimulus and action selectivity were both calcu-
lated during the stimulus presentation (0-150ms) and prior to the response
period (450-700ms after sound onset) using the spike counts in these win-
dows (Figure 2.7b right). P values assessing if the obtained average selec-
tivity values were above chance were calculated using a two step shuffling
procedure. First, the distribution expected by chance was calculated by cre-
ating 1000 surrogate data sets where the trial labels within one condition
were randomised for each unit individually. Stimulus and action tuning were
then calculated from their respective surrogate data sets for each unit and
the average selectivity was calculated for each unit. After determining the
chance distribution of selectivity in the population, we tested if the distri-
bution observed in our data had a mean significantly bigger than chance.
We therefore calculated the difference of the means of the distributions and
tested its significance in a paired shuffle test procedure. We created 10000
surrogate data sets in which chance and observed selectivity were randomly
assigned for each unit. Next, the average of the surrogate-observed and
surrogate-chance distributions were formed and their difference calculated.
Finally p values are given by the fraction of surrogate differences with values
more distant or equally distant from zero as the observed value. To assess if
the obtained p values were significant, we corrected the significance level «
for eight observations (action and stimulus selectivity at two time points in
two populations of units) using Bonferroni correction. A separate shuffling
procedure was used to determine the number of significantly selective units
at each of the two time intervals. In each iteration of this shuffle test, a
surrogate data set was created for each unit where the trial identities within
one condition were randomised as in the procedure described above. Stim-
ulus and action tuning were then calculated from their respective surrogate
data sets. This process was repeated for 1000 shuffle iterations for each mea-
sure and then p values were obtained by forming the fraction of surrogate
selectivity values with equal or higher selectivity than the observations in
the original data set. The significance of the obtained p values was assessed
by correcting « for multiple comparisons using Bonferroni correction.
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2.2.9 Selectivity in correct and incorrect trials

Given the low number of incorrect trials compared to correct ones, a hierar-
chical shuffle test procedure was used to allow for their comparison [226]. In
each iteration of the bootstrap, ten recordings were drawn randomly (with
replacement). In a next step neurons in each of those ten recording were
sampled. In each recording the same number of units was drawn with re-
placement as originally contained in the recording. As a final step, for each
of the n obtained units, trials were sub-selected independently. For each of
the four combinations of stimulus and action, the number of trials in the real
data set were determined and then the smallest of these four observed trial
numbers was drawn randomly with replacement from each of the two correct
and the two incorrect categories. The D’? (spike counts smoothed with a
70ms Gaussian kernel during I'TI and delay, with a 20ms kernel during sound
presentation) was then calculated for correct and incorrect trials in the sur-
rogate data set and the mean selectivity across the population in correct
and incorrect trials was calculated at each time point. This procedure was
then repeated for 1000 bootstrap iterations separately for units from mid-
superficial and deep units. To assess if the selectivity to correct or incorrect
trials observed in each unit was significantly different, this selectivity was
calculated in a separate bootstrapping procedure using exact spike counts
during the ITT (-500 - Oms), sound presentation (0-150ms) and prior to the
response period (450-700ms after sound onset) in 10000 bootstrap iterations.
To determine the p value, the average difference in task discriminability of
correct and incorrect trials was determined in each bootstrap iteration. The
resulting distribution of these differences was then used to calculate the p
value by determining the biggest confidence interval still excluding 0.

2.2.10 Coding directions

The Coding Direction (CD) vectors were calculated for spike counts during
sound presentation (0-150ms) and prior to the onset of the response window
(450-700ms after sound onset) for correct and incorrect trials separately.
The procedure was based on a method introduces by Economo et al. [60].
The CD is the vector specifying the linear combination of neural activity
that best distinguishes between high and low frequency trials. Each element
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of the vector was calculated by assessing the task selectivity of each unit n:

 CowCugt
\/0.5 (J%W + J%Iigh)

with Cp., and 0%, denoting the mean and variance of activity in low fre-

quency trials. The obtained vector was then normalised with its L2 norm
to obtain the unit vector in the CD:

v(n) (2.4)

CD =

(2.5)

ﬁ@
<

To address the reliability of this CD measure during the sound presenta-
tion and prior to the response period, a hierarchical bootstrapping method
similar to the procedure described above was used. In each iteration of
the bootstrap, ten recordings were selected with replacement. Subsequently,
the neural population of each selected recording was resampled, by drawing
(with replacement) as many units as originally contained in that recording.
To avoid overlapping data in the the CDs when determining the stability of
correct and incorrect coding directions within a session, trials were not re-
sampled. Instead, in each unit the session was randomised and subsequently
each of the four possible task categories was split in two parts. CDs were
then calculated for the first and second half of the session and their correla-
tion determined by forming their scalar product.

To test if CDs aligned more than expected by chance, random CDs were
calculated by assigning the trial types randomly within each selected unit
and calculating the resulting CDs. Subsequently, the scalar product of the
random directions with the actual cording directions was formed. The full
procedure was then repeated for 10000 bootstrap iterations in mid-superficial
and deep populations separately. To determine if the observed alignments
were bigger than expected by chance, the difference between the two cal-
culated scalar products, one product of two CDs, the other the product of
a CD and a random direction, was formed. The resulting distribution of
their difference was used to calculate the p value by determining the biggest
confidence interval still excluding 0.

When calculating the correlation of CDs in correct trials across time, the
data was resampled in a hierarchical shuffle test procedure with additional
trial subsampling. Thus, for each selected unit, correct low and high trials
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were resampled with replacement to the original number of trials in that
category. Spike counts for each selected unit and trial were formed in 100ms
bins every 10ms starting 200ms prior to sound presentation until the LED
go signal (650ms) resulting in 86 CDs across time in the trial. This proce-
dure was repeated for 1000 iterations of the bootstrap procedure and time
points with CDs more aligned than expected by chance were determined as
described above. To visualise the the effect size of coding directions with
significant correlation compared to expectations by chance, the difference of
the mean scalar products of coding directions and the mean scalar products
of random directions was formed and analysed at positions were 97.5% of
its distribution was bigger than zero.
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2.3 Results

2.3.1 Task behaviour

We trained head fixed mice in a delayed response frequency discrimination
2AFC task (Figure 2.1). After a random ITI, mice were presented with
either a high or low frequency sound, indicating at which of two water de-
livery spouts water would be available after a brief delay period. Animals
were required to withhold licking during sound presentation and the 500ms
delay period until a green LED signalled the onset of the response period. In
the response period, licking at the correct spout, indicated by the presented
stimulus, triggered a water reward, incorrect responses a time-punishment.
Mice learned to correctly time their licks in response to a presented sound

a b
- water Il stimulus 150ms
5 % P4 [ I - reward
ST AN delay licking — L delay500ms
3 :
CR period response | go signal 50ms
Q.

N
I @ ] — longerITI _ [ L response period 1s

Figure 2.1: Task outline. a: Scheme of delayed response task contingency.
Each trial, head fixed mice are presented with high or low frequency sounds from
2 lateral speakers (grey bars). Animals report ‘high’ or ‘low’ by licking at one of 2
lateral water delivery spouts (brown lines) during the response period. b: Scheme
of timing contingencies in a trial.

(Figure 2.2a) and showed a good performance in the task. However, animals
did not respond during the response period in all trials. We therefore dis-
tinguished between completed trials, premature response trials and rejected
trials. In completed trials animals responded during the response window
at either spout, without any prior licks during either the delay or the sound
presentation. These trials were the most common type and can either be cor-
rect or incorrect, depending on the stimulus and the location of the response
lick. In premature response trials animals did lick prior to the onset of the
response period. This premature licking caused the trial to be aborted, sig-
nalled by brief light flashes, and the I'TI period would start without a prior
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Figure 2.2: Task behaviour. a: Exemplary raster plot of licking behaviour
during part of a behavioural session. Dashed line demarcates time of go signal. b:
Fraction of invalid (no response or premature response) trials during steady state
performance (mean + SEM, 5 sessions per animal, n=10), sorted by stimulus.
c: Psychometric curves of valid trials during steady state. Single animals are
shown in grey, black line represents cohort average. Marker size corresponds to
the stimulus prevalence.

response period. To avoid a possibile timing advantage by skipping trials
by premature licking, the duration of I'TI was increased by the duration of
the response period and the fraction of the delay period that the animal had
failed to wait. Trials in which animals failed to execute any lick until the
end of the response period were termed rejected trials. The probability of
trial rejection was not dependent on the presented frequency (Figure 2.2b)
and most common towards the end of the end of the behavioural sessions,
which was terminated after approximately ten consecutive trial rejections.
Premature responses occurred more often in response to low than high fre-
quency sounds (Figure 2.2b). The accuracy of the animals’ responses in
trials with correctly timed responses was strongly depending on the diffi-
culty, but not the frequency of the presented stimuli. Thus, frequencies
half an octave from the category threshold (14kHz) were associated with
better performances than frequencies only placed 0.225 octaves from that
threshold (Figure 2.2c). Most animals, however, also displayed a slight bias
towards low frequency responses, independent of the spout associated with
low frequencies. This slight bias however was not reflected on the popula-
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tion average. Behavioural sessions typically lasted for approximately 1h, in
which animals performed in 200-250 difficult trials.

2.3.2 Involvement of ACx in task execution

To determine the involvement of ACx in this behaviour, we performed bi-
lateral pharmacological silencing experiments and compared the resulting
behaviour to injections of saline on the previous and following day. Silencing
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Figure 2.3: Silencing of ACx. a: Trial rejection rate across different manip-
ulations. Pink shades indicate bilateral injection of muscimol in the respective
cortical areas, PBS refers to bilateral PBS injections into ACx. Filled dots rep-
resent significant muscimol effects compared to PBS injections. Black bars show
values obtained in pooled trials per condition. b: Same as a, but showing d-prime
in completed trials of each session.

of ACx strongly altered the behaviour all all five mice. Hence trial rejection
rates increased significantly compared to control conditions in all animals
(Figure 2.3a; see Table 2.2 for statistical analysis of each animal) to the ex-
tent that it was not possible to calculate the d-prime measure for two of the
animals (Figure 2.3b). Importantly, animals were presented with the same
number of trials across all behavioural manipulations, therefore differences
in trial rejection rates are not due to differences in session duration. While
animals were rejecting trials much more frequently after silencing ACx, they
were still able to detect and consume freely available water drops presented
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during the sessions. Therefore, the increased rejection rate was not due to
pure motor deficits or a loss of thirst.

Rejection rate (week 1)
Animal 1 2 3 4 5
PBS; & muscimolp o | <.001 <.001 <.001 <.001 <.001
PBS; & muscimolp oy | <.001 <.001 <.001 <.001 <.001

PBS; & muscimoly;cy b7 21 16 <.001 .79
d-prime (week 1)

PBS; & muscimolp o, | NaN .003 NaN .01 .90

PBS; & muscimolp o | NaN ~ <.001  NaN  <.001 .02

PBS; & muscimoly;cy 57 12 A1 <.001 .04

Table 2.2: Single animal muscimol analysis in the first silencing exper-
iment. Listed are p values (Fisher’s exact permutation test) for the indicated
comparisons and animals. Significant p values are highlighted (bold). Bonferroni
corrected o = 0.0042 (12 comparisons). PBS) referes to the first saline injection
in the week, PBSs to the second. NaN refers to sessions with too few completed
trials to calculate d-prime. Top: Analysis of rejection rates (see methods). Bot-
tom: Same but for discriminability in valid trials (see methods)

Moreover, the observed effect was specific to the injection site as a silencing
of visual cortex using the same craniotomy did not significantly alter trial
rejection rates in most animals (Table 2.2). Discriminability, however, was
only significantly reduced in one of the animals with sufficient trials per-
formed to calculate this measure. Importantly though, the lack of sufficient
trials in two of the animals and the low number of trials available in the
remaining ones, does not allow to form a clear statement about a general
influence of muscimol silencing on discriminability.

Given this limitation, the silencing procedure was repeated with the same
cohort of animals to confirm the effects observed in the first experiment.
Interestingly, in the repetition experiment the effect of silencing ACx on the
rejection rate was strongly diminished, but still significantly bigger than in
the control conditions in most animals (see Table 2.3, Figure 2.4a). Addi-
tionally, while two animals show a slight decrease in discriminability, this
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Figure 2.4: Repetition of silencing experiments. a: Trial rejection rate
across different manipulations. Pink shades indicate bilateral injection of musci-
mol in the respective cortical areas, PBS refers to bilateral PBS injections into
ACz. Filled dots represent significant muscimol effects compared to PBS injec-
tions. Black bars show values obtained in pooled trials per condition. b: Same
as a, but showing d-prime in completed trials of each session. c: Format as in
a. Shown are effects of the second muscimol injections into ACz and the previous
(week 1) and following (week 2) silencing experiments of VCu.

impairment was not significant compared to both PBS conditions. Indeed,
the only animal with a significant change in d-prime increased its discrim-
inability upon silencing in of ACx (Table 2.3). The repetition experiment
therefore does not provide evidence that silencing of ACx reduces discrim-
inability in the task.

The differences across the two experiments in the amount of trial rejections
suggest that the animals were adapting their behaviour to the procedure.
It is possible that the observed trial rejection rate was partially due to the
animals’ reaction to the procedure. However, as rejections rates following
musimol injections into ACx were significantly bigger than both, the follow-
ing, as well as the preceding day of PBS control injections, a slow adaptation
to the procedure can not fully explain the observed effects.

Similarly, rejection rates in both visual cortex silencing sessions are signifi-
cantly smaller than in the second ACx silencing in most animals and only
significantly bigger than expected by chance in the remaining one (Figure
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Rejection rate (week 2)
Animal 1 2 3 4 5

PBS; & muscimolACX <.001 <.001 <.001 <.001 .02

PBS, & muscimolp o | <.001 <.001 <.001 <.001 <.001

PBS; & muscimoly;cy .09 .02 .46 <.001 21
d-prime (week 2)

PBS; & muscimolACX .01 <.001 .24 .52 72

PBS; & muscimolp . | .001  <.001 .02 .68 72

PBS, & muscimoly; iy .33 .39 .84 .05 13

Table 2.3: Single animal muscimol analysis in the second silencing ex-
periment. Format as in Tabble 2.2 Top: Analysis of rejection rates (see meth-
ods). Bottom: Same but for dscriminability in valid trials.

2.4c, see Table 2.4). Therefore, the increase in rejection rate is specific to
pharmacological silencing of the auditory cortex.

Comparison Animals

1 2 3 4 5)
VCx; & ACxy | <.001 .01 <.001 <.001 <.001
VCxy & ACxsy | <.001 .02 <.001 .90 <.001

Table 2.4: Single animal muscimol adaptation analysis. Listed are p values
(Fisher’s exact permutation test) for the rejection rate comparisons of the indi-
cated sessions and animals. Significant p values are highlighted (bold). Bonferroni
corrected o = 0.025 (two comparisons). VCr refers to the first muscimol injec-
tion in visual cortexr, ACxs and VCxy to the respective muscimol injections in the
second week.
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2.3.3 Laminar single cell selectivity
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Figure 2.5: Recording neural activity in ACz. a: Histology of acute recording
sites. Brain areas are illustrated in greem. Probe shanks are inserted medio-
laterally to span the cortical layers. Scale bar: Imm. b: Yield of units recorded
in 10 recording sessions across probe shanks for all units (white) and units with
significant firing rate changes during the task (dark grey). ¢ Left: Raster plot
and PSTH of one example stimulus-tuned cell during one recording session aligned
on sound onset (t=0). Spikes are colour coded by the frequency presented in the
trial. Background shades indicate the decision reported by the animal. Grey shade
in PSTH marks sound presentation. Right: As left, but for one example action-
tuned cell.

Neural activity was recorded from both hemispheres in six animals using a
six shank 64 channel silicon probe. Probe shanks were inserted in a medio-
lateral orientation so that the probe shanks roughly spanned all layers of
cortex (Figure 2.5a). Out of the 36 acquired recording sessions 16 sessions
were discarded as the mice had either failed to engage in more than 100
valid trials or because less than ten engaged trials were obtained in one of
the four combinations of presented stimuli and following responses of the
animal (see methods). Moreover, ten recordings were discarded due to un-
successful targeting of primary auditory cortex, revealed either histologically
or by the absence of short latency responses in the multi-unit activity fol-
lowing sound presentation. In the remaining ten recordings, 440 single and
multi-units were identified. Of these, 18 multi-units were discarded due to
contamination in the refractory period, and another 175 units were excluded
from analysis due to a lack of task modulated activity (Table 2.5; see meth-
ods for details), resulting in a final population of 247 single and multi-units
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Figure 2.6: Alignment procedure. a: Mean mutual information £ SEM of
single unit activity during sound presentation and stimulus identity pooled across
recordings. Recordings are aligned on the shank with highest initial sound infor-
mation. (negative values indicate more superficial, positive numbers deeper shank
locations) Inlay: Location of max MI shanks. b: Mean multi-unit peak response
latency across aligned recordings. Greyscale of markers denotes single recordings.

from five animals. Units were preferentially located on the second and third
shank from the brain surface, however units from all six recording shanks
were included in the analysis (Figure 2.5b). We observed two types of se-
lectivity in the single cell firing rates. Most commonly, units showed tuned,
fast latency responses to the presented stimuli. However, in a subset of the
recorded units, a preference for the reported decision was observed during
the delay period of the trial(Figure 2.5¢). We refer to these two types of
selective firing as stimulus and action selectivity.

To address the laminar organisation of such single cell activity and selec-
tivity, recordings were aligned on the shanks with highest mean stimulus
information per unit in the early sound responses (Figure 2.6a). Interest-
ingly, this alignment showed a a clear peak in Mutual Information (MI) of
neural firing rate and the presented stimulus in one of the recordings shanks.
This alignment shank, here referred to as max MI shank, was always located
in the middle shanks of the electrode and mean sound response latencies in
the Multi Unit Activity (MUA) across max MI shanks of all recordings were
shorter than latencies of the adjacent shanks (Figure 2.6b). While we did
not observe a perfect match of the max MI shank and the fastest latency
in the individual recordings, we proceeded on the assumption that the max
MI shank is the shank with closest proximity to cortical input layer 4 and

41



2 Laminar distribution of stimulus and choice-related signals in auditory cortex

Recording | All  Contamination Task Mid- Deep
No units <.3 responsive superficial units
1 45 45 32 17 15
2 46 44 21 9 12
3 41 40 13 9 4
4 49 39 27 12 15
5 34 33 15 10 5
6 61 61 21 19 2
7 39 39 23 4 19
8 37 37 28 21 7
9 37 35 28 7 21
10 51 49 39 23 16

Table 2.5: Number of recorded unils across recordings. Number of units
identified in each of the ten analysed recording sessions at each step of data pro-
cessing and recording alignment

aligned depth across recordings using this reference.

Subsequently, units were grouped into 131 mid-superficial and 116 deep
units due to their location relative to the max MI shank (Table 2.5). Mid-
superficial units were recorded at either the max MI or at a shank closer to
the brain’s surface, while deep units were recorded at recording sites medial
to the max MI shank.

Activity in mid-superficial units transiently increased in response to both
stimuli, but sound responses across units were typically stronger for the low
frequency stimulus (Figure 2.7a). After a fast initial sound response, firing
rates steadily decreased throughout the late sound presentation and delay
period of the task. In contrast, activity in deep units showed both, a fast re-
sponse to stimulus onset similar to the one observed in mid-superficial units,
as well as a slower, less pronounced, increase of activity around the time of
sound offset. However, no systematic preference to either of the stimuli was
visible across units at any time of the trial, indicating either a lack of speci-
ficity in single cell sound responses or diverging stimulus selectivity across
individual units. Neither activity in mid-superficial nor deep units showed a
systematic firing rate preference associated to the animal’s reported choice
in the trial epochs prior to the response period.

To assess the magnitude of the selectivity across units at each time point,
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Figure 2.7: Laminar activity € selectivity in ACx. a Top: Time course
of mean activity + SEM in mid-superficial units split by presented stimulus and
the action performed by the animal. Time of sound presentation (grey shade) and
go signal (dotted line) are indicated. Bottom: as top for units recorded in deep
shanks. b: Top: Left: Time course of mean unit selectivity + SEM for presented
stimulus and upcoming action in mid-superficial units. Task timing marked as in
a. Right: Quantification of average mid-superficial tuning during sound presen-
tation and prior to response period. Bottom: As top for units recorded in deep
shanks.

we calculated the squared discriminability index d-prime across time. This
squared measure prevented diverging individual preferences from cancelling
out in the population average, thus allowing to correctly quantify the degree
of unit selectivity in the population. Because animals perform well in the
task (Figure 2.2¢), trials of a given stimulus are typically associated to one
response. This correlation due to performance of the animal makes it difficult
to clearly dissociate stimulus from action-related selectivity as a strong selec-
tivity to either would lead to differences in activity across frequency and ac-
tion sorted trials. We overcame this issue by calculating stimulus selectivity
conditionally on the two response actions and action selectivity conditionally
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on the presented frequency. The final selectivity was obtained by averag-
ing across both conditional selectivity measures. Thus, the contribution of
stimulus and action selectivity to firing rate changes in a given unit could
be unambiguously assigned. Qualitatively following the average firing rates,
mean stimulus selectivity in mid-superficial units peaked early after stimulus
onset and then rapidly decayed until it reached baseline levels towards the
second half of the delay period. In addition, mean action selectivity slightly
rose from baseline levels after stimulus offset, but remained low throughout
the delay period (Figure 2.7b, top). In contrast, mean stimulus selectivity
in deep units increased throughout sound presentation and after sound off-
set rapidly decreased throughout the delay period of the trials, so that by
the end of the delay period stimulus selectivity was close to baseline levels
across all layers of ACx. In contrast to mid-superficial units, deep units did
exhibit clear action selectivity, forming towards the end of stimulus presen-
tation and continuously rising throughout the delay period. This represents
a drastic shift from predominant stimulus selectivity in mid-superficial as
well as deep units during sound presentation to a predominant action selec-
tivity in deep units at the end of the delay period with no clear selectivity to
either stimulus nor action in mid-superficial units. We investigated the sig-
nificance of this shift by quantification of the spike counts during these two
trial periods (Figure 2.7¢). Mean stimulus selectivity signals in both groups
were significantly bigger than expected by chance during sound presentation
(Mid-superficial: d?=.22; Deep: d”?=.16, p <.001 in both, Bonferroni ad-
justed a = .0063; permutation test, see methods), but not during the late
delay, prior to the response period (Mid-superficial: d”?=.07, p=.17; Deep:
d?=.08, p=.3). Mean action selectivity, on the other hand, was not signifi-
cantly different from chance during sound presentation in either of the two
groups (Mid-superficial: d?=.08,p=.01; Deep: d?=.08, p=.06; Bonferroni
adjusted av = .0063). Prior to the response signal however, action selectivity
did diverge significantly from chance levels (Mid-superficial: d2=.09,p=.002;
Deep: d?=.15, p<.001). These results confirm a qualitative shift in single
cell selectivity from exclusive stimulus to exclusive action selectivity. More-
over, even though early sound responses displayed more stimulus tuning in
mid-superficial units by construction, mean stimulus selectivity during the
full sound presentation did not show a significant laminar difference (differ-
ence=.07, p=.28; permutation test, see methods), while action selectivity
during the delay period of the trial was significantly bigger in deep than
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in mid-superficial units (difference=-.06, p=.002). While significant on the
population average, both stimulus as well as response tuning were relatively
sparse in the single units. Hence we found that 17% of mid-superficial and
11% of deep units were significantly stimulus selective during sound presen-
tation (22 mid-superficial & 13 deep units, respectively). In the same way,
10% of deep units were significantly action selective prior to the response
period, but only 6% of the units recorded at mid-superficial shanks (12 deep
& eight mid-superficial units ). These differences in selectivity revealed a
laminar relation of stimulus information during early sound responses and
action selectivity in ACx.

Importantly, alignment on shanks with fastest sound responses instead of
highest stimulus MI was not able to reveal the spatial relationship of stim-
ulus and action tuning (Figure 2.8a). Instead, latency aligned selectivity
showed ramping action selectivity in both more superficial and deep groups.
Moreover, both action selectivity as well as stimulus selectivity during the
sound presentation appeared more pronounced in units that are medial to
the shank with fastest onset responses.

Therefore, it is possible that selectivity is generally stronger in deep layers
of ACx and our alignment on the shank with highest stimulus information
concealed this fact. This scenario seems unlikely though, because the loca-
tion of the max MI shank is relatively reliable across recordings. Indeed,
the concentration of late action selectivity in deep units is also visible across
unaligned recordings (Figure 2.8b). Therefore, the discrepancy between the
latency-aligned tuning and the MI-aligned tuning can either be explained by
an unreliable measure of response latency or large deviations in the position
of the inserted shanks. Because the shank location was confirmed histolog-
ically, it is unlikely that there are drastic differences that might underlie
this discrepancy. Moreover, the alignment of stimulus tuning also resulted
in an alignment of both, response selectivity as well as the distribution of
activity around sound offset across mid-superficial and deep units (Figure
2.7). Therefore it is unlikely that this structure is introduced by variability
in electrode placement.

The separation of the recorded units in mid-superficial as well as deep units
has therefore revealed a laminar organising principle in ACx. However, it
becomes clear from the distribution of stimulus information in figure 2.6a,
that the stimulus selectivity during early sound presentation shows consid-
erable heterogeneity. We therefore sought to investigate the heterogeneity of
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Figure 2.8: Alternative alignments. a: Tuning in latency-aligned recordings.
Left: Time course of mean unit selectivity + SEM for presented stimulus and
upcoming action in units recorded at the shank with fastest peak-latency and all
more superficial shanks. Time of sound presentation (grey shade) and go signal
(dotted line) are indicated. Right: As left but for units recorded in shanks medial
to the shank with fastest peak sound response. b: Time course of mean unit
selectivity + SEM for stimulus and upcoming action without alignment. Tuning
is shown for pooled units recorded at the two most superficial (left), the two medial
(middle) and the two deepest shanks (right). Task timing is denoted as in a.

stimulus and action selectivity within the two neural populations. To that
end, we split mid-superficial units into units recorded at the max MI shank
and units recorded more superficially and deep units into units recorded at
the shank adjacent to the max MI shank and units recorded at any deeper
shank (Figure 2.9).

Analysing heterogeneity within mid-superficial and deep units showed little
differences in both action and stimulus tuning across time in deep units.
In mid-superficial units, stimulus selectivity during sound presentation was
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Figure 2.9: Heterogeneity in mid-superficial and deep units. a Left: Time
course of mean unit selectivity £ SEM for presented stimulus in mid-superficial
units, sub-divided by recording location. Time of sound presentation (grey shade)
and go signal (dotted line) are indicated. Right: Same but for action selectivity
in mid-superficial units. b: Same as a but for sub-divided deep units.

strongly concentrated in the max MI shank, but no differences in late ac-
tion selectivity were discovered. Therefore the distinction between mid-
superficial and deep units is relatively accurate for action selectivity. While
this binary separation cannot capture the heterogeneity in stimulus selec-
tivity in mid-superficial units, these differences are essentially limited to the
early sound presentation and therefore reflecting the applied alignment pro-
cedure.

Next, we sought to test if the underlying reason for the increase of action
tuning during the delay period was a continuous increase of selectivity in
the same sparse number of action selective units or if additional action se-
lective units were recruited over time. We therefore calculated the fraction
of selective units across time for both stimulus and action in both groups.
Importantly, selective units in this analysis were defined as units with p
values smaller or equal to 5% without correcting for multiple comparisons.
This fraction is qualitatively similar to the mean selectivity time course for

47



2 Laminar distribution of stimulus and choice-related signals in auditory cortex

a b _ _ c _
Prevalence Single units Across recordings
— Stimulus tuning 0.3
2 0.3 Action tuning ‘ = 02 1 =
c c c
= ' =1 ' =1
5 0.2 : % 3 % 0.2
S ) ; E ! E ‘
ERRRG \\rwr'ﬁ 3 0.1 : a :
c | | e No—— 01 N
9 03 : _ 02 : _ o2 :
= ‘ = = ‘
S : > : > :
G 0.2 ! o i - ;
. (0] . [0] 1
S : £ : E :
S ! s 0.1 ! S 0.1 !
@ 0.1 . T . I ‘
- \\f“\v - \\ e \.—
= b N~ .
0O 02 04 06 0O 02 04 06 0 02 04 06
Time [s] Time [s] Time [s]

Figure 2.10: Laminar selectivity controls. a Top: Fraction of mid-superficial
units whose tuning has uncorrected p values < 0.05. Time of sound presentation
(grey shade) and go signal (dotted line) are indicated. b: Top: Time course of
mean single unit selectivity £ SEM for presented stimulus and upcoming action
i mid-superficial units. Task timing marked as in a. c: As b for the average
unit-selectivity across recordings. Bottom: As top, but for deep units.

both stimulus and action selectivity in mid-superficial and deep units (Fig-
ure 2.10a). We therefore conclude that the temporal selectivity profiles likely
reflect recruitment of larger fractions of units within the population rather
than a sole enhancement of selectivity in a constant subset of units.
Moreover, the laminar and temporal separation of action and stimulus se-
lectivity was also apparent when restricting the analysis to single units with
less than 10% contamination during the refractory period (Figure 2.10b).
Therefore, laminar selectivity differences are unlikely due to distinct lev-
els of contamination shadowing the selectivity of single cells. Additionally,
mean unit d-prime? across recordings also reliably reproduced the described
laminar phenotype. It is therefore unlikely that the observed organisation
of action and stimulus selectivity are artifacts of differences in cell number
across recordings.
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2.3.4 Alternative explanations for action selectivity
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Figure 2.11: Response aligned selectivity. a: Time course of mean unit
selectivity £ SEM for presented stimulus and upcoming action in mid-superficial
units, aligned on time of the response lick (t=0). Top: Distribution of Go signal.
b: As a, but for deep units.

A possible scenario trivially explaining the observed action selectivity would
arise if firing rates in deep units were increasing prior to both response types
equally. Systematic differences in response times at the two spouts would
then be interpreted as a temporarily ramping action selectivity when align-
ing neural activity on stimulus onset. To exclude such a misinterpretation,
we repeated our analysis by aligning each valid trial on the time of the re-
sponse lick. Response aligned neural activity in deep units still showed clear
action selectivity, therefore excluding the possibility of an unspecific action
modulation prior to licking (Figure 2.11). In contrast to stimulus alignment
though, aligning neural activity on the time of the response clearly revealed
the action selectivity in mid-superficial layers prior to response licks. No-
tably, while early increases in action selectivity are exclusive to deep layers,
a second rise, starting approximately 400ms prior to the response lick, is
visible in both mid-superficial and deep units.

Another possible mechanism creating the observed action selectivity might
be a broad activation of neurons in the hemisphere opposing the targeted
lick spout instead of a diverse action tuning of single neurons. To test this
hypothesis we analysed the pooled firing rates and signed action selectivity
across layers while grouping the animals lick location relative to the hemi-
sphere of the recording. However, the hence obtained average neural activity
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Figure 2.12: Action-alignment on recorded hemisphere. a: Time course
of mean activity £ SEM in mid-superficial units split by presented stimulus and
the response location relative to the recording site. Time of sound presentation
(grey shade) and go signal (dotted line) are indicated. Inset: Distribution of
action selectivity prior to the response window. Negative d-primes correspond to

a preference of contralateral responses, positive values to ipsilateral ones. b: As
a, but for deep units.

did not reflect the temporal dynamic of action selectivity previously observed
in in deep units (Figure 2.7b). Moreover, no common sign in action discrim-
inability could be observed in this analysis (Figure 2.12). It is therefore
unlikely that the observed action tuning is due to a broad activation of the
hemispheres and more likely that individual action tuned units have specific
action selectivity independent of their hemispheric location.

2.3.5 Selectivity to stimulus-action combinations

While neural selectivity is typically attributed to either stimulus or the re-
ported choice, they can also be selective to specific combinations of the
presented stimulus and the reported choice [294]. Moreover, because we cal-
culated selectivity conditional on stimulus or action, the resulting selectivity
was also always calculated between correct and incorrect trials. Therefore
single cell preferences for task outcome or a specific combination of stimulus
and action, can be misinterpreted as stimulus or action selectivity.

To distinguish outcome from stimulus or action preferences, signed selec-
tivity measures are needed. Because for a given stimulus, correct outcome
is associated with one action, but for the other stimulus with the oppo-
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Figure 2.13: Reliability of selectivity. a : Scatterplot of conditional stimulus
selectivity during sound presentation in mid-superficial and deep units in low and
high report trials. Filled dots depict units with significant overall stimulus tuning.
b: As in a but for action tuning prior to response period in low and high frequency
trials.

site action, the d-primes of outcome selective units will change their sign
across the two action conditions. Across many such units, the two condi-
tional stimulus d-prime values should consequently be negatively correlated.
We therefore calculated the signed conditional d-prime for stimulus selec-
tivity during sound presentation and action selectivity prior to the response
window to test if the selectivity was consistent across trial conditions. Stim-
ulus selectivity during the sound presentation (0-150ms) in selective units
was consistent across both response-type trials in both layers (Figure 2.13a,
correlation,,id—super ficiar=-88, P<.001; correlationge.,=.84, p<.001; Fischer’s
exact permutation test; correlation across significantly selective units; Bon-
ferroni corrected av = .0125.), providing no evidence for an action-bias or
outcome selectivity in our stimulus discriminability measure. In contrast,
action selectivity prior to the response period (450-700ms) does correlate
across trials of both frequencies, too. However some units do show selec-
tivity conditional on one stimulus only and the corrrelation of conditional
action measures is only significantly bigger than expected by chance in deep
units (Figure 2.13b, correlation,,;i—super ficia= 0.57, p=.14; correlationgee,=
0.74,p=.008;).
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2.3.6 Relation of stimulus and action selective neurons

We have so far established two distinct types of task selectivity in ACx with
diverging temporal and laminar profiles. It remains unclear though, if and
to what extent stimulus and action selective populations are distinct. We
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Figure 2.14: Relation of stimulus and action selectivity. a: Scatterplot of
signed unit stimulus selectivity during sound presentation and action selectivity
prior to the response period for mid-superficial (top) and deep (bottom) units.
Filled dots correspond to units with selective tuning (p<=0.05) to at least one
modality. b Left: Scatterplot of simultaneous stimulus and action d-prime (during
sound presentation for mid-superficial (top) and deep (bottom) units. Right: As
left but for selectivity prior to the response period.

therefore analysed if the sign and magnitude of stimulus selectivity during
the sound presentation were correlated with the action selectivity prior to
the response period in both mid-superficial and deep populations. While we
observed units that displayed both stimulus selectivity during sound presen-
tation and action selectivity prior to the response period, there was no sig-
nificant correlation between these two signals across mid-superficial or deep
units (Figure 2.14a, see Table 2.6 for quantification). Therefore stimulus
and action selectivity were conveyed by partially overlapping, but distinct
populations of task-selective units.
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Depth Sound stimulus and During During
in ACx delay action sound delay
Mid-superficial .07; p=.65 -.29; p=.06 | -.21; p=.16
Deep 21; p=.15 -.05; p=.72 | -.48; p=.001

Table 2.6: Tuning correlations. Quantification of correlations in filled markers
of Figure 2.14. Shown are correlation coefficients across units and the p value
assessing the probability to observe these correlations by chance (Fischer’s exact
permutation test). Significant values are highlights (bold). Bonferroni corrected
a=.0083 (6 comparisons).

Even though stimulus and action selectivity occur at distinct time points in
the task, it is possible that the action signal in deep units is informed by the
stimulus selective sound responses of the population. In this case, the noise
in the sound responses of stimulus selective units that either enhances or re-
duces the specific firing rate induced by stimulus should therefore increase or
decrease the chance of a correct decision in the downstream decoding areas
[240]. Units preferring one stimulus should therefore have a slight selectivity
for the associated response - as higher firing rates for trials of that stimu-
lus should reduce the risk of mistakes, while lower activity will increase the
probability of an error. This type of action selectivity during sensory evoked
responses with consistent stimulus and action preferences is consistent with
the prediction of causal theories of choice probability [240, 89, 47]

We therefore calculated the signed, instantaneous stimulus and action selec-
tivity during both, sound presentation for stimulus selective as well as prior
to the response window for action selective units. We discovered a slight
correlation of simultaneous stimulus and action selectivity during sound pre-
sentation. However, unlike the scenario above, this correlation was negative
(Figure 2.14b, see Table 2.6) for quantification). Similarly, action and stim-
ulus selectivity were negatively correlated prior to the response window.
Notably, the extent of the negative correlation matched the degree and time
of tuning, as mid-superficial units were strongly stimulus selective, while
deep units showed stronger action selectivity prior to the response period.
Albeit small, these correlations suggest that sound responses to the pre-
ferred stimulus of a stimulus selective unit are slightly bigger in trials where
the animal will report the unpreferred stimulus. Consequently, selectivity
to task parameters should be slightly higher in incorrect, rather than in
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Figure 2.15: Outcome dependency. a Top: Time course of mean task selec-
tivity in correct and incorrect trials in mid-superficial units. Thick lines represent
distribution means across 1000 iterations of a hierarchical bootstrap, shades denote
one standard deviation of the distribution created by the bootstrapping procedure.
Time of sound presentation (grey shade) and go signal (dotted line) are indicated.
Bottom: Same as top but for units recorded at deep shanks. b Top: Quantifi-
cation of average mid-superficial tuning during ITI, sound presentation and prior
to response period. Bottom: Same as top but for units recorded at deep shanks.

correct trials, as stimulus and action related firing increases are misaligned.
We therefore calculated the selectivity to task conditions in correct and
incorrect trials separately. Indeed, task selectivity in incorrect trials iwas
constantly higher in incorrect, compared to correct trials both during the
sound presentation as well as prior to the response window (Figure 2.15a).
Importantly though, the reported differences in selectivity in correct and
incorrect trials were very small and not significant at any single time point
we investigated (Mid-superficial: prri=.22, Psound=-18, Ppeiay=-58; Deep:
Pr7r1=-08, DPSouna=-76, Ppeiay=-18; Figure 2.15b). Nevertheless, this trend
of stronger task signals in incorrect than correct trials is in line with the
observed misaligned stimulus and action selectivity.
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2.3.7 Population coding directions

Because we have found indications of outcome dependent differences in task
selectivity, we sought to investigate if the population format, rather than the
strength of task selectivity is sensitive to the outcome of the trial using the
notion of population coding directions (CDs) [60]. CD refers to the linear
combination of neural activity best discriminating between two task condi-
tions at a particular time point. To address if stable CDs could be obtained
from incorrect and correct trials separately, we calculated CDs on half of
the trials obtained in a session and determined their alignment to directions
obtained in the remaining trials (see methods). We observed reliable CDs
in correct trials in both mid-superficial as well as deep populations during
sound presentation as well as prior to the response period (Table 2.7).

In incorrect trials, however, only mid-superficial CDs during sound presenta-
tion aligned above chance. Therefore, the lack of stability in the remaining
CDs of incorrect trials is unlikely explained solely by the small amount of er-
ror trials within a session. It is possible that this discrepancy in alignment of
incorrect CDs observed across deep and mid-superficial units during sound
presentation is due to the smaller fraction of stimulus selective units in deep
populations. Alternatively, the stability of deep stimulus and action coding
might also be truly outcome dependent. However, because the measure of
CDs did not seem to be stable in incorrect trials, a meaningful comparison
of CDs in correct and incorrect trials was not possible.

Depth Correct trials Incorrect trials
in ACx Sound Delay Sound Delay
Superficial | .72; p<.001 | .46; p=.004 | .45; p=.006 | .08; p=.63
Deep .67; p<.001 | .5; p=.004 23; p=.13 | .24; p=.25

Table 2.7: Reliability of coding directions in correct and incorrect tri-
als. Mean correlations and p values for the indicated populations were obtained
in 10000 iterations of a hierarchical bootstrapping procedure. Sound interval:
0:150ms; Delay interval: 450-700ms. Superficial refers to all units recorded in
mid-superficial shanks. Significant comparisons are highlighted (bold). Bonferroni
corrected o = .0063 (8 comparisons).
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2.3.8 Transformation of coding directions in time

Above, we described a slight correlation in early stimulus and late action sig-
nalling of single cells (Figure 2.14a), indicating an overlapping population
for stimulus and action representations. To further investigate this similarity
of population task signals across time we calculated the correlation of CDs
in mid-superficial and deep units across time (Figure 2.16). As this measure
is not robust in incorrect trials, this analysis was limited to correct trials.
Importantly, this limitation does not allow to distinguish between stimulus
and action directions.

In both mid-superficial as well as deep populations we found strong correla-
tions of CDs close in time (Figure 2.16a). This is likely due to overlapping
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Figure 2.16: Stability of coding directions. a Top: Similarity matriz of
coding directions across time in mid-superficial populations. White dotted lines
denote sound onset, offset and end of delay period. b: Similarity matrixz of random
directions in mid-superficial units across time. c: Difference of similarity matrices
i a and b at time points with significant alignment of CDs in mid-superficial units
(see methods). Bottom: As above but for populations recorded at deep shanks.
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windows of activity and not necessarily indicative of a stable representation
of task information. To investigate at what time in the trial task represen-
tations are similar more than expected by construction or chance, we com-
puted the correlation expected by chance in both neural populations (Figure
2.16b, see Methods). Due to the overlapping counting windows, CDs close
in time were well aligned, while distant time points trypically were almost
orthogonal, indicating a low chance of random correlation among CDs. Us-
ing these chance distributions, we identified multiple time periods in both
mid-superficial as well as deep populations with significantly stronger align-
ment than expected by chance (Figure 2.16c¢).

In deep populations, CDs were stably maintained during two distinct time
intervals. Thus, both at sound offset as well as during large fractions of
the delay period, coding directions remained aligned above chance. Impor-
tantly though, these two formats did not correlate with each other stronger
than expected by chance, therefore establishing two separate formats of task
selectivity in deep populations, likely associated with the stimulus and ac-
tion selectivity observed in single units. However, because this analysis was
limited to correct trials, a direct distinction between the contributions of
stimulus and action selectivity in these two formats is not possible.

In contrast, mid-superficial coding directions did not display such a clear
distinction between early and late task selectivity. Instead, both during the
stimulus as well as the delay period, CDs remained aligned above chance
for only approximately 150ms. Importantly, mid-superficial units showed
significant task signalling during both sound presentation as well as prior to
the response window and CDs at these times in the task have been reliable
across sessions halves. Therefore, the short duration of a particular task
format is likely not due to noise, but might rather be reflecting a constant
rotation of mid-superficial CDs from early stimulus to late action signalling,
contrasting the stable format of population discriminability in deep layers.
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2.4 Conclusions

We have demonstrated that stimulus and action signalling during a delayed
response task have distinct temporal profiles in the rodent ACx. To this end
we have successfully implemented a delayed response paradigm for pure-
tone frequency discrimination in head fixed mice. Mice performed well in
the task with no apparent biases in the responses of completed trials (Fig-
ure 2.2c). Interestingly though, animals showed a clear frequency-dependent
bias in their premature response rates. This effect was observed across all
behavioural setups and did not correspond to a particular location of the
response spout. Given that age related hearing loss, especially for high
frequencies, is a well know phenomenon in C57BL/6J mice [98], it is pos-
sible that low frequencies were more salient and therefore elicited stronger
behavioural responses. However, all stimuli were presented well above detec-
tion threshold of animals in that age [111, 152]. Moreover, as trial rejection
rates were not frequency-dependent (Figure 2.2b) and the ITI was variable,
it is unlikely that animals were only acting upon detection of low frequency;,
rather than a frequency discrimination strategy. Therefore high frequencies
might be less salient to the animals, but can still be perceived and elicit
reliable behavioural responses.

2.4.1 Involvement of ACx in task performance

Transient silencing of ACx confirmed its involvement in task execution. How-
ever, we observed a strong reduction of task engagement rather than a con-
sistent reduction in response accuracy (Figure 2.3). This reduced response
behaviour is unlikely reflecting an inability of initiating the appropriate mo-
tor commands. While we cannot exclude the possibility that the highly
concentrated muscimol solution used for injections diffused far enough to
affect thalamic areas, such a scenario would be expected to cause deteriora-
tion in discriminability rather than the observed increase in trial rejection
[75]. Moreover, all animals were still able and motivated to display licking
behaviour, as manually delivered water drops were consumed quickly and
reliably. Therefore the impairment does likely not result from an inability
to lick in order to receive water.

However, the increased trial rejection rate is consistent with both a tempo-
rary loss of sound perception [257] or could reflect a behavioural strategy
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in response to impaired sound discrimination or action selection [136, 190].
Because previous studies have shown only mild effects of ACx silencing for
frequency discrimination of pure tones [190, 75, 34], the strong behavioural
effects observed likely do not reflect reduced discriminability. However, ne-
cessity of ACx for discrimination of frequency stimuli with higher complexity
[34] and anticipatory behaviour [142] have been reported. Thus the be-
havioural effects reported here might reflect a cortical involvement due to
the fact that mice could only report their choice after a delay period, rather
than the discrimination component of the task. While our results were not
able to clearly establish the exact nature of its contribution, we have ob-
served clear evidence for the involvement of the ACx in task execution.

2.4.2 Successful laminar recordings

We sought to characterise the task related activity of auditory cortex. A
large fraction of the recordings had to be excluded from analysis. This is
partially due to very restrictive measures in confirming correct probe loca-
tion, as all three recordings of one hemisphere were discarded from analysis if
the probe placement was incorrect in the histological verification of the last
session. Additionally, the recording procedure itself poses a strong disrup-
tion of the usual training protocol of behavioural sessions as it includes new
waiting times in the setup due to the probe insertion. Therefore additional
recordings were excluded because the animals did not engage in enough trials
in the recording session. Despite these difficulties, we successfully recorded
the activity in the ACx in ten behavioural sessions of five animals, result-
ing in a total of 422 recorded single and multi-units across recordings. The
fact that only about half of these units had firing rates modulated by task
parameters is consistent with the reported sparseness of representations of
ACx [105], but might also reflect a temporal instability in the units recorded
from during the acute recording sessions.

2.4.3 Alignment procedure

We observed stimulus as well as response-type related activity across task
responsive units (Figure 2.5¢). However, to investigate systematic location
differences across recordings an alignment procedure is needed. Traditional
studies using linear probes have used Current Source Density (CSD) in the
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Local Field Potential (LFP) to determine the location of the granular input
layer 4 [222, 296]. However, these methods require a continuous sampling
across cortical layers and are not directly applicable in our recordings as
we recorded activity at six distinct depths. Moreover, the animals’ move-
ments did elicit strong artifacts in the LFP traces, making a clean estimate
of CSD unfeasible (data not shown). We therefore sought to identify the
shank closest to cortical layer 4 by hypothesising that it should display the
highest amount of stimulus information in early sound responses. Reliably
estimating information from limited samples is problematic as low amounts
of data lead to an overestimation of information. We therefore used an it-
erative measure of estimating MI that was designed to deal with limited
amounts of data and has successfully been used in the rodent ACx [174, 36].
Importantly, while the hence obtained MI might still not unravel the true in-
formation content, all simultaneously recorded units suffer from the identical
sampling limitation. Therefore MI measures can be compared across probe
shanks within the same recording session. If highest stimulus information
content in early sound responses is located in input layer 4 as we hypothe-
sised, response latency of neural activity should be shorter at the max MI
shank than in neighbouring shanks, as fastest response latencies have been
reported in layer 4 and at the intersection of layer 5 and 6 of ACx [222].
Indeed, average response latency was shortest at the max MI shank across
recordings. However individual recordings did not show a relationship of
max MI shank and the shank with fastest peak-response latency. But while
alignment on max MI shanks revealed clear structure in the data, alignment
on shanks with fastest response latency failed to do so. The location of the
max MI shanks within the six probe shanks did not differ strongly across
recordings, indicating a reliable relationship of frequency tuning and depth.
The fastest latency shank, however, did not display a clear relationship with
depth across our recordings (data not shown). It is therefore likely that our
estimate of response latency is unreliable, possibly due to the high variabil-
ity in neural responses and greatly diverging unit numbers per shank. Thus
it is difficult to state the exact relationship of the max MI shank relative
to cortical input layer 4. However, alignment on max MI shanks at sound
onset across recordings revealed a clear laminar structure in the neural ac-
tivity and selectivity of the ACx and therefore has shown to mark a relevant
position within the cortical layers, consistent with our initial hypothesis.
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2.4.4 Activity and selectivity have laminar profiles

Alignment across recordings revealed two main differences in mid-superficial
and deep units. While both neural populations demonstrated an initial
sound response, only deep units displayed a second, pronounced activation
around sound offset (Figure 2.7a). Sound offset responses have been de-
scribed previously in the ACx [134]. These responses show slightly larger
response latencies than onset responses, have a distinct frequency tuning
and are most robustly seen in the anterior auditory field [246]. However,
closer inspection of the second activation observed in deep units revealed
that firing rates already started to increase as early as 50ms prior to sound
offset. Thus, this signal does not correspond to offset-triggered responses.
Possible explanations of this rise in activity might be a rebound of activity
due to decreasing onset-response triggered inhibition [90, 134] or feedback
signals selectively targeting deep layers of ACx [92].

Strikingly, the alignment on max MI in early sound responses did not only
reveal a relationship to activity around sound offset, but also revealed a lam-
inar structure in single unit selectivity. While stimulus selectivity during the
sound presentation did not show significant laminar differences, there was a
clear laminar organisation in the selectivity to the action to be performed
by the animal. While this signal was not exclusive to deep units, it was
significantly stronger than in mid-superficial units (Figure 2.7). This ac-
tion selectivity could not trivially be explained by diverging response times
(Figure 2.11) or broad hemispheric activation (Figure 2.12) and therefore
likely represents a true, diverse tuning to the reported decision of the ani-
mal. Interestingly, the increase of action selectivity roughly coincided with
the reported transient activation of deep units at sound offset. It is therefore
possible that these two phenomena are related and the the transient offset
activation is inducing the reported choice signaling in deep layers. Moreover,
temporal alignment of neural activity on the animal’s responses suggested an
initial increase in action selectivity in deep units starting as early as 1s prior
to the response lick and a later, simultaneous increase in action selectivity
in in both populations in the 400ms prior to the response lick (Figure 2.11).
This structure could reflect two distinct sources of action-related signals in
ACx: Late signals observed in both populations during movement prepa-
ration, and earlier signals exclusive to deep units during the delay period
of the task. However, a population-level analysis of response aligned action
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selectivity in deep units across time will be necessary to further investigate
a possible distinction of early and late action signalling in deep populations
of the ACx.

Importantly, while action signals have been reported previously in ACx, the
delayed response task paradigm used here for the first time demonstrates
a clear temporal dissociation of transient stimulus and action-specific sig-
nals in ACx [83, 296]. Therefore, task representations in ACx switch from a
pure sensory representation to the exclusive representation of action during
the delay period. Given that activity in the ACx is sufficient to drive deci-
sion behaviour [299, 272], our analysis revealed two possible output signals
underlying this biasing effect.

2.4.5 Stimulus and action tuning are misaligned

Action signals observed in neurons of sensory cortical areas have originally
been interpreted as evidence for a causal contribution of such neurons to the
decision making process, as the decisions reported by the animals correlated
with fluctuations in the activity of sensory neurons tuned to the reported
stimulus [23, 240]. However, none of the signals described in this chap-
ter support such a notion. Here, action-predictive signals were observed in
units distinct from stimulus selective ones (Figure 2.14a). Such differences
in choice and stimulus signalling have been reported previously and are in-
terpreted as the result of feedback signalling [298]. Alternatively, distinct
representations of stimulus and action-predictive information could be sig-
natures of a local stimulus-choice transformation. The fact that in our data
stimulus and action signalling only briefly coincided in ACx challenges this
hypothesis and instead supports the interpretation of the observed action
selectivity as a feedback-induced phenomenon. A possible source of such
feedback projection is supplementary motor area M2, which displays early
choice related activity and is involved in action modulation in ACx [230, 224].
As feed forward and feedback-related choice probability likely are observed
at different timescales [287], we addressed the possibility of additional classi-
cal choice probability signals consistent with a causal contribution. Thus we
determined if trial-by trial fluctuations in the sound response of individual
neurons were associated with the behavioural choices of the animals (Fig-
ure 2.14b). Stimulus representations in both mid-superficial and deep units
displayed small, negative choice probability, incompatible with a causal in-
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fluence of variations in stimulus response on the reported decision. Such
negative choice probability has been previously reported in visual cortices
[131] where they are likely caused by feedback projections as they propagate
sequentially from higher to lower cortices [81].

Strikingly, we also demonstrated a negative correlation of simultaneous stim-
ulus and action selectivity prior to the response period (Figure 2.14b). This
is unlikely due to residual stimulus information as no negative correlation
of stimulus selectivity during the sound presentation and late action selec-
tivity has been observed (Figure 2.14a). However, this negative correlation
of stimulus and action selectivity implies an interesting misalignment in ac-
tivity: Firing rates in action selective units prior to the preferred action are
higher in incorrect trials. This observation thus suggests the puzzling possi-
bility of increased representations of task information in incorrect compared
to correct trials.

2.4.6 Outcome dependency of task signals

We have presented preliminary analysis addressing this possibility and re-
ported a constant, but very small increase in task selectivity in incorrect
compared to correct trials (Figure 2.15a). Similar to the initial observa-
tion of negative choice probability, these selectivity differences in correct
and incorrect trials were not significant (Figure 2.15b). Notably though,
we did observe this small outcome-dependent difference in task selectivity
not only during the task, but already prior to stimulus presentation. Given
that in incorrect trials this task selectivity in deep units was comparable in
strength to the selectivity prior to the response period in correct trials, this
phenomenon has to be addressed further in future analysis. Indeed, choice
probability prior to stimulus presentation has been reported previously [181].
Because animal behaviour in 2AFC tasks is typically modulated by history
effects [77, 143, 28], it is possible that such a pre-existing task selectiv-
ity reflects these tendencies by selectively coding for the previous action or
task outcome. In such a scenario the observed slight outcome-dependent
difference in task selectivity could reflect a difference in either strength of
or dependency on such history signals or correspond to distinct serial de-
pendencies of task accuracy. To address these scenarios, a reliable measure
of population-based selectivity for incorrect trials is needed. However, the
measure explored in the analysis presented so far was found to be reliable in
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correct but not in incorrect trial conditions (Figure 2.7). It is likely though,
that the lack of alignment observed in incorrect trials can be attributed to
the low number of incorrect trials available. An analysis approach based on
single trial decoding will be employed in future analysis to unequivocally
investigate the possibility of outcome dependent signalling in ACx.

2.4.7 Rotation of population coding

Using the measure of a population CD, we successfully demonstrated some
of the features described in the single cell analysis on the population level.
We hence demonstrated that the direction of population activity best dis-
criminating between high and low frequency trials showed clear laminar dif-
ferences. In deep units we have described two prolonged, distinct coding
formats (Figure 2.16¢). A first, short period of stable coding directions was
observed around sound offset and a second throughout the second half of
the delay period. Given our findings using the single cell analysis, it is likely
that these two coding formats are associated with separate stimulus and
action representations in deep populations.

Contrasting these temporally distinct coding representations in deep units,
mid-superficial populations demonstrated a slow, constant rotation of cod-
ing directions throughout the trial. Because mid-superficial units displayed
significant stimulus information during sound presentation and weak, but
significant action selectivity prior to the response period, this slow rotation
might reflect a transformation of stimulus to action representations selec-
tively visible in mid-superficial units. However, this temporally restricted
similarity in CDs might also reflect the influence of noise during the begin-
ning of the delay period as it is not clear if population coding directions and
the strength of task selectivity are statistically significant throughout the
trial.

Because analysis was restricted to correct trials, the analysis presented here
did not allow to investigate the existence of population-based action signals
during the sound presentation and their relationship to the signals observed
prior to the response period. Moreover, as single trial analysis suggested a
partial overlap of stimulus and action selective units without providing any
evidence for their functional interaction (Figure 2.14), a future population
analysis will be used in order to investigate possible interactions of these
distinct populations more carefully [236].
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Chapter 3

Outcome dependent
modulation of task accuracy by
cortical state fluctuations

HIGHLIGHTS

o In this chapter, we analyse the contribution of spontaneous
baseline fluctuations of neural activity on frequency discrim-
ination accuracy.

o We show that the animals’ task accuracy is dependent on the
response outcome in the previous trial with higher accuracy
in trials following error trials.

o We provide evidence that only in these post-error trials, a
clear relationship between neural baseline fluctuations and
discrimination accuracy can be established.

e Furthermore, we establish that this response-outcome depen-
dent effect is not due to distinct neural states, but represents
a diverging effect of similar neural activity.
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3 Outcome dependent modulation of task accuracy by cortical state fluctuations

3.1 Introduction

In order to identify meaningful features in the stream sensory information
and subsequently select appropriate behavioural responses, the dynamics of
neural activity have to be in a regime to allow for appropriate processing.
In cortex, the degree to which the activity of single neurons fluctuates syn-
chronously has been suggested as an important coordination principle for
this issue [15, 252, 279]. The degree of cortical synchrony in spontaneous
activity is related to the dilation of the pupil, a known indicator of arousal
state and cognitive load [120, 22]. These two phenomena are therefore often
jointly referred to as brain state.

As asynchronous cortical activity in rodents has initially been attributed
to movement, it is also referred to as the active cortical state in oppo-
sition to the inactive state with synchronous activity fluctuations [279].
However, cortical desynchronisation and movement can be dissociated, as
certain stereotypical movements can be observed during cortical synchrony
[279]. Moreover, cortical desynchronisation has been observed in the ab-
sence of movement through arousal in mice and during visual attention in
cats [289, 125, 280]. The active cortical state has therefore been suggested
to reflect an orientation of cognition to the outside world [278].

Consistent with this idea, the accuracy of the population code during the
asynchronous behavioural state can potentially increase, depending of the
size and the relation of synchronous fluctuations and stimulus-driven activ-
ity [1, 194, 247, 291, 241, 9, 43, 59, 169]. This dependence of the stimulus
representation accuracy on the degree of cortical synchronisation has been
confirmed in multiple experimental settings and studies [76, 192, 13, 132].
The relevance of these brain state effects for the behavioural performance in
a given task, however, is still not fully understood.

Cortical desynchronisation has been suggested to increase discrimination ac-
curacy in monkeys performing in a delayed match to sample task [13]. In
rodent studies using detection tasks, on the other hand, a non-monotonic
dependency of task accuracy on brain state has been observed, that corre-
sponded to the propensity of the animals to respond in the task [148, 161,
248, 249, 282]. A recent study directly comparing the effects of brain state
on discrimination accuracy and task engagement using a 2AFC visual dis-
crimination paradigm suggested that cortical desynchronisation is generally
more associated to task engagement, rather than increased behavioural ac-
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curacy [113].

Here, we revisited this distinction by analysing neural and behavioural data
of head fixed mice performing auditory frequency discrimination in a de-
layed 2AFC task paradigm. We observed an outcome dependent association
of fluctuations in baseline activity and the degree of synchrony with discrim-
ination accuracy, but no correlation of spontaneous neural state fluctuations
with the animals’ responsiveness in the task.
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3.2 Methods

3.2.1 Data inclusion

In this chapter, the data collected as described in chapter 2.2 was anal-
ysed. To ensure sufficient trials in each analysed session, only recordings
with a minimum of 100 completed trials (= animals responded in the re-
sponse period) were considered. Moreover, only recordings with a d-prime
> 1 were included in the analysis to ensure that the analysed behavioural
sessions reflect engaged task responses. Given that spontaneous fluctuations
in activity are widespread, non-local phenomena [224, 113], we relaxed the
criterion of probe placement applied in the previous chapter. Hence, not
only recordings from primary auditory cortex, but also from ventral and
dorsal auditory fields were analysed here. Behavioural data of one animal
(three sessions) had to be excluded because proper estimation of the pupil
size was not possible, as the eye was closed during the majority of the trials.
Importantly, exclusion of data obtained from this animal does not affect
the reported main results. In total, 20 recording sessions from five animals
matched these criteria and all analysis described in this chapter was per-
formed on these data sets.

Trials of all presented frequencies, independently of the difficulty, were in-
cluded in the analysis. Thus, in 13 of the analysed recordings four different
stimuli (Low frequency: 9.9 & 12kHz; High frequency: 16.3 & 20kHz) were
presented to the animals. The two difficult stimuli close to the threshold
were presented more often (85% of trials, see chapter 2.2). In the remaining
seven recordings analysed here, two additional hard stimuli were presented
(Low frequency 13kHz; High frequency 15kHz) in 8% of the trials.

Besides neural data and the licking behaviour in the session, additional be-
havioural measures were considered for analysis. Thus the animals’ facial
movements were recorded during the behavioural sessions (60 frames per
second, camera: ELP) and stored for offline analysis together with synchro-
nisation pulses of stimulus presentation times using a custom Bonsai [147]
script and an Arduino Uno board (Arduino). As in the previous chapter, all
trails with manual interventions were excluded from analysis. In addition,
the last ten trials in each recording session were not considered as session
termination was conditional on these trials.
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3.2.2 Processing of video data

From the obtained videos, we extracted two global state variables, quanti-
fying the degree of facial movements and the arousal state. For the quan-
tification of facial movements, we computed the average magnitude of Optic
Flow (OF) (Lucas-Kanade method [149]) in a Region of Interest (ROI) se-
lected around the face of the animal, consistent with procedures in previous
studies [255, 170]. OF values corresponded to the median OF in the analysis
window (Figure 3.3c, 2s baseline period prior to sound presentation). For
comparisons across sessions, OF measures were z-scored in each recording
session separately.

The animal’s arousal state was determined by tracking the size of its pupil.
For this purpose we used DeepLabCut [156] to detect points around the
pupil in each frame of the video. For model training, eight points in 20
frames of each recording session were labelled. To remove frames with poor
detection, we considered only frames with an average detection likelihood
above 0.8. The pupil size was then given by the major axis of an ellipse
fitted with these eight detected points. To increase the robustness of these
pupil estimates, the data was smoothed further with a robust local regres-
sion using weighted linear least squares and a 1st degree polynomial model
(250ms window, rlowess in Matlab). The hence obtained pupil sizes were
then normalised within each session by the 2% smallest values, such that
pupil size values determined the fraction of size increases relative to the
smallest values observed in the sessions. The median pupil size values of
each analysis window (2s prior to stimulus presentation, Figure 3.3c) where
the computed and used in further analysis.

3.2.3 Quantification of cortical synchrony

We calculated the degree of synchronisation in the recorded neural popula-
tions by comparing the standard deviation of their combined activity with
the deviation expected in a desynchronised population. In this procedure,
the activity of all simultaneously recorded units was combined to calculate
the Firing Rate (FR) of the population, defined as the average number of
spikes per unit in the analysis window, as well as to form the MUA trace
by counting spikes in non-overlapping 20ms windows. Next, we created 100
surrogate activity traces in which the time of each spike was randomly as-
signed to a recording sample in the 2s time window (Figure 3.1). The 20ms
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Figure 3.1: Schematic of synchrony measurement. a: Schematic of shuf-
fling procedure. b: Resulting standard deviations in 2s MUA firing in original
sample (green) and the distribution across 100 spike time permutations (grey).
The final synchrony measure is given by dividing the standard deviation in the
original MUA by the mean standard deviation of the shuffle distribution demar-
cated by the black line.

binned MUA was calculated for each surrogate and the standard deviation
across time determined. The final measure of synchronisation was obtained
by:

Synch = TMuA (3.1)

OShuffle

With o374 as the standard deviation of the MUA observed in the real trial
and Tsnusre being the average standard deviation of the 100 surrogate MUA
traces in time.

3.2.4 Whitening of general and neural state predictors

The main goal of this analysis was to determine the effects of spontaneous,
trial-by-trial variations of neural state (FR and synchrony), movement (OF)
as well as arousal (pupil size) measures on the behaviour of head fixed mice.
To separate such spontaneous changes in these variables from session trends
and other dependencies, we only used fluctuations in these variables that
could not be predicted by past information, referred to as their innovation.
To determine the innovation of state predictors, we performed multivariate
regression, predicting the expected value of each state variable in a given
trial (Figure 3.2). In this process, we considered the values of all four state
variables (FR, synchrony, pupil and OF) in the previous ten trials, as well
as the outcome of these trials (1 reward; 0 no reward) as model predictors.
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Figure 3.2: State predictor whitening. a: Example of whitening procedure and
result. Shown are example traces of actual and predicted trial-by-trial pupil sizes
(left) as well as the resulting pupil innovation values (right). b: Distribution of
R? wvalues for multivariate fits of state predictors across recording sessions.

To account for slow sessions trends we included the current trial number
as an additional predictor. The predictor innovations where then defined
as the difference of the raw and expected values of each state predictor
(Figure 3.2a). The models trained in this process fit the data sufficiently
well to strongly limit cross-correlations among the presented state predictor
innovations (Figure 3.2b & 3.5a). As a consequence of this procedure, the
first ten trials in each session were excluded form analysis. If not mentioned
otherwise, all neural and global state predictors in this chapter refer to their
respective innovation measures.

3.2.5 Generalised linear mixed modelling

We used generalised linear mixed modelling to analyse behavioural data
across recording sessions [72]. Thus models were fit in Matlab (fitglme),
using recording session as a random effect. Prior to model fitting, all pre-
dictors included were z-scored within a session. Importantly, when splitting
trials into different data sets, i.e. trials following correct and trials following
incorrect responses, z-scoring was performed independently in each data set.
To estimate confidence intervals and corresponding p values, we used boot-
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strapped statistics by resampling the data in each recording session (with
repetition) so that the number of trials from each recording was preserved
in each global surrogate. In each bootstrap iteration, a Generalised Linear
Mixed Model (GLMM) was fit for the obtained surrogate data set and the
distribution of the resulting fixed effects across 1000 such bootstrap itera-
tions was used to determine if the observed effects were significantly bigger
than zero by determining their 95% confidence intervals.

To verify differences in trial accuracy or rejection rate suggested by these
models in the data directly, we computed the differences of these measures
conditional on the response outcome or neural state predictor values in each
recording session and assessed the significance of the obtained distributions
using Wilcoxon signed rank test. In models fitting the animals’ responses
directly, models were fit in Matlab (fitglme), using recording session as a ran-
dom effect without bootstrapping. The significance of the indicated fixed
predictor weights was then calculated using an F-test.

3.2.6 Matching statistics of post-error and post-correct
trials

To match the distributions of neural state variables in trials following correct
and following incorrect trials, post-correct trials were sub-sampled. Thus in
each recording session, for each post-error trial a matching post-correct trial
was selected by choosing the trial with the most similar FR and synchrony
innovation values (smallest euclidean distance in Synchronyy and FR; space).
Thus similar distributions of FR; and synchrony; with matching trial num-
bers were obtained (Figure 3.10b). These distributions were then z-scored
and used for GLMM analysis in the above protocol.
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3.3 Results

3.3.1 Quantifying baseline activity and synchrony

Neural data recorded from head fixed mice performing in the auditory de-
layed frequency discrimination task described in the previous chapter was
analysed to determine the correlation of spontaneous variations in neural
baseline activity and population synchronisation with discrimination accu-
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Figure 3.3: Task performance and data acquired. a: Scheme of delayed
response task contingency. Fach trial, head fized mice are presented with high or
low frequency sounds from two lateral speakers. Animals report ‘high’ or ‘low’ by
licking at one of two lateral water delivery spouts during the response period. b:
Psychometric curves of wvalid trials across analysed recording sessions. Markers
correspond to values in single recordings, black line represents cohort average. c:
Ezample traces of data simultaneously collected during each session. Shown are
the spike times of individual units (raster plot, top), their combined activity (MUA
FR), the optic flow (OF) induced by facial movements (Face OF), the pupil size
and the time and location (red: high report, blue: low report) of licking at the
response spouts. Green lines demarcate times of stimulus presentation.
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racy. In the task, mice were presented with pure tones and had to categorise
the frequency of the presented stimuli as high or low (category boundary
14kHz, see chapter 2.2). Animals were required to withhold their responses
during sound presentation (150ms) and a brief delay period (500ms) until a
green LED signalled the onset of the response period. In this task epoch, an-
imals reported their decision by licking at the water delivery spout indicated
by the presented sound. Licking at the correct spout triggered a 3ul water
reward, incorrect responses prolonged the ITI by a 6s time penalty (Figure
3.3a). Neural activity in the ACx during task behaviour was recorded in six
acute recording sessions for each animal (three recordings per hemisphere,
see chapter 2.2 for recording and neural selection criteria). To investigate
the effect of spontaneous fluctuations in cortical FR and synchrony on dis-
crimination accuracy, we analysed the activity of simultaneously recorded
units of recordings with sufficient behavioural engagement (min 100 com-
pleted trials, d” >1; see methods for data exclusion criteria). Thus, 20 out
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Figure 8.4: Distribution of synchrony and FR measures. Heatmap of raw
FR and synchrony distributions across all recordings (middle) and the indicated
baseline activity examples are shown (left & right). In each example the spike
times of individual units (raster plot, top) and the resulting MUA trace (bottom)
in the two seconds prior to stimulus presentation are shown.

of the 36 recording sessions were selected for analysis. Mice showed good
behavioural performances in the selected sessions, however across these in-
dividual sessions, the response accuracy varied strongly (Figure 3.3b).

To quantify fluctuations in spontaneous neural activity across trials, the
baseline activity in the two seconds prior to the sound presentation was char-
acterised by the overall activity level of the population (FR) and the degree
of synchrony of that activity (Figure 3.4). This population synchrony was
quantified by the standard deviation of the MUA across the 2s analysis win-
dow, normalised by the standard deviation expected in a fully asynchronous
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population with the same number of spikes (Figure 3.1, see methods for full
procedure). As a consequence, this measure of synchrony was independent
of the population’s activity level. In addition to these neural state measures,
we extracted the animal’s pupil size as well as the degree of facial movement
(given by the average OF across face pixels, see methods) from the recorded
video data, two global behavioural variables known to be associated to cor-
tical state fluctuations [224] (Figure 3.3c). Importantly, to reduce auto- and
cross-correlations in the neural and global state variables considered here,
we only considered their innovation (denoted by the subscript I), defined as
the aspect of the signal that could not be predicted from itself and all other
state predictors in the past, for further analysis (see methods).

The degree to which these signals could be determined by history varied,
with strongest predictability observed in the pupil and weakest in the syn-
chronisation measure (r3 = 0.2240.05 and 73,y = 0.5540.13; median

TSynChrony
+ MAD across recordings; Figure 3.2b). Importantly, after this processing
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Figure 3.5: Cross-correlations of state predictors. a: Correlation between
the four state predictor innovations. Median £ MAD cross-correlations across
state predictor innovations (upper triangle) and the correlation of instantaneous
values across recordings (lower triangle) are shown. Markers denote medians. b:
Distribution of fixed effect weights of the indicated predictors fitting firing rate
(top) and synchrony (bottom) innovations. Distribution obtained in 1000 hierar-
chical bootstrap iterations. Box plot indicates median (mid-line), 50% (box) and
95% confidence intervals (vertical lines).
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step, only ’white’ auto- and cross correlations where observed in all state
predictors, with only instantaneous correlations between the state predic-
tors remaining (Figure 3.5a).

To determine the degree to which neural baseline fluctuations were deter-
mined by the global state measures extracted from the videos, we con-
structed separate generalised linear mixed models (GLMMs) to fit FR; and
synchrony innovations with the recording session as random effect (see meth-
ods). Interestingly, even though FR; showed positive correlation with both
global state predictors, due to their positive correlation with each other, only
a positive association of movement with FR; was observed in our models.
Synchronyy, on the other hand was weakly, but significantly associated with
both pupil size as well as movement innovations (Figure 3.5b). Our analysis
therefore suggests that baseline FR innovations are preferentially associated
to movement, while fluctuations in population synchronisation are reflecting
the degree of arousal, too.

3.3.2 Effect of firing rate and synchrony on discrimi-
nation accuracy

To determine if spontaneous fluctuations in FR and synchrony were corre-
lated with the accuracy in the discrimination task, we constructed a GLMM
predicting if the reported decision by the animal was correct, based on the
stimulus presented in the trial as well as the four described state related
variables (Figure 3.6). In addition, to account for slow changes in task ac-
curacy, the outcome of the previous trial as well as the position of the trial
in the session (trial number) were considered as predictors. As expected
by the shape of the psychometric curves (Figure 3.3b), the trial accuracy
strongly depended on the presented stimulus, reflecting performance differ-
ences across the different stimuli (Figure 3.6a). Trial number had a positive
effect on accuracy, suggesting a general improvement of discrimination accu-
racy during the progression of the sessions. All state predictors, on the other
hand, had weak predictive power only and were not significantly associated
to the discrimination accuracy. Interestingly, the outcome of the previous
trial had clear predictive power in this analysis (p<.001). As the observed
fixed effects were negative, our analysis suggested worse performances in
trials following a correct one. Indeed, across recordings accuracy was signif-
icantly bigger after error trials (p=0.025, signrank test; Figure 3.6b).
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Figure 3.6: Effects of state predictors on discrimination accuracy. a:
Distribution of fixed effect weights of the indicated predictors. Distribution ob-
tained in 1000 hierarchical bootstrap iterations. Box plot indicates median (mid-
line), 50% (box) and 95% confidence intervals (vertical lines). b: Distribution of
accuracy differences in trials following correct and error trials across recordings.
Positive values indicate higher accuracy following error trials. Marker denotes
median.

As this analysis revealed significant differences in task accuracy depend-
ing on the outcome in the previous trial, we repeated the previous GLMM
analysis separately for trials following correct and incorrect responses in
order to determine possible differences in the conditional dependencies of
task accuracy. Consistent with the previous observations, we discovered in-
creased values for 5y and the stimulus predictor in trials following incorrect
responses, capturing the described differences in task accuracy (Figure 3.7).
Remarkably though, in trials following correct responses no other state pre-
dictor had a significant effect, while both baseline innovations of neural state
variables significantly explained accuracy in trials following errors (p=0.013
and p=0.023 for FR; and synchrony; respectively, bootstrap distribution,
see methods). Thus, both increased baseline FR; as well as reduced inno-
vations in synchronisation were associated with higher discrimination ac-
curacy. We therefore refer to these baseline states with high FR; and low
synchrony; as favourable, while baseline states with low FR innovations and
high synchrony; are referred to as unfavourable in the following. Consistent
with previous observations, trial number had a predictive effect on accuracy,
indicating improving performances during the session. Fluctuations of pupil
size or movement were not associated to the task accuracy irrespective of
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Figure 3.7: Conditional effects of state predictors on discrimination ac-
curacy. a: Distribution of fized effect weights of the indicated predictors fitting
accuracy in trials following correct responses. Distribution obtained in 1000 hi-
erarchical bootstrap iterations. Box plot indicates median (mid-line), 50% (box)
and 95% confidence intervals (vertical lines). b: Same, but accuracy fits in trials
following errors.

the outcome history.

To directly determine the accuracy differences associated with neural base-
line fluctuations after error trials, the task accuracy as well as psycho-
metric functions in post-error trials were calculated separately for trials
with favourable and unfavourable spontaneous baseline activity (Figure 3.8,
favourable: FR; & synchrony; bigger than recording average, unfavourable:
FR; & synchrony; smaller than session average). This separation of post-
error trials in favourable and unfavourable based on the neural state variables
confirmed a significant difference in discrimination accuracy across record-
ing sessions (p=0.03, signrank test) that was reflected by an increased slope
(54% increase) in the corresponding psychometric curves (Figure 3.8b). In
contrast, separation of trials following correct responses by the same criteria
of neural state fluctuations showed no clear differences in the psychometric
curves (Figure 3.8a).

Motivated by these findings, we sought to directly investigate the changes
in the animals’ task responses underlying the observed outcome-dependent
changes in task accuracy. We therefore predicted the animals’ responses
directly in two additional GLMMs trained with trials following correct or
error trials, respectively. Analogue to previous models, we considered the
presented stimulus, the animals’ previous responses as well as session trends
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Figure 3.8: Conditional psychometric curves. a Left: Distribution of ac-
curacy differences between favourable and unfavourable neural states in trials fol-
lowing correct trials. Marker shows median across recording sessions. Right:
Psychometric curves across recordings in trials following correct responses, con-
ditional on the FRy and synchrony;. Only trials with favourable (higher FRy and
lower synchronyy than recording average, lower FRy and higher synchronyy for
unfavourable) and unfavourable neural states were considered in each recording.
Markers correspond to values in single recordings. b: Same as in a, but for trials
following incorrect responses.

and neural state innovations as predictors. In addition, we included the
interaction of neural state predictors with the presented stimulus and the
previous response. The differences in task accuracy associated to neural
state fluctuations observed in post-error trials could therefore be captured
either by direct effects of neural activity on the animals’ responses or by a
regulatory effect of neural state predictors on the overall effect of the stim-
ulus or response history.

Consistent with higher accuracy following error trials and an increase in
accuracy during the session progression in such trials, we observed slightly
higher stimulus weights and a significant interaction term of trial number
and the presented stimulus in post-error trials (p<.017; Figure 3.9). The
effect of favourable neural state fluctuations following error trials was also
captured in this analysis. Thus, higher firing rates significantly increased
the relative contribution of the stimulus on the animals’ responses in this
analysis (p<.004, Bootstrap). The predictive effect of low synchronisation
on accuracy was only weakly reflected (p=.27), suggesting that it cannot
be fully captured by an increase of the relative stimulus contribution alone.
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Figure 3.9: Conditional dependencies of task responses. Fized effect
weights of the indicated predictors when fitting the animals’ responses. Marker
colour demarcates the outcome of the previous trial, coloured shades group classes
of predictors and indicates an interaction term of two predictors. Vertical
lines indicate 95% confidence intervals.

‘.

Consistent with previous observations, neural state predictors had no pre-
dictive effect on the animal’s behaviour in trials following correct responses.
We have demonstrated that discrimination accuracy was only explained by
neural state predictors after error trials, but not following correct responses.
It is unlikely that this difference is due to outcome dependent modulations
of neural activity. While distinct distributions of cortical FR; and synchro-
nisation innovations following error trials could account for the observed
lack of predictive power, the outcome of previous trials was considered in
the whitening procedure of all state predictors (see methods). Thus, no sys-
tematic differences based on the outcome of the previous trial are expected.
We confirmed the lack of systematic differences across post-error and post-
correct trials in FR; and synchronyy distributions (Figure 3.10a).

To exclude that the small, residual differences present in our data corre-
sponded to the observed out-come dependent differences, the statistics of
neural state innovations in both trial groups were matched in each record-
ing using trial sub-sampling (see methods, Figure 3.10b&c). We then con-
structed two GLMMs predicting the accuracy in the resulting post-error and
post-correct data sets with matching distributions in the neural state pre-

80



3 Outcome dependent modulation of task accuracy by cortical state fluctuations

a Innovation differences b Previous Previous
(previous correct - previous incorrect) correct incorrect
1
- 0.2 - 80
L T . -
— 0 ° =0 40
e 4 , @ - mr
5 Recording T 0
-0.2 o Median -1 # trials
-0.1 0 0.1 -0.1 0 0.1 -0.4 0 0.4 -04 0 0.4
A synchrony, Synchrony,
C
15 Previous trial correct Previous trial incorrect
=T é FR, & synchrony, matched [
11

n =

= & T =&

Weight [z]
o
o

o

=
=" =

O & R\ QN QL
OO < S
%\\6\ <@ < &°

.

o

o
\

o ] \ S\ \ \ S
Q’?&O\O : \'b\$ OQ Q QQ\ <<Q" ‘0(\* Q"? \\\0 )
g L & &
2 2)

Figure 3.10: Response-outcome dependent distributions of neural state
variables. a Left: Scatterplot of differences in FR and synchrony following
error trials and correct responses. Positive values indicate higher values in tri-
als following incorrect responses. Right: Same, but after matching distribution
statistics by trial sub-sampling (see methods). b: Matched distributions of FR and
synchrony in trials following correct (left) and error (right) trials. c: Distribu-
tion of fized effect weights of the indicated predictors in data sets with matched
statistics. Distribution obtained in 1000 hierarchical bootstrap iterations fitting
task accuracy.

dictors. As expected, the fixed effects hence obtained remained qualitatively
unaltered (Figure 3.10c). The outcome-dependent predictive effects of neu-
ral state variables on accuracy were therefore not due to differences in their
underlying distributions. Instead, our data established different effects of
the same ensemble of neural state innovations depending on outcome of the
previous trial.

3.3.3 State innovations and responsivity

Cortical synchronisation and arousal are known to correlate with the re-
sponsiveness of animals [162, 113]. Such changes in task responsiveness can
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either refer to the propensity of animals to respond in the task at all, and
thus reflect a measure of task engagement or, alternatively, also changes in
the time mice take to respond. We therefore addressed the association of
task and engagement and response time with neural state predictors in our
data set.

The degree of task engagement commonly varies across the behavioural ses-
sion, resulting in periods of disengagement (Figure 3.11a). Because trials
were not initiated by the animals in our task paradigm, such periods were
reflected by multiple consecutive sound presentations that failed to elicit any
licking response (Figure 3.11a). To investigate the relation of fluctuations
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Figure 3.11: Effect of state predictors on task engagement. a: Fraction of
rejected trials (skips) and correct responses during an example recording session.
b: Distribution of fized effect weights of the indicated predictors predicting trial
rejections. Distribution obtained in 1000 hierarchical bootstrap iterations. Box
plot indicates median (mid-line), 50% (box) and 95% confidence intervals (vertical
lines).

of neural state and task engagement in our task paradigm, we constructed
GLMMs predicting the animal’s propensity to reject the trial. In this analy-
sis, apart from the neural and general state innovations, we considered if the
previous trial had been rejected and the trial number to determine the prob-
ability of rejecting the current trial. Such rejections were generally scarce
in the behavioural sessions, which was reflected by low 3, weights (Figure
3.11b). Besides from being relatively rare, disengaged trials were predicted
strongly by the engagement in the previous trial as well as the trial number.
These findings therefore suggested a general loss of task engagement towards
the end of the session, where trial rejections were most commonly observed,
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as well as a tendency of trial rejections to occur in bouts, as exemplified in
figure 3.11a. The increased trial rejection rate towards the session end is
partially due to the structure of the behavioural paradigm, as behavioural
sessions are terminated due to to persistent lack of engagement (see chap-
ter 2.2). Interestingly, the degree of facial movements (OFy), but no other
state innovation predictor had an additional predictive power (por<.001,
Bootstrap). This association of OF; with the probability of trial rejection
therefore suggested that mice moved more in unengaged trials.

Due to the delay in task structure, response times did not correspond to re-
action times in this task paradigm. Nevertheless, we sought to investigate if
the timing of these task responses showed a similar correlation with arousal
and cortical synchronisation. Response times, defined as the first observed
lick after the beginning of sound presentation, varied strongly across trials
(Figure 3.12a), but was mostly well within the trials’ response period. Inter-
estingly, especially premature responses were associated with lower response
accuracy (Figure 3.12a), reminiscent of a speed accuracy trade-off. To deter-
mine the relationship of response times in the task with global and neural
state innovations, we modelled the animals’ response times in a GLMM
using recording session as random effect. Among these state innovations,
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Figure 3.12: Effect of state predictors on response time. a: Distribution of
response times (RT) across recordings. Dotted lines demarcate beginning and end
of the response period. b: Dependency of task accuracy on response time (Median
+ MAD). Trial structure marked as in a. ¢: Distribution of fized effect weights of
the indicated predictors when fitting response time. Distribution obtained in 1000
hierarchical bootstrap iterations. Box plot indicates median (mid-line), 50% (box)
and 95% confidence intervals (vertical lines).
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we considered the response time in the previous trials as well as the trial
number as predictors, to account for slow session effects. Moreover, as re-
sponse times have been shown to depend on the presented evidence [97] and
can also be affected by outcome history [49], we included the sensory evi-
dence of the presented stimulus and the outcome of the previous trial for
response time predictions. Similar to the observations made in the engage-
ment analysis above, among the four baseline state innovations, only OF
was significantly associated to the response time in the trial (p=0.013, Boot-
strap). The strength of the evidence displayed a negative prediction weight,
consistent with a speed accuracy trade-off. However, this effect was not
significant (p=0.44, Bootstrap). Response time was positively associated
to errors in the previous trial (p<.001, Bootstrap), suggesting an increased
response time following error trials. Consistent with slow modulations of
reaction time across the session, the trial number as well as the previous
response time were predictive of the response timing in the current trial
(p<.001, Bootstrap).

We therefore conclude that in the context of this task paradigm, our analy-
sis suggested a strong outcome dependent effect of spontaneous neural state
fluctuations on task accuracy. The animals’ responsiveness in the task, on
the other hand, was not associated to neural baseline innovations and only
reflected serial dependencies as well as the degree of movement innovations.
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3.4 Conclusions

In this chapter we have quantified the effect of fluctuations in the sponta-
neous baseline firing rate and the degree of cortical synchronisation on accu-
racy during auditory frequency discrimination. In previous studies, neural
synchronisation has typically been quantified using the coefficient of vari-
ation [212], the propensity of time periods without cortical firing (silence
density) [167] or the power in low frequency bands of population activity
[113]. In an effort to quantify the degree of cortical activity and its synchro-
nisation level across multiple acute recordings, we discarded silence density
as a measure of cortical synchronisation in our data set, because this measure
of spike-free time periods strongly depends on the size of the simultaneously
recorded neural population as well as its underlying activity level. More-
over, we refrained from the usage of the coefficient of correlation because
in our data this measure correlated with the FR (not shown). Quantifica-
tion of cortical synchronisation using power in low frequency bands was not
possible due to slow, movement related artefacts in the LFP. We therefore
introduced a novel estimator for population synchronisation, independent of
neural FR, that is based on the observed variability of the MUA in time
with respect to the variation expected in a fully desynchronised population
with the same FR (Figure 3.1).

While previous studies have shown clear dependencies of spontaneous neu-
ral activity on movement and arousal [210, 161, 255, 224], our measures of
synchrony; and FR; revealed a selective correlation of movement innova-
tions with FR; and an association of synchrony; with movement and arousal
innovations (Figure 3.5). This dissociation of FR and synchronisation de-
pendencies is consistent with previous observations in the visual cortex [280].
Trial-by-trial innovations in these neural state measures had little effect on
the discrimination accuracy in the task (Figure 3.6), confirming previous ob-
servations in head fixed mice [113]. In contrast, task accuracy was predicted
by the outcome of the previous trial, indicating a history-dependent com-
ponent in the animal’s behaviour. Influences of task history on behavioural
performance are common in 2AFC tasks and typically modulate the subject’s
tendency to repeat previous choices [28, 77]. Alterations of task behaviour
and accuracy following error trials, as observed in this data set, have also
been described previously [99, 49].

Importantly, we discovered that these post error changes in behavioural ac-
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curacy also increased its association with neural baseline innovations. As
expected, the limitation of the predictive effect of neural state fluctuations
to post error trials was not due to differences in the distribution of post
error and post correct innovations. Instead, our analysis suggested context-
dependent differences in the relation of similar ensembles of cortical activity
to behavioural accuracy (Figure 3.10). While multiple studies have demon-
strated a general dependency of neural stimulus representations and under-
lying brain state fluctuations [76, 192, 13, 132], our analysis suggested that
the behavioural relevance of such changes in representations might be gated
by the behavioural context.

Because activity in the ACx is known to modulate the behavioural accuracy
in discrimination of pure frequency tones, but is not necessary for perfor-
mances above chance [299, 4, 190, 34], it is possible that the different effects
of spontaneous fluctuations in baseline activity in post-error trials and af-
ter correct responses reflect different, context-dependent contributions of
the ACx to frequency discrimination. In such a scenario, the impact of
cortical silencing would also be expected to display the observed outcome-
dependency. However, this hypothesis will have to be tested in future opto-
genetic silencing experiments.

Importantly, our findings are not in contradiction with previous work, re-
porting no correlation of cortical state fluctuations with task accuracy [113],
as we did not observe significant general effects of brain state fluctuations
with accuracy either. Interestingly, in this study by Jacobs et al., weak but
significant differences in brain state were reported in auditory tasks with
relatively low discrimination accuracy, while these effects were insignificant
in visual counterparts of the task with high performance levels. This dis-
crepancy could be explained with a common response-outcome dependent
association of brain state with discrimination accuracy. Thus, the fraction
of post-error trials, in which neural state predictors are predictive of be-
havioural accuracy, depends on the overall performance levels, resulting in
high fractions of post-error trials in the auditory version of the task, while
such trials were mostly absent in the visual counterpart. Different accuracy
levels in the task therefore can change the overall presence of brain state
effects on discrimination accuracy. However, it is also possible, that the pre-
dictive effect of neural state is variable across modalities.

Across modalities, variations in cortical synchronisation are well known
to correlate with task performance in rodent Go-NoGo task paradigms as
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changes in cortical synchronisation and arousal have been shown to reflect
differences in the propensity and speed of task responses [161, 177, 224, 248,
88, 255, 170, 160, 113]. However, in this task, no association of sponta-
neous fluctuations of neural state predictors and the animals’ engagement
or response time have been observed (Figure 3.11 & 3.12). Because we only
considered the neural signals that could not be accounted for using state pre-
dictor history (see methods) and used all obtained state innovations jointly
to model the animals’ responsiveness, state influences in our analysis were
explained by movement fluctuations alone. It is important to state, that
the response time analysis performed here is not directly comparable to
the previously reported correlations of reaction time and brain state. Even
though response times showed some features usually observed in reaction
time studies, like post error slowing and a weak speed accuracy trade-off
[49, 97, 203, 274] (Figure 3.12), response times in our task paradigms were
shaped by the delay structure of the task and therefore do not correspond
to reaction times.

Taken together, we have demonstrated a response-outcome dependent asso-
ciation of spontaneous fluctuations in baseline activity in ACx with accuracy
in a delayed frequency discrimination task. While a general correlation of
such fluctuations with the quality of stimulus representations has been es-
tablished previously, this is the first demonstration that the corresponding
association of spontaneous cortical state fluctuations with discrimination
accuracy can be gated by context.
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Chapter 4

Sensory and control limitations
shape behavioural strategies

HIGHLIGHTS

e In this chapter, we introduce a simple, temporally pre-
dictable frequency discrimination task for head fixed mice.

o We show that, independent of the frequency ranges used, an-
imals solve the task by adopting a default-response strategy
with anticipatory licking at the lick spout associated with
high frequencies.

o We provide theoretical considerations and experimental ev-
idence that this task strategy is rooted in frequency depen-
dent differences in stimulus perception.

o Last, we show that the behavioural strategy adopted by the
mice counteracts these sensory asymmetries and is subject
to the specific licking control costs of the task paradigm.
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4.1 Introduction

A decision is the process that results in a deliberate commitment to a cat-
egorical proposition [78]. In sensory-motor decision making, subjects are
required to form decisions about certain features of sensory stimuli. Such fea-
tures can be the direction of cohesively moving dots [178, 153], the frequency
of a sound [115] or the location of its source [197]. These decisions then need
to be reported by the execution - or omission - of defined actions. These tasks
therefore require the subject to infer the state of the outside world given the
information provided by their sensory systems [78, 126, 205, 259, 281].
While such tasks have been used in psychophysical studies to determine
the perceptual thresholds of the sensory systems to inform decisions [64,
263, 234, 51, 127, 91, 199, 52], behaviour in such tasks is not exclusively
representing the degree of sensory evidence available to the subject. Thus,
repetitive behaviours, termed choice biases, have been frequently observed
in rodent and human performances [28, 5, 99, 143]. The overall magni-
tude of such choice biases is commonly modulated by the degree of sensory
evidence available, but also susceptible to task design and internal factors
[265, 143, 266, 37, 182, 277]. Additionally, the cost of cognitive control has
been shown to alter task strategies in humans and may therefore cause sub-
optimal behaviour [103, 19, 18].

While choice bias and repetitive behaviour often lack variability and serve no
apparent function in the task [139, 182], recent studies have shown that they
can also reflect meaningful task parameters and be updated with response
outcome [128, 99]. Choice biases and other task-irrelevant behaviour might
therefore offer important insights in the underlying behavioural strategies
and potential asymmetries in sensory processing and decision making pro-
cesses [66, 70, 143]. While sensory decision making has been traditionally
studied in primates [30], similar tasks have been developed for mice more
recently, thus allowing investigation of the underlying brain function using
the rich tools available for genetic alteration and manipulation of brain ac-
tivity [85, 87, 17, 297, 41, 225].

Among the many experimental settings used to study mouse behaviour, head
fixed preparations are increasingly common as they limit additional move-
ment and facilitate the recording of neural activity as well as the arousal state
of the animal in addition to movement related data [225, 85, 27, 158, 86, 219].
Two main versions of head fixed preparations have been presented, Go-NoGo
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and 2AFC tasks. In Go-NoGo tasks, trials of one category are associated
with a response action, typically pressing a lever or licking at a water delivery
spout, while these responses have to be omitted in the absence of the respec-
tive stimuli. Such tasks are relatively easy to learn, however, their asymmet-
ric response structure can impede the dissociation of dedicated responses and
task engagement [30]. These difficulties are minimised in 2AFC tasks. In
such paradigms, animals have to select one of two different response actions
that are each associated with one stimulus category, allowing for an easier
dissociation of response accuracy and task engagement [30]. For frequency
discrimination in the auditory domain, both Go-NoGo as well as 2AFC tasks
have successfully been implemented [225, 122, 161, 151, 115, 41, 53]. Despite
the general interest though, the different factors shaping and limiting task
behaviour are poorly understood.

The aim of this work is therefore to investigate the behavioural strategies of
head fixed mice during auditory frequency discrimination and identify the
underlying performance limiting factors. Despite the symmetric 2AFC task
paradigm, we observed clear behavioural asymmetries shared across mice
and frequency ranges. We present evidence that this asymmetric behaviour
corresponds to an optimal behavioural strategy based on asymmetries in
perception and limitations of cognitive control.
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4.2 Methods

All proceedings were in accordance with standard operating procedures ap-
proved by the Champalimaud foundation’s animal welfare body under the
project #2018/007 ‘Principles of Sensory- and Memory-guided Auditory De-
cision Making: Behavior and Neural Basis’ Surgical procedures and training
structure were based on protocols established by Guo et al. [85]. All surg-
eries used standard antiseptic methods. All experiments were performed
using male C57BL/6J mice that were housed on a 12h inverted light/dark
cycle.

4.2.1 Head bar surgery

During induction of anaesthesia, animals (6-8 weeks of age, 20-22g body
weight) were anesthetized with 2-3% (volume in O,) isoflurane (Vetflurane,
Virbac) and subsequently mounted in a stereotactic apparatus (RWD Life
Science) on a heating pad (Beurer). Once animals were stably mounted,
isoflurane levels were lowered to 1-1.5% and the eyes were covered with oint-
ment (Bepanthen, Bayer Vital). The head was shaved and the scalp cleaned
with betadine. A midline incision was performed to expose lambda and
bregma, which were subsequently used to align the skull with the horizontal
plane of the stereotactic frame by measuring their position with a thin glass
capillary (Drummond Scientific). The skull anterior of bregma was exposed
by cutting a small area of skin. The exposed area was cleaned with betadine
and slightly roughened by scraping it with a surgical blade (Swann-Morton).
This procedure improved the attachment of the glue forming the base of the
implanted head bar. Subsequently, the skull was dried with sterile cotton
swabs and covered with a thin layer of super glue (UHU). To further increase
long-term stability, four 0.9mm stainless steel base screws (Antrin Miniature
Specialties) were placed in the skull. The exposed skull and base screws were
then covered with dental cement (Tap2000, Kerr). A custom designed head
bar (22x4x1mm, aluminium, GravoPlot) was lowered into the dental cement
while still viscous until the head bar was in contact with the base screws.
Subsequently, an extra drop of dental cement was applied to the centre of
the head bar in order to fully engulf its medial part. The remaining skin
incision along the midline was then sutured. The animals were injected with
buprenorphine (opioid analgesic, 0.05 mg/kg) into the intraperitoneal cavity
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and allowed to recover for 3-5 days.

4.2.2 Training procedure

After recovery from head bar implantation the animals were water deprived
for 12h prior to the first handling session. In handling sessions mice were
accustomed to the experimenter and being placed in an aluminium tube to
restrain their movement. In the first days of handling, the tube was placed
in the animal’s home cage. Once the mouse voluntarily entered the tube,
it was presented with water delivered manually from a syringe at the end
of the tube. This procedure therefore roughly mimicked the water delivery
system in the training apparatus. Mice were allowed to drink a max of 1.5ml
of water during each handling session (30min). If animals failed to consume
sufficient water they were supplemented to a total of 1ml. The aluminium
tube remained in the animal’s home cage during the entire week of handling
to promote adaptation to it. Animals usually learned to enter the tube and
drink in their home cage within three sessions. Subsequently, the tube was
presented in the experimenter’s hand and, once the animal entered the tube,
it was lifted out of the home cage before allowing the mouse to drink. Most
animals drank at least 1ml in the restraining tube outside of their home cage
within two handling sessions. Once mice were accustomed to receiving water
in the aluminium tube and being handled by the experimenter, they were
placed in the behavioural setup and head fixed with the two water delivery
spouts approximately lecm in front of their mouth. To adapt them to head
fixation, free water was delivered upon licking at either of the water delivery
spouts. Lick detection was based on junction potential measures between
the aluminium restraining tube and the stainless steel lick spout [94]. After
triggering and consuming 15 rewards, training proceeded as summarised in
table 4.1.

A brief 10ms green light flash signalled the onset of a trial 200ms before pre-
senting either of two pure frequency sounds (60dB, 10 or 28kHz, duration:
600ms, presentation pseudo random, maximum 3 repetitions per condition),
indicating at which of the two water delivery spouts a water reward would
be available. Importantly, the mapping of frequency and response spouts
was counter balanced in all cohorts trained. Sounds were presented from
either of two lateral speakers located at a 2cm distance from each ear. The
sound location alternated either in blocks of 50 trials or on a trial-by trial
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Stage | Dur | Stimuli [kHz] (Low&High) | Priming | Error | Light [s]
1 6s 10 & 28 10% none | .01 at -.2
2 15s 10 & 28 10% none | .3 at-.5
3 .15s 10 & 28 none | ITI+6s | .3 at-.5
4 | 15s | 10,12,14.3 & 20.2,2428 | none | ITI+6s | .3 at -.5

Table 4.1: Summary of main training stages. Shown are the final parameters
at each stage of the training for sound duration (Dur), high & low frequencies
presented, fraction of primed trials with reward delivery prior to response licks,
time punishment after error trials and the duration and onset (at) of the light cue.

basis, depending on the animal. Importantly, sound location was task irrel-
evant at all times and correct task behaviour required ignoring the location
of the stimulus and report if its frequency was high or low instead. The first
lick in the response period, which started 150ms after the sound onset and
lasted for 2s was considered the animal’s response. Responses at the correct
spout triggered a 3ul water reward, responses at the incorrect spout did
not have any consequence. Following the response period the animals were
presented with a new trial after an ITI of 0.5s. To keep the mice engaged
in the early phases of training and facilitate the learning of the frequency-
to-spout mapping, a free water reward (3ul) was delivered at the onset of
the response period in a random 10% subset of the trials. Consumption of
these free rewards were recorded as the animals responses and triggered an
additional 3ul reward. Importantly, all trials with free water delivery were
excluded from later analysis. Animals stayed in this training stage until they
responded in more than 90% of unprimed trials (window of 20 trials), inde-
pendently of their response accuracy. Once animals responded reliably, trial
onsets were signalled by a 300ms green light signal, 500ms prior to sound
onset. Sound duration was reduced to 150ms and the response period to 1s,
followed by a variable I'TT of 4-7s. To facilitate their adjustment to the novel
timing, incorrect responses were not punished and free reward was delivered
in 10% of the trials until the engagement of the animals returned to 90% of
20 consecutive unprimed trials, which typically was achieved within the first
4 days of training.

Subsequently the priming of responses by delivering free water rewards
ceased and incorrect responses were punished by increasing the ITI by a
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6s penalty. Mice stayed in this training phase until they had learned the
basic task contingency and performed stably with a d-prime > 1 across a
full session. If at any time during training the animals’ responses became
heavily biased towards one licking spout, animals were encouraged to re-
spond at the unpreferred spout by manually delivering a free reward at the
unpreferred licking spout and temporarily presenting stimuli associated to
this spout exclusively until the animals resumed responding. All trials with
either free water rewards or sound presentations exclusive to frequencies
above or below the threshold were excluded from analysis.

Once animals performed reliably in the basic task paradigm, additional fre-
quencies closer to the threshold were introduced gradually, by adding four
additional frequencies (below threshold: 10.5kHz, 10.8kHz; above threshold:
27.6kHz, 26.7kHz) and increasing their difficulty gradually in fives sessions
until the final set of frequencies was reached (below threshold: 10kHz, 12kHz,
14.3kHz; above threshold: 20.2kHz, 24kHz, 28kHz).

Training batch | Animals | Low stimuli [kHz| | High stimuli [kHz]

10-28kHz mice 9 10 12 14.3 120.2 24 28
10-20kHz mice 5 10 11.2 126 | 159 178 20
4 -11kHz mice 10 4 5.1 16.5 7 8.9 11
Early rejection ) 2 28 4 57 |11.3 16 226 32

Table 4.2: Summary of frequencies used in different training batches.
Shown are the final frequencies presented in steady state behaviour. For animals
trained to investigate early trial rejection rates, all steady state frequencies were
presented from the beginning of training on.

For animals trained on different frequencies and used for later manipulations
of task contingencies, the training progressed in the same way (see Table 4.2
for all low and high stimuli across trained batches). Mice trained to deter-
mine the effect of sound frequency on trial rejection rate (n=>5, Early rejec-
tion cohort) were following the same early progression of training, however,
not only the extreme frequencies, but all 8 frequencies (Low frequencies: 2,
2.8, 4, 5.7kHz: High frequencies: 11.3 16 22.6 32kHz) were presented from
training stage 1 on.
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4.2.3 Analysis of task reponses

For analysis of behavioural data all trials with manual interventions or re-
sponse priming were excluded. For steady state behaviour, trials from all
sessions performed in the final stage of the task were used (minimum 5 ses-
sions). Psychometric curve fits were calculated using the psignifit toolbox
[235] for Matlab (MathWorks). Task performance was calculated as the frac-
tion of all trials with correct responses, while accuracy was defined as the
fraction of correct responses among all non-rejected trials. If not otherwise
mentioned, all summary statistics refer to the population median. Simi-
larly, error bars demarcate the Median Absolute Deviation (MAD), if not
otherwise stated.

4.2.4 Signal detection theory predictions

To illustrate how biased decision criteria can represent optimal policies un-
der sensory asymmetries (Figure 4.2), we determined the optimal decision
criterion ¢ as the intersection of two Gaussian probability density functions
(mean = +£5, -5<c<5) with different widths (standard deviations from .1 to
10, Figure 4.2d).

The optimal decision criterion for multiple frequencies in each category was
determined by the intersection of the combined probability density functions
of each category (Figure 4.3). Similar to the additional frequencies in the
behavioural training paradigm, easy frequency DV distributions remained
unaltered (mean==5, standard deviationy.,=1, standard deviationg;,, =2)
and two additional frequencies per category were introduced, with the mean
of the distribution corresponding to stimuli of medium difficulty being placed
at the centre between meang,s, and meangg,.q. For simplicity the standard
deviations within one task category did not change with difficulty (narrow
distribution: std=1, wide: std=2)

The predicted discrimination accuracy of difficult low and high frequency
stimuli was then calculated as the area under the probability density func-
tion of difficult stimuli until the decision criterion (Figure 4.3b). The diffi-
culty was given by the distances of the distribution means to the initial easy
distributions (displacements 0 to 4 used) and the optimal decision criterion
was calculated at each difficulty assuming the presence of easy (difficulty=0),
hard (difficulty indicated in the plot) and medium (difficulty=difficulty g4,q
*0.5) frequencies.
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4.2.5 Analysis of anticipatory licking behaviour

Average licking frequency was calculated for each animal by counting licks
aligned on sound onset in non-overlapping 20ms bins (Figure 4.7). To quan-
tify pre-stimulus licking (Figure 4.9) the average number of licks at either
spout in the 300ms prior to sound presentation was calculated and the dif-
ference of pre-stimulus licks at the high and low frequency report spout was
formed. To characterise the asymmetry in such pre-stimulus licking across
animals, the difference in mean pre-stimulus lick counts at the two spouts
was formed and divided by their sum for each animal separately. Therefore,
licking asymmetry was not influenced by the general amount of pre-stimulus
licking but presented a bounded measure of the asymmetry relative to the
overall number of pre-stimulus licks.

To describe licking during early training, the animals’ behaviour from the
second through the fifth training session was pooled and analysed. Simi-
larly, trial rejection rates in animals exposed to multiple frequencies in early
training sessions (Early rejection cohort, Table 4.2) were calculated from the
second to the fifth session. Trials were pooled across session for each animal
and the relative trial rejection rate for each presented frequency was calcu-
lated. The dependency of these relative rejection rates on frequency across
the animals was captured by fitting a polynomial of degree 4 in Matlab.

4.2.6 Generalised linear modelling

To dissect the relative contributions of the presented stimuli, anticipatory
licking and trial history, the location of response licks of single animals was
modelled using a Generalised Linear Model (GLM) approach. Models were
implemented using the glmnet toolbox [69] for Matlab. Trials from steady
state sessions were pooled for each mouse and the response in each trial was
modelled using six binary stimulus predictors, four binary predictors de-
scribing anticipatory licking and three choice history predictors. Each of the
stimulus predictors was 1 in all trials where a specific stimulus had been pre-
sented and 0 in all remaining trials. The predictors describing pre-stimulus
licking consisted of 2 pairs of binary predictors indicating the locations of
the last and second to last lick prior to the onset of the response window.
Thus for a given lick location, the predictor of the respective pair associated
to that spout would be 1, the other 0. This structure was chosen in order to
allow for asymmetric contributions of licks at the high and the low frequency
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report spouts. The first of the three choice history predictors described the
response in the previous trial (-1 for low frequency, 1 for high frequency re-
port, 0 if previous trial was rejected), while the remaining two choice history
predictors indicated the response in the previous trial depending on the out-
come. Thus one predictor indicated the response in the previous trial only
if the previous trial was correct, while having the value 0 if the previous
trial was rejected or the response was incorrect. Similarly, the last choice
predictor had values different from zero only if the response in the previ-
ous trial had been incorrect. Logistic regression models were fit predicting
the probability of a high frequency report lick using elastic-net parameter
a=0.5.

The optimal regularisation parameter A and the corresponding linear weights
f were calculated using cross-validation and choosing the A with the Mean
Squared Error (MSE) one standard deviation away from the smallest MSE.
To assess the quality of predictions by models hence obtained, we performed
10 fold nested cross validation. We hence fitted the optimal cross-validated
model on 90% of the data and predicted the responses of the animal in the
remaining 10%. By repeating this procedure 9 times, probabilities of low or
high frequency responses were obtained for the full dataset in each animal.
The quality of the predictions was then determined by calculating the Area
under the ROC Curve (AUC) in each animal.

To determine the contribution of each predictor, we determined the fraction
of the model’s variance it captured. In this procedure we determined the
best cross validated model for the full dataset of each animal and determined
the variance of its responses. We then restricted the model to the predictors
of interest and calculated the resulting model responses. The fraction of the
full model’s variance contained in the variance of these responses was then
taken as the contribution of the particular predictor.

To determine the responses of the animals considering only a subset of the
predictors, predictions of the models trained on the full data set were used.
The probability of high frequency report responses was determined in each
trial by calculating the response of the model restricted to the desired pre-
dictors. Next, the resulting psychometric curve was calculated with the
psignifit toolbox for Matlab as above using the mean probability of high
report licks across animals.
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4.3 Results

4.3.1 Task and performance
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Figure 4.1: Task outline and performance. a Top: Scheme of task contin-
gency. Fach trial, head fixed mice are presented with high or low frequency sounds
from one of two lateral speakers (grey bars). Animals report ‘high’ or ‘low’ by lick-
ing at one of two lateral water delivery spouts (brown bars). Bottom: Scheme of
timing contingencies in a trial. b: Learning of task contingencies. Accuracy of
responses in individual mice (grey) and cohort average (black, n=9) in the first
sesstons of training. Dashed line demarcates chance level. ¢: Psychometric curves
of engaged trials during steady state behaviour. Single animals are shown in grey,
black line represents cohort average. Marker size corresponds to the number of
trials performed in each condition. Inset: Median threshold of psychometric fits
in individual mice + MAD.

We trained head fixed mice to discriminate pure frequency tones in a two
alternative forced choice (2AFC) paradigm (Figure 4.1a). A 300ms light
signal after a random ITI indicated the beginning of a trial. 200ms after
light offset, mice were presented with either a high or a low pure frequency
sound for 150ms, indicating at which of two water delivery spouts water
would be available. Importantly, in this task paradigm, mice were free to
lick at the water delivery spouts at any time point prior to the stimulus offset
without consequences for the task progression. Instead, we only considered
the first lick at a water delivery spout after sound offset to be the dedicated
response to the presented stimulus. If this response lick occurred at the
spout indicated by the presented stimulus, animals received a 3ul water
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reward at that spout. Incorrect responses were punished by a time penalty.
Animals learned the task contingencies quickly and accurately licked at the
correct lick spout 80% of the trials within two weeks of training (Figure
4.1b). However, while animals reported accurately in easy trials, most well
trained animals showed a clear bias towards high frequencies for difficult
stimuli, prominently visible in the cohort average (Figure 4.1c).

4.3.2 Optimal strategy under sensory asymmetry

a _low —Hgh b c d L&
0.2 ! ! 10 T
- : :
E 1 1 g’
] 0.1 | | < 5
o I 1 e
[S) | 1 n
o
0 L : 0
-10 0 10 -10 0 10 -10 0 10 0 5 10
Decision variable Decision variable Decision variable Std low

Figure 4.2: Dependencies of the decision criterion. a: Distributions of the
decision variable in high and low frequency trials have equal widths. The optimal
criterion is demarcated in green (dotted line). b: As a, but for different distribu-
tion widths. ¢: As b, but in a low discriminability scenario. c: Dependency of the
ideal criterion on the standard deviation (Std) of DV distributions (distributions
means= £5).

Under the assumption that our mice performed optimally, we used insights
derived from signal detection theory (SDT) to gain intuitions about the fac-
tors possibly underlying this generic asymmetry in the task behaviour. In
this framework, the observed shift in the psychometric curves should be cap-
tured by a non-zero value of the decision criterion c. This decision criterion
is given as the value of the decision variable (DV) that is equally likely in
the distributions of the two task categories. If these distributions have equal
width (Figure 4.2a) and stimuli of the two task categories are presented ran-
domly and with equal probability, the ideal criterion is therefore zero (no
evidence for either high or low frequency) and diverging criteria represent a
sub-optimal task strategy:.

However, non-zero criteria can also reflect optimal behavioural strategies,
if the two DV distributions have distinct widths. Interestingly, both shifts
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Figure 4.3: SDT predictions for multiple frequencies. a Left: Distributions
of the DV for easy high and low frequency trials with diverging width (opow=1;
OHigh=2) and the optimal c. Right: Same, but after the introduction multi-
ple frequencies (Means= +£5,+3.5,+2). Markers demarcate optimal criterion for
multiple frequencies per condition (star) or presentation of two easy stimuli only
(circle). b: Predicted accuracy in difficult low (blue) and high (red) frequency
trials with increasing distance of difficult and easy trial DV distributions (Diffi-
culty). Markers correspond to conditions in a. Left: With static ¢, optimal for
discrimination of the initial two easy frequencies. Right: With optimal ¢ con-
sidering multiple frequencies at each difficulty level. c: As a but with wider low
frequency DV distributions. orow=2; omigh=1) and Means= +5,+2.6,4+0.2. d:
As b, but for distributions in c.

towards narrower as well as towards the wider DV distribution can represent
ideal decision criteria, depending on the underlying discriminability (Figure
4.2b-d). Thus the ideal decision criterion is shifted towards the distribu-
tion with the smaller standard deviation in scenarios with relatively high
d-primes while this shift inverts towards the wider distribution in low dis-
criminability scenarios (Figure 4.2d).

Importantly though, in these scenarios only the presentation of one fre-
quency per category was considered. While these situations can correspond
to the task conditions during early training in which only the two easy stim-
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uli are presented, multiple frequencies are presented per task category in the
final task paradigm (Figure 4.1c). We therefore investigated the predicted
behavioural accuracy arising from an optimal decision criterion adjusted for
the presence and difficulty of two additional frequencies per task category
(Figure 4.3). Generally, the introduction of additional, medium and hard fre-
quencies was associated with a reduction of the initial bias (Figure 4.3a). In
the extreme, with difficult frequencies very close to the threshold separating
the two task categories, the sign of the bias was observed to invert (Figure
4.3a, bottom). Whatever the sign of the optimal criterion though, predicted
performances reflected the differences in the distribution widths across task
categories. Thus task accuracy of frequencies associated to wider DV distri-
butions was affected stronger by increasing difficulty than the corresponding
stimuli with narrow distribution width (Figure 4.3b, right). Interestingly,
the adjustment of the criterion to difficulty was essential for this robust-
ness as the opposite effect was observed for the predicted accuracy with a
static criterion, optimal for the initial training scenario with the two easy
frequencies only (Figure 4.3b, left). Thus, due to the biased initial crite-
rion, performances of difficult stimuli with narrow task distribution decrease
drastically with increasing task difficulty if the criterion is not adapted to
the altered task conditions.

Notably, this scenario of a static criterion strongly resembled the observed
task accuracy of our mice (Figure 4.4). Thus, after the introduction of
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Figure 4.4: Discrimination accuracy across difficulty levels. a: Scheme
of increasing difficulty levels during training. b: Accuracy in low frequency trials
across mice during sessions with increasing difficulty. Thick lines demarcate co-
hort median, dotted lines correspond to Median &= MAD. c: As b, but for accuracy
in high frequency trials.
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multiple frequencies and while the task difficulty gradually increased across
sessions, this increase in difficulty strongly affected the accuracy of low fre-
quency trials only, while no clear effect of increasing difficulty was visible
in performance of high frequency trials. Among the previously suggested
scenarios, this asymmetry in response accuracy is therefore most compatible
with a deficit in the perception of high frequency stimuli, corresponding to
a wider distribution of DVs in high frequency trials, in combination with a
crystallised decision criterion that is not updated upon the introduction of
additional frequencies. While less similar, the higher performances in dif-
ficult high frequency trials could however also be explained by a deficit in
low frequency perception under an optimal criterion for multiple frequencies
presented in each task category.

4.3.3 Frequency-dependent sensory asymmetries

In order to distinguish between these two possible scenarios, we analysed
the performance of animals in the early stages of training before multiple
frequencies had been introduced. At this stage, both scenarios capable of
describing the bias of our animals in difficult low frequency trials predict
optimal performance, but assume different sensory asymmetries. As high
and low frequencies are presented with equal probability, the optimal crite-
rion for two stimuli is set at the intersection of the two probability density
functions corresponding to the distributions of the DV. The width of these
distributions therefore determines the distance from this intersection point
until the probability has decayed to 0, as slopes will be steeper in the nar-
rower distributions. Importantly though, these differences also correspond
to differences in the area under the curve determining the fraction of in-
correct decisions (see Figure 4.2b for intuition). Therefore, any difference
in discrimination accuracy under the ideal criterion favours the distribution
with narrower width.

Interestingly, performances in early training showed clear asymmetries in all
animals. Notably though, these differences were mostly due to higher rates
of trial rejection, rather than differences in response accuracy (Figure 4.5a).
However, both trial rejection rate as well as the smaller differences in task
accuracy favoured low frequency trials, consistent with the interpretation
of limited high frequency perception and a crystallised decision criterion in
later task stages. Because animals have not yet learned the task contin-
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Figure 4.5: Asymmetric sound perception. a: Median difference in trial
rejection rate and response accuracy across mice. FErrorbars denote MAD. b:
Relative rejection rate of naive mice presented with multiple frequencies during the
beginning of training (see methods). Markers denote rejection rates in individual
animals, black line the cohort fit. ¢: Early differences (high - low) in trial rejection
rate and response accuracy of animals trained with different stimuli. Coloured
markers correspond to values of individual animals, lines denote the median +
MAD of each training condition. d: Quantification of performance differences
(high - low) of animals presented in c. Bars denote the median, error corresponds
to MAD.

gency at these early stages of the task, the underlying cause of differences
in trial rejection rate can not be unambiguously identified from this data.
It is possible that the observed difference in trial rejection rates reflect the
same sensory limitation responsible for a biased decision criterion - as a lim-
ited or more variable perception of high frequency stimuli might also impede
learning of the correct stimulus-response mapping. Thus, if high frequency
precepts appeared more variable, corresponding to a wider distribution of
DV distributions, a mapping of well defined low-frequency stimuli to the ap-
propriate response action can likely be learned faster, while the perceptual
variability among high frequency trials could impede the fast learning of the
correct task responses.

Alternatively, these diverging trial rejections might indicate a difference in
sound detection levels. However, while lowest sound detection thresholds are
typically reported at frequencies around 15kHz [152], lowest trial rejection
rates were observed for 4kHz stimuli in naive animals presented with multi-
ple stimuli (Figure 4.5b, see methods). Moreover, across multiple frequency
pairings, the sign and and degree of differences in trial rejection and accu-
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Figure 4.6: Early performance differences predict steady state bias. a:
Psychometric curves of animals trained with different frequency sets. Marker
sizes correspond to trial numbers, lines show the cohort fit. b: Median £ MAD of
threshold of psychometric fits in a. Markers correspond to individual animals. c
Left: Scatter plot of differences in rewards obtained during early training and the
biases (thresholds of psychometric fits) during steady state behaviour across all 3
cohorts in a. Markers correspond to individual animals, line shows the linear fit.
Right: As left, but for differences in early rejection rate and steady state biases.

racy across high an low frequency trials matched (Figure 4.5¢). We therefore
concluded that, due to the similarity of differences in trial accuracy and re-
jection rates, these behavioural deficits are likely reflecting different effects
of the same underlying sensory asymmetry rather than the distinct effects
of frequency dependent limitations in sound detection and perception. No-
tably, as early frequency-dependent differences in task accuracy and trial
rejection rate were not limited to our initial training frequencies but were
instead observed across all tested frequency pairings, these behavioural dif-
ferences likely represent general asymmetries in pure frequency perception.
Importantly though, cohorts trained to discriminate different frequencies
displayed diverging intensities of high frequency performance deficits (Fig-
ure 4.5d), indicating different degrees of underlying sensory asymmetries.
Because we have proposed initial sensory biases and limitations as the un-
derlying cause of behavioural asymmetries in well trained animals, these
diverging sensory asymmetries in early task behaviour should also be re-
flected in the behaviour of the well trained animals. As stronger sensory
asymmetries should correspond to bigger values of the optimal decision cri-
terion in high discriminability scenarios (Figure 4.2d), stronger performance
differences in early training should therefore correspond to a bigger shift of
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the psychometric curve in the final stage of the task.

Consistent with this prediction, the degree to which performances in low
and high frequency trials differed in early training roughly corresponded to
the threshold of the psychometric curves in well trained animals (Figure
4.6a&b). To address the relationship of the decision criteria in well trained
animals with asymmetries in early training stages more directly, we quan-
tified how well differences in reward and trial rejections rate during early
training predicted later biases. Importantly, across all trained cohorts the
extend to which animals received different amount of rewards in high and
low frequency trials did correspond well to the size of the bias displayed
during steady state behaviour (Figure 4.6c, R? = 0.43). The differences in
early rejections rates did correspond roughly to the bias during steady state
behaviour across batches as well (R? = 0.12), indicating a combined rela-
tionship of early trial rejections and accuracy differences with steady state
biases. Our data therefore suggests that stimulus dependent limitations in
naive animals underlie the behavioural asymmetries in well trained animals.
Thus the shift of the psychometric curve observed in well trained animals
revealed frequency-dependent sensory limitations as well as a limitation in
cognitive control preventing the animals from adjusting a previously formed
decision rule with the introduction of additional stimuli and difficulty.

4.3.4 Asymmetric task strategy

Given the observed asymmetries in the animals’ responses, we wondered if
additional asymmetries could be observed in the behavioural strategy of well
trained animals. Because licking behaviour prior to the onset of the response
period was not relevant for obtaining rewards in the task, we hypothesised
that asymmetries in strategy might be reflected in asymmetric anticipatory
behaviour. We therefore analysed the licking behaviour prior to the onset
of the response period in well trained animals.

Animals did indeed not refrain from licking until the the onset of the re-
sponse window, but showed an increase in licking frequency briefly after
light onset (Figure 4.7a, 10-28kHz cohort). Importantly, while this ramp-
ing licking activity occurred at both spouts across animals, the location of
this pre-stimulus licking was not arbitrary. Instead, pre-stimulus licking was
selective to the spout associated with high frequency sounds in all animals
(Figure 4.7b).

106



4 Sensory and control limitations shape behavioural strategies

Q

b

Left spout Right spout Low report spout High report spout

Lick rate (Hz)
Lick rate (Hz)

-1 0.5 0 -1 0.5 0 -1 0.5 0

Time [s] Time [s] Time [s] Time [s]
c — low report spout d low report spout
— high report spout high report spout
Low frequency High frequency Low frequency High frequency
8 8 .
¥ oy
> L.
w 4 o 4
“ ©
~ c
Q X
-1 0 1 -1 0 1 -1 0 1 -1 0 1
Time [s] Time [s] Time [s] Time [s]

Figure 4.7: Pre-stimulus and response licking. a: Average licking frequency
prior to stimulus presentation at the indicated spout locations during steady state
behaviour. Individual traces correspond to single animals. Yellow shade denotes
the time of light presentation signalling trial start. b: Same as a, but considering
low and high frequency report spout. ¢ Left: Time course of licking at the low
and high frequency report spout in low frequency trials. Lines denote mean, shades
SEM. Grey shade indicates time of sound presentation, yellow shade time of light
signaling. Right: Same as left, but for high frequency trials. d: Same as ¢, but
for trials with incorrect responses.

Importantly though, this pre-stimulus licking did not trivially predict the
animals’ responses and therefore the observed bias. Instead, anticipatory
licking occurred prior to correct low and high frequency trials (Figure 4.7c).
Hence animals always started licking at the high frequency report spout
and then reported their decision using a stay or switch strategy. Given this
preexisting licking at the high frequency spout, it is possible that incorrect
responses were associated to this anticipatory licking. However, pre-stimulus
licking was similar prior to correct and incorrect trials (Figure 4.7d). Instead,
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Figure 4.8: Generalised linear modelling of licking responses. a: Model
performances. Markers denote cross validated performances of single models, black
bars denote median (horizontal) £ MAD (vertical). b: [y of models in a. c:
Fraction of variance provided by stimulus (Freq), licks at low (LL) and high (LH)
frequency report spouts as well as the previous choice (PCh) in correct (PChC)
and incorrect (PChI) trials. Inset: Coefficients of low and high spout licks across
recordings (median = MAD). d: Predicted psychometric curves using stimulus
coefficients only (black) or in combination with the general bias (grey). Markers
denote predicted responses in single mice, curves denote the resulting fits for the
cohort averages.

incorrect ’switching’ to the low frequency spout was observed in incorrect
high frequency trials while anticipatory licking at the high frequency re-
sponse spout continued into the response window in incorrect low frequency
trials. Importantly though, switches to the low frequency response spout
were not completely absent in the latter, but rather appeared to be delayed
when compared to correct trials (Figure 4.7d). An alternative explanation
of the initially observed shift in the psychometric function might therefore
be a failure of the animals to timely alter the licking location.

To investigate further if anticipatory licking was predictive of the observed
bias, we modelled the response lick of each mouse in a Generalised Lin-
ear Model (GLM), using the presented stimulus, the location of previous
licks and the choice history as predictors (see methods). These models very
accurately predicted the responses of the mice in trials not used for train-
ing the model (Figure 4.8a). As expected by the generally high level of
performance in the task (Figure 4.1c), most of the variance of the model
was captured by the presented stimulus (Figure 4.8c). The location of pre-
stimulus licking was mildly predictive of the upcoming response, but mostly
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through the effect of rare licks at the low frequency response spout (Figure
4.8¢c). Moreover, (3 parameters demonstrated, that the observed shift of the
psychometric curves was not due to a general bias towards high frequency
reports (Figure 4.8b). Instead, we observed clear differences in the weights
of low and high frequency stimuli that captured this effect.

Thus, when predicting the responses of the animals based on the frequency
components of the models alone, the predicted responses corresponded to a
psychometric curve with a similar high frequency bias as the one observed
in the behavioural data (Figure 4.8d). Therefore, while pre-stimulus licking
did slightly affect the task responses of our mice, it did not explain the gen-
eral bias, as this effect was captured by the frequency weights of the model,
consistent with sensory asymmetries in the task.

4.3.5 Behavioural strategy as compensation of sensory
deficits

The observed asymmetric licking behaviour in our animals suggested that
they solved the task by using a default, high-frequency-response strategy.
Given the previously described deficits in high frequency perception and
performance during early training, this behaviour might represent an effi-
cient strategy, compensating for these limitations. As only the perception
of a low-frequency stimulus triggers the deviation from a high frequency
response, accuracy in the task would only be limited by the degree of low
frequency perception in such a scenario.

However, if pre-stimulus licking indeed represents an efficient strategy com-
pensating for differences in stimulus perception, the acquisition of this strat-
egy is expected to simultaneously limit the observed differences in task per-
formance. Additionally, the degree of asymmetry in pre-stimulus licking is
also expected to roughly correspond to the strength of the perceptual dif-
ferences, as this asymmetric strategy might only be efficient in the presence
of strong perceptual biases. We therefore compared behaviour of mice in
early training sessions with their degree of asymmetric steady-state task be-
haviour in the final task paradigm.

All animal cohorts trained developed the described asymmetric pre-stimulus
licking phenotype (Figure 4.9a). However, consistent with our hypothesis,
the speed of acquisition and degree of high-frequency preference in anticipa-
tory licking roughly corresponded to the degree of the observed differences in
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Figure 4.9: Default response strategy counteracts sensory bias. a: Differ-
ences in lick rates at high and low frequency spouts in the first sessions of training.
Thick lines demarcate cohort medians, thin lines median £ MAD. b Left: Time
course of mean licking asymmetry and mean differences in trial rejection in the
first 20 sessions of training across all animals with high frequency steady state
biases (n=20). Right: Same as a but for licking asymmetry and corresponding
accuracy differences.

early task performance (Figure 4.5d). Thus, strong asymmetries in anticipa-
tory licking were observed in animals trained to discriminate 10 and 20kHz
or 10 and 28kHz stimuli, but animals trained with 4 and 11kHz stimuli only
showed moderate high-frequency anticipation. Importantly, the acquisition
of this licking strategy coincided with the reduction of the observed differ-
ences in trial rejections and response accuracy (Figure 4.9b). Anticipatory
licking therefore likely develops as part of a behavioural strategy compensat-
ing for sensory limitations of high frequency perception by actively exploiting
the possibility of task-irrelevant licking prior to the temporally predicable
stimulus presentation.

4.3.6 Significance of task structure

To determine the importance of anticipatory licking for task performance
and the observed behavioural asymmetries, we exposed well trained animals
to two manipulations of the task contingency. First we investigated if ani-
mals required anticipatory licking during stimulus presentation in order to
maintain their performance. We therefore changed the time of the response
window, so that the first lick after sound onset, instead of its offset, was
considered the response of the animal. Thus the typical pre-stimulus licking

110



4 Sensory and control limitations shape behavioural strategies

a
Threshold Slope
O [
0! — 10|
3 5
c -0.1
g -0.1
S Lapse rate high  Lapse rate low
@ -0.2 0.2
> 0.2
< 1
: — 0. 0.1
5 sessions |
0 0

Figure 4.10: Manipulations of task contingencies. a: Performance differ-
ences (high - low) of unchanged task contingencies (yellow), immediate response
window (magenta) and no-licking contingency (blue). Line shows median across
mice (n=9), shades denote MAD. b: Quantification of session performances (ses-
sions = 5) in each task contingency. Bars show median across animals, error bars
demarcate MAD.

would collide with the new response window and thus impede performances.
Indeed, animals were strongly affected by this task contingency resulting in
performances reduced by 0.2 throughout the full period of this manipulation
(Figure 4.10a). Importantly though, this task manipulation did not result in
an increased response bias due to unchanged pre-stimulus licking, but rather
negatively affected the slope of the psychometric curves as well as the lapse
rates of easy low and high frequency stimuli (Figure 4.10b). Thus animals
were able to adapt their behavioural strategy in response to the new task
requirements, but failed to achieve similar performances.

This reduction in task performance might reflect either an inability of trained
animals to appropriately alter their licking behaviour or it could reflect a high
cognitive cost of such an alteration. We addressed this distinction with a
second manipulation in which the cost of pre-stimulus licking in the task was
drastically increased so that the consequences of anticipatory licking should
outweigh the internal effort of controlling licks appropriately. To that end,
the LED light predicting the stimulus was omitted and stimulus presen-
tation was conditional on a lick-free ITI. Additionally, licking at any time
during the I'TT triggered an additional I'TT until a full interval had been com-
pleted without any licking. Interestingly, while the interval between sound
presentations grew strongly, the animals performances were not strongly af-
fected by this manipulation (Figure 4.10a). These manipulations of the task
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contingency therefore suggest that in addition to sensory limitations, also
limitations in licking control shape the observed behavioural strategy.
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4.4 Conclusions

We have studied frequency discrimination in a 2AFC task for head fixed
mice. Animals were presented with sounds varying in frequency and loca-
tion and successfully learned to report the if the presented frequency was
above or below a threshold while ignoring the sound’s location. While ani-
mals performed well in the task, they displayed a clear bias towards report-
ing high frequency sounds (Figure 4.1). Such tendencies to repeat a given
response are commonly observed in 2AFC tasks in humans and mice and
have been suggested to reflect sensory as well as non-sensory asymmetries
[28, 5, 99, 266]. Typically such choice biases arise through influences of
previous decisions, which can reflect asymmetries in the sensory evidence
as well as the decision making process [99, 70, 143, 275]. However, global
choice biases, reflecting a general tendency towards one response, have also
been reported [77].

Using GLM analysis we showed that the choice biased observed were ex-
plained by asymmetric effects of high and low frequency stimuli on the re-
ported decision (Figure 4.8b&c). Using considerations from SDT we hy-
pothesised a frequency dependent limitation in the sensory perception as
the underlying limitation for the observed behavioural asymmetries (Figure
4.2). This explanation required that sensory processes can be reflected in
decision criterion variable of signal detection theory and that animals did
not update the initial decision criterion upon the introduction of additional,
more difficult frequencies.

While the decision criterion c is usually believed to reflect decision making
parameters independent of perceptual ones, we have shown that biases in
the criterion can also correspond to perceptual limitations and asymmetries
(Figure 4.2). Additionally, perceptual and neural coding parameters have
recently been shown to affect this measure [290, 117]. Biases in decision
criterion therefore do not necessarily have to be indicative of asymmetries in
decision making processes, but can reflect perceptual symmetries, too. Our
interpretation of the observed bias as the result of deficits in high frequency
perception rested on the additional assumption that mice did not update
the decision criterion acquired during training with easy stimuli (Figure
4.3). Indeed, mice lose behavioural flexibility with training and age [118]
and behavioural strategies established during training are known to limit
discrimination capacity [267]. It is therefore possible, that the decision cri-
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terion was formed during training with two frequencies only and therefore
reflects an asymmetry in low and high frequency perception as well as a
limitation of cognitive control preventing its appropriate adjustment.
Notably though, the presented evidence supporting this hypothesis was
largely based on data acquired in animals that had not yet fully learned
the task paradigm and showed high frequency deficits in task accuracy as
well as rejection rates (Figure 4.5). We have raised the possibility that these
two differences might reflect the distinct effects of deficits in perception of
a detected sound as well as differences in probability of stimulus detection.
However, as all stimuli were presented well above the detection threshold
of young mice [98, 152], strong failures in stimulus detection are unlikely
causing the observed differences in trial rejection rates. Moreover, sound
detection thresholds are typically lowest around 15kHz, while trial rejec-
tion rates were minimal for 4kHz sounds instead [152] (Figure 4.5b). We
therefore concluded that diverging probabilities of sound detection are not
responsible for differences in trial rejection rates. Instead, the differences in
sensory perception leading to biased responses might also be responsible for
the diverging differences in trial rejections causing learning of the appropri-
ate responses to occur at different rates for low and high frequency stimuli.
Such a difference in learning speed would be a plausible explanation for
the observed development of the default-response strategy revealed by an-
ticipatory licking (Figure 4.7). In temporally predictable task paradigms,
such anticipatory behaviours have been described in classical and instru-
mental conditioning literature [244, 26, 196, 68]. Because the time of the
sound presentation is temporally predicted by the light cue, it is not sur-
prising that this anticipatory licking is triggered by the onset of the LED
stimulus. However, as this anticipatory licking was strongly associated to
the high-frequency report spout, it demonstrated a default response strat-
egy favoring high frequency reports likely corresponding to the differences
in sensory perception observed in early training.

Consistent with this hypothesis, we presented evidence that the degree of
these sensory differences determined both, the shift of the psychometric func-
tion (Figure 4.6) as well as the dependency on a default response strategy
to solve the task (Figure 4.9). Similar default strategies and differences in
learning speeds have been shown to develop as a consequence of stimulus-
specific differences in cortical recruitment [33]. It is therefore possible that
the asymmetries observed in our data correspond to similar differences in
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cortical activation as low frequency pure tones typically activate larger cor-
tical areas in C57BL/6J mice than frequencies above 10kHz [122, 184, 21].
While the exact perceptual differences underlying the reported behavioural
differences in early training remain speculative, we have presented evidence
that mice compensated for these asymmetries through the acquisition of
a default response strategy exploiting the possibility of task irrelevant an-
ticipatory licking in order to establish a default high frequency response
strategy (Figure 4.9). Importantly though, we have demonstrated, that this
behavioural strategy can be altered and is likely reflecting the cost of licking
control in the precise task paradigm (Figure 4.10).

Taken together, our results therefore have provided evidence that the be-
havioural strategy of head fixed mice is shaped by sensory and control lim-
itations, as well as the underlying task paradigm. Our work highlights the
importance of careful characterisation of behaviour, even in presumably sim-
ple task paradigms, as we have argued that symmetric behaviour in our
task corresponded to specifics in the task design, rather than symmetry
in the underlying perceptual and decision making processes (Figure 4.10Db).
This distinction suggests that standard approaches of quantifying perception
through behaviour, using classical psychometric functions, are limited due to
the complex interactions of perception and behaviour. We argue that choice
biases and other task-irrelevant behaviour are important measures capable
of overcoming these limitations, as they offer valuable insights in the be-
havioural strategies and their underlying asymmetries as well as limitations
in sensory perception and decision making processes.
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Chapter 5

Conclusions and closing
remarks

HIGHLIGHTS

e In this final chapter we summarise the main findings pre-
sented in the previous chapters.

o We discuss possible interpretations in the light of published
literature.

o We suggest possible ways to directly address these interpre-
tations by further analysis and additional experimental work.

5.1 Laminar distribution of stimulus and choice-
related signals in auditory cortex

In this chapter, the laminar activity of neurons in the ACx of mice per-
forming in a delayed frequency discrimination task was analysed. We have
presented a shift from representations of the stimulus towards encoding of
the upcoming response action (Figure 2.7). This shift occurred gradually
over the duration of the delay period and revealed laminar differences in the
task signals present in the ACx. Thus, units across both mid-superficial and
deep layers were stimulus informative during its presentation, albeit with
slightly different temporal profiles (Figure 2.7 & 2.9). Prior to the animal’s
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response licks though, task related signals in ACx were exclusively tuned to
the action about to be executed and tuning was significantly stronger in the
deep layers of cortex.

Given the absence of evidence for a local generation of these action sig-
nals (Figure 1.5) and in light of multiple motor related projections to ACx
[230, 42], the observed signals likely reflect information about the upcoming
action that has been introduced via feedback projections to deep cortical
layers. It remains unclear though, if these action-predictive signals in deep
layers are relevant for the response execution. Given that primary sensory
cortices are sufficient to initiate movement or bias task responses [157, 299],
it is possible that these action signals are involved in the initiation of the
action. The observed failure to initiate response action following muscimol
silencing of ACx (Figure 2.3a), while consistent with this hypothesis, can-
not be seen as direct evidence for this interpretation. It can, among others,
also be interpreted as resulting from a lack of perceiving the presence of
the sound or reflect a coping strategy in trials with limited discriminability.
While strong reductions of discriminability are unlikely underlying this effect
[75, 190, 34], selective laminar silencing in ACx with temporal specificity us-
ing optogenetics will be needed in order to determine if the observed silencing
effects can be attributed to the stimulus or action signalling observed. Ide-
ally, targeted manipulations depending on the selectivity of single neurons
would be used. Thus the capacity and necessity of the two described neural
populations for task performance could be directly addressed with temporal
specificity.

A laminar separation of movement and stimulus signals has been previ-
ously suggested in rodents [296], however these observations were made in a
Go-NoGo task paradigm that does not allow to test the specificity of the ob-
served movement signals. Using a 2AFC frequency discrimination paradigm,
we have demonstrated that these signals do not represent generic movement
preparation signals commonly observed in cortex [255, 224], but instead are
specific to the future response action. Our results therefore represent an
important finding, demonstrating the high specificity of movement-related
signals in sensory cortex. It remains unclear, however, if this specificity of
the observed action signals is limited to response behaviour in the task, or
if any upcoming licking behaviour is encoded equally well, irrespective of
the behavioural context. Due to a low number of spontaneous licks during
the ITI, it was not possible to further explore this distinction in the current
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data set. A possible context dependency of such action-related signals will
therefore have to be addressed in future experiments.

While the distinct stimulus and action signals in the ACx have been clearly
demonstrated, inconsistent observations have been made about the depen-
dency of these neural selectivity on the task outcome. While we demon-
strated significant negative correlations of simultaneous action and stimulus
d-primes (Figure 2.14b), indicative of increased task information in incor-
rect trials, no striking outcome-dependent differences in task selectivity were
observed (Figure 2.15). The slight differences present in our data set are
therefore not indicative of an outcome dependency of task signals in the
ACx. However, these small differences could reflect selectivity of a neural
sub-population to serial dependencies. We demonstrated that animals per-
forming in the task have a tendency to repeat previous actions (Figure 3.9),
introducing a slight correlation of responses in the current and the previous
trial. As a repetition of the previous response is expected to be incorrect
in 50% of the trials, it is not unreasonable to assume that a correlation of
the current with the previous response might be stronger in incorrect than
in correct trials. In this scenario, residual activity in the sub-population
of the recorded units that is selective to the response actions (Figure 2.7)
could account for the observed selectivity differences in correct and incorrect
trials. Alternatively, as action signals in sensory cortex can be independent
of serial dependencies [150], it is also possible that distinct populations of
auditory cortical neurons provide stimulus, action and history information.
However, this hypothesis will have to be addressed in future analysis.
Taken together, we have demonstrated the presence of distinct and highly
specific stimulus and response signals in the rodent ACx with distinct tem-
poral and laminar features. Our findings therefore represent an important
step in mapping the laminar activity of the ACx to its function.

5.2 Outcome dependent modulation of task
accuracy by cortical state fluctuations

In this chapter, we have demonstrated response-outcome dependent differ-
ences in the frequency discrimination accuracy of head fixed mice and its as-
sociation to spontaneous fluctuations in baseline activity (Figure 3.7 & 3.8).
Animals showed higher performances after error trials than after correct tri-
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als. Serial dependencies and behavioural changes upon incorrect responses
have been previously observed in rodents [28, 77, 49, 99]. While usually such
serial dependencies reflect the the tendency of subjects to repeat previous
actions, also differences in perception have been reported [143]. Generalised
linear mixed modelling of the animals’ responses demonstrated the presence
of such history effects in our animals, but suggested that the changes under-
lying higher performances following error trials were mostly due to changes
in the animal’s discriminability (Figure 3.9). The increased behavioural ac-
curacy after error trials might therefore reflect an error triggered increase of
the animals’ attention on the task.

Importantly, we demonstrated that fluctuations in spontaneous neural base-
line activity of the ACx only were associated with changes in discrimination
accuracy in trials following incorrect responses (Figure 3.7 & 3.8). Thus, fol-
lowing error trials, high firing rates as well as low levels of synchronisation
were associated with better accuracy, while no favourable combination of
neural activity could be determined in trials following correct responses. As
the quality of sensory representations in cortex is know to vary with the cor-
tical state fluctuations, our data thus suggests a possible, context-dependent
behavioural relevance of such effects [132, 192, 13, 76]. We have speculated,
that this differential effect of brain state changes on behavioural accuracy
could be indicative of changes in cortical involvement for task execution.
Given that the ACx can influence frequency discrimination behaviour, but
is not required for performances above chance level [4, 190, 34], variations
of cortical contributions to task performance across the session can not be
excluded. We have suggested to address these fluctuations in cortical task
contribution by transient, optogenetic silencing of the ACx, as the impact
of cortical silencing on the task performance should match the degree of the
cortical contribution in the trial. However, because pharmacological silenc-
ing of the ACx has been demonstrated to strongly reduce the animals’ task
engagement (Figure 2.3), this approach might not be suitable.
Alternatively, the hypothesis that variations in the behavioural relevance of
cortical state fluctuations might correspond to different degrees of cortical
contributions to the task performance could be addressed directly in an-
imals trained to discriminate stimuli with higher complexity. Because the
ACx is not essential for frequency-discrimination when presenting pure tones
[75, 34, 190], but is required to discriminate more complicated, frequency-
modulated stimuli above chance [34], unconditional effects of cortical state
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fluctuations would be expected in animals trained to discriminate complex,
frequency-modulated stimuli. While this remains a possibility to be ad-
dressed in further experiments, it is also worth mentioning that our task
paradigm as well as previous studies reporting correlations of fluctuations
in cortical synchrony with behavioural accuracy, studied behavioural per-
formance in task paradigms that contained a delay period [13]. While this
delay component cannot explain the response-outcome dependency of the ef-
fects reported here, it is possible that the working memory load introduced
by these task delays increased the otherwise small effects of cortical state
fluctuations on behaviour through a broader involvement of cortical areas
[39]. Because spontaneous fluctuations in cortical activity are wide-spread
phenomena [248, 224], it is possible in this scenario that the behaviourally
relevant effects of neural activity fluctuations are not the reported effects
on stimulus representations in sensory cortices. Instead, global fluctuations
in spontaneous activity of cortices might facilitate task-related functions in
higher cortical areas, like the prefrontal or parietal cortex, that are typically
associated with working memory tasks [80, 208, 39].

Regardless of the underlying mechanism, we have demonstrated that sponta-
neous fluctuations in cortical synchronisation and activity prior to stimulus
presentation are associated to discrimination accuracy in an outcome-history
dependent manner. Our work therefore represents, to our knowledge, the
first evidence that such effects of neural activity might be gated by con-
text. This finding might therefore offer important insights in the flexibility
of neural processes underlying sensory decision making.

5.3 Sensory and control limitations shape be-
havioural strategies

In this chapter we have analysed the behavioural strategies of head fixed
mice performing frequency discrimination in a simple 2AFC task. We have
reported a general bias towards high frequency responses in well trained an-
imals across multiple frequency ranges as well as corresponding anticipatory
licking behaviour at the high frequency report spout (Figure 4.1 & 4.9).

Seemingly sub-optimal and repetitive task behaviour is commonly observed
in 2AFC task behaviours [28, 70, 143]. However, these behaviours are typi-
cally not static, but correspond to the amount of sensory information avail-
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able, internal states or parameters of the task [265, 143, 266, 37, 182, 277].
Such behaviour might therefore provide insight in the cognitive processes
and limitations underlying the observed behavioural strategy. In humans,
conflicts in cognitive processing have been identified as performance limiting
factors using the Stroop test [227, 145]. In rodents however, little is known
about the factors underlying task-irrelevant behaviour.

In this work, we have presented evidence that the extent of these asym-
metric behaviours in well trained mice is predicted by behavioural differ-
ences measured during early training (Figure 4.5 & 4.9), suggesting that the
observed behavioural asymmetries represented strategies compensating for
limitations in sensory perception. The exact nature of these sensory limita-
tions however, remains unclear. We have shown that differences in stimulus
detection are unlikely responsible for these differences (Figure 4.5b) and
have speculated that frequency-dependent differences in cortical activation
might instead shape distinct learning-rates for low and high frequency stim-
uli, leading to the observed asymmetries. However, this hypothesis will still
have to be addressed in future experiments. Because animals can be trained
to discriminate activity patters artificially introduced in the sensory cortex
[34, 33, 48], similar behavioural asymmetries should form dependent on dif-
ferences in the sizes of optogenetically activated areas and irrespective of
their position within the tonotopic map of the ACx.

While we have demonstrated, that perceptual asymmetries and limitations
in flexibly adjusting a learned decision rule might underlie the observed bias
in the animals’ responses, it remains unclear why animals displayed antic-
ipatory licking. Because the time of stimulus presentation as well as the
opening of the response period are temporally well predicted (Figure 4.1),
anticipatory licking might correspond to uncertainties in the estimation of
the time in the task. In addition to this possibility, manipulations of the task
contingency have revealed that these behavioural asymmetries are optional
and can be altered or abolished by increasing their cost in the behavioural
task, indicating an additional cost in the task-appropriate control of licking
behaviour (Figure 4.10).

Our work therefore demonstrates the possibility of determination and qual-
itative description of cognitive and perceptual limitations in rodent models.
Such insight can provide important constraints on the possible neural imple-
mentation of task behaviours [135]. However, while these results indicate the
presence of multiple limiting factors shaping the behavioural strategy, a for-
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mal framework is needed in order to generate testable hypothesis about the
quantitative contribution and interaction of these individual factors. Based
on the data presented here, such formal models are currently being developed
by Juan Castifieiras and Davide Reato.

5.4 Concluding remarks

Taken together our results highlight the richness of data obtained in mice
even in relatively simple, movement restrained behavioural paradigms. Thus,
we have identified meaningful structure at all levels of analysis presented
here. On the level of task responses, we have shown behavioural asymme-
tries revealing underlying limitations in perception and cognitive processes.
On the level of laminar cortical organisation, we demonstrated temporally
and spatially distinct representations of task related signals. Finally, when
analysing neural population activity, we revealed a meaningful correlation
of it’s organisation to the accuracy in the discrimination task.

Our work has demonstrated the necessity of studying decision making pro-
cesses at these multiple levels of complexity as the observed asymmetries in
the displayed task behaviour pose important constraints when modelling its
neural implementation [154, 135]. Similarly, the exact tuning properties of
single neurons have important consequences for the expected effects of noise
correlations on the coding efficiency [169]. The findings we have reported
here therefore present an important step towards understanding the complex
interactions underlying behaviour.

However, additional research, addressing the remaining and additional ques-
tions mentioned above will be needed for a deep understanding of the func-
tional role of activity in the auditory during sensory decision making in
mice.
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