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Abstract
"Repetition suppression in the auditory cortex: an interdisciplinary investigation™

Nina Hartwich, M.Sc.

Auditory sensory memory is essential for the interpretation of a sound in the context of
the immediate past. While memory traces can be observed behaviourally, the underlying
mechanisms in the auditory cortex (AC) are more elusive and can often only be observed
indirectly. One such indirect observation is repetition suppression (RS), the attenuation of
neural responses when a stimulus is presented repeatedly. This phenomenon indicates that
the auditory system contains memory traces of recent stimulation that aledt responses to
incoming stimuli.

While the RS phenomenon is well established, the neuronal underpinning and factors that
modulate its lifetime are not fully understood. This thesis investigates the emergence of RS
in the AC through computational modelling and in-vivo measurements. Moreover, a robust
analysis pipeline for the determination of in-vivo RS lifetimes and an automated approach for
the optimisation of computational AC models are introduced.

Simulation results from a newly created computational model of the gerbil AC predict
that the lifetime of RS does not simply reflect recovery from short-term synaptic depres-
sion (STSD). Instead, RS is a result of the interplay between STSD dynamics and network
connectivity patterns. The same prediction also resulted from simulations with a simplified
computational model of the human AC. When network connection strengths were altered,
the lifetime of RS changed. Moreover, the gerbil AC model demonstrated that network
interactions cause variations in RS lifetime as a function of stimulus audio-frequency. Elec-
trophysiological recordings revealed audio-frequency-specific RS lifetimes in the AC of four
out of six gerbils. Moreover, the RS lifetimes deduced from the intracortical recordings were
shorter than lifetimes deduced from extracortical measurements of activity in the human AC.

In conclusion, the findings suggest that RS in the AC is a network e[edt. The resulting
lifetime variations across neural populations and the audio-frequency of the stimulus might
play a functional role in the context of temporal binding of sounds. The variation across
species might reflect that AC response dynamics are respectively tailored to temporal binding
across the shorter time scales of gerbil vocalisations and the longer time scales of human

speech.






Zusammenfassung
"Wiederholungsunterdruckung im Horkortex: eine interdisziplindre Untersuchung"

Nina Hartwich, M.Sc.

Ein auditives sensorisches Gedachtnis ist essentiell, um Horreize im Kontext der unmittel-
baren Vergangenheit zu interpretieren. Wahrend Gedachtnisspuren auf der Verhaltensebene
gut beobachtet werden kdnnen, sind die zugrunde liegenden Mechanismen im Hérkortex schwe-
rer zu fassen und meist nur indirekt zu beobachten. Eine solche indirekte Beobachtung
ist Wiederholungsunterdriickung (WU), eine Verminderung neuronaler Aktivitat bei wieder-
holtem Auftreten eines Stimulus. Dieses Phdnomen deutet darauf hin, dass im auditiven
System Gedachtnisspuren von vorhergehenden Stimuli existieren, die die neuronale Antwort
auf folgende Stimuli beeinflussen.

WU st ein gut beschriebenes Phanomen, jedoch sind die neuronalen Grundlagen sowie
die Faktoren, die die Verfallszeit der Unterdriickung beeinflussen, nicht abschlielend geklart.
Diese Dissertation nutzt Computersimulationen und In-vivo-Messungen, um das Auftreten
von WU im Horkortex zu untersuchen. Zusatzlich werden eine robuste Analyse-Pipeline fur
die Ermittlung von Verfallszeiten in vivo sowie ein Ansatz fur die automatisierte Optimierung
von Computermodellen des Horkortex vorgestellt.

Die mit einem neuen Modell des Gerbil-Horkortex erzielten Simulationsergebnisse sagen
voraus, dass Verfallszeiten der WU nicht allein die Verfallszeiten synaptischer Kurzzeitde-
pression spiegeln. Stattdessen ergibt sich WU aus der Wechselwirkung zwischen synaptischer
Kurzzeitdepression und dem Verbindungsmuster des neuronalen Netzwerkes. Dieselbe Prog-
nose resultierte auch aus Simulationen mit einem vereinfachten Computermodell des men-
schlichen Horkortex. Anderungen der Starke der Netzwerkverbindungen fiihrten zu einer
Veranderung der WU-Verfallszeit. Zuséatzlich war im Gerbil-Modell zu beobachten, dass auf-
grund von bestimmten Netzwerk-Interaktionen die Verfallszeit abhangig von der Audiofre-
guenz des Stimulus ist. Elektrophysiologische Messungen im Hoérkortex o[edbarten audio-
frequenz-spezifische Verfallszeiten bei vier von sechs Gerbilen. Auflerdem waren die aus den
intrakortikalen Messungen ermittelten Verfallszeiten kirzer als die von extrakortikalen Mes-
sungen abgeleiteten Verfallszeiten fir den menschlichen Horkortex.

Die Ergebnisse deuten somit darauf hin, dass WU im Horkortex ein Netzwerke [elt ist.
Die sich daraus ergebenden Variationen der Verfallszeiten, Uber neuronale Populationen und
Stimulus-Audiofrequenzen hinweg, kdnnten eine Rolle bei der Verarbeitung von langeren und
komplexeren Tonsequenzen spielen. Die Variation zwischen den Spezies kdnnte bedeuten, dass
die Reaktionsdynamik des jeweiligen Horkortex an die Verarbeitung der kiirzeren Gerbil-Laute

beziehungsweise der langeren Sequenzen menschlicher Sprache angepasst ist.
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Part I: Introduction

Figure 1: Someone just said ‘'ma’ is there
a cuddly la-ma in sight, is a child looking for
their ma-ma or did a dangerous pu-ma appear?
Distinct temporal sequences of sounds modu-
late the meaning of a given sound. The sound-
scape at a specic moment in time can thus
only be interpreted properly if the brain cre-
ates an auditory memory trace of the imme-
diate past. Image generated usingMicroscoft
Designer Al.

As exemplarily illustrated in Figure 1, auditory memory is essential for humans and other
animals to make sense of speech or species-speci ¢ vocalisations and of other sounds with a
temporal structure. It allows for incoming auditory stimuli to be perceived and interpreted in
the seamless context of the immediate past. Auditory processing, from stimulus transduction
to perception and interpretation, begins at the ear, where sound pressure waves are translated
into neural signals that encode the audio-frequency spectrum of the incoming sound. These
signals then travel through a number of subcortical stations before reaching the sensory area
of the cortex tasked with further interpretation of the sound scape the auditory cortex (AC).
Higher-level cortical areas are also involved in this process. As summarised by King et al.
(2018), several aspects of hearing, such as sound localisation and pitch discrimination, rely on
processing steps that already take place subcortically, whereas the AC seems to perform pro-
cessing steps that play a critical role in the perception and interpretation of soundgequences
As described above, this requires the formation of memory traces.

While memory traces in the brain can be observed at the behavioural level (for a critical re-
view, see Brady et al., 2023), the underlying brain mechanisms, speci cally basic mechanisms
at the level of the AC, are more elusive and can often only be observed indirectly. One such
indirect observation is repetition suppression (RS), also known as adaptation or habituation.
RS refers to the phenomenon of neuronal responses diminishing in strength when a stimulus
is repeated (Megela and Teyler, 1979; Malmierca et al., 2014). It is also closely related to

forward masking, which is the phenomenon that the response to a test tone is maximally



suppressed by a preceding probe tone if the probe and the test are identical (e.g. Brosch and
Schreiner, 1997, 2000).

Given that the neural response to a speci ¢ stimulus depends on stimulus history rather
than being xed, RS indicates directly that the auditory system contains representations
memory traces of the recent past that a ect responses to incoming stimuli. But what
exactly is the neural substrate of these memory traces, how are they formed, and which factors
modulate their properties? While the RS phenomenon is a well-established feature of the brain
(for a more general review, see Webster, 2012, for a review regarding the auditory system,
see Pérez-Gonzéalez and Malmierca, 2014; Malmierca et al., 2014), the neuronal mechanisms
underlying it are not fully understood. In this thesis, | attempt to explain the emergence of RS
as a system property through computational modelling as well as extracranial and intracortical
in-vivo measurements of neuronal responses. The following sections of the Introduction rst
review the existing literature on RS and then introduce the new studies carried out in the

context of the thesis work.

Memory traces in the human auditory cortex

Barring some rare exceptions in the context of epilepsy treatment and other medical inter-
ventions (for a review, see Mukamel and Fried, 2012), ethical reasons limit in-vivo studies of
the response behaviour of the human AC to non-invasive measurement methods. RS is ob-
served via electroencephalography (EEG) and magnetoencephalography (MEG) by presenting
blocks of repeating tones and varying the stimulus-onset interval (SOI) across the blocks. In
recent years, the term ‘regular-SOI paradigm' was coined for this type of stimulation pattern
(Hajizadeh et al., 2019; Tomana et al., 2023) and it will be used throughout this thesis. Re-
sponses to the regular-SOI paradigm are averaged across each stimulus block to reveal the
event-related potentials (ERPs) and elds (ERFs). One example of such an ERF, from the
left AC of a human subject, is shown in Figure 2.

The long-latency components of ERPs and ERFs consist of a series of characteristic de-
ections called the P1(m), the N1(m), and the P2(m). The names refer to waves of opposite
polarity P for positive and N for negative in the context of ERPs obtained via EEG. A
lower case "'m' (magnetic) is added for ERFs. The characteristic de ections of the auditory
response occur at latencies of approximately 50 ms (P1m), 100 ms (N1m), and 150 180 ms
(P2m) relative to stimulus onset.

Variations in SOI a ect the amplitudes and latencies of these peaks (for a review, see May
and Tiitinen, 2010). The e ect of SOI on the magnitude of the N1(m), the most prominent
peak of the response, is particularly well studied (e.g. Lu et al., 1992a; Makela et al., 1993;
Sams et al., 1993; McEvoy et al., 1997; Rojas et al., 1999; Cheng and Lin, 2012; Zacharias

et al., 2012). Below a certain subject-speci ¢ threshold, stimulus history a ects the response



Figure 2: Representative example of an au-
ditory ERF from the left hemisphere of a
human subject (regular-SOI paradigm, 1-s
SOI). The characteristic de ections P1m,
N1m, and P2m are marked. Time relative
to stimulus onset. For details regarding the
measurements and analysis performed to ob-
tain this ERF, please refer to Section 4.1.2.

and the N1(m) magnitude is smaller the shorter the SOI, i.e. RS is more pronounced the
higher the repetition rate of the stimulus. Above this threshold, RS is not observed and the
stimulus history does not seem to a ect the response to the stimulus. This suggests that
the magnitude of the suppressive e ect caused by preceding stimuli decays over time and
that RS has a distinct lifetime. How this lifetime can be quanti ed based on the regular-SOI
paradigm is explained in more detail in the following section. In human MEG studies, RS
lifetime mostly ranges from about 1 s to 3 s and is highly subject-specic (Lu et al., 1992a;
Makela et al., 1993; Sams et al., 1993; McEvoy et al., 1997; Rojas et al., 1999; Cheng and Lin,
2012; Zacharias et al., 2012).

Lu et al. (1992a) investigated the relationship between RS lifetime and the lifetime of
sensory memory measured behaviourally. In a forced-choice task, subjects evaluated whether
a probe tone was softer or louder than a preceding test tone and the interval between the two
tones was varied. Additionally, RS lifetime was quanti ed via a regular-SOI paradigm. Lu
and colleagues found that the longer the RS lifetime observed for the subject, the longer the
maximum time span across which the subject could remember the loudness of the probe tone.
This result suggests that RS is not only a fatigue e ect but a re ection of a psychological
memory process.

Moreover, the adaptation of the N1(m) to a repeated stimulus does not generalise to
other stimuli. If the repeated sound is followed by a sound that deviates in some way from
the repeated one, an enhanced ERP and ERF is observed at 100-ms to 200-ms latencies
(Butler, 1968). This di erential response is termed the mismatch negativity (MMN; Naatanen
et al., 1978). It indicates the presence of a memory trace of the repeating stimulus as well
as the brain's ability to detect surprising events in the environment (Naatanen, 1990; May
and Tiitinen, 2010). Indeed, MMNs appear to underlie the behavioural ability to detect
unexpected sounds: When the subject's task is to detect the deviating stimulus, the presence
or absence of an MMN predicts whether the subject is able to make this detection (Naatanen

et al., 1993) and the peak latency of the MMN predicts reaction time (Tiitinen et al., 1994).



An alternative interpretation of the MMN is expressed in the predictive coding framework
(Friston, 2005; Rao and Ballard, 1999; Wacongne et al., 2012), where RS is not viewed as
a re ection of a memory process in AC but, instead, attributed to a suppressive top-down
signal. In consequence, the MMN is viewed as a prediction error. In a series of simulations,
however, May and colleagues (May and Tiitinen, 2010; May, 2021) have shown that the RS-
based interpretation of MMN phenomena in the AC is very robust. They demonstrated that
it provides mechanistic explanations for experimentally observed responses to various MMN
paradigms reported in the literature whereas explanations in the current predictive coding
framework are mostly conceptual. Note, however, that the two hypotheses do not entirely
exclude each other. As concluded by May, "it is possible that the brain uses local adaptation

and predictive coding in tandem" (May, 2021).

Quanti cation of sensory memory lifetimes

As elaborated in the previous section, the neural responses recorded in the context of a
regular-SOI paradigm are stimulus-history-speci ¢ the amplitude of the stimulus-evoked
response increases and ultimately saturates as a function of SOI. This indicates that the
auditory system contains representations memory traces of the recent past and that these
memory traces decay with increasing SOI. The dependence of the response peak amplitude on
SOl is commonly described by an exponentially saturating function (Lu et al., 1992a; Makela
et al., 1993; Sams et al., 1993; McEvoy et al., 1997; Rojas et al., 1999; Cheng and Lin, 2012;
Zacharias et al., 2012). This function rst rises rapidly and then levels o as it approaches

an asymptote:

SOl t
P(SOl) = Agt 1 exp — % (1)
SOl

Parameter As;; de nes the saturation level, i.e. the response amplitude that the function
approaches asymptotically. It is given in units of the selected amplitude measure (for example
magnetic eld strength in the context of MEG measurements using magnetometers). Time
point tg marks the SOI at which the function crosses the abscissa. It re ects the largest SOI-
value at which the response is fully suppressed. Note that amplitude is measured in terms
of absolute values and that Equation (1) is only a valid description of response amplitudes
as a function of SOI for SOI tg. Thus, it does not suggest a reversal in the polarity of the
response for SOK t .

Parameter g, is a time constant describing the steepness of the initial, rapidly rising
slope of the function and thus the time course of recovery from RS. It is given in units of

time and technically re ects the SOI at which the response amplitude reaches 66% of the



asymptote. Time constant gp is used as a robust quanti er of the lifetime of RS and viewed
as a re ection of the lifetime of a sensory memory trace in the AC that stores information on

stimulus history.

Memory traces along the auditory pathway of other species

Human studies are predominantly limited to extracranial measurements. However, as re-
viewed by Willmore and King (2023), invasive electrophysiological recordings from single
neurons or small populations of neurons in other species have shown that: (1) RS can be
observed throughout the subunits of the entire auditory system, (2) RS does not generalise to
all stimuli, just as observed via extracranial recordings. If the repeated stimulus (standard)
is followed by a more rare stimulus deviating from the repeating one (deviant), a stronger
response is observed. In the context of single-cell and multi-unit responses, this phenomenon
is called stimulus-speci ¢ adaptation (SSA). Evidence suggests that SSA is the single-cell re-
sponse behaviour involved in the generation of the MMN (e.g. Ulanovsky et al., 2003; Klein
et al., 2014, Yarden and Nelken, 2017).

Intracranial recordings have shown that RS is more pronounced in non-lemniscal than in
lemniscal parts of the auditory system and that the lifetime of RS increases when ascending
along the auditory pathway from auditory nerve to superior olivary complex to inferior
colliculus to medial geniculate nucleus of the thalamus to AC (Pérez-Gonzéalez and Malmierca,
2014; Parras et al.,, 2017). In the auditory nerve, RS can be observed for inter-stimulus
intervals of up to 35 ms (Yates et al., 1983, recordings from anaesthetised guinea pigs). For
the superior olivary complex, an RS recovery time constant of 106 ms was reported (Finlayson
and Adam, 1997, recordings from anaesthetised rats, time constant similar but not equal to
Equation (1)). In the inferior colliculus, RS for the standard tone in an SSA paradigm was
usually only observed for SOIs below 250 ms (Pérez-Gonzalez et al., 2005; Malmierca et al.,
2009, recordings from anaesthetised rats). In the medial geniculate nucleus (MGN) of the
thalamus, the lemniscal divisions exhibited RS for the standard tone at SOls below 250 ms,
whereas in the non-lemniscal MGB, it was observed with SOls ranging up to 2 s (Anderson
et al., 2009; Antunes et al., 2010, recordings from anaesthetised mice and rats, respectively).
In the AC, RS for the standard tone is strong and occurs for SOIs of up to 2 s (Taaseh et al.,
2011, recordings from anaesthetised rats).

SSA measured in AC is likely to be cortically generated rather than inherited from sub-
cortical processing, given that the lemniscal midbrain, which feeds into the primary auditory
eld (Al) of the AC, displays weaker SSA with a shorter lifetime (Ulanovsky et al., 2003;
Pérez-Gonzalez et al., 2005, recordings from anaesthetised cats and rats, respectively). This
proposition is also supported by layer-speci ¢ recordings of SSA in Al (Szymanski et al., 2009,

recordings from anaesthetised rats).



Mechanisms behind cortical repetition suppression

Insights from in-vivo recordings

The fundamental mechanism giving rise to cortical RS is suspected to be short-term synaptic
depression (STSD), a transient weakening of synaptic e cacy caused by previous activity.
This form of plasticity occurs due to a mixture of stimulus-evoked e ects: depletion of read-
ily releasable synaptic vesicles, inactivation of release sites, and inactivation of presynaptic
calcium channels (Fioravante and Regehr, 2011). STSD has been linked to neuronal infor-
mation processing, speci cally gain control (Abbott et al., 1997), temporal ltering (Fortune
and Rose, 2001; Rosenbaum et al., 2012), and the e ciency of information transfer neurons
(Benda et al., 2005; Salmasi et al., 2019; Kohashi et al., 2021). It a ects cortical as well as
subcortical synapses (for a review, see Friauf et al., 2015). Ulanovsky et al. (2004), observing
SSA in cat Al, noted that the decay time of STSD in cortex, being hundreds of milliseconds to
several seconds, coincides with the lifetime of SSA measured in Al, which would be consistent
with cortical STSD driving cortical SSA.

Another candidate mechanism for cortical RS is inhibition. However, Wehr and Zador
(2003, 2005), conducting intracortical recordings in rat Al, noted that the suppressive e ects
of repeating a stimulus outlast the 100-ms e ects of cortical inhibition. They concluded that
RS is likely to be caused by cortical STSD rather than by inhibition.

Although invasive intracortical recordings provide greater insights into the mechanisms
behind RS in the AC than the extracranial measurements commonly used in human studies,
they also come with limitations. For example, measurement durations and locations need to
be restricted to preserve the viability of the animal during the recordings. Moreover, it is
di cult to isolate and alter individual factors that might a ect RS. As summarised by Teufel
and Fletcher (2016), in modelling, "certain aspects of reality can be ignored because they are
irrelevant to the bit of reality that the model attempts to explaifi. Computational neuroscience
can explore how interactions between biological neurons implement computational functions.
As reviewed by Kriegeskorte and Douglas (2018), computational modelling endeavours of the
last decades have led to a range of insights regarding sensory coding (Simoncelli and OI-
shausen, 2001; Olshausen and Field, 2004), working memory (Chaudhuri and Fiete, 2016),
decision mechanisms (Newsome et al., 1989; Wang, 2008; Shadlen and Kiani, 2013), motor
control (Diedrichsen et al., 2010), and even high-level sensory and cognitive brain representa-
tions (Yamins and DiCarlo, 2016; Kriegeskorte and Douglas, 2018). Therefore, computational

modelling is also an important complementary tool for the exploration of AC function.



Insights from computational modelling

The role of STSD in the context of the SSA observed in the AC has already been further
delineated through computational modelling. David and Shamma (2013) modelled a single Al
neuron receiving input via a set of synapses, each with di erent STSD dynamics. Responses
were then compared to the spiking activity recorded from single neurons in A1 of awake ferrets.
To optimise overlap, the temporal response function of the model was adjusted via a boosting
algorithm. Speci cally, the connection weights of the di erent synapses were altered. David
and Shamma were able to demonstrate that synapse-speci ¢ STSD dynamics can explain the
adaptive response dynamics of neurons in Al in response to the stimulus envelope over a time
scale of several hundreds of milliseconds.

Loebel et al. (2007) constructed a model of A1 as a chain of columns, each tuned to
a speci ¢ stimulus audio-frequency and comprising two units, one representing the column's
excitatory neurons and the other representing the inhibitory neurons. STSD was incorporated
as a transient weakening of the excitatory synapses, driven by the pre-synaptic ring rate.
Model parameters governing STSD dynamics had identical values across all connections. The
authors found that this model reproduced forward masking and it demonstrated how frequency
tuning curves depend on the balance between excitation and inhibition. In addition, the model
replicated non-linear e ects present in responses to subthreshold tones mixed in with noise
stimuli.

Mill et al. (2011) represented Al not by columns but by a small network of individual
spiking neurons connected by dynamic synapses. The input layer of the network consisted
of audio-frequency-tuned Poisson neurons which formed connections with sets of adaptive
exponential integrate-and- re neurons. Synapses belonged to one of three categories: fast ex-
citatory, fast inhibitory, and fast excitatory with rapid depression and slow recovery. Model
parameters governing STSD dynamics were constant across all synapses in the third category.
Mill and colleagues demonstrated that a wide range of published SSA data could be repli-
cated if more complex circuits with more than one layer are formed from the building blocks
described above.

Yarden and Nelken (2017) created a model of Al that closely followed the approach of
Loebel et al. (2007) but where both feedforward thalamocortical connections and recurrent
intracortical connections were a ected by STSD. Recovery from STSD had identical dynam-
ics across thalamocortical and intracortical connections, respectively, but was assumed to be
faster for the former. Yarden and Nelken demonstrated that modelling STSD at the feedfor-
ward connections did not su ce to explain experimentally observed properties of SSA. STSD
at the recurrent connections played an important role. Moreover, they found that feedforward
inhibition was not necessary for the model to exhibit SSA. It did, however, expand the range

of model parameters where SSA could be observed.



Kudela et al. (2018) created a model that represents a 3.6 mfmultilayer patch of A1,
made up of multicompartmental cells organised in an audio-frequency-speci c manner. The
connection strength between these cells was modulated by STSD while the a erent thala-
mocortical connections were not a ected. In addition to single-cell and population spiking
activity, which were the focus of the previous modelling studies reviewed above, this model was
able to simulate local eld potentials. These could be compared to auditory evoked responses
recorded from human cortex. The model's responses were validated relative to intracranical
electrocorticographic recordings from a human subject undergoing intracranial monitoring for
clinical purposes. The authors demonstrated that cortical sources su ce for SSA phenomena
to arise but also noted that this does not exclude the contribution of other sources.

The modelling studies reviewed above suggest that SSA is a network e ect arising from
a tonotopically organised system of interconnected neural populations where synapses are
a ected by STSD. The replication of experimental data did not require a plethora of synapse-
speci ¢ STSD dynamics, rather, the corresponding model parameters were constant across
cortical connections and the connectivity pattern shaped the diverse adaptive response be-
haviour of the model units.

In this context, it is important to note that, by only describing multiunit behaviour in a
single AC eld, namely Al, these modelling studies omit a large part of the network pattern
that characterises the AC. It is hierarchically organised and consists of a core, belt, and
parabelt area (for a review, see Hackett, 2011). Each of these areas is further subdivided into
elds and the number of elds as well as their connectivity pattern is species-speci c.

An approach to modelling AC that re ects this network organisation was introduced
by May and colleagues (May and Tiitinen, 2013; May et al., 2015). In their model, the
computational unit is the cortical column, described as two interacting mean- eld units,
one representing the excitatory neurons and the other the inhibitory neurons of the column.
The excitatory connections are modulated by STSD as in Loebel et al. (2007) and as in
the modelling studies reviewed above, simulations were run with identical STSD parameter
values across all cortical connections. What sets the model apart is that it emulates the meso-
structure of the macaque AC by including 13 cortical elds, each one tonotopically organised.
These represent three core elds, eight belt elds, and two parabelt elds, as described by
Hackett et al. (1998) and Kaas and Hackett (2000).

A unique feature that results from this modelling approach is the model's ability to repli-
cate intracortically as well as non-invasively observed phenomena (see also May, 2021): SSA
(e.g. as observed intracortically in cat AC by Ulanovsky et al., 2003), context sensitive re-
sponses to species-speci ¢ vocalisations/speech (e.g. as observed intracortically in macaque
AC by Recanzone, 2008) and tone sequences (e.g. as observed intracortically in marmoset
AC by Sadagopan and Wang, 2009), forward masking and forward facilitation in two-tone

stimulation (e.g. as observed intracortically in cat AC by Brosch and Schreiner, 2000), as well



as the adaptation of the N1(m) response of the ERP and ERF (e.g. as observed non-invasively
in human AC by Zacharias et al., 2012) and the generation of the MMN (e.g. as observed
non-invasively in human AC by Naatanen et al., 1978).

Simulations, also those by Westo et al. (2016), were used to investigate the time window
over which past stimulation a ects the responses to incoming signals. The results indicate
that this time window widens as one moves from the core to the belt and then to the parabelt
and that it exceeds the time window of recovery from STSD. Hajizadeh et al. (2022) created
a simpli ed and analytically tractable version of the model used by May and colleagues, and
found that RS as observed in the adaptation of the N1m response results from a complete
reorganisation of AC dynamics in terms of the normal mode oscillations that AC supports.
The authors also observed that, in the simulated AC, 5o increases as one moves up the
core-belt-parabelt hierarchy. In summary, these modelling studies indicate that the structure

of the neural network itself shapes the sensory memory traces formed in AC.

Animal models of human auditory processing

As showcased by the literature reviewed in the previous sections, various mammals, such
as cats, mice, rats, macaques, marmosets, and ferrets, are treated as model organisms of
human auditory processing. Another popular animal model is the Mongolian gerbilrperiones
unguiculatus hereafter simply referred to as “gerbil'), a small rodent with a body size that
lies between those of mice and rats. Brain-related studies across multiple topics, such as for
example epilepsy (as reviewed as early as 1995 by Bertorelli et al.), age-dependent hearing loss
(for a review, see Gleich and Strutz, 2012), and social cognition (e.g. Tchabovsky et al., 2019),
have turned to the gerbil over the last decades. Most importantly, the gerbil has advanced to
one of the key species in auditory processing research (e.g. Scheich, 1991; Ohl and Scheich,
1997a; Happel et al., 2010; Wrobel et al., 2018).

One general advantage of the gerbil is its suitability as a laboratory animal. Gerbils are
small in size and easy to breed, good care and living conditions can be provided at relatively
low cost, and the animals take relatively well to caged living. One of the main reasons for its
preferential use in auditory research is the gerbil's high sensitivity to sounds with a relatively
low audio-frequency. As described by Gleich and Strutz (2012), this likens it to humans, who
are highly receptive to the frequency-range of the normal human voice (from about 100 Hz to
2 kHz). In contrast, other laboratory animals like mice and rats are most sensitive to much
higher audio-frequencies ¥ 6 kHz). Gerbil audiograms are thus particularly well aligned
with those of humans. Moreover, the middle ear cavities of the gerbil are large enough to
easily reach the cochlea this is bene cial in the context of experimental intervention. The
gerbil cochlea covers an audio-frequency range from about 200 Hz to 50 kHz which is mapped

to tonotopically organised elds in the AC (Thomas et al., 1993). The eld structure and



connectivity pattern of the gerbil AC is very well described (e.g. Budinger et al., 2000a,b;
Saldeitis et al., 2014, for a review see Section 1.1.2 of this thesis), an advantage for employing
the computational modelling approach introduced by May and colleagues 2013; 2015. Thus,

we selected the gerbil as a focal point of our in-vivo and in-silico investigation of RS.

Research questions addressed in this thesis

As reviewed above, STSD seems to be a central mechanism driving RS, yet the meso-structure
of AC could also be an important factor in generating context sensitivity in the AC. It is,
however, unclear, how the network pattern shapes RS dynamics. In this thesis, we study the
emergence of RS in vivo and in silico in the gerbil as well as the human AC. We used the
modelling approach developed by May and colleagues as a starting point for building our gerbil
AC model a model that captures the gerbil-speci ¢ eld structure and connectivity pattern

of the AC. As in the studies by May and colleagues, STSD dynamics were kept constant
across all model units. We then used our model to explore RS at the level of individual neural
populations in Al.

Speci cally, we employed a regular-SOI paradigm to investigate how the lifetime of RS
might vary as a function of stimulus audio-frequency and traced back the network e ects
giving rise to this variation. The in-silico investigation was complemented by an analysis
of in-vivo electrophysiological data from gerbil Al, recorded during a regular-SOI paradigm
where stimulus blocks were presented at two di erent audio-frequencies. The explanatory
power of our results depended on two important factors: (1) the quality and robustness of
the analysis pipeline from raw experimental data to the nal subject- and condition-speci c

soi-values, i.e. RS lifetimes, and (2) the quality of our gerbil AC model. Therefore, beyond
examining RS itself, we also worked on these two factors.

To address factor 1, we scrutinised the data set from each animal to verify its suitabil-
ity for soj-computation (Section 2.2) and developed a bootstrap-based approach for the
determination of subject- and condition-speci ¢ con dence intervals for these RS lifetimes
(Section 2.3). The bootstrap-based approach is also transferable to data sets collected using
other measurement methods and we employed it to verify the robustness of a hemispheric
di erence observed for RS lifetimes in the human AC (Chapter 3).

To address factor 2, we took great care in re ecting a plethora of experimentally established
properties of the gerbil AC in our computational model (Sections 1.1.1 and 1.1.2). With the
future improvement of this rst version of our model in mind, we also embarked on a project
where we pioneered an algorithm-based optimisation pipeline for a simpli ed version of the
AC model by May and colleagues (Chapter 4). This optimised model, in turn, provided
predictions regarding widespread RS generation and area-speci ¢ RS lifetimes in the human
AC.

10



Thus, in total, this thesis consists of four intertwined projects:

P1:. The in-silico exploration of audio-frequency-speci ¢ RS in the gerbil AC via computa-

tional modelling

P2.. The in-vivo exploration of audio-frequency-speci ¢ RS in the gerbil AC via electrophys-

iological recordings, including the development of a new analysis pipeline

P3:. The application of this new pipeline to a human MEG data set to verify the robustness

of the observed hemispheric di erence in RS lifetime

P4.. The development of an automated approach for the improvement of computational AC

models, also resulting in predictions regarding RS generation and lifetimes

The following chapters, each comprising their own "Materials and Methods' and "Results’
sections, cover these projects in the order given above. Each chapter ends with a short set of
preliminary conclusions or predictions. The main "Discussion’ ensues after the results from
all four projects have been introduced and aims to answer a series of questions by linking
these results. Specically, | will discuss how the challenges of RS lifetime quanti cation
can be addressed, which underlying processes this lifetime re ects, and which role network-
modulated RS might play as a memory trace facilitating the process of temporal binding, such
as, for example, the binding of the syllables "pu’ and ‘'ma’ in our opening example (Figure 1).

As | aim to link our results across projects, the electronic form of this thesis contains
many clickable cross references, some of them taking the reader to a location far away from
the respective current page. To improve the reading experience, | would like to make the
following recommendation: In most PDF readers, the viewing path can be retraced. After

following a cross reference, rather than scrolling through the document in search of your

previous location, simply use the shortcu + [:] (or + @ for Mac users).

Collaborations

Most of the interdisciplinary research | present below was only possible via collaborations.
Therefore, | use the “we'-perspective throughout the next four chapters.

To investigate in-vivo RS dynamics of the gerbil AC (Project 2), | collaborated with
former PhD candidate Dr J. Ma, who carried out electrophysiological recordings in gerbil
Al. For her thesis, J. Ma analysed the resulting data set with a focus on layer-speci ¢ RS
in gerbil AC, whereas, for my thesis, | investigated audio-frequency-speci ¢ RS using the
same recordings. For both approaches, | developed a bootstrap-based analysis pipeline. The
results from J. Ma's thesis about layer-speci ¢ RS in the gerbil AC are presented in a joint

manuscript (preprint: Ma & Brunk et al., 2021).
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The human MEG data presented in Project 3 was recorded during a previous research
project at the Leibniz Institute for Neurobiology Magdeburg. PhD candidate A. Dar and |
then collaborated to create a re ned analysis pipeline for the computation of RS lifetimes in
the human AC. To assess the robustness of a potential hemispheric di erence in RS lifetime,
we built on the bootstrap-based approach | established for the gerbil data. A. Dar developed
the scripts required to adapt the approach to MEG data and | introduced additional analysis
steps. The collaboration resulted in a shared rst-author publication about hemisphere-
speci ¢ RS in the human AC (Dar & Hartwich et al., 2025). The exploration of underlying
mechanisms giving rise to this di erence, as well as its potential functional relevance, will be
the central focus of A. Dar's thesis. In my thesis, the focus lies on demonstrating how to
produce robust subject-speci ¢ estimates of RS lifetimes.

To carry out Project 4, the development of an automated approach for the improvement of
computational AC models, | collaborated with PhD candidate E. Tomana and her supervisor,
Dr C. Sielu»ycki (Department of Biomedical Engineering, Wroc?aw University of Science and
Technology, Poland). Supported by her supervisor, E. Tomana developed and implemented
an optimisation algorithm suitable for a simpli ed model of the human AC. | prepared this
computational model and provided neuroscienti ¢ advice and general assistance during the
conception and re nement of the optimisation. E. Tomana's analysis of the resulting data
focussed on network connectivity patterns, whereas | characterised the model in terms of RS
response dynamics. The collaboration lead to a joint publication about connectivity patterns
and RS in the human AC (Tomana et al., 2023). Connectivity patterns in the human AC will
be a central focus of E. Tomana's thesis, whereas my thesis introduces predictions regarding

RS lifetimes.
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Part Il: Repetition suppression in the gerbil

auditory cortex

"All models are wrong, but some are useful"

George Box

Project 1: Repetition suppression in silico

As reviewed in the Introduction, while STSD seems to be a central mechanism in driving
RS, the network structure of the AC could also play an important role in generating context

sensitivity in the AC. To unveil how the network pattern might shape RS dynamics, we turned

to computational modelling. After building a gerbil AC model, we employed a regular-SOI

paradigm to investigate how the lifetime of RS in individual neural populations of the Al

eld might vary as a function of stimulus audio-frequency and traced back the network e ects

giving rise to this variation.

The Materials and Methods section of this chapter rst describes the computational gerbil
AC model we created. Additionally, a model consisting of a single node the single-column
model is introduced and used to contrast its response behaviour with that of the nodes in
the complex gerbil AC network. Next, the regular-SOI paradigm used to stimulate the two
models is specied. Finally, the analysis pipeline applied to the in-silico responses recorded
from both models is presented.

The Results section rst describes the response behaviour of the single-column model, in
terms of frequency response functions, RS lifetimes, and response peak latencies. Then the
mechanisms behind this response behaviour are unveiled. Next, the single-column model's
response behaviour is contrasted with that of the gerbil AC model and the network e ects
leading to these di erent responses are explored.

Finally, the predictions deduced from the simulations are summarised and then tested in

vivo in the following chapter (Project 2).
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1.1 Materials and Methods

We constructed a computational gerbil AC model based on the modelling approach for the
human AC developed by May et al. (2013; 2015). The basic building block in this approach
is a simpli ed version of the cortical column, encompassing a population of excitatory cells
(pyramidal neurons) and a population of inhibitory cells (interneurons) and thus having an-
tecedents in the model of Wilson and Cowan (1972). The following subsections rst introduce
the dynamic equations that govern the interactions between any assembly of these building
blocks (Section 1.1.1) and then explain how they were assembled to re ect the gerbil AC
(Section 1.1.2). Next the experimental paradigms that we simulated (Section 1.1.4) are de-
scribed and, nally, the analysis steps applied to the data ‘recorded' in silico are explained
(Section 1.1.5). Simulations as well as data analysis were performed using MATLAB (The
Math Works, Inc., Version 2021b).

1.1.1 Model dynamics

The state of each neural population is described by a state variabley for excitatory and v for
inhibitory populations, and the output of each population is re ected by a mean ring rate

g, which is a non-linear function of the state variable:

8
2O u

g(u) = (@)

tanh[ (u )] u>

Note that the same equation applies for state variablev. The population starts to re when
threshold is crossed and, as the state variable increases further, the ring rate asymptotically
approaches a maximum value of 1. The factor scales the sensitivity of the ring rate to the
state variable.

The dynamic equations describing the temporal evolution of the state variables of the
neural populations are based on the leaky-integrator model, speci cally as described by Hop-
eld and Tank (1986). They expressed neural interactions at the single neuron level based
on approximations of the cross-membrane current ow (mean- eld leaky integrator neuron).
In this case, the state variable of the individual units in the network is an approximation
of the membrane potential. As a simplifying approximation, the May-et-al. modelling ap-
proach assumes that individual neurons within a population are identically and symmetrically
connected with each other, and that they all receive the same external input. Under these
conditions, the individual units of a population all behave identically and can be viewed as

subunits of the population which in turn can be treated as a unit in the mean- eld leaky
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Figure 3: Diagram illustrating the excitatory (blue) and inhibitory (red) neural population of two
columns (grey) in the May-et-al. modelling approach. The connections the left column forms internally
and across its boundaries are illustrated by arrows.

integrator neuron model.
For a network with a total of N cortical columns, the two vectorsu(t) = (u(t); :::;

tatory and inhibitory populations in the network. The dynamic equations describing neural

interactions as a function of timet are:

UM = )+ Wee QD) alu(®]  Wer alv(D] + i (0 (32)
V()= V() + Wie QO glu()] Wi alv(D)] (30)
q= IO AOT 1 9O o) = diag(qq): (30)

on rec

where n, is the membrane time constant andi, (t) is a vector of length N re ecting the
amplitudes of aerent input arriving at individual populations via the auditory pathway.
A erent input is assumed to target the excitatory populations only. The matrices W specify

the weights of
" Excitatory connections within and between populations of pyramidal neurons WVeg),
"~ Inhibitory connections from interneuron to pyramidal neuron populations (W),
" Inhibitory connections within and between populations of interneurons Wi;),

Excitatory connections from pyramidal neuron to interneuron populations (Wie).

Figure 3 illustrates these connection types. Note thaii-connections are e ectively excitatory
as they dampen further inhibition whereasie-connections are e ectively inhibitory as they

drive the inhibitory action of inhibitory populations.

15



description symbol value

ring rate threshold 0.050
ring rate sensitivity 23
membrane time constant m 0.030 s

thalamus: 0.020 s

time constant of synaptic depression onset on cortex: 0.100 s

thalamus: 0.100 s

time constant of recovery from synaptic depression rec cortex: 1.000 s

Table 1: Time constants and ring rate parameter values used in the gerbil AC model.

A further expansion of the Hop eld and Tank model is the inclusion of STSD. Following
Loebel et al. (2007), this is implemented by introducing a term that scales the weights of
excitatory connections as a function of pre-synaptic ring rate. The modulation is expressed
by the matrix multiplication of the elements of Wee and Wie with the time-dependent diagonal
matrix Q(t) = diag( q(t)). The elements ofg reduce in amplitude as a function of increasing
pre-synaptic ring rate, with distinct time constants o, and (e for onset of and recovery
from this reduction in synaptic e cacy (see Equation (3c), note that indicates element-
wise multiplication, i.e. the Hadamard product). Onset of and recovery from a decrease in
synaptic e cacy are competing e ects and full recovery can only occur if the pre-synaptic
neural population is not ring. For simplicity, only excitatory connections are a ected by
synaptic depression. However, note that, due to the e ectively inhibitory ie-connections,
both excitation and inhibition of the network is a ected by synaptic depression.

For our simulations, we set the time constants of the model to the values listed in Table 1.
The order-of-magnitude di erence of the time constants of synaptic depression in the parts of
the model representing MGv and AC re ects the di erent time scales of RS observed along
the lemniscal part of the auditory pathway (Ulanovsky et al., 2004; Asari and Zador, 2009;
Pérez-Gonzalez and Malmierca, 2014). Across all our simulations, the ring rate threshold

was equal to 0.050 and we set to % When the structure of the model (i.e. the weight
matrices Wee, Wei, Wie, and W;;) as well as the stimulus sequence (in terms adf; ) is de ned,
the nonlinear system described by Equations (3a) 3c can be solved numerically to provide
a picture of the spatiotemporal activity patterns of the network in response to the chosen

paradigm.
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1.1.2 Structure of the anatomy-based model

In our computational model, the weight matricesW represent the structure and connectivity

of the gerbil AC. Its functional organisation has been investigated intensively, using electro-
physiological (e.g. Thomas et al., 1993) as well as metabolic (e.g. Scheich et al., 1993) and
anatomical (e.g. Budinger et al., 2000a,b) mapping technigues. These studies have identi ed
eight functional elds. Each eld can be characterised in terms of its position in the structural
hierarchy of the core, the belt, and the parabelt. The core consists of two elds the primary
auditory eld (A1) and the anterior auditory eld (AAF). Three elds make up the gerbil

AC belt area the dorsoposterior eld (DP), the ventroposterior eld (V), and the ventral

eld (V). The gerbil AC parabelt area encompasses three elds the dorsal eld (D), the

ventromedial eld (VM), and the anteroventral eld (AV).

Properties of the gerbil AC elds

Auditory elds are characterised by their connectivity at the intracortical and subcortical
level (Budinger et al., 2000a,b, 2006, 2008; Budinger and Scheich, 2009; Budinger et al., 2013;
Saldeitis et al., 2014; Henschke et al., 2015; Kurt et al., 2008) as well as by cyto-, ber-, and
chemoarchitectural criteria (Budinger et al., 2000a; Radtke-Schuller et al., 2016).

Like in cats, monkeys, humans, and other mammals (for a review, see Hackett, 2011),
elds in the gerbil AC have the following chracaterisics: The core elds are tonotopically
organised, have short-latency on-responses to pure tones, a koniocortical architecture, and
dense myelinisation. They form connections with the thalamus, speci cally the tonotopically
organised ventral division of the medial geniculate nucleus (MGv). Additionally, core elds
form extensive local connections with each other and the surrounding belt elds.

Belt elds are also tonotopically organised, although with a lesser spatial resolution of
frequencies, and they have a prokoniocortical architecture. Their connections with thalamus
primarily target the MGv but they are also connected to non-tonotopic parts of the auditory
thalamus. Furthermore, strong connections exist between the belt and the core as well as
between the belt and the parabelt, and the belt elds also share connections with other
sensory and non-sensory cortical areas.

The non-tonotopic parabelt elds are isocortical with a lesser cell density and ber myelin-
isation than the belt elds. They are not tonotopically organised and respond to a large range
of audio-frequencies. Connections project to non-tonotopic auditory and non-auditory thala-
mic nuclei and remote cortical areas.

Taken together, the studies cited above provide a detailed picture of the eld parcellation,
connectivity, and hierarchical organisation in the gerbil AC. We summarised this information
in the diagram shown in Figure 4a. It forms the basis of the more formalised connectivity

matrix used for the gerbil AC model, shown in Figure 4b. The connections listed in this matrix
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Figure 4: Gerbil AC connectivity diagram (@) and translation of the diagram into a connectivity
matrix (b), mainly based on Budinger et al. (2000a,b) and Saldeitis et al. (2014), as well as on
assumptions 1, 2, and 3. The thicker black arrows in the diagram &) indicate that experimentally
observed neuronal connections between the respective elds were more numerous than between elds
linked by blue arrows. In b, entries along the main diagonal of the matrix re ect intra- eld connections
and o -diagonal entries describe inter- eld connections. In analogy to the arrows in the diagram, the
darker green shade marks net connection strengths classi ed as stronger and the lighter green shade
those classi ed as weaker. Intra- eld connections are also strong. The white matrix elements indicate
that these particular inter- eld connections have, thus far, not been reported in the literature.

are mainly based on results of anterograde tracer injections (biocytin, dextran amines) into
the two core elds as well as the three belt elds and the MGv (Budinger et al., 2000a,b;

Saldeitis et al., 2014). Additionally, the following assumptions were made:
1. Fields that share a common border (i.e. neighbouring elds) are connected.

2. Inter eld connections occur in a reciprocal manner (the available studies did not always

test for reciprocity).

3. Reciprocal connections have equal weight in both directions.

Connections within auditory elds

To model the functional organisation of the gerbil AC introduced above, we re ected each of

the eight cortical elds by a total of Ny = 16 model columns. Furthermore, we included 16

MGv columns to be used as an input area, relaying activation to the AC. In total, there were

thus N = (8+1) Nf =144 columns and over20 10° potential connections per connection

type (N2 =144 144 = 20;736). To identify each column, we assigned column indices from

1 to 144. Table 2 lists the columns' distribution across cortical elds in terms of this index.
The ne structure of intra- eld connections originating from excitatory neural populations

(ie, ee) was based on ndings from the mouse AC. Levy and Reyes (2012) showed that neurons

in A1 with somata in close proximity of each other have a higher connection probability than

neurons located further apart. The connection probability decreases as a Gaussian function
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Core Belt Parabelt
AAF Al DP VP \% D VM AV

Location MGv

1 17 33 49 65 81 97 113 129
Column ) . . . . . . : .
indices . . . . . . . . .
16 32 48 64 80 96 112 128 144

Table 2: Distribution of columns in the gerbil AC model, in terms of column index i, across MGv
and cortical elds in the core, belt, and parabelt area.

of radial distance from the soma of the respective cell. In past implementations of the May-
et-al. modelling approach (re ecting the macague/human AC), this nding was re ected by
generating weight matricesW via a stochastic process. The occurrence (binary, 'on' vs 'o )
of connections beyond the leading diagonal was governed by a Gaussian probability density
function (May and Tiitinen, 2013; May et al., 2015). Thus, each regeneration of the matrices
yielded the same general connectivity pattern at the eld level but di erent patterns at the
microstructure (single-column) level. Here, we opted for a deterministic process generating
highly organised weight matrices even at the single-column level to improve the traceability
of single-column response patterns and identify basic mechanisms behind RS dynamics.
Weight values for all four connection types were largest along the main diagonal of the
weight matrices W (i.e. for intra-column connections). Connections originating from in-
hibitory neural populations (ei, ii) were assumed to be very localised and only occurred
within columns. On either side of the main diagonal (but within the intra- eld limit), values
decreased with increasing di erence between column indiceis (target of connection) and |
(source of connection) for ee- as well as ie-connections. Note that, for columns within the
same eld, the di erence between column indices re ects, at least conceptually, the physical
distance between neurons as investigated by Levy and Reyes (2012). Taectively inhibitory
ie-connections (c.f. Section 1.1.1) between these columns re ect a form of lateral inhibition

observed experimentally in gerbil A1l (Kurt et al., 2008; Moeller et al., 2010).

Connections across auditory elds

Connections across elds, i.e. inter- eld connections, only originated from excitatory popula-
tions, re ecting the considerable reach of the long axons of pyramidal neurons (de la Mothe
et al., 2006). For connections across auditory elds, these axons predominantly target cortical
layer Il (Thomas and Lépez, 2003). In this layer, inhibitory neurons are not very abundant,
making up only a quarter of the neuronal population, and pyramidal neurons receive the
majority of ipsilateral as well as contralateral cortical connections (Budinger and Kanold,
2018). Based on these ndings, our model assumed that connections driving inhibition (ie-

connections) only extend across columns within the same eld.
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Figure 5: lllustration of the connectivity pattern de ned by weight matrix W,ee. The network
re ecting gerbil AC has a total of N = 144 “nodes', namely columns comprising an excitatory and
an inhibitory neural population. Thus, matrix W, IS a square matrix of sizel44 144 It re ects
connections between excitatory populations (ee). Indices (1 to 144) of the connectiontargets are
listed along the vertical axis and indicesj (1 to 144) of the connectionsources along the horizontal
axis. Each entry Wee(i;j ) re ects the strength of the connection between sourcé and target i, one of
the over 20 10° possible ee-connectionsN? = 20; 736). Weight values are mapped out according to a
colour gradient the darker the colour the stronger the connection. Recurrent excitatory connections,
i.e. intracolumn connections, are listed along the main diagonal of the matrix, wherd = j. They are
the strongest of all connections, as re ected by the dark blue colour. As each eld comprises a total
of 16 columns, grey lines divide the matrix into subdivisions of sizel6 16. Each subdivision re ects
connections between two specic elds (or, for subdivisions along the main diagonal, one and the
same eld), as summarised in Figure 4b. Weight values are largest on the respective diagonal of each
subdivision and decrease with distance from this diagonal (Equation (6)), thus creating a topographic
connectivity pattern. The distinction between stronger and weaker connections at the eld level, as
mapped out in Figure 4b, is re ected by the stronger and weaker connection weights in the respective
subdivisions of Wee.
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We arranged the connections driving excitation across elds (ee-connections) in a topo-
graphic manner. This is illustrated in Figure 5. Each 16 16 subdivision of weight matrix W e,
mapped out by grey lines, re ects connections between two speci ¢ elds. Weight values were
largest on the diagonals of these subdivisions and continuously decreased with distance from
the respective diagonal. This distance i is given by the di erence betweenintra eld indices

k(i), i.e. the di erence between the columns' respective positionsvithin a eld:

k(i)= i bi=(Nf+1)c Ni; (4)

whereb cdenotes the oor function. For example, the column with indexi = 39 is the seventh
column in Al, the third of the model elds, where indices range from 33 to 48 (c.f. Table 2).
Consequently, the intra eld index k of column 39 is equal to(39 b 39=(16+1)c 16) = 7. For

any connection from column j to column i, distance i from the diagonal of the corresponding

weight matrix subdivision is thus

= jk(@) k@) ()

The decrease in connection weights as a function of i was governed by a truncated

Gaussian function. For fori 6 j, connection weights were de ned by

8 h i
Wi 2 exp (D if i ©
i) = ;
->0 otherwise

where the connection-type-speci ¢ standard deviation is expressed in units of i and isa
connection-type-speci ¢ scaling factor. The weight values for connections within the column
(i = j) were assigned separately and were always larger than for all other connections.

By imposing the topographic connectivity re ected by Equation (6), we created a network
that preserved the tonotopic organisation of the input (described in the following section),
thus re ecting the tonotopic maps found in core and belt elds of the gerbil AC. For simplicity,
parabelt eld connections in our model were also tonotopically organised. Parameters de ning
the speci ¢ connection weight values we used across all four weight matrices are summarised in
Table 3. Weight values describing connections within columns and connections between elds
remained constant across our simulations. However, as part of our investigation, we varied
the lateral reach of ie-connections within elds. May and Tiitinen (2013) demonstrated that
this lateral inhibition modulates levels of spectral selectivity. Thus, we used parameter j¢ to

investigate the relationship between spectral selectivity and audio-frequency-speci ¢ RS.
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. parameter setting
connection type
within column within eld across elds
ei from inhibitory to N o, ey P
excitatory population Wei(;] ) =3:5 Wei(i;j ) =0 Wei(i;j ) =0
i from inhibitory to iy iy N
inhibitory population Wi (1)) =1:0 Wi () =0 Wi () =0
. . thalamus:
ie from excitatory to oy A o o
inhibitory population Wee(1:]) =35 Wie(i:j ) = 0 Wie(i:j ) =0
cortex:
=1
2 [4,5,7]
. thalamus: thalamus $ cortex:
ee from excitatory to . o o a
excitatory population Wee(j:j ) =6 Wee(i1j ) =0 =05, =0
cortex: cortex $ cortex:
=0:6 = 0.6 (strong)
=2 = 0.06 (weak)

Table 3: Weight values used in the weight matricesW of the gerbil AC model.
Connections originating from inhibitory populations ( ei, ii) are very localised and
only occur within columns. All other entries of the respective weight matrices are
equal to zero. Connections driving the inhibition (ie) are strongest within the column
but also extend across columns within the same eld. Similarly, connections driving
excitation (ee) are strongest within the column and also extend across columns within
the same eld. Additionally, they are the only connections that extend across elds.
The larger the distance i (Equation (5)) between intra eld indices k (Equation (4))
of the source and target population, the weaker the connection weight (Equation (6)).
Exact weight values are de ned by the respective parameter values and . Where
the table lists weight values equal to zero, was set to zero. The network de ned by
the four weight matrices given above is characterised by a topographic connectivity
pattern that preserves the tonotopic organisation of the input.
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Figure 6: Diagram illustrating the tonotopic map across the 16 columns re ecting thalamus (MGv)
in the gerbil AC model. The bottom axis lists the BFs assigned to these columns, with respective
column indicesi listed along the middle axis. As an example for one of the 16 audio-frequency options,
the plotted curve depicts the scaling factors(i) (Equation (7)) applied to the presynaptic ring rate
r(t) when a 2-kHz pure tone (g =7) is simulated.

Connections involving thalamus

Thalamic connections in the model were purely intra-columnar and both thalamocortical
and corticothalamic connections were limited to their direct counterparts ( i = 0) in the
respective elds. MGv and core elds were more strongly connected than MGv and belt
elds, whereas parabelt elds were not connected to MGv at all. Moreover, our model did not
include a proper description of peripheral processing. Instead, the front end of the model was
an abstract tonotopic map whereby each of the 16 columns in the MGv could be maximally
tuned to a single stimulus audio-frequency or frequency range and thus each had a di erent
best frequency (BF, the stimulus audio-frequency that elicits the strongest response). The
tonotopic map we speci ed to facilitate comparisons with experimental results is illustrated
by the bottom axis of Figure 6. We assigned a speci ¢ BF to each MGv column, spanning
the hearing range of the gerbil in half-octave steps from 0.25 kHz to 45.2 kHz (the hearing
range of the gerbil extends from about 0.2 kHz to 50 kHz at 30 dB sound pressure level; e.g.
Ryan, 1976; Gleich and Strutz, 2012).

Sequences of identical pure-tone stimuli were expressed in terms of pre-synaptic ring rate
time coursesr(t). A ring rate of O re ected no stimulation, a ring rate of 1 the maximum
sound pressure level (SPL) of the tone. Any given pre-synaptic ring rate was then scaled as

a function of the target eld and the di erence between the BF of the target column and the
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Floct] | O 0.5 1 15 2 2.5 3 3.5 4
s(i) 1.000 | 0.969 | 0.882 | 0.755 | 0.607 | 0.458 | 0.325 | 0.216 | 0.135

Table 4: Scaled pre-synaptic ring rates s(i) re ecting pure tone stimulation, as a function of the
distance F of the audio-frequency of the simulated stimulus from the targeted MGv column's BF
(in=2).

audio-frequency of the stimulus. Cortical columns were never directly activated by a erent
input, hence the corresponding scaling factors were always equal to zero. For the MGy, the
scaling factor was governed by a Gaussian function, with a maximum value of 1 centred on
the index igg of the MGv column where BF = stimulus audio-frequency (L  igr Ns),
and with a standard deviation i, =2 columns. Thus, in summary, scaling factors for target

columni was described by:

S oh
- Sexp 3(Hl=) i N
s(i)= | (7)
-0 i>N ¢ ;
wherel i N. The round markers in Figure 6 illustrate, as an examples(i) for the 16

MGv columns and a stimulus audio-frequency of 2 kHz.

We listed the products of column-speci ¢ scaling factors(i) and ring rate time course
r(t) in the vector g5 (t) = (s(1) r(t);:::; (s(N) r(t))”. Viavectori, (c.f. Equation (3a)),
these column-speci ¢ scaled pre-synaptic ring rates ultimately induced excitatory synaptic
currents in the AC model. Akin to all other connections in the network, a erent connections
were a ected by STSD, with the temporal evolution of synaptic e cacies described by (c.f.

Equation (3c)):

Ga (1) da (1) + 1 da (1) :

on;a rec;a

% ()= ©)

Time constants on.a and ec.a Were set to values equal to those used for thalamic connec-
tions (see Table 1). Entries in the vectori, (t), i.e. the a erent excitatory synaptic currents

(see Equation (3a)) as a function of time, were ultimately computed as:

la (1) = Wa (da (t) ga (1) ; 9

where w, is the connection weight for the a erent connections. We usedv, = 1 in all
our simulations. Due to the Gaussian function in Equation (7), input representing pure tone
stimuli at the BF of a specic MGv column also activated neighbouring columns, but to

a lesser extent. This approach re ects the fact that neuronal tuning curves have a certain
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width (see, for example, Butts and Goldman, 2006) and that there should thus not be a
sudden cut-o of input across columns. To further facilitate comparisons with experimental
results, we de ned the term F. It re ects the distance of the stimulus audio-frequency from
a column's BF in units of octaves. For a pre-synaptic ring rate re ecting the maximum SPL
of a simulated pure-tone stimulus ¢ = 1), Table 4 summarises, as a function of F, the scaled

pre-synaptic ring rate s(i) at a erent connections targeting MGv.

1.1.3 Structure of the single-column model

Figure 7: Diagram illustrating the single-column model, where N = 1. A erent input (re ecting
auditory stimulation) targets the excitatory population via the a erent connection. Just as for the
gerbil AC model, the dynamic response of the network is governed by Equations (3a-c). A erent and
excitatory intracolumnar connections are subject to STSD (c.f. Equations (3c) and (8), respectively).

In addition to the gerbil AC model, we implemented a model consisting of a single excitatory
and inhibitory population (see Figure 7). The aim was to compare this column's response be-
haviour to the RS dynamics observed for columns embedded into the larger gerbil AC network
and thus identify potential network e ects. Just like for the gerbil AC model, the dynamic
response of the single-column model was governed by Equations (3a-c). Note that, for a model
of sizeN =1, these equations are reduced to scalar form and only a single target for a erent
input remains. Such a single-column model could, of course, not be tonotopically organised.
However, akin to the approach taken for the gerbil AC model, we re ected di erent stimu-
lus audio-frequencies by scaling the pre-synaptic ring rate of the a erent connection. BF
stimulation was re ected by a pre-synaptic ring rate of 1 and for each half-octave step away
from the BF, the maximum value decreased according to the previously described Gaussian
function with i, = 2 (see Table 4).

With the exception of (ec.a , parameter values in the single-column model were always
equal to those in the gerbil AC model, i.e. all cortical values summarised in Table 1 as well
as the intracolumnar connection weights summarised in Table 3 were applied. We used three
di erent values for (¢4 to investigate how RS lifetime varies when STSD recovery at the
a erent connection is faster than, equal to, or slower than at the recurrent connections. Exact

values are summarised in Table 5.
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a erent vs. intracolumnar STSD recovery

parameter faster equal slower
rec:a 0.500 s 1.000 s 1.500 s
rec 1.000 s 1.000 s 1.000 s

Table 5: Time constants of recovery from STSD for a erent ( rec.a ) and intracolumnar ( rec) con-
nections, used for simulations with the single-column model.

1.1.4 Stimulation paradigms
Repetition suppression paradigm

We investigated audio-frequency-speci ¢ RS in the gerbil AC and in the single-column model
by presenting a classic regular-SOI paradigm. Each stimulus had a duration of 100 ms, with
a respective linear rise and fall time of 5 ms. Within a stimulus block, the SOI was constant
and the stimulus was repeated a total ofng;,, = 20 times. Across blocks, the following 10
SOl-values were used: 0.219 s, 0.328 s, 0.438 s, 0.656 s, 0.875 s, 1.313 s, 1.750 s, 2.626 s,
3.500 s, and 7.000 s. These values were selected to match those employed for the in-vivo
experiments (see Section 2.1.2). For the single-column model, the blocks were presented at
nine di erent audio-frequencies, with F ranging from O oct to 4 oct in half-octave steps.

For the gerbil AC model, we found that, at a SOI of 219 ms, model columns were still re-
sponding to the previous stimulus when the subsequent stimulus was presented (c.f. Figure 8).
Stimulus-speci ¢ responses could thus not be identi ed. Therefore, we excluded data recorded
for the 0.219-s SOI from further analysis and added a 5-s SOI to the paradigm instead. The
10 stimulus blocks were each presented at two di erent audio-frequencies 2 kHz and 8 kHz.

The initial conditions before the presentation of each stimulus block were equal to the
model's resting state (i.e. all state variables inu and v set to zero, all elements ofj equal to
1, no input), postulating full recovery from synaptic depression after the presentation of the
previous stimulus block. The order of presentation of the di erent blocks was thus irrelevant.
During the presentation of each block, we continuously recorded the state variables of all
populations in the network as well as the synaptic e cacies for all connections. The sampling

rate was 1 kHz.

Frequency response paradigm

To characterise the frequency response of the gerbil AC model, we presented the 0.656-s-SOI
stimulus block at additional audio-frequencies, ranging from 0.25 kHz to 42.5 kHz, in half-
octave steps (thus covering the full tonotopic map de ned for the MGv columns). For
the single-column model, the frequency response paradigm was already included in the RS
paradigm, where the 0.656-s-SOI stimulus block was presented at nine di erent audio-frequen-

cies, with F ranging from 0 oct to 4 oct in half-octave steps.

26



1.1.5 Analysis of simulated data

Measures of neuronal activity

In our modelling approach, the state of excitatory and inhibitory neuronal populations is
re ected by state variables (u and v, respectively) and population output is re ected by ring
rates (g(u) and g(v)). Moreover, as the state variables can be thought of as the populations'
mean membrane potentials, u and Vv represent net current ow across the respective mem-
brane. The chosen polarity matches the sign convention used in electrophysiology (see, for
example, Hammond, 2015). Given that our in-vivo data re ected changes in current ow
across the membranes of pyramidal neurons (see Section 2.1.3), we based our analysis of in-
silico RS dynamics on the net current ow re ected by et = U. We used Equations 3a-3c
to compute column-speci ¢ time courses pet(t) from the data recorded during the simulations
(u(t), v(t), and q(t)).

To investigate the response behaviour of individual columns in further detail, we also
decomposed et (t) into the di erent types of transmembrane current that make up this net
ow. These types are re ected by the individual terms on the right-hand side (r.h.s.) of
Equation (3a). The rst term on the r.h.s. of Equation (3a) re ects a passive leak current
to account for the membrane's nite resistance. For any given columni, the leak current

associated with the excitatory population is

ui(t) |

leak;i (1) = (20)
m
The excitatory synaptic current caused by ee-connections (c.secondterm on the r.h.s.
of Equation (3a)) is
1
eei(t) = — Weei Q(t) glu(t)] ; (11)
m

where the weights of the ee-connections targeting column are given by Weei = ( Wee(i; 1);
110 Wee(i; N ))” . The inhibitory synaptic current caused by ei-connections (c.f.third term

on the r.h.s. of Equation (3a)), is

i (1) = i Wi glv(t)] ; (12)

where vectorweii = (Wei(i; 1); :::; Wei(i; N ))” contains the weights of the ei-connections
targeting column i. Finally, synaptic current induced via the a erent connection to re ect

stimulus presentation (c.f. fourth term on the r.h.s. of Equation (3a)), is
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area index vector column indices
MGv j Mav (1; =25 Ny)
core J core (N¢+1; :::; 3Ny)
belt | belt (BN¢+1; :::; 6N¢)
parabelt J p.belt (BN¢+1; :::; 9Ng)

Table 6: Area-speci ¢ column indices for the gerbil AC model. N is the number of columns per eld
and was set to 16. The core area has two elds, the belt areas has three elds, and the parabelt area
also has three elds (c.f. Figure 4).

ia i(t)

m

ai(t)= (13)

Note that, for the single-column model, whereN = 1, the equations introduced above are
reduced to scalar form. Net transmembrane current ow for any columni is given by

uj neti = leaki t eei t eii T inp;i- (14)

To explore the response behaviour of individual columns in the gerbil AC model even
further, we also decomposed the excitatory synaptic current ¢ej according to the following
regions of connection origin. MGv, core, belt, parabelt. Moreover, we treated recurrent
excitation (where the index of the target column is equal to the index of the source column,
i = j), as a separate category. Columns located in a given area have indigeg j area. Table 6

speci es these vectorg for the di erent areas. Thus, for a given columni, the vector

gll;.';ela = (Wee(l J )) j 2jarea; J6I (15)

lists the weights of the intercolumnar connections originating in the respective area and tar-

geting columni. The matching levels of synaptic e cacy are summarised in matrix

Q¥%(t) = diagl (G (1) j 2 juea; j&i I (16)
and the state variables of the connection sources are re ected by entries of vector
U = (U (1) § 2 jaren; j61i° 17)

The net excitatory synaptic current induced via intercolumnar connections originating in a

given area is thus
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)= W QU gut ] (18)

and the excitatory synaptic current induced via the recurrent, intracolumnar ee-connection is

recurrent () = i Weelisi) G (t) glui(1)] : (19)

Preliminary assessment

In the gerbil AC model, our investigation of response behaviour was focussed on the primary
auditory cortex, i.e. the 16 columns making up Al. We found that the responses that our
stimuli evoked in these columns evolved over a time scale of about 300 ms. This is illustrated
in Figure 8, where examples of time courses.(t) recorded in response to the rst stimulus
within each block are plotted in a time window from 50 ms to 350 ms relative to stimulus
onset. Given that our model was noise-free and the initial conditions for the presentation of
each block were equal to the model's resting state, the response to the rst stimulus within
each block was identical across SOls. After stimulus presentation, current owne(t) returned
to baseline (zero) shortly after the 300-ms mark.

As shown in Figure 8, peak response amplitudes in the time window from 0 ms to 150 ms
declined with increasing di erence betweerigr (index of the MGv column where BF = stimu-
lus audio-frequency, c.f. Figure 6) and(i) (Equation (4), intra eld index of the A1 columns).
We found that jigr  k(i)j = 4 was the largest di erence where the A1l columns showed
a distinct response peak across all three settings of model parametef.. Thus, we lim-
ited our analysis of RS response behaviour to columns whejjese  k(i)j 4. Note that,
while jige  k(i)j = 0 only applies to one Al column, the other distances each apply to two
columns. Thus, a total of nine Al columns satis ed the condition. The complete overlap of
the response curves for column pairs with the sampgge  k(i)j-value re ects the symmetry
of the connectivity patterns de ned in the weight matrices.

After identifying the subset of responsive columns, we assessed the evolution of the peak
amplitude A, of the response in the time window from 0 ms to 150 ms for stimulus indices
isim = 1 to ngim. For SOIs < 3.5 s, stimulus repetition led to, at least, a 10% decrease in
Ai,., relative tothe rststimulus, i.e. for isim > 1, (A1 Aj, )=A1 0:100 The smaller the
SOl, the larger the decrease. The model was thus exhibiting SOI-dependent RS. In 60% of
the 540 cases (2 stimulus audio-frequencies 10 SOIs 3 je-values 9 columns),A;_,, was
fully stable from the fth stimulus onward ( As = Ag = A7 = 1 = Ap,, )- For an example of

this response behaviour, see Figure 9a.
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Figure 8: Column-speci c responses, in terms of
net, to the rst stimulus in all blocks for & =7
and ige = 7. Evoked responses unfold within
a time window of about 300 ms and the ampli-
tude of the response peak in the time window from
0 ms to 150 ms decreases with increasing di er-
encejige  Kk(i)j. At jige k(i)j =5, columns are
virtually unresponsive. Blue curve: Al column 7;
orange curve: Al columns 5 and 9; yellow curve:
Al columns 3 and 11; green curve: Al columns 2

and 12.

Cases where response amplitudes were not fully stable by the fth stimulus were clustered
at shorter SOls. Stabilisation required up tonggpe = 10 stimulus repetitions one example
is illustrated in Figure 9b. Moreover, stabilisation was not absolute and we observed small
cyclic patterns. One clear example of such a pattern is shown in Figure 9c. Compared to
the change in amplitude relative to the rst response, however, variations in peak amplitudes
across the second half of the stimulus block were small. We de ned the mean peak amplitude
1 Kim
Astable = ———— Ai

Nstim  Nstable

(20)

stim

(Nstaple *1)

and found that, at most, deviations from this mean were equal to 16% of the di erence between
A1 and Agtaple, i.€. foristim > 10, jAstaple  Aign (A1 Astable)  0:16. 53% of the deviations
jAstable  Aj

gerbil AC model was noise free, these small variations were part of the network's response to

«m |, Were equal to less than 10% of the di erenc€A1  Astanle). Given that our
the RS paradigm. To determine lifetimes of RS for this model, we characterised stabilised RS
for each SOI, column, stimulus audio-frequency, and je by the average response, in terms of

net,» across stimulinggpe +1 to Ngim . Thus, with time t expressed relative to stimulus onset,
single trials in the time window 50ms t 350ms,or 50ms t SOl if SOl <350 ms,
were averaged across stimuli 11 to 20.

Examples of such condition-speci ¢ average time courses.:(t) are shown in Figure 10a
and b. We determined the absolute amplitudeA(SOI) of the associated response peak in
the time window from 0 ms to 150 ms. For each model and stimulus parameter setting
employed in our simulations, A(SOI) gradually increased with SOl and converged towards a
saturation value, as is characteristic of the RS phenomenon. Table 7 provides an overview of

all conditions investigated in our simulations.
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Figure 9: Examples of the response behaviour of A1 column 7, in terms of,c;, observed for di erent
stimulus blocks. The grey horizontal markers re ect stimulus onset and duration, red circles mark
response peaks, and the dashed line indicates mean peak amplitudgpe . & For a SOl of 0.875 s
and a stimulus audio-frequency of 2 kHz, the column's response peaks stabilise within the rst ve
stimulus repetitions. b: For a SOI of 0.328 s and a stimulus audio-frequency of 2 kHz, the column's
response peaks only stabilise after ten stimulus repetitions. Stabilisation is not absolute but deviations
from the mean amplitude Agape are small. ¢ For a SOI of 0.875 s and a stimulus audio-frequency
of 8 kHz, the column exhibits a clear cyclic response pattern but response peaks remain close to the
mean amplitude Astaple When compared to the di erence betweenA; and Aggpe - Note that while
peak amplitudes have negative polarity in this gure, peak amplitude A(SOI) determined from the
mean across stimulus repetitions was an absolute value without polarity in subsequent analysis steps.
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stimulus model
model audio- parameter examined
type frequency SOl [s] setting columns total
ten options: nine options:
gerbil two options: 0.328, 0.438, thre_e options: Al columns 540
AC 2 kHz, 8 kHz 0.656, 0.875, 1.313, intra eld where conditions
' 1.750, 2.626, 3.500, ie 2 [4;5;7] i k()] 4
5.000, 7.000 Jler J
nine options: ten options:
sinale A Opct " | 0.219, 0.328, 0.438,| three options: 270
colu?nn F 4oct 0.656, 0.875, 1.313, rec:a 2 one option conditions
1.750, 2.626, 3.500,| [0:5;1:0;1:5] s
(0.5-oct steps) 7000

Table 7: Overview of experimental conditions investigated in our simulations

In the single-column model, we found that the responses evoked by the stimuli evolved
over a time scale of about 200 ms. Thus, unlike for the gerbil AC model, we included data
recorded for the 219-ms SOI in further analysis. Moreover, even stimulation at the largest

F (4 oct) used for the RS paradigm showed a clear response peak across all SOI- apgd, -
values. Consequently, all recorded data was included in further analysis. For SOks 2.626 s,
stimulus repetition led to, at least, a 10% decrease i, relative to the rst stimulus (for
istm > 1, (A1 Aig, )=A1 0:100 and the smaller the SOI, the larger the decrease. The
model was thus exhibiting SOI-dependent RSA;_,, was always fully stable from the fth
stimulus onward (As = As = A7 = I = Ap,, ). To harmonise the analysis pipelines, we
characterised stabilised RS in the single-column model via the same approach as used for the
gerbil AC model. Thus, although technically unnecessary, we computed the average response
et across stimuliNggape + 1 t0 Ngtim, i.€. stimuli 11 to 20, separately for each SOI, stimulus
audio-frequency, and (¢4 -value.

Examples of the resulting condition-speci c average time coursesne(t) are shown in
panels a and b of Figure 11. Again, as is characteristic of the RS phenomenon, peak response
amplitude A(SOI) observed in the time window from 0 ms to 80 ms gradually increased with
SOl and converged towards a saturation value at the largest SOI. The SOI-dependence of
the peak amplitude exhibited this characteristic increase for each of the model and stimulus
parameter settings employed in our simulations. Table 7 provides an overview of all the

investigated conditions.
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Figure 10: Overview of results for column 7 in Al of the gerbil AC model with lateral range of
e ectively inhibitory connections, i, equal to 5. a and b: SOl-speci ¢ response, in terms of g,
for stimulation at F = 0 oct (left) and at F = 2 oct (right). c: Circles indicate peak response
amplitude plotted as a function of SOI for F =0 oct, squares for F =2 oct. The two grey curves
are plots of Equation (1) tted to the respective data set. d: Circles indicate peak latency plotted as
a function of SOI-dependent peak amplitude for stimulation at F = 0 oct, squares for stimulation
at F =2 oct. The dark grey line in each panel is a linear regression (c.f. Equation (21)).
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Figure 11: Overview of results for the single-column model when ec.a = 1.000 s. a and b: Time
course of ne per SOI for stimulation at F = 0 oct (left) and at F = 2 oct (right). c: Circles
indicate response amplitude plotted as a function of SOI for F = 0 oct, squares for F = 2 oct.

The two grey lines are plots of Equation (1) tted to the respective data set. d: Circles indicate peak
latency plotted as a function of SOI-dependent peak amplitude for stimulation at F = 0 oct, squares

for stimulation at F = 2 oct. The dark grey curves are linear regressions (c.f. Equation (21)) for the
respective data set.
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Quanti cation of repetition suppression lifetime

To quantify the lifetime of RS, we tted Equation (1) to the amplitude values A(SOI) observed
for et (time window 0 ms to 150 ms w.r.t. stimulus onset for the gerbil AC model, 0 ms
to 80 ms for the single-column model). The parametety was set to the stimulus duration
(0.100 s), re ecting the logic that once SOI equals stimulus duration and individual tones
merge into a continuous tone, no evoked response peak should be detectable beyond the rst
stimulus. To ensure robust tting results, the tting algorithm consisted of a two-step process.
First, we applied a non-iterative regression method based on an appropriate integral equation
(Jacquelin, 2009). Next, the values for so; and Asy Obtained via this approach were used as
the starting points for a further improvement of the t via an iterative least squares approach
(Isgnonlin function, MATLAB R2021b). Ultimately, we thus obtained six sgj-values per
column for the gerbil AC model (two options for stimulus audio-frequency three options
for model parameter i) and 27 values for the single-column model (nine options for stimulus
audio-frequency three options for model parameter (ec.a ). As an example, Figures 10c
and 11c show the peak amplitudes from respective panels a and b as a function of SOI along

with the corresponding ts of Equation (1) (grey curves).

Quanti cation of peak latency shift

In both the gerbil AC and the single-column model, we observed a shift in peak latency as
a function of SOI. In most cases, peak latencypeak increased with decreasing SOI and thus
with decreasing peak response amplitudé (SOI) (see, for example, Figures 10a and b). For
all simulation conditions, the relationship between SOI-speci c peak amplitudeA(SOIl) and

peak latencytpeak could be coarsely summarised by the linear function

"L (A(SOl))= A (SOl)+ c; (21)

where tting parameter re ects direction and magnitude of the peak latency shift and

c is the x-axis intercept. As an example, Figures 10d and 11d show plots dfeax as a
function of A(SOI), deduced from the data in panels a and b, and the corresponding linear
regressions (Equation (21), grey lines). Ultimately, we normalised peak amplitudes relative to
the respective 7-s SOI peak amplitude before carrying out linear regressions to achieve better

comparability of -values across conditions.
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Computation of frequency response functions

For the FR paradigm, we characterised the audio-frequency-speci ¢ responses of each column
via the same single-trial averages as the SOI-speci c responses for the RS paradigm, i.e. we
computed the average response, in terms ofyet, across stimuli nggpe + 1 t0 Ngim for each
audio-frequency and model parameter setting. Next, we determined the amplitude of the
response peak (time window 0 ms to 150 ms w.r.t. stimulus onset for the gerbil AC model,
0 ms to 80 ms for the single-column model). Finally, FR functions for individual columns were
obtained by plotting the respective peak amplitudes as a function of stimulus audio-frequency
(c.f. Figures 12 and 19).

1.2 Simulation results and predictions

1.2.1 Response behaviour of the single-column model

Frequency response

Figure 12 shows the FR functions obtained for the single-column model by varying F,
i.e. the amplitude of the presynaptic ring rate of the aerent connection (c.f. Table 4).
Overall, Figure 12 con rms that the approach we devised to re ect stimulus audio-frequency
in the single-column model leads to single-peaked FR functions comparable to the average
FR functions the literature reports for neural populations in the gerbil AC (e.g. Happel et
al. 2010, Figure 3A; Deane et al. 2020, Figure 3B; Ma & Brunk et al. 2021, Figure 1G). The
model parameter c.a , the time constant of recovery from STSD at the a erent connection,
has an e ect on the model's FR function. With increasing rec.a , the peak amplitude at F
=0 oct decreases from 38.9 to 31.1 to 26.3. Additionally, the FR function becomes less sharp.
FR function width, in terms of the ratio between the peak response amplitude at F = 2 oct
and F =0 oct increases from 0.760 to 0.811 to 0.846.

Figure 12: FR functions of the
single-column model for the three
dierent (ec.a -values used during
simulations. Results are mirrored
at the axis F = 0 oct to re ect
stimulus audio-frequencies above as
well as below the BF.
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Lifetime of repetition suppression and peak latency shift

Figure 13 summarises the RS response dynamics of the single-column model fora., -value
of 0.500 s (black markers), 1.000 s (grey markers), and 1.500 s (white markers). Compared to
STSD at the recurrent connections, this corresponds to faster, equal, or slower recovery from
STSD at the a erent connection (c.f. Table 5). As we describe our results in this context, we
refer to the three parameter settings with these descriptive terms in the text below as well as
in the legends of Figures 13, 16, and 17.

In Figure 13a, RS lifetimes so, are plotted as a function of F. As illustrated by the
white triangles, soj decreaseswith increasing distance from the BF (i.e. with increasing F)
when recovery from STSD is slower at the a erent connection. The gg|-value starts out at
1.284 s for F =0 oct and decreases to 0.989 s for F = 4 oct. In contrast, the black triangles
show that gp) increaseswith increasing distance from the BF when STSD recovery is faster
at the a erent connection. For this scenario, the g -value starts out at 0.762 sfor F=10
oct and reaches 0.883 s for F = 4 oct. When (ec and (eca are equal, so; shows a milder
decrease with increasing distance from the BF. Thegp,-value starts out at 1.049 s for F =
0 oct and decreases to 0.939 s forF = 4 oct.

Figure 13b presents results regarding response peak latencies. The top panel summarises
peak latency shift (c.f. Equation (21)), as a function of F. The absolute value of always
exhibits a mild increase with distance from the BF, however the polarity and magnitude
varies. For slower a erent STSD recovery, latency shift is positive (black circles). This
means that peak latency is delayed withincreasing SOI. Note, however, that this shift is very
minor, with 5 ms for F < 3 oct and a maximum value of 11 ms. For faster a erent
STSD recovery, latency shift is negative peak (white circles). This means that peak latency
is delayed with decreasingSOIl. The extent of this delay increases with F. The -value starts
outat 13 ms for F =0 oct and reaches 32ms for F =4 oct. When STSD recovery
dynamics are equal for all connections, there is a mild delay in peak latency with decreasing
SOIl. The extent of this delay is fairly stable across all but the largest F. for F < 4 oct,

-values range from 6msto 8msandfor F=4oct, = 15ms.

The bottom panel of Figure 13b shows the median response peak lateney,(tpeax), across

all ten SOI values as a function of F. Peak latencies increased by about 40 ms acrossF-

values, and there was little di erence between (¢4 -settings (3 ms at most).
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Figure 13: RS lifetimes and peak latency variations in the single-column model.a: RS lifetime
sor as a function of F when, relative to the recurrent connections, STSD recovery at the a erent
connection is slower (black markers), equal (grey markers), or faster (white markers). For the faster
condition, so; increases, whereas for the slower condition,so; decreases with distance from the BF.
b: The top panel summarises RS-induced peak latency shift, re ected by tting parameter , and
the bottom panel shows the median response peak latencm(tpeak), across all ten SOI values, as a

function of F for the three di erent (.2 -Settings. The same colour code as in panel a applies.

In summary, we thus observed:

1. a decrease or an increase ingo; as a function of F, depending on STSD recovery

dynamics.
2. an increase in median peak latency as a function of F
3. an increase in the magnitude of the peak latency shift as a function of F
4. a positive or a negative the peak latency shift , depending on STSD recovery dynamics

Response measures, m(tpeak), and so were based on the net transmembrane current
associated with the excitatory population of the model. In the following sections, we will
explore the model's response behaviour in terms of the di erent subtypes of transmembrane
current that make up this net ow (c.f. Equations (10) to (13)). This was done in order to
study which neuronal interactions are contributing to the variations in RS lifetime and peak

latency.
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Figure 14: Break-down of the time course of the
single-column model's stabilised response into the
components that make up the net current ow. In
this example, rec:a = rec, SOl =0.328 s, and F
= 2 oct. Stimulus onset and duration are mapped
out via the grey shading in the background. Grey
curve: aerent input, 5 , reecting stimulus pre-
sentation (Equation (13)); orange curve: leak cur-
rent, jeak (Equation (10)); red curve: inhibitory
synaptic current, ¢ (Equation (12)); green curve:
excitatory synaptic current, . (Equation (11));
blue curve: net current ow, e (Equation (14)).

Components of the single-column model's response

For one example condition, Figure 14 breaks down the net response of the single-column
model into excitatory and inhibitory synaptic current, leak current, and a erent current. The

illustrated response sequence could be observed across all conditions:

1. Aerent input drives the response via 5 and moves the column away from its resting

state (u =0, v=0), which rst activates the passive leak current, |eax.

2. After a certain delay relative to stimulus onset, the excitatory population's ring thresh-
old is crossed and the population begins to respond activelyg(u) > 0), leading to an

excitatory synaptic current, e, via the population's recurrent ee-connection.

3. Activity of the excitatory population also causes the activation of the inhibitory popula-
tion (g(v) > 0) via the ie-connection, which in turn causes inhibitory synaptic current,

ei, targeting the excitatory population via the ei-connection.

4. After stimulus o set, current ow steadily decreases and the column returns to its resting

state.

While this basic response sequence was preserved across conditions, the relative contribution
of the individual current components to the net response varied. This in turn a ected the
response measuressp; and . The underlying mechanisms will be explored in the following

sections.
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E ect of short-term synaptic depression on the a erent current

Recovery from STSD at the a erent connection, i.e. the connection that relayed pre-synaptic
activity re ecting stimulus presentation, was governed by time constant ..o . The e ect

of reca ON 4 is illustrated in Figure 15, where time courses 5 (t) for the rst 4 s of a
stimulus block are shown for the three dierent (ec4 -values. The four panels summarise
responses for two di erent SOI values and two di erent stimulus audio-frequencies, respec-
tively. Stimulus repetition led to depression at the a erent synapse which in turn suppressed
single-trial responses. Across all panels, the e ect ofec.4 On the level of this suppression
becomes apparent. The longer the time constant, the slower the recovery from STSD and
thus the more suppressed the single-trial response when the stimulus is repeated. Compare
for example Figures 15b and d, where SOl is equal to 1.750 s: for @4 0f 0.500 s, single-
trial time courses of , are close to identical across stimulus repetition, whereas for gec.a

of 1.500 s, there is a clear decline in response. For the shorter SOI of 0.438 s (Figures 15a and
c), recovery from STSD is incomplete across all threeec.a -values and responses decrease
continuously across several stimulus repetitions but the decline is again most pronounced for
the longest (ec.a . Across condition, single-trial response were always stabilised by stimulus
ve.

Across stimulus audio-frequencies, peak response amplitudes were larger the smalldf.
This re ects the audio-frequency-speci ¢ scaling we imposed on the presynaptic ring rate
(c.f. Table 4). Across the duration of each stimulus, a continuous decline in, -amplitude
could be observed. This occurred across all conditions and re ected the decline in synaptic
e cacy brought on by STSD and governed by time constant o,.4 (See Equation (8)). Thus,

in summary:

" The aerent current 5 exhibits SOI-speci ¢ RS. Single-trial responses decrease across
stimulus repetitions and stabilise after a few repetitions. The amplitude of the stabilised

response is smaller the shorter the SOI.

~ For a given SOI, the amplitude of the stabilised ; response decreases with increasing

reca » I-€. RS is more pronounced the longer eca -

F a ects response amplitudes, re ecting the audio-frequency-speci ¢ scaling imposed

on the presynaptic ring rate (c.f. Table 4)
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Figure 15: A erent excitatory current , induced at the excitatory population of the single-column
model when simulating the presentation of pure tone stimuli with a SOI of 0.438 s (left) or a SOI of
1.750 s (right) and an an audio-frequency characterised by F = 0 oct (top) or F = 2 oct (bottom).
Blue curves re ect simulation results for ec.a = 0.500 s, green curves results forec.a = 1.000 s,
and pink curves for ec.a = 1.500 s. The a erent current exhibits RS, single-trial responses decrease
with stimulus repetition and the longer (ec.a , the more pronounced the suppression. Additionally,
response amplitudes are a ected by F, re ecting the audio-frequency-speci ¢ scaling imposed on the
presynaptic ring rate (c.f. Table 4).
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Figure 16: Single-column model response behaviour ratio pea Of currents , and e at tpeax
(Equation (22)) as a function of F for a short SOI (0.328 s, panel a) and a longer SOI (2.626 s, panel
b) and all three (.4 -values (faster, red markers; equal, orange markers; slower, yellow markers).
rec;a has a strong e ect on peak When SOI is short and  F is small.

Mechanisms behind variations in the lifetime of repetition suppression

A response peak in net is observed at timetpeak because excitatory synaptic current, namely
the sum of 5 and ¢ Mmaximally exceeds the inhibitory current, ok + e, at this moment
(c.f. Figure 14). While this was the case across alljec.a -values, SOls, and F-values, the
relative contribution of the two excitatory synaptic currents to the net response varied as a

function of all these factors. To capture the variation, we de ned the ratio

a (tpeak)
= ——= 22
peak ee(tpeak) ( )

In Figure 16, peak is plotted as a function of F for a short SOI (a) and a longer SOI (b) and
for all three (ec.a -values. For both SOls, peax decreased with F. This is easily explained
by the decrease in presynaptic ring rates, i.e. maximum values of ; , that goes along with
the increase in F (c.f. Table 4).
For the shorter SOI, peax Showed a large dependence onec.a , fanning out at smaller

F and converging at larger F. In contrast, peak-values converged acrossrec.a -values in
the longer SOI condition. This observation also applied to the other SOl-values. For SOls
2.626 s, values of peax Were very similar across rec.a -values, and di ered by no more than
10%. For SOls< 2.626 s and small F, peak-values diered signi cantly across reca -values,
remaining below 0.5 for the longer (ec;a condition and approaching values of 1 for the shorter
condition. A peak-value' 1 means that a erent synaptic current 5 made up about 50% of
the net excitatory synaptic current at tpeax When STSD recovery was faster at the the a erent
than at the recurrent connection. This relative contribution to the net excitatory synaptic
current decreased as a function of SOI and F.

The observations described above can be related to thesg,-distribution shown in Fig-
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ure 13a. The gpj-values re ect the amalgamation of the (eca - and rec-value in uencing

the time course of ; and ¢ The amalgamation is partially based on the relative contri-
bution of the respective current type to the net response peak. For F = 4 oct, the relative

contribution of 5 is small across all three rec.q -values ( peak < 0:300 for all investigated

SOls) and thus sg) is a close re ection of (e irrespective of gc.a . With  ec Set to 1.000 s
(c.f. Table 5), values of s ranged from 0.882 s to 0.989 s.

At the other end of the F-range, i.e. for F = 0 oct, the relative contribution of
was larger and, additionally, varied as a function of ec.a . For the shorter- \ec.a condition
and short SOIs, , made up almost half of the net excitatory synaptic current attpeak. The
resulting soi-value, being equal to 0.762 s, lies about halfway betweeneca (0.500 s) and

rec (1.000 s). In contrast, for the longer-ec.a condition, the relative contribution of 5 was
equal to just under 30% for short SOI values. The resulting soi-value, being equal to 1.284 s,
also lies about halfway between jgc.a (1.500 s) and rec (1.000 s). Here, we additionally need
to consider that, unless peax is very small, recurrent excitation is limited in its ability to
compensate for the STSD a ecting 5 . For eca = 1.500 s, STSD is quite pronounced (c.f.
pink curves in Figure 15).
In summary, the so distribution observed for the single-column model (c.f. Figure 13a)

can thus be explained as follows:

" Irrespective of ec.a , soi-values converge towards a value close tqec With increasing
F because the relative contribution of ¢ to the net response peak increases whereas

the relative contribution of , declines.

~

For small F, the relative contribution of 5 to the net response peak is more signi cant
and gpj-values re ect an amalgamation of ec.a and (ec. Therefore, soi > (e for

reca > recy SOl rec fOI reca = rec, @Nd soi < rec fOr reca < rec.

" In consequence, so| increases as a function of increasing F when (eca < rec, Stays

fairly stable when (eca = rec, and decreases wheneca >  rec.

Mechanisms behind variations in response peak latency

As described in Section 1.2.1, Components of the single-column model's response, and illus-
trated in Figure 14, the column's excitatory population only starts to re after a certain delay
relative to stimulus onset, when the ring threshold is crossed due to the induced a erent
current 5 (c.f. Point 2 of the description of the column's response sequence). The population
then starts to further excite itself via the recurrent ee-connection (e¢). Figure 17 illustrates
the ring onset latency, t e, as a function of F for a shorter SOI (0.328 s, panel a) and a
longer SOI (2.626 s, panel b), and all three ¢c.4 options. For both SOls, the ring onset

latency increases by at least 13 ms from F = 0 octto F = 4 oct. This increase int
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Figure 17: Single-column model response behaviour ring onset latencytpea Of the excitatory
population as a function of F. In panel a, SOI is short (0.328 s) and in panel b, it is longer (2.626 s).
An increase in F delays ring onset.

as a function of F was observed for all investigated conditions. The e ect can be explained
by the aforementioned decrease in, -amplitude that accompanies the increase in F. The
smaller 5 , and thus the resulting change in state variableu per increment of time, the longer
it takes for the population to reach its ring threshold.
Additionally, decreasing , -amplitudes also a ected the rising slope of ¢e. The respective
gradient was always steeper the smaller F was. Figure 18 illustrates this for reca = rec-
An overlay of time courses of ¢ is shown for the dierent F-values and the three panels
re ect three di erent SOI-values. In the rst 30 to 50 ms, the darker and lighter green curves
do not overlap and the magnitude of the respective gradient is always larger for smaller F.
This di erence further delays the latency of the ¢¢ peak, and therefore the net response peak,
as a function of increasing F. In summary, the delay in median peak latency as a function
of increasing F observed for the single-column model (c.f. lower panel of Figure 13b) can
be explained as follows: The amplitude of ; decreases as a function of F. This delays the
ring onset of the excitatory population and decreases the gradient of the rising slope oOfee,
which in turn delays tpeak.
As discussed in Section 1.2.1, E ect of short-term synaptic depression on the a erent
current, , -amplitudes for a given F were a ected by both SOl and (.5 . For a shorter
reca » the e ect of STSD on SOl-specic jnp-amplitudes was comparatively mild (c.f. blue
curves in Figure 15). In consequence, ring onset latencies did not di er by more than 5 ms
across SOls (e.g. compare red markers in Figure 17a vs. b). Peak latencies of the net response
net Were thus relatively stable across SOl-values and the magnitude of the latency shift
was close to zero for F < 3 (c.f. black markers in the upper panel of Figure 13b). For large
F, we observed a mild delay in peak latency withincreasing SOI. This can be explained by
the slightly larger contribution of the early-peaking 5 to the net peak for shorter than for

longer SOls (c.f. Figure 16, a vs. b).
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Figure 18: Time courses of synaptic current e in the single-column model (e -ratio = 1) for the
nine di erent stimulus audio-frequencies ( F=0octto F =4 oct, darkest to lightest green curve).
To compare the gradients of the condition-speci ¢ time courses, they were aligned relative to the
respective ring onset latency, i.e.t = 0 ms marks ring onset rather than stimulus onset. SOl-values
increase from left to right, in panel a, SOl = 0.328 s, in panelb, SOI = 0.656 s, and in panelc, SOI

= 1.313 s. For time points preceding the peak response, the magnitude of the gradient increases with
decreasing F. Moreover, it increases with increasing SOI.

For a longer (eca , the scenario was dierent. The e ect of STSD on , -amplitudes
was comparatively strong (c.f. pink curves in Figure 15) and, in consequence, ring onset
latencies and gradients of ¢¢ where shorter/shallower the shorter the SOI. The di erence in
te between shortest and longest SOl was about 10 ms. This di erence, along with the SOI-
speci ¢ magnitude of the ensuing ¢e-gradient, caused a delay in peak latency wittdecreasing
SOl and we thus observed negative -values, ranging from -13 ms to -32 ms (c.f. white markers
in upper panel of Figure 13).

The condition eca = rec resulted in a milder delay in peak latency as a function of
decreasingSOlI ( -values range from -7 ms to -15 ms, c.f. grey markers in the upper panel of
Figure 13) due to a milder e ect of STSD on , -amplitudes (c.f. green curves in Figure 15).
In summary, the peak latency dependence on SOI we observed for the single-column model

can be explained as follows:

" When (a4 islonger, the e ect of STSD on the a erent current is stronger and ampli-
tudes of 5 increase with SOI across the investigated range. In consequence, as SOl is
increased, the ring onset latency decreases and the ensuing gradient of the rising slope

of ¢e increases. This leads to a decrease in the peak latency of;.

" When (eca is shorter, the e ect of STSD on the a erent current is milder. In conse-

guence, amplitudes of ; and therefore peak latencies of e vary less across SOI.

On the following pages, we will present simulations results from the gerbil AC model and com-
pare the response behaviour of individual columns in core eld Al to the response behaviour

of the single column model. Recall that for (ec.a = rec, i.€. When all connections were
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parameter

setting e =4 e =5 e =7

qualitative description

of resulting FR functions broader | intermediate | sharper

Table 8: Lateral reach of e ectively inhibitory ie-connections i, and qualitative description of
resulting FR functions for columns in Al

characterised by the same STSD recovery time, we observedo, ' rec in the single column

model. In the gerbil AC model, all connections targeting A1 columns were characterised by
a rec Of 1.000 s (c.f. Table 1). Does this mean thatsg; '  rec for these columns? How does
embedding columns in a larger network a ect their response behaviour? We aimed to answer

these questions with our analysis.

1.2.2 Response behaviour of the gerbil AC model

Spectral selectivity

The FR functions of the individual A1 columns in the gerbil AC model were always single
peaked, thus identifying a clear BF for each column. This BF increased with column index.
Due to the tonotopic connectivity pattern we de ned in the weight matrices, Al tuning was
a direct re ection of the MGv tuning we speci ed (c.f. Figure 6). Increasing ie, the lateral
reach of the e ectively inhibitory ie-connections, from 4 to 5 to 7, lead to a sharpening of the
FR functions.

As an example of the results described above, Figure 19 summarises the FR functions of
Al columns 7, 9 and 11. These have a BF of 2 kHz, 4 kHz, and 8 kHz, respectively. To
qguantify the “sharpness' of the FR functions, we computed the ratio of the peak response
amplitude two octaves below the BF and at the BF. This ratio decreased from about two
thirds for e = 4 to one half for e =5 to one third for ¢ = 4. In contrast, peak response
amplitudes at the BF di ered by no more than 1%.

Our results are in agreement with the previously reported observation that strength and
lateral reach of the e ectively inhibitory ie-connections modulate spectral selectivity (May and
Tiitinen, 2013). Using i =4 results in broader and ¢ =7 in sharper audio-frequency tuning,
whereas i = 5 results in an intermediate case. We will interpret the results presented below
in this context of broader, intermediate, and sharper FR functions. Therefore, we will use
these descriptive terms to refer to the respective . parameter setting. For easy referencing,

Table 8 summarises the correspondence between parameter value and descriptive term.
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Figure 19: Overview of FR functions for A1 columns 7 @), 9 (b), and 11 (c) of the gerbil AC model
when e, the lateral reach of the e ectively inhibitory ie-connections, is equal to 4 (dark blue markers),
5 (light blue markers), and 7 (yellow markers). For each column, the respective BF is highlighted by
a thicker vertical grid-line. BF increases with column index and, due to the tonotopic connectivity
pattern de ned in the weight matrices, Al-tuning directly re ects the tuning de ned for MGv. The
increase in e, the lateral reach of the e ectively inhibitory ie-connections, from 4 to 5 to 7 sharpens
the FR function of each column.

Lifetime of repetition suppression and SOIl-speci c peak latency

In the gerbil AC model, (e for all connections targeting the AC was equal to 1.000 s. Re-
call that, in the single-column model, we observed a milddecreasein so; as a function of
increasing F when this time constant of recovery from STSD was equal across connections
but overall, so; was roughly equal to .. Thus, a similar result might be expected for the
gerbil AC model.

Figures 20a to ¢ summarise lifetimes of RS observed for A1 columns when FR functions
were broader, intermediate, and sharper. Each bar chart re ects gp,-values for individual
columns in Al for two di erent stimulus audio-frequencies: 2 kHz (purple bars) and 8 kHz
(grey bars). These frequencies are the BFs of column 7 and 11, respectively. Eacky-
distribution is u-shaped and centred on the BF column, i.e. the distribution shifts as a function
of stimulus audio-frequency. The u-shaped distribution translates to a continuousgncrease in

sor as a function of F. This increase is steeper the sharper the FR function. For example,
for a stimulus audio-frequency of 2kHz (the BF of column 7), so,-values for columns 7 ( F
=0 oct) and 10 ( F = 1.5 oct) dier by 89 ms when the FR function is broader but by
201 ms when the FR function is sharper.
Figures 20d to f summarise SOI-dependent peak latency shift in terms of tting parameter
. Each panel depicts results for one of the three di erent levels of FR function sharpness.
Just as for gqy, distributions of -values are u-shaped and centred on the BF column. Thus,
latency shift also increases with F. And just as for sy, the increase is steeper the sharper

the FR functions.
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Figure 20: Response behaviour in the primary auditory eld (Al) of the gerbil AC model for two

di erent stimulus audio-frequencies and three levels of FR function sharpness (left: broader; middle:
intermediate; right: sharper FR functions). Response measures are shown for columns that, given
the stimulus audio-frequency, were responsive at all three sharpness levels. Results are plotted as a
function of intra eld column index k(i) (c.f. Equation (4)). In the rst row (panels ato c), pale purple
bars re ect the columns' s -values for a stimulus audio-frequency of 2 kHz and grey bars re ect the
columns' sg,-values for a stimulus audio-frequency of 8 kHz. The secondary and tertiary x-axes
in matching colours indicate the F-values for the Al columns given the stimulus audio-frequency.
They also apply to the respective panels below. The larger the distance from a column's BF, the
longer the respective so,-value and the sharper the FR function, the steeper the increase. In the
second and third row (d to i), the same colour code re ecting stimulus audio-frequency as in the rst
row is used. Panelsd to f re ect -values (circular markers) and panelsg to i median peak latency
(diamond markers) as a function of intra eld column index. The larger the distance from a column's
BF, the larger the peak latency shift across SOls (-values are increasingly negative) and the longer
the median peak latency. The strength of this e ect increases with FR function sharpness. Results for
column 7 are emphasised by using more saturated colours some of the underlying data is re ected in
Figure 10 and we will compare the response behaviour of this column with our in-vivo observations.
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Figures 20g to i summarises median peak latencies)(tpeak), across SOls for the three
di erent levels of FR function sharpness. Again, the distribution is u-shaped and centred
on the BF column, meaning that m(tpeax) also increases with F and again, the increase is
steeper the sharper the FR functions. In summary, the following observations can be made

in comparison to the single-column model:

1. Unlike in the single-column model, an equal STSD recovery time constant for all connec-
tions resulted in a pronouncedincreasein g as a function of F for the A1 columns
of the gerbil AC model.

2. For a given F, response peaks in the gerbil AC model occurred at later times than in
the single-column model. For F = 0 oct, for example, m(tpeax) in the single-column
model was equal to about 25 ms whereas for A1 columns in the gerbil AC model, it was

equal to 58 ms.

3. Latency shift was more pronounced in the gerbil AC model than in the single-column
model. The smallest shift for an A1 column in the gerbil AC model exceeded the largest

shift in the single-column model by 23 ms.

Response measures, M(tpeak), and so; were based on the net transmembrane current
associated with the excitatory population of A1 columns in the model. In the following
sections, we will explore these columns' response behaviour in terms of the di erent subtypes
of transmembrane current that make up the net ow (c.f. Equations (10) to (13) as well as
Equations (18) and (19)). This was done in order to study which neuronal interactions across

the network are contributing to the variations in RS lifetime and peak latency.

Components of the gerbil AC model's responses

Figure 21 breaks down a response of Al column 7 into the excitatory and inhibitory com-
ponents that make up the net transmembrane current ow (panel a) and further divides
the excitatory synaptic current into subcomponents according to connection origin (panel b).
Taken together, Figures 21a and b illustrate the response sequence observed in Al columns

for BF-stimulation across all investigated SOI-values:

1. Stimulus presentation leads to excitatory synaptic current via the thalamocortical con-
nection ( M® | medium green dotted curve) and moves the excitatory population away

from its resting state. This rst activates the passive leak current, eax (Orange curve).

2. After a certain delay relative to the onset of current ow MSV | the excitatory popula-
tion's ring threshold is crossed and it begins to respond actively. This in turn leads to
an excitatory synaptic current, EeUent (jight green dotted curve), via the population's

recurrent ee-connection.
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Figure 21: Components of transmembrane current ow in Al column 7 for SOl =0.438s, F=0oct,
and intermediate FR functions. a: The orange curve re ects the leak current .« (Equation (10)), the
green curve re ects the excitatory synaptic current . delivered via ee-connections (Equation (11)),
and the red curve re ects the inhibitory synaptic current ¢ delivered via ei-connections (Equa-
tion (12)). The aerent synaptic current , induced via an aerent connection during stimulus
presentation (Equation (13)) is always zero beyond MGv (Equation (7)) and therefore not explicitly
depicted. A response peak in e is observed at timetpeax = 89 Ms because excitatory synaptic cur-
rent .. maximally exceeds the inhibitory current ( |eak + i) at this moment. b: Decomposition of
excitatory synpatic current ¢ into regions of connection origin. Current components were computed
using Equations 15 to 18 with area-speci ¢ column index vectorgaea. The medium green dotted curve
reects MGV | the excitatory synaptic current induced via intercolumnar connections originating in
thalamus (MGv). Excitatory synaptic current induced via intercolumnar connections originating in
the core area, 3", is shown in dark green. The medium green curve illustrates ', the excitatory
synaptic current resulting from intercolumnar connections originating in the belt area. Finally, 2Pe't,
excitatory synaptic current caused by intercolumnar connections originating in the parabelt area, is
mapped out in light green and U™t the intracolumnar excitatory synaptic current, in dotted light
green. Currents induced via the recurrent connection and connections originating in the belt are the
dominant components of the excitatory synaptic current.
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3. In parallel, other core columns become active and contribute input &3¢ (dark green

curve) via intercolumnar ee-connections.

4. Activity of the excitatory population and, to a lesser extent, neighbouring excita-
tory populations, also causes the activation of the inhibitory population via the ie-
connections. Inturn, this causes inhibitory synaptic current, j, targeting the excitatory

population via the ei-connection (red curve).

5. With a certain delay relative to onset of activity in the core, rst the belt and then
also the parabelt become active, leading to further excitatory synaptic current (medium
green and light green curve) via intercolumnar ee-connections. Alongside recurrent
excitation, [&cU"et synaptic current & reaching the target column due to activity in
the belt elds makes up a particularly large component of the net excitatory synaptic
current at the column. In contrast, while thalamocortical input drives the response, its

direct contribution to the net response peak is negligible.

6. After stimulus o set, current ow steadily decreases and the column returns to its resting

State.

With increasing F, the sequence described above was slightly altered for longer SOls.
The onset of synaptic current via core connections started to precede the onset of input
via the recurrent connection, because activation spreads laterally from the BF column (the
rst to activate) to neighbouring columns. The observations that, (1) while thalamocortical
input drives the response, its contribution to the net response peak is very minor and that
(2) g=urent and gggt are the dominant components of ¢¢;, remained valid across SOI- and

F-values.

E ect of network activation pattern on the lifetime of repetition suppression

A response peak in net is observed at timetpeax because excitatory synaptic current ¢e maxi-
mally exceeds the inhibitory current, eax + i, at this moment, just like in the single column
model. Unlike in the single column, however, the amplitude of the response peak of a given
excitatory population i in the gerbil AC model does not only depend on presynaptic ring
rate and STSD-dependent synaptic e cacy at one a erent and one recurrent ee-connection.
Instead, the SOI-dependent response behaviour of multiple individual network nodes has a
decisive impact on the lifetime of RS in a given Al column, as will be demonstrated in this
section.

While the number of excitatory connections targeting a given excitatory population is
constant (as de ned in weight matrix Wee), the e ect a connection has on the target population

depends on the activity level at that connection. This in turn depends on the ring rate g(t)
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Figure 22: Activation of connections that target A1 column 7 in the gerbil AC model. a: Number
of active connections when F = 0 oct (black markers) and when F = 2 oct. When stimulus
audio-frequency deviates from the BF of the column, i.e. when F = 2 oct, the number of active
connections increases with SOlb: Summed connection activity levels as a function of SOI for F =

2 oct. Pink markers re ect summed activity for connections active across all SOls (‘early-activating'),
blue markers for connections only active if SOI> 0:875 s (‘late-activating’) and yellow markers for
all connections. The late activation of additional connections decreases the rising slope of overall
connection activity.

of the presynaptic population and the synaptic e cacy q(t) for the given connection. We

de ned the activity level at a given connection as

ay;j (1) = Wee(i;j ) g (1) 9(uj (1)) ; (23)

i.e. the product of connection weight, synaptic e cacy, and presynaptic ring rate. Note that
this re ects the amplitude of the excitatory synaptic current transmitted via this connection,

since (c.f. Equation (11))
1 X
aij () = eei(t): (24)
m j:l

Given that minimal levels of activity persisted in the entire network, we de ned an active
connection as one where;; (tpeak) 0:008 The absolute number of active connections was,
of course, sensitive to the selected threshold value. However, a coarse investigation, using
threshold values as low as 0.001 and as high as 0.050, showed that the general response
behaviour described below remained stable.

Figure 22a shows, as a function of SOI, the number ofctive ee-connections targeting
column 7 in A1 when FR functions have intermediate sharpness and stimulus audio-frequency
is equal to 2 kHz ( F = 0 oct, black markers) or 8 kHz ( F = 2 oct, grey markers). The

number of active connections as a function of SOl is fairly stable for F = 0 oct. It is equal
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broader FR function intermediate FR function sharper FR function
F active connections active connections active connections
min || max | for SOI min || max | for SOI min || max | for SOI
0 29 31 1.750 s 29 31 0.875 s 29 31 0.656 s
2 23 35 5.000 s 15 30 35s 17 23 2.626 s

Table 9: Overview of the minimum (min) and maximum (max) number of active ee-connections
targeting A1 column 7 and SOl-values at which the stable maximum is reached.

to 29 for SOIs below 0.875 s and stabilises at 31 for SOIs 0.875 s. In contrast, the number
of active connections as a function of SOI for F = 2 oct covers a much wider range. It starts
out at 15 for SOI = 0.328 s and stabilises at 30 for SOl 3.500 s. We observed similar trends
for both sharper and broader FR functions. The results are summarised in Table 9. In each
case, the number of active connections as a function of SOI spans a wider range foF =

2 oct and saturates earlier for F = 0 oct.

Figure 22b illustrates how the SOI-dependent increase in the number of active connections
observed for F = 2 oct a ected activity levels at the connections targeting A1 column 7.
Summed connection activity levels are plotted as a function of SOI for connections that
activate at the shortest SOI, i.e. “early' (pink markers), for connections that are only active
for SOl > 0:875s, i.e. “late' (blue markers), and for all connections (yellow markers). The late
activation of additional connections results in the rising slope of overall connection activity
being less steep than for the activity of the early activating connections. In contrast, for F
= 0 oct, the vast majority of connections activates early and this modulation is negligible.

The e ect described above generalised to all three levels of FR function sharpness. As SOI
was increased, levels of connection activity throughout the network increased because there
was more time for recovery from STSD between subsequent stimuli. This, in turn, led to a
more far-reaching spread of activation, i.e. an increasing total number of active connections.
Thus, while all active connections recovered from STSD with the sameec, SOMme connections
were only activated at longer SOls. These connections were relevant for columns with a BF
further away from the stimulus audio-frequency. The additional synaptic current (recall that a
re ects amplitudes of synaptic current, c.f. Equation (24)) transmitted via the late-activating
connections prolonged recovery from RS.

Beside the sheer number of active connections, it was of course also the amplitude of
the excitatory synaptic current induced via these connections that shaped the RS recovery
dynamics of a given columni. A connection that is only active for longer SOIls but that
induces an additional current that is negligible in comparison to the total current e will
not prolong RS lifetime signi cantly. To verify how the observed di erences in the number
of active connections a ected the SOI-dependence of the evoked excitatory synaptic current,
we determined lifetimes of RS from the SOI-dependence ote(tpeak). Note that here, tpeax

still refers to the latency of the respective response peak observed fafe;. Equation (1) was
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Figure 23: SOl-speci ¢ interaction between excitatory and inhibitory synaptic current for A1 column

7, given F =2 oct and intermediate FR functions. a: SOI-dependence of the amplitude of excitatory
(green markers) and inhibitory (red markers) synaptic current as well as the sum of these two currents
(yellow markers) at time tpeax, along with respective ts of Equation (1). Amplitude values are
normalised with respect to the saturation amplitudes of the tted curves. b: Percentage reduction
from amplitude ee(tpeak) to the amplitude of the summed currents ee(tpeak)+ ei(tpeak) @s a function of
SOI. The reduction is equal to or exceeds 40% for SOIs 0.875 s and stabilises at about 25% for longer
SOls. This SOI-speci ¢ reduction has a attening e ect on the SOI-dependence of ge(tpeak )+ ei(tpeak)
compared to the SOI-dependence ofee(tpeak)-

tted using the same procedure as for pet (C.f. Section 1.1.5, Quanti cation of repetition
suppression lifetime) and the resulting lifetimes are referred to assoj.ee. An example of such
a tis shown in Figure 23a (grey curve), where normalised values ofee(tpeax) are plotted as
a function of SOI (green markers). Overall, we found that, in line with the relatively stable
number of active connections, soj.ee-Values for F = 0 oct diered by no more than 5%
across levels of FR function sharpness. Comparing results forF = 0 oct and F = 2 oct,
sol:ee-vValues were longer for the latter condition and di ered more for the intermediate and
sharper FR functions (23% and 24% di erence, respectively) than for the broader FR function
(15% di erence). We thus conclude that, for F = 2 oct, the additional connections activated
at longer SOIs made a more signi cant contribution to e for the higher levels of FR function

sharpness.

E ect of inhibition on repetition suppression lifetime

The inhibitory synaptic current ¢ was driven by excitatory populations via the lateral ie-
connections. In consequence, the di erences in activation level of the excitatory populations
also a ected the SOl-dependence ofgi(tpeak). We again determined corresponding RS life-
times, referred to as soi.ei. One example of the approach is shown in Figure 23a, where
normalised values of ei(tpeak) (red markers) are plotted as a function of SOI and the grey
curve re ects Equation (1) tted to the data. RS lifetimes for i(tpeax) Were generally short,

with  sorei < 0:530's, but increased as a function of F. The sharper the FR functions,
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the steeper the increase: comparing results for F = 0 oct and F = 2 oct given broader,
intermediate, or sharper FR functions, we found that soj.j-values di ered by 12%, 31%, or
36%, respectively.

Inhibitory synaptic current opposes the excitatory current and thus reduces the amplitude
of the response peak observed for the net current,; (recall the time courses of the current
components depicted in Figure 21a). As elaborated above, SOI-dependences g{tpeak) and

ei(tpeak) Were not characterised by the same lifetime. In consequence, relative tee(tpeak), the
reduction in amplitude for the sum of currents ee(tpeak) @and ei(tpeak) Was not characterised

by a common scaling factor across SOls. This is illustrated in Figure 23b, where

ee(tpeak) + ei(tpeak)
ee(tpeak)

free= 1 100; (25)
the percentage reduction from eg(tpeak) t0 the summed currents ee(tpeak) + ei(tpeak), IS
plotted as a function of SOI for Al column 7, intermediate FR functions, and F = 2 oct.
For SOIs  0.875 s,ree is equal to or exceeds 40% whereas for longer SOls, it rst decreases
and then stabilises at about 25%. Such an e ect was observed for all conditions, but to
varying degrees. For BF stimulation, re-values for shorter and longer SOls di ered by about
20 percentage points, irrespective of FR function sharpness. In contrast, forF = 2 oct, ree
values for shorter versus longer SOls di ered by 23, 24, and 35 percentage points for broader,
intermediate, and sharper FR functions, respectively.

The dierence in reevalues across SOIls resulted in a attening e ect on the the rising
slope of the SOI-dependence of the sum of currentge(tpeak) and ei(tpeak) compared to the
SOl-dependence of current ee(tpeax) alone. This, in turn, caused RS lifetimes, soj;ee+ei, that
were longer than the lifetimes for the individual current components. The e ect is visualised
in Figure 23a, where the normalised sum of the opposing synaptic currentge and ¢ at time
tpeak is plotted as a function of SOI (yellow markers) for A1 column 7, given intermediate
FR functions and F = 2 oct. The grey curve represents Equation (1) tted to the data
and the associated RS lifetime is referred to assopj.ee+ei- Overall, we found that for BF
stimulation, soi.ee+ei-values were about 19% longer than soj.ee Values, irrespective of FR
function sharpness. For F = 2 oct and broader, intermediate, and sharper FR functions,
respectively, values of soj.ce+ei Were about 20%, 28%, and 41% longer than the corresponding

sol-ee- Thus, lateral inhibition further steepened the increase in RS lifetime as a function of
F, in particular for sharper FR functions.

In combination, the network e ects described above explain the so, distributions illus-
trated in Figures 20a to c. The distributions were characterised by an increase in RS lifetime

sol as a function of F and a change in the steepness of this increase across levels of FR

function sharpness.
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Figure 24: a Mean ring onset latency t . (Equation (26)) of excitatory neural populations con-
nected to Al column 7, plotted as a function of SOI-speci ¢ response peak amplitude for stimulation
at F =0 oct (black markers) and at F =2 oct (grey markers). Firing onset increases with distance
from the BF and the longer the SOI, the earlier the ring onset. b: Time courses of thalamocortical
synaptic current MSV (Equation (18)) reaching Al column 7 for di erent SOl-values ( F = 0 oct).
The shorter the SOI, the smaller the current peak.

We found that

~

The SOIl-dependence of response measurg, the net transmembrane current, is af-

fected by SOIl-speci c excitatory and inhibitory synaptic currents.

" The larger F, the longer the SOI at which the increasing number of active excitatory

connections ultimately stabilises. This prolongs RS lifetime.

" The sharper the FR function, the stronger the e ect of the “late’ activation of additional
connections on synaptic current ow. As a result, the longest RS lifetimes were observed

for F =2 oct and sharper FR functions.

Mechanisms behind variations in response peak latency

The previously described Figure 21b illustrates the response cascade that a ected peak la-
tencies in the gerbil AC model. Stimulus presentation rst activated the MGv, which then
relayed this activation to the core and, to a lesser extent, to the belt. Thus, columns in the
core reached the ring threshold rst, followed by belt, and then by parabelt columns. Al
columns were targeted by connections originating in each of these areas and, in consequence,
the net response et peaked at later times than in the single-column model, where there was
no comparable activation cascade.

We summarised the ring onset latencies of excitatory populations at the source of con-
nections targeting a given Al column by a weighted arithmetic meart . To account for

the di ering contributions of individual connections to the net excitatory current, ¢, Weights
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Al column 7

ER functions broader intermediate sharper

F 0 oct | 2 oct 0 oct | 2 oct 0 oct | 2 oct
range oft re 64ms| 90 ms|| 40 ms| 58 ms|| 51 ms| 53 ms
across SOls

range of A(SOI)

285 245 261 193 259 146
across SOls

ratio of
ranges

0.225| 0.367| 0.153| 0.301| 0.197| 0.363

di erence

between ratios 0.142 0.148 0.166

Table 10: For Al column 7, this table list ranges of mean ring onset latencyt ¢ (Equation (26)) and
response peak amplitudesA = | net (tpeak)j) across SOls for the three levels of FR function sharpness
and stimulationat F=0octand F =2 oct. The ratio between the two ranges increases with F
and the steepest increase was observed for the sharper FR functions.

were equal to the activity level a;; (tpeak) (C.f. Equation (23)) at the respective connection,

i.e., for a given SOI and target populationi:

[
- a|’J (tpeak(l)) t re (J )

(& )
B (tpeak(|))
j=1

Figure 24a shows values of  for A1 column 7 as a function of SOI-speci c peak response
amplitude A(SOI). The mean ring onset latency t,e decreases as a function of A(SOI) and
increases with F, an observation that generalised to all simulation conditions. This in turn
caused changes in the latency of the net response peak (recall that longer ring onset latencies
result in longer peak latencies).

The increase int ¢ with decreasing SOI can be explained by the decreasing levels of tha-
lamocortical synaptic current MSV reaching the cortical elds. This decrease occurs due to
STSD at the thalamocortical connections. As an example, Figure 24b illustrates the decrease
in MGV reaching A1 column 7. Recall that thalamocortical synaptic current drives the re-
sponse of the Al columns. The larger currentMS | the sooner the targeted cortical columns
reach the ring threshold and the sooner the response cascade illustrated in Figure 21b is
initiated. This is comparable to the e ect of the SOI-speci c amplitudes 5 on ring onset
latency in the single-column model. But while the range ot ¢ across SOIs covered less than
20 ms in the single-column model, network interactions in the gerbil AC model ampli ed this

range, with values oft ¢ spanning a range of 40 ms or more across SOIs.
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The peak latency shift can be related to the ratio between the range of . and the range
of A(SOI) across SOls. For Al column 7, Table 10 lists the respective ranges and resulting
ratios observed for the three levels of FR function sharpness and the two di erent stimulus-
audiofrequencies. We found that the ratio between ranges df,. and A(SOI) increased with

F. Moreover, the steepness of the increase scaled with FR function sharpness. In conse-

guence, the di erence in the -value from F =0octto F =2 octwas most pronounced
for sharper FR functions. This observation generalised to other A1 columns.

In summary, while the basic mechanisms giving rise to variations in peak latency gen-
eralised from single-column to gerbil AC model, network interactions delayed peak latencies

and modulated the magnitude of the peak latency shift.

Overview of gerbil AC model predictions

Our simulations resulted in the following predictions regarding RS response behaviour in
gerbil Al:

1. The lifetime of RS does not simply re ect the lifetime of STSD. Instead, RS is a network

e ect resulting from the interplay of STSD dynamics and connectivity patterns.

2. RS lifetimes at a given measurement location are not constant across stimulus audio-
frequencies. The further the distance from the BF of the measurement location, the

longer the lifetime of RS and the sharper the FR function, the steeper the increase.

3. Peak response latencies are not stable across stimulus audio-frequencies. The further
the distance from the BF of the measurement location, the longer the peak latency and

the sharper the FR function, the steeper the increase.

4. Peak latency is not stable across SOIs. An increase in SOI moves the response peak to
an earlier time point. The sharper the FR function, the steeper the decrease in peak

latency as a function of SOI.

Next, we veri ed whether these predictions could be con rmed in vivo.
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Project 2: Repetition suppression in vivo

To test the predictions of the gerbil AC model in vivo, a regular-SOI paradigm comprising
stimuli with two di erent audio frequencies was presented to nine anaesthetised gerbils while
carrying out intracranial recordings in Al. The resulting data was then analysed to quantify
RS response behaviour, in particular in terms of lifetimes. The sections below rst introduce
how the electrophysiologcial measurements were carried out and describe the details of the
experimental paradigm. Next, the analysis pipeline developed to obtain robust results and
subject-speci ¢ statistical inferences on response measures is explained and nally, in-vivo

results are compared with model predictions.

2.1 Materials and pre-established methods

The experiments were carried out with healthy adult Mongolian gerbils (Meriones unguicu-
latus, n = 9, all male, age 3 6 months, body weight 70 90 g). All experiments satis ed the
ethical animal research standards de ned by the German Law and were o cially approved by

an ethics committee of the German state of Saxony-Anhalt (license 42502-2-1394LIN).

2.1.1 Surgical procedure and electrophysiological measurements

Surgical procedures and electrophysiological measurements were conducted akin to the ap-
proach described by Brunk et al. (2019), Deliano et al. (2020), and Deane et al. (2020).

A linear multichannel electrode (Neuronexus A1x32-50-413)chan = 32 equidistant chan-
nels, channel distance z = 50 ym) was implanted into the right A1 of the anaesthetised
animal (anaesthesia induced by intraperitoneal injection of 45% v/v ketamine (50 mg/ml,
Ratiopharm GmbH), 5% v/v xylazine (Rompun 2%, Bayer Vital GmbH), and 50% v/v of iso-
tonic sodium-chloride solution (154 mmol/l, B. Braun AG) with a dose of 0.004 ml/g body-
weight and maintained by the same ketamine/xylazine infusion at a rate of 15 mg/kg/h).
The level of anaesthesia was controlled by monitoring the hindlimb withdrawal re ex and the
breathing rate (every 10 to 25 min). The multichannel electrode was positioned perpendicular
to the cortical surface (Happel et al., 2010) and the implantation site was determined based
on vascular landmarks (Thomas et al., 1993; Ohl and Scheich, 1997b).

Measurements of depth proles of local eld potentials (LFPs) were performed in an
acoustically and electrically shielded recording chamber. Stimuli were delivered by a speaker
positioned 100 cm behind the animal (Tannoy arena satellite KI-8710-32). These sound
stimuli were generated and controlled via Matlab (Mathworks, R2006b) and then converted
into an analogue signal (sampling frequency 1 kHz, NI PCI-BNC2110, National Instruments).

This signal was routed through an attenuator (QPAH, Guger Technologies), and then ampli ed
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(Thomas Tech Amp75) before reaching the microphone. To calibrate the stimuli, a microphone
and conditioning ampli er (G.R.A.S. 26AM and B&K Nexus 2690-A, Bruel & Kjaer, Germany)
were used. The recorded LFPs were amplied via an Omnetics connector (HST/32V-G20
LN 5V, 20x gain, Plexon Inc.) into a PBX25 preampli er (Plexon Inc.), pre-ampli ed 500-
fold and band-pass ltered (0.7-300 Hz). Next, the signals were digitized at 2 kHz with a

multichannel-recording system (Multichannel Acquisition Processor, Plexon Inc.).

2.1.2 Stimulation paradigms

For each animal, the experiment was divided into two phases: rst an investigation of
the audio-frequency response at the measurement site, and then an investigation of audio-
frequency-speci ¢ RS recovery dynamics at that same site. All presented stimuli were pure
tones at an SPL of 65 dB.

Frequency response paradigm

During the frequency response (FR) paradigm, a series of 350 pseudo-randomised pure tones
was presented. Audio-frequencies of these stimuli ranged from 0.25 to 16 kHz in iso-octavial
steps and the duration of each stimulus was 200 ms, including a linear rise and fall time of
5 ms each. Inter-stimulus intervals were randomised but limited to the 600 ms to 800 ms
range and stimuli were repeated a total of 50 times for each audio-frequency. After the
implantation of the electrode, the described stimulus sequence was presented repeatedly to
monitor the stabilisation of the responses to the di erent tones (c.f. Deane et al., 2020). Across
all animals, stabilisation occurred within the rst hour after implantation. Once the response
was stable, a nal data set was recorded.

Next, the best frequency (BF) of the measurement site was identi ed. It was de ned as the
stimulus audio-frequency evoking the largest root mean square (RMS) response amplitude in
the granular layer 111/1V (time window from 15 ms to 64 ms after stimulus onset, response in
terms of current source densities computed during the recording, for details see Section 2.1.3
and Equation (27) therein). Response amplitudes for stimulation two octaves above and
below the BF were then compared and the audio-frequency eliciting the smaller response
was selected as the "'non-BF'. The BF and non-BF determined online were used to investigate
audio-frequency-speci ¢ RS recovery dynamics in the second phase of the experiment. During

subsequent o ine data analysis, we veri ed the suitability of the BF and non-BF selection.

Repetition suppression paradigm

To investigate audio-frequency-speci ¢ RS, sequences of identical pure-tone stimuli, hereafter
referred to as stimulus blocks, were presented at the BF and non-BF. Each tone had a duration

of 100 ms, including a linear rise- and fall-time of 5 ms. Within a stimulus block, the SOl was
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Figure 25: lllustration of analysis pipeline from measured local eld potential (LFP) prole to
current source density (CSD, see Equation (27)) pro le to recti ed average of the current source
density pro le (AVREC, see Equation (28))

constant. In total, we presented stimulus blocks with 10 di erent SOls (values in seconds:
0.219, 0.328, 0.438, 0.656, 0.875, 1.313, 1.750, 2.626, 3.500, and 7.000) at both the BF and
non-BF. Their presentation order was randomised and, for a given stimulus audio-frequency,
each block was presented a total of 24 times. A silent interval of 14 s separated subsequent
blocks. In order to harmonise the number of stimulus repetitions per block across SOI values,
individual blocks had a duration of 7.2 s for SOIs< 2.626s and of 14.2 s for SOIs 2.626

s. The last second of the silent interval preceding a stimulus block was treated as a baseline

recording.

2.1.3 Measures of neuronal activity

The activity of neuronal populations leads to localised current ow of mostly positive ions
through the cell membranes. On a more macroscopic scale, and viewed from the extracellular
space, a lack of positive ions in the extracellular space leads to a negative charge (sinks)
whereas a release of positive ions into the extracellular space leads to a positive extracellu-
lar charge (sources). The local eld potentials (LFPs) measured by an electrode implanted
perpendicular to the cortical layers are caused by these sinks and sources. They can be pre-
dominantly attributed to the activity of pyramidal neurons and their location and strength

can be deduced from the LFP depth pro les by computing the corresponding current source
density (CSD) pro les. The second spatial derivative of the LFP is an approximation of the

spatiotemporal CSD pro le at the measurement location. We used this well-established rela-
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tionship (Mitzdorf, 1985) to compute CSD pro les from all our LFP data. At any time point

t of the measurement, the CSD pro le can be approximated as follows:

@(z) (z+n z) 2(27+(z n 2

CSD(2) @i n 2)2

(27)

The spatial coordinate z re ects cortical depth (perpendicular to the cortical layers), ( z)
denotes the eld potential at depth z, z is the spatial sampling interval of the measurement
(i.e. the distance between neighbouring electrode channels) amd z speci es the di erentia-
tion grid. In our experiments, z was equal to 50um. We setn = 1 for CSD computation,
resulting in a total of 32 CSD traces across the cortical depth covered by the electrode. More-
over, any LFP prole  used for CSD computation was spatially smoothed using a weighted
Hamming window with a kernel size of 30Qum.

Given that our computational gerbil AC model did not include any resolution across cor-
tical depth, we summarised neuronal activity across all six cortical layers in a single measure.
The N = 32 traces of the CSD pro les were condensed into the average recti ed current
source density (AVREC):

Py |
i=1 ICSD;(1)]

AVREC (t) = .

(28)

wheret is time, i denotes the trace index andCSD;(t)] is the absolute value of the CSD for
trace i at time t. While this recti cation makes sinks and sources indistinguishable and thus
causes a loss of information regarding transmembrane current ow direction, the approach
allows for the computation of an average CSD trace across the full depth of the AC without
sinks (current ow due to excitatory synaptic events) and sources (predominantly return
currents) cancelling each other out (note that a small residual current remains, see for example
Harding, 1992; Happel et al., 2010; Brunk et al., 2019). The AVREC is thus a good measure
of the temporal evolution of the overall activation of a cortical column (Givre et al., 1994;
Schroeder et al., 1998). All results presented here are based on AC response behaviour at the
AVREC level. Figure 25 illustrates our LFP CSD AVREC analysis pipeline.
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2.2 Preliminary assessment

2.2.1 Frequency response

For each animal, we segmented the LFP data recorded during the FR paradigm into responses
to individual stimuli (time window -200 ms to 600 ms relative to stimulus onset) and sorted
the segments according to the seven di erent stimulus audio-frequencies, resulting in 50 seg-
ments per frequency. For each audio-frequency separately, we then averaged across these 50
segments and spatially smoothed the resulting LFP prole. Next, we computed CSD pro-
les (Equation (27)) and baseline corrected each individual CSD trace with respect to the
mean across the 200-ms time window prior to stimulus onset. Subsequently, we computed the
AVREC of these baseline corrected CSD pro les (Equation (28)). For each stimulus audio-
frequency, we then determined the peak response amplitude within the rst 100 ms after
stimulus onset from this AVREC trace and thus obtained animal-speci ¢ FR functions (peak
response amplitude as a function of stimulus audio-frequency).

Figure 26 shows these FR functions for the nine animals in our study. The blue marker
highlights the BF and the red marker the non-BF that were selected during the recording and
used for the RS paradigm (c.f. Section 2.1.2). For two of the animals (4 and 9), the FR function
is multipeaked and the peak response amplitude for the 16-kHz stimulus is larger than that
for the selected BF. We decided to omit these animals from further analysis and comparison
with the gerbil AC model because we could not con rm the selected BF and because the
model only produced single-peaked FR functions. Similarly, animal 2 was excluded because
the selected BF did not match the peak of the FR function (BF selected online: 4 kHz; peak
of AVREC-based o ine FR function: 2 kHz).

The FR functions for the remaining six animals were single-peaked and the BF selected
during the recordings could be conrmed oine it corresponded to the stimulus audio-
frequency at which the peak of the AVREC-based FR function was located. The BFs identi ed
within the investigated range (250 Hz to 16 kHz) were either at 1 kHz (animals 1, 3, and 5),
2 kHz (animals 7 and 8) or 4 kHz (animal 6). The BF peak response amplitude ranged from
0.88 mvV/mm? (animal 1) to 3.01 mV/mm?2 (animal 2). The FR functions were not equally
broad FR function width in terms of the ratio between non-BF and BF peak response
amplitude ranged from 0.375 (animal 8, sharpest FR function) to 0.715 (animal 5, broadest
FR function).
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