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Abstract

In complex natural environments, sensory systems are constantly exposed to a large
stream of inputs. Novel or rare stimuli, which are often associated with behaviorally impor-
tant events, are typically processed differently than the steady sensory background, which
has less relevance. Neural signatures of such differential processing, commonly referred to
as novelty detection, have been identified on the level of EEG recordings as mismatch nega-
tivity (MMN) and on the level of single neurons as stimulus-specific adaptation (SSA). Here,
we propose a multi-scale recurrent network with synaptic depression to explain how novelty
detection can arise in the whisker-related part of the somatosensory thalamocortical loop.
The “minimalistic” architecture and dynamics of the model presume that neurons in cortical
layer 6 adapt, via synaptic depression, specifically to a frequently presented stimulus, result-
ing in reduced population activity in the corresponding cortical column when compared with
the population activity evoked by a rare stimulus. This difference in population activity is
then projected from the cortex to the thalamus and amplified through the interaction
between neurons of the primary and reticular nuclei of the thalamus, resulting in rhythmic
oscillations. These differentially activated thalamic oscillations are forwarded to cortical
layer 4 as a late secondary response that is specific to rare stimuli that violate a particular
stimulus pattern. Model results show a strong analogy between this late single neuron activ-
ity and EEG-based mismatch negativity in terms of their common sensitivity to presentation
context and timescales of response latency, as observed experimentally. Our results indi-
cate that adaptation in L6 can establish the thalamocortical dynamics that produce signa-
tures of SSA and MMN and suggest a mechanistic model of novelty detection that could
generalize to other sensory modalities.

Author summary

Cortical sensory neurons have been shown to be capable of novelty detection, that is they
respond more vigorously when a novel, unexpected stimulus is presented, and less so
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when the stimulus is part of a predictable sequence. However, the neural mechanism
underlying this capability is not yet fully understood. Here, we developed a minimalistic
thalamocortical network model that accounts for novelty detection and reproduces physi-
ologically observed neural response patterns in the anaesthetized somatosensory cortex.
Specifically, our results demonstrate that the novelty signal arises from the recurrent inter-
play between thalamic neurons and cortical neurons in layers 4 and 6, without the need of
other components. This work therefore provides a concrete mechanism that can serve as a
starting point for further investigating the neural circuit mechanisms underlying novelty
detection.

Introduction

Sensory cortices are adept at identifying regularities and patterns obscured in the ever-chang-
ing input stream to dynamically generate predictions for the forthcoming stimulus. Their
responses are then updated according to differences between the anticipated sensory inputs
and the actual ones [1]. Mismatch negativity (MMN), observed in human electroencephalo-
graph (EEG) recordings [2], and stimulus-specific adaptation (SSA), evident in single-cell
recordings in animals [3], are two prominent instances of this type of short-term plasticity act-
ing over timescales of seconds to minutes. For example, when consecutively presented with an
identical stimulus over a short period, the cortical sensory neuron will decline/adapt its
response and predict/expect another same one for the next stimulus. If the next stimulus vio-
lates the expectation, a larger/unadapted response will be evoked than by the expected stimu-
lus. Therefore, both SSA and MMN conceptually represent a form of novelty detection:
unexpected or infrequent stimuli are made more salient by eliciting stronger responses than
expected or frequent ones.

The phenomenon of attenuated neuronal responses to common (standard) stimuli without
generalizing to other, rare (deviant) stimuli has been a long-standing topic of interest, espe-
cially in the auditory system, which is referred to as SSA [4-8]. It is typically tested using the
oddball paradigm that contains a repetitive standard sequence occasionally interrupted by a
deviant [9]. SSA is a robust and widespread phenomenon found in multiple sensory modali-
ties. Ulanovsky et al [4] first observed this phenomenon in the auditory cortex, and following
this pioneering work, SSA has also been identified at subcortical stages of the auditory pathway
such as the thalamus [10-12] and the inferior colliculus [13, 14], as well as in other sensory sys-
tems such as the somatosensory cortex [5, 8] and the visual system [15, 16]. Furthermore, SSA
was demonstrated in the auditory cortex of anaesthetized [6, 7], awake [17] and freely moving
rats [18], indicating that this phenomenon is not significantly affected by brain state and likely
a hardwired component of sensory processing.

MMN, like SSA, is usually studied by applying the oddball paradigm and manifested in
human EEG recordings as an additional negative deviation elicited by a deviant stimulus that
breaks the regularity established by repeated presentations of the standard [9]. Both cortical
SSA and MMN demonstrate a “true” deviance-detecting property, where the deviant response
is dependent on its presentation context and beyond mere sensory input depression by apply-
ing several control paradigms [6, 8, 19]. In addition to SSA, animal models also show MMN-
like responses that are homologous with human MMN in terms of their electrophysiological,
pharmacological and functional properties [20, 21]. Despite significant similarities, SSA is
unlikely to be the direct neuronal substrate of MMN, but may be one of the several mecha-
nisms leading to the generation of MMN [22]. While MMN has been pharmacologically
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demonstrated to be NMDA-receptor dependent [23], SSA seems to be not affected by NMDA-
receptor antagonists [24]. Besides, the response latency of SSA (peaks <10 ms after stimuli
onset) is substantially shorter than MMN (peaks ~ 150-200 ms post-stimulus). Instead, SSA
temporally matches better another event-related potential called mid-latency response (MLR)
that peaks around 20 ms after stimuli onset [21]. MLR observed in humans and animals also
demonstrates true deviance detection [25] and its insensitivity to NMDA-receptor antagonists
[26]. Thus, it seems more plausible to postulate that SSA is the potential neuronal correlate of
mid-latency response. Moreover, Musall et al. [8] recently found in the primary somatosensory
cortex (S1) of anaesthetized rats a late deviant-sensitive sensory response occurring hundreds
of milliseconds post-stimulus, similar to MMN latency. The late sensory response has also
been tested to be context-specific. These evidence strongly implied that the late response possi-
bly lies in the physiological origin of MMN.

Opver the past decade, a large number of computational models have been proposed to
account for cortical SSA, with a focus on the auditory pathway. One simple type of SSA model
is based on a feedforward network with synaptic depression [6, 7, 27-29] which, unlike general
neuronal fatigue, is stimulus-specific. Prominent synaptic depression is found in the thalamo-
cortical pathway, and thus cortical SSA emerges due to the differentially adapted thalamocorti-
cal inputs [6, 27]. In this class of models, the standard’s regularity cannot affect the deviant
response because the responses to each stimulus feature solely depend on the amount of adap-
tation load accumulated in its input channel. Hence the model fails to exhibit true deviance
detection in which the presentation context formed by the standards also contributes to the
deviant response. Nevertheless, this flaw of the model can be addressed through some modifi-
cations, such as employing the model in a multi-layer configuration [29] or assuming the
width of the tuning curve of the input channel is history-dependent [3]. On top of that, recur-
rent networks have been considered an alternative way to generate cortical SSA [30-34]. Pre-
dictive coding based neuronal network of the auditory cortex was studied by Wacongne et al.
to account for deviance detection in the context of MMN [30]. Yarden et al. proposed a generic
SSA mechanism mediated via the propagation of synchronous population activity across a
local neural circuit [33]. Recently a laminar network of morphologically plausible, multi-com-
partmental neuron units was designed to capture SSA in the form of local field potentials [34].

However, there is still no computational model accounting for the biphasic sensory
responses in S1 that can be either sensitive to the rarity and presentation context of stimuli or
not, depending on the response latency [8]. In particular, the latency of the secondary cortical
response cannot be accounted for by the dynamics of a recurrent network involving short-
term synaptic depression that is commonly regarded as a indispensable constituent of SSA
models. Thus the latency is possibly produced by some subcortical source(s) other than the
intra-cortical dynamics. Inspired by the idea that SSA arises from the interaction between dif-
ferentially adapted populations of neurons tuned for specific feature stimuli [33], here we
developed a minimalistic hierarchal thalamocortical model for the whisker-related region of
S1 (also known as the barrel cortex) with multiple timescales of synaptic and neuronal dynam-
ics to capture the biphasic activity that demonstrates both signatures of SSA and MMN. On
the short timescale of the early response, a vital element of the transient dynamics of the corti-
cal circuitry is the so-called population spike (PS), characterized by nearly coincident firings of
a pool of neurons evoked by a brief stimulus. On the longer timescale, we hypothesize that the
late rhythmic cortical response is inherited from the thalamic oscillation initiated by the inter-
play between the thalamic reticular (RE) and thalamocortical (T'C) relay cells. Our minimalis-
tic somatosensory thalamocortical network retains only those crucial neurobiological features,
such as the laminar architecture and somatotopic organization of the barrel cortex, synaptic
connectivity between the barrel cortex and its corresponding thalamic nuclei, as well as
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different synaptic receptors within thalamic nuclei, that are sufficient to elicit the late context-
dependent deviant responses. Finally, we test the cortical capacity for predictive coding using
more complex stimulus sequences. The results of our model indicate that the precision of
expectation generated by sequence history impacts the neural response to stimuli that inter-
rupt those expectations.

Results

The architecture of the somatosensory thalamocortical network is organized in a loop as
shown in Fig 1A. Based on the stereotypic somatotopic map for representing rodent whiskers,
the barrel cortex is modeled as a grid of interconnected vertical columns, each of which pri-
marily mediates stimuli from its principal whisker. Also, we only focus on neuronal clusters
within layers 4 (barrels) and 6 (infrabarrels) of each cortical column, which respectively act as
the afferent and efferent layers of the cortex from and to the thalamus [35-37]. The barreloids
in the ventral posterior medial (VPM) nucleus of the thalamus show an identical layout to that
of the barrels. Each barreloid relays the information from its principal whisker through an
ascending sensory pathway to L4 of its principal as well as surrounding barrels, with stronger
coupling to the principal than the surrounding ones. We adopt a minimalistic structure of the
thalamocortical network by limiting our model to the most important “ingredients”, meaning
VPM, TRN and barrel cortex layers 4 and 6, while leaving out other important structures and
layers. Hence, we just add a direct shortcut connection from L4 to L6 within every cortical col-
umn, which is sufficient in our model to demonstrate cortical SSA, although in reality the flow
of excitation from L4 will go through L3, L2 and L5 in sequence before arriving at L6 [38-40].
Additionally, we assume lateral cortico-cortical connections in layer 6 as they have been dem-
onstrated in the rat barrel cortex [41] and even in layer 6b [42]. These projections are hypothe-
sized to give rise to fast horizontal spread of single whisker-evoked excitation. To close the
thalamocortical loop, the outputs of layer 6 are projected back to their somatotopically aligned
barreloids and thalamic reticular population. Here we assume that neurons in the thalamic
reticular nucleus (TRN) are also whisker-specific, but they are not necessarily arranged in spa-
tially discrete clusters as barreloids.

We first focus only on the cortical network that is capable of generating SSA and true devi-
ance detection by modulation of cross-barrel synchronous activities. All cortical intra- and
inter-column synapses exhibit short-term depression. Only excitatory populations are consid-
ered in the cortical circuitry to simplify the mean-field analysis, and the level of excitability can
be regulated by the threshold of neuronal gain function and the depressing effect of cortical
synapses. Every layer-specific population in columns is modelled by a mean-field recurrent
network coupled with depressing synapses, which can generate the so-called population spike
(PS) in response to external stimulation. The PS is characterized by nearly synchronous firing
of a group of neurons within a short time window [43, 44]. In the cortical mean-field rate pop-
ulations we studied here, a population spike is described as a sharp increase in population
activity, leading to fast depletion of mean synaptic resource that will recover gradually after the
removal of external input. Higher initial synaptic resources cause more substantial PSs to be
triggered in response to the same stimulus (Fig 1B).

The thalamic circuitry is set up to induce oscillations characterized by intermittent bursting
activity at 7-14 Hz, which has been suggested as the potential origin of the late rhythmic
responses in L4 of the anesthetized S1 [8], since the frequency of cortical oscillation (~ 10Hz)
falls into this range. Early studies have shown that network and intrinsic mechanisms act in
combination to generate thalamocortical oscillations [45]. Two interacting populations of
spiking thalamic neurons are considered to model these oscillations: excitatory
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Fig 1. Structure and dynamics of the thalamocortical network and minimal thalamic circuit inducing oscillations. (A) The ventral posterior medial (VPM)
nucleus of the thalamus (pink shade), which is somatotopically arranged into discrete clusters called “barreloids”, relays peripheral sensory information to the L4
barrels (purple), with the relative strength of connections represented by the size of the arrows. Each L4 cluster projects its output vertically to the corresponding L6
infrabarrel (green), which in turn provides feedback excitation to its somatotopic barreloid and thalamic reticular nucleus (TRN, in blue shade), with higher cortical
drive on TRN than VPM (specified by the size of the diamonds). Each L4 barrel and L6 infrabarrel also connects to its neighbouring barrels. (B) Population spike (PS)
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can be generated in the cortical cluster, represented by the transient increase of the cluster’s mean firing rate (left). Mean synaptic resources of the neuronal group are
depleted by the PS and later recover gradually (right). Higher levels of initial resources evoke a more substantial PS. The time 0 represents the onset of a stimulus whose
duration is marked in grey shading. (C) Two classes of cells with different synaptic receptors are used in the thalamic circuit: thalamocortical (TC) relay cells with
excitatory AMPA-mediated synapses in the VPM and reticular (RE) cells with inhibitory GABA 5-mediated synapses in the TRN. TC and RE neuronal populations are
mutually coupled, and the RE population is also recurrently connected. The thalamus can be activated by bottom-up sensory input (grey) and top-down cortical drive
(green). (D) A minimal thalamic network of 2 TC and 2 RE cells driven by the cortex is capable of inducing oscillations. (E) Voltage traces of two types of thalamic cells
simulated by the izhikevich model in response to a step in direct current (bottom of each panel): initial burst tonic firing in TC neuron (-70 mV at rest, hyperpolarizing
pulse of 10 pA) and rebound burst in RE neuron (-62.5mV at rest, depolarizing pulse of -10 pA lasting 120 ms). (F) The time course of membrane potentials for the 4
thalamic cells. Cortical stimulation is marked by red bars under the traces (0.08 pA for TC; and 20 pA for RE;).

https://doi.org/10.1371/journal.pchi.1009616.9001

thalamocortical (TC) neurons and inhibitory thalamic reticular (RE) neurons. As illustrated in
Fig 1C, the TC population is excited by whisker stimulation and then provides AMPA-medi-
ated excitatory synaptic input to the RE population and neurons in cortical L4. In turn, the RE
neurons suppress the activity of the TC neurons and themselves via GABA s-mediated inhibi-
tion. The top-down modulation from L6 exerts more effective excitation on RE than TC popu-
lation due to more substantial corticothalamic conductance [36, 45, 46]. Unlike the mean-field
dynamics of the cortex represented by the rate network, the intrinsic dynamics of individual
spiking thalamic neuron is simulated by the izhikevich model (see Materials and methods sec-
tion for model details). RE neurons exhibit transient bursting followed by tonic firing in
response to depolarizing step currents, and TC relay neurons can trigger rebound spike-bursts
upon release from hyperpolarization [45, 47] (Fig 1E).

We elucidate the mechanism of the oscillations triggered by the corticothalamic feedback
excitation in a minimal thalamic circuit consisting of 2 RE and 2 TC cells [46] (Fig 1D). When
the cortical drive is exerted on both TC; and RE; neurons, only the RE; neuron is able to elicit
spikes due to the considerably higher cortical conductance on RE than TC neurons. The burst-
ing activity of RE, cell provide inhibitory postsynaptic potentials (IPSPs) to both TC cells and
then induce rebound bursting spikes in TC, cells when its potential is released from hyperpo-
larization and almost reaches its resting state. The firing of TC, cell reciprocally excite RE cells,
leading to the next cycle of thalamocortical oscillations (Fig 1F). Minute bump in the potential
of TC, cell evoked by initial corticothalamic stimulation prevents the cell from generating
rebound bursts in the first cycle, which results in the TC cells fire every two cycles while RE
cells fire every cycle in the minimal circuit. Through the thalamocortical pathway, these oscil-
lations are synchronized over cortical areas as hypothesized to be the late oscillatory rhythms
found in L4 of S1 [8].

Propagation of population activities in the thalamocortical loop

The PS evoked in the principal L4 barrel will propagate to the neighbouring L4 barrels via
inter-column coupling, as well as to the column-aligned L6 infrabarrel via the L4-to-L6 projec-
tion [38]. The L4 responses are largely localized around the principal barrel and substantially
attenuated in the surrounding barrels [48, 49] (Fig 2A, top panel). Responses across L4 barrels
start almost simultaneously about 7 milliseconds after stimulus onset, in accordance with
experimental findings [50] (Fig 2B, top). The topographical spread of PS in L6 is similar to that
in L4 but with broader temporal profiles of the PSs and slightly longer response latencies [50]
(Fig 2A and 2B, bottom panels). The extent of propagation is determined by the width of the
cross-whisker tuning curve of thalamocortical input, the strength of inter-column connections
as well as the excitability of the neural population, where a broader tuning curve, stronger
inter-population couplings and a more excitable population give rise to more extensive
propagation.
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Fig 2. Spatiotemporal distribution of whisker-evoked responses in cortical columns and thalamus. (A) Top: Snapshots of cortical spatial activity patterns
in L4, Ay, at different times after the onset of a brief stimulation to D2 whisker. Bottom: Analogous plots for L6 populations, where population spikes occur
later and over longer periods. (B) Temporal profiles of mean firing rate of three cortical columns in L4 (top) and L6 (bottom) respectively. Stimulus duration
is indicated in grey shading. The timescale of the left panels matches that in (A) to show the behaviour of the initial population spikes evoked by sensory
stimulation. Late spike-bursts in L4 driven by secondary thalamocortical input are displayed over a longer timescale (top-right), but the additional late
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responses can hardly spread into L6 (bottom-right). (C) Population activity averaged over all 100 TC neurons in D2 barreloid, Arc. The early synchronous
activity is induced by the principal whisker deflection and relays the sensory information to the L4 barrels (left). The trapezoid form of stimulus is illustrated
under the plot. The initial L6 population spike (bottom-left panel in (B)) projects back to the thalamus, eliciting the late oscillatory rhythm that begins after
~ 110 ms of stimulation onset at an interval of ~ 110 ms (right). (D) Spike raster for the full thalamic network of D2 barreloid (from which the population
activity of TC cells shown in (C) is calculated). The circuit is composed of 100 TC cells (dark blue) in the D2 barreloid and 100 reciprocally coupled RE cells
(light blue). The time axes of plots in (B), (C) and (D) are aligned.

https://doi.org/10.1371/journal.pchi.1009616.g002

In addition, a grid of barreloids in the VPM of the thalamus was simulated to convey sen-
sory signals from individual whiskers to the cortex. The activity evoked by the principal whis-
ker in barreloid D2 will not spread into other barreloids because no recurrent connections are
made within the VPM, as observed experimentally [51]. The following describes the informa-
tion flow within the thalamocortical system in response to a D2 whisker deflection: The D2
whisker stimulation first excites the D2 barreloid through a bottom-up connection to TC neu-
rons, and subsequently induces transient PSs in the cortical L4 populations via thalamocortical
synapses. Onset PSs are also evoked in L6 through intra-cortical connections and projected
back to the thalamus, where the oscillations are initiated after the instantaneous onset
response. As can be seen in Fig 2C and 2D, the TC cell group in the D2 barreloid exhibits a
transient increase in population activity right after peripheral stimulation (the early response),
followed by substantial synchronized activities in the 9 Hz-range (the late response). The
diminishing late oscillation triggered by corticothalamic excitation occurs about 110 millisec-
onds after stimulus onset and lasts a couple of cycles before termination. Finally, the late tha-
lamic activity gives rise to a secondary cortical response in L4 that only barely propagates to L6
(Fig 2B, right panels).

SSA arises from adapted PS to standard stimulation

SSA is generally tested in the oddball protocol, where repetitive deflection is applied to one
whisker (called the standard), and the sequence is randomly interrupted from time to time by
deflection of another whisker (called the deviant) [4, 9]. The roles of whiskers as standard and
deviant are swapped to disambiguate any response preference for individual whisker from the
deflection probability on SSA.

In accordance with experimental findings [8], the L4 network exhibits prominent SSA in
the late response but hardly in the initial population spike, where a similar amplitude of activ-
ity is elicited by whisker stimulation, regardless of its identity as either standard or deviant
(Fig 3A, middle panel). The initial PS is relatively unaffected because the depleted synaptic
resources in the L4 populations can always recover almost fully before the next stimulus is pre-
sented (Fig 3A, bottom). In contrast, depleted synaptic resources in L6 of the standard column
(D2) recover only partially during the inter-stimulus interval, due to the relatively long synap-
tic recovery time constant in this layer (Fig 3B, blue trace in bottom panel). The insufficient
resources, along with depressed L4-to-L6 input in D2 caused by repeated standard stimuli, can
only trigger inadequate PSs (Fig 3B, blue trace in top panel). However, as a result of the low
probability of deviant stimuli, synaptic resources in L6 of the C2 cluster often reach their
steady-state (Fig 3B, red trace in bottom panel) and accordingly evoke full PSs when the devi-
ant stimulus finally arrives (Fig 3B, red trace in top panel). In other words, SSA is initiated in
L6 during the early PS phase, where the cortical L6 drive on the deviant barreloid is always
strong enough to elicit thalamocortical oscillation, while it is in most cases too weak to do the
same on the standard barreloid (Fig 3C and 3D). These late deviant-selective oscillations in the
thalamus are then fed back to L4 populations and result in the late L4 rhythmic dynamics
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Fig 3. SSA in the thalamocortical network. (A) Time course of the whisker oddball protocol (top), L4 population activity, Ay 4, (middle), and mean synaptic resources,
X14> (bottom) in standard D2 (blue traces) and deviant C2 (red) barrel. Both standard and deviant stimuli evoke comparable amplitude of PS (the first burst in response
to each stimulus) due to the fast recovery of depleted resources. Conversely, late oscillations occur primarily in response to deviant stimuli. (B) L6 population activity,
Ay (top) and mean synaptic resources, X6, (bottom) in D2 and C2 infrabarrel. The deviant stimulus generally triggers more substantial PSs than the standard because
of more resource available upon presentation of the deviant than the standard. (C) Population activities of TC cells, Atc, in D2 and C2 barreloids. The deviant
corticothalamic PS is always strong enough to initiate late thalamic oscillation, yet this is not the case for the standard. (D) Spike raster of thalamic neurons in D2 (blue)
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and C2 (red) barreloids. The transient activity of C2 RE cells in response to the first stimulation are caused by the significant cortical cross-column L6 feedback. The time
axes of all plots are aligned. In the oddball paradigm, peripheral stimulus duration is 10 ms and inter-stimulus interval (ISI) is 1 s (onset-to-onset).

https://doi.org/10.1371/journal.pcbi.1009616.9003

exhibiting SSA, consistent with the experimental results that the late cortical responses are
very likely to be evoked by secondary thalamocortical inputs to L4 [8].

It is worth noting that late thalamic and synchronized cortical oscillations are also some-
times elicited in D2 by the standard stimulation, and especially the standard stimulus immedi-
ately following a deviant (Fig 3C and 3D and middle panel of A), in accordance with the
sporadic standard-triggered oscillation recorded in L4 of the cortex [8]. Here these late rhyth-
mic responses occur largely because the deviant did not deplete as many resources in L6 of D2
as another standard would have done, which occasionally allows strong enough cortical drive
on the thalamus to generate a thalamocortical oscillation during the presentation of the next
standard stimulation.

Finally, we want to point out that our modelled thalamic response is more often not burst-
ing than bursting and, when doing so, most prominently in response to the rare deviant stimu-
lus, as shown in Fig 3D. On average, over trials, 25% of TC neurons in the deviant column
(C2) respond in bursts to a deviant stimulus. In contrast, 10% of TC neurons in the standard
column (D2) burst in response to a standard stimulus. Besides, a given bursting TC neuron in
C2 (Neuron Index 210 in Fig 3D) bursts in 46% of trials of deviant stimuli, while another
bursting TC neuron in D2 (Neuron Index 10) bursts in 17% of trials of standard stimuli.

Context-dependent deviance detection

It has been suggested that the larger responses to the stimuli features, when deviant than when
standard, not only reflect the rarity of the deviant causing less use-dependent adaptation [3],
but also the sensitivity to the violation of the expectation established by the repeated standard,
indicating a dynamic prediction mechanism for the next stimulus based on the short-term
memory of the previous statistical sensory stream [52]. Such sensitivity to contextual informa-
tion is termed true deviance detection/sensitivity. A common test for true deviance detection
uses many-standards control protocol, where besides the standard-deviant stimuli pair in the
oddball sequence, many other different stimuli are presented as the standards [19]. In this con-
trol, each of these distinct stimuli occurs with the same probability as the deviant stimulus,
which consequently eliminates any potential expectation for the next stimulus but preserves
the rarity of the deviant. If the response to the deviant stimulus in the oddball sequence exceeds
the response to the same deviant one embedded in the control sequence, then the existence of
true deviance detection is confirmed [19]. Here in the many-standards condition for the
somatosensory domain, the standard stimuli are equiprobably distributed over three whiskers
in a row that are adjacent to the deviant whisker, therefore each whisker is deflected with 25%
probability [8] (Fig 4A).

Fig 4C illustrates the distinctive biphasic activity of C2 populations evoked by the oddball
and many-standards deviant as well as of D2 populations by the oddball standard whisker
deflection in the cortical L4, L6 and the thalamus. For comparison, examples of cortical multi-
unit (MU) recordings exhibiting late deviant-selective responses in both protocols are replot-
ted in Fig 4B from [8]. The late responses are only found in a subset of recordings mainly con-
fined to the L4, but with slightly different oscillatory firing patterns in individual single
neurons which can result in averaging out these oscillations in the population signal. In line
with the experimental findings, the simulated L4 populations elicit nearly equally strong popu-
lation spikes at short latency to both the oddball standard and deviant, as well as the many-
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Fig 4. Sensitivity to deviance in silico vs in vivo. (A) Two protocols are used to test context-dependent deviance detection. In the whisker oddball condition, deviant
stimuli are applied to the C2 whisker with 25% probability of occurrence, while standard stimuli are applied to the D2 whisker with 75% probability. In the many-
standards condition, the deviant stimulus is presented with the same probability of appearance as in the oddball condition, but standard stimuli are equiprobably
distributed over three whiskers D1-D3, each of which is stimulated 25% of the time. The bar height represents the probability of a specific whisker being stimulated. (B)
A subset of multi-unit (MU) recordings in the granular layer of rat S1 shows late deviant-specific responses in the whisker oddball and many-standards protocols.
Average early spike (top row, left) and late deviant-specific oscillatory responses (top row, right) are shown for standard (blue curves, activity recorded in D2) and
deviant (red, activity recorded in C2) stimuli in oddball condition. The late response (bottom row) also demonstrates a distinct difference between two deviant types
(both responses recorded in C2) in oddball (red curves) and many-standards protocols (green) respectively. Data are adapted from [8]. (C) Average biphasic population
activity in cortical L4 (top row), L6 (middle) and thalamus (bottom) in response to oddball standard (blue traces, recorded in D2), oddball deviant (red, recorded in C2)
and many-standards deviant (green, recorded in D2) stimuli. Similar to (B), the left and right columns of panels show the early and late activities respectively across
cortical layers and the thalamus. SSA and true deviance detection are initiated in the early L6 responses and subsequently enhanced in the late thalamic oscillation, which
finally induces the secondary deviant-selective cortical response in L4 (illustrated as flowchart with golden arrows). The third cycle of thalamic activity is too weak to
produce a response in L4 since this thalamic input is below the rheobase (current threshold of gain function) of L4 neurons. Stimulation periods are marked in grey
shading. The oddball and many-standards deviant responses are averaged over 30 presentations of the deviant out of 120 total stimuli in each protocol. The oddball
standard responses are averaged over the complementary 90 standard stimuli. In both protocols, peripheral stimulus duration is 10 ms and inter-stimulus interval (ISI) is
1s.

https://doi.org/10.1371/journal.pchi.1009616.g004

standards deviant stimulation, while SSA and true deviance detection are only observed in the
late oscillatory responses (Fig 4C, top row). Importantly, our model makes further predictions
of the population activity in the cortical L6 and the thalamocortical populations in both
somatosensory oddball and control protocols, which, to the best of our knowledge, has not
been conducted experimentally yet. We hypothesize that the late context-dependent deviant
oscillation seen in L4 is reflected by the thalamic oscillation that can be solely generated by the
specific thalamic circuit (Fig 4C, right panel of bottom row). The differences in the secondary
thalamic responses to each type of stimulus are driven by the early cortical PS variations in the
L6 circuit, which independently detects the deviant in its own responses (Fig 4C, left panel of
middle row).

To understand why the average early response of the L6 network for the oddball deviant is
larger than for the many-standards deviant, we need to compare the dynamics of deviant
responses of L4 and L6 between the two conditions. For both the many-standards and oddball
conditions, the synaptic resources of the deviant column depleted by the cross-whisker activity
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of the standard(s) in L4 are able to recover to their almost full state when the subsequent stim-
ulus is presented, due to the relatively fast recovery of L4 resources compared with the inter-
stimulus interval. Therefore the L6 populations receive comparable inputs from L4 in both
conditions. On the other hand, provided a slow recovery of L6 synaptic resources, the activity
of the equiprobably distributed standards sometimes is strong enough to propagate into the
deviant column in L6 in the many-standards condition, while the repeated oddball standard
can hardly do so. Consequently, in L6, the oddball deviant column with complete resources
usually evokes stronger responses than the many-standards deviant column with inadequate
resources consumed by the activity of the standards, which produces the context-dependent
deviance sensitivity.

Fig 5B-5D displays population activity and synaptic resources of the deviant C2 column
across the cortical L4, L6, and thalamic populations, respectively. The dashed brown frames
highlight two examples of an oddball deviant triggering a significant late response in L4, while
a many-standards deviant does not. In the first frame, the thalamocortical inputs as the deviant
in both protocols trigger approximately the same onset PS in L4 of deviant C2 (Fig 5B, top,
first spike within the box). In contrast, less L6 activity is elicited in the many-standards than in
the oddball condition owing to the lower level of L6 resources reduced by the last standard D3
stimulation in the many-standards condition (Fig 5C). In consequence, only the corticothala-
mic feedback in the oddball protocol is large enough to trigger oscillations in TC cells (Fig
5D), which in turn causes synchronized activity in the cortical L4 barrel (Fig 5B, top). In a sim-
ilar vein, the second frame shows an example where resources in L6 of C2 in the many-stan-
dards condition are freshly exhausted by the preceding standard D2 stimulation and do not
have time to recover adequately to trigger an oscillation. For cross-whisker adaptation in L6,
resources of the deviant C2 are also occasionally depleted by the first robust burst of late rhyth-
mic activity of standard column(s) (Fig 5C, an instance is highlighted by golden pyramid). It is
worth mentioning that the two selected deviant responses in Fig 5D are only the extreme cases
where late responses are almost exclusively elicited by the oddball deviant. However, overall
the late thalamic responses are very variable, so the two examples shown are not particularly
reflective of the mean shown in Fig 4. The many-standards deviant can induce late responses
as well, although generally not as substantial as the oddball deviant. Therefore the average late
responses to the oddball many-standards deviant are weaker than the oddball deviant (see S1
Fig).

Finally, we want to emphasize that the synaptic depression of intra-column connections in
L6 is the primary cause of the generation of true deviance selectivity in the early L6 and late L4
responses, although depression of the thalamocortical and L4-to-L6 synapses also contributes
to expanding the parameter regimes of network model giving rise to SSA.

Further experimental predictions

We ran another pair of novel prediction paradigms on our model with the same set of parame-
ters used in all previous protocols to test the model’s sensitivity to contextual information that
includes sequential statistics. Here we used variants of the many-standards paradigm with
fixed deviant position but permutated the order of the standards presentations to be either ran-
dom or periodic. In the sequenced paradigm, the standard deflection was periodically applied
to C2, D1 and B1 whiskers, each of which in order is rarely substituted for the C1 deviant to
break the regularity. Identical statistics were used in the randomized paradigm except that the
three standard stimulations are randomized between the successive deviants. A schematic
representation of both sequences is displayed in Fig 6A.
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Fig 5. True deviance detection in the model network. (A) Illustration of oddball (top) and many-standards (bottom) protocols. The deviant stimulation to C2
is highlighted in red for the oddball condition and in green for the many-standards one. (B) Population activity (top) and synaptic resources (bottom) in L4 of
C2 in response to deviant stimuli presented in oddball (red traces) and many-standards (green) condition respectively. The deviant in both protocols often
evokes comparable onset responses, while a robust late oscillation is generally only induced by the oddball deviant (two typical cases are highlighted in dashed
boxes). (C) Same as (B) but displayed for L6 of C2. Considerably larger early onset responses to the many-standards deviant compared to the oddball deviant
are generated in the L6 population (see dashed boxes), because higher activity is propagated from the L6 standard column(s) into that of the deviant column in
the many-standards compared to the oddball condition, and accordingly less synaptic resource is left and a weaker response is evoked upon arrival of the
deviant. (D) Thalamocortical (TC) population activity in C2 barreloid evoked by the deviant in the oddball (red) and many-standards (green) protocols. The
corticothalamic excitation of the deviant in the many-standards condition is normally strong enough to elicit late intermittent bursting, whereas that of the
deviant in the oddball condition is not (dashed boxes). The time axes are aligned for panels A-D. In both stimulation paradigms, peripheral stimulus duration is
10 ms and inter-stimulus interval (ISI) is 1 s (onset-to-onset).

https://doi.org/10.1371/journal.pchi.1009616.g005

In comparison with the sequenced condition where the expectation is established by the
repeated sequential standards and violated by the deviant, a precise prediction about forth-
coming stimuli cannot be formed in the randomized condition. Our model predicts the
dependence of the novelty-predicting effect on the inter-stimulus interval (ISI, onset-to-onset)
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Fig 6. Sensitivity of novelty-predicting effects to inter-stimulus intervals (ISI) tested in sequenced v.s. randomized paradigms. (A) Illustration of sequenced and
randomized stimulation trains and the stimulated whiskers. In two sequences, the delivery of the deviant stimulus to the C1 whisker is the same, but three standard
stimuli are employed either periodically (sequenced condition, top) or randomly (randomized condition, bottom) to C2, D1 and B1 whiskers. The stimulus duration is 10
ms and deviant stimuli constitute 3% of overall stimuli (30 out of 1000 stimuli). (B) Early and late CSIs are respectively computed within time windows of 40 ms after
stimulus onset and the remaining time before the onset of the next stimulus. The mean deviant responses in the CSI are averaged over 30 deviants out of 1000 stimuli in
each paradigm. (C) Similarly, early and late CSIs are computed individually for the C1 deviant occurring right after the B1, C2 and D1 standards in the sequenced
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condition. The mean responses to each deviant type are averaged over 10 deviants out of 1000 stimuli. Each condition is repeated 5 times with different random seeds to

calculate the mean and variant of the CSI values.

https://doi.org/10.1371/journal.pcbi.1009616.9006

across different cortical layers and thalamus (Fig 6B). The effect of novelty prediction is quan-
tified by the context-specificity index (CSI), where positive values indicate the effect’s existence
(see the Data analysis subsection for detailed metrics descriptions). Due to the feature of
biphasic dynamics in our network, CSI is separately computed for the early and late responses.
For the early response, the novelty-predicting effect is demonstrated in the cortex over a wide
range of ISI and particularly prominent in L6 that as we expected to be the novelty detector.
Early novelty-predicting responses originated in L6 are subsequently revealed in the thalamic
oscillation and secondary L4 responses via the L6-to-thalamus-to-L4 pathway.

We further investigate the individual role of three types of C1 deviants, each of which is
respectively preceded by the B1, C2 and D1 standards, in the sequenced paradigm in detecting
novelty across different ISIs (Fig 6C). We notice that the novelty-predicting effect is most pro-
nounced for the type 1 deviant (in which case the deviant follows a Bl standard, St = B1),
which indicates that the capacity for novelty prediction in the cortex depends on the specific
sequential context in the recent past in randomized paradigms, i.e., the precise information
about the order of standard presentations over hundreds of milliseconds before the arrival of
the deviant.

Discussion

We presented a cortico-thalamocortical circuit of somatosensory processing with recurrent
dynamics and depressing synapses that is capable of producing both SSA and the contextual
sensitivity over different latencies across cortical layers and thalamus, in line with previous
experimental observations [8]. The computational results suggest that the early context-spe-
cific deviant responses in S1 L6 could be a strong candidate for the electrophysiological corre-
lates of the mid-latency response observed in EEG recordings [21, 25], because of their similar
response latencies and shared sensitivity to presentation context. Besides, we show that the late
context-dependent responses in S1 L4, which temporally and functionally resemble MMN,
can be produced simply by the interaction between different cortical layers and the thalamus,
without involving top-down modulation by higher brain areas. It has to be noted that the pre-
vious experimental observations from [8] were recorded in anesthetized animals which may
be seen as a confounding factor. However, it has been shown consistently that SSA and devi-
ance detection of individual neurons can be observed in different sensory brain areas in both
awake and anesthetized animals. For example, in the auditory system, SSA was measured in
the primary auditory cortex of anesthetized of, amongst other species, cats [4], rats [53], mice
[54, 55] as well as in different awake animals such as rats [17, 18] and mice [56], yielding com-
parable results. For the somatosensory system, SSA and deviance detection are well described
in anesthetized rats [5, 57] and our own data demonstrate its relevance in awake conditions,
shaping stimulus representation and perception [58]. Furthermore, MMN can be observed in
different brain states, including sleeping [59], comatose [60], deeply sedated [61] or anesthe-
tized [62] human and animal subjects [63], indicating a very robust and probably hard-wired
property of central sensory processing.

Inspired by a previously described mechanism producing SSA through interactions among
intracortical populations with different specificity for stimulus features in the auditory cortex
[33], our model enables the generation of a cortical population spike upon the presentation of
stimuli and its lateral propagation across different barrels to mediate SSA, consistent with the
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given neurobiology of the barrel cortex. The existence of whisker-evoked population spikes
and their spatiotemporal distribution in S1 are inferred from voltage-sensitive dye imaging
[64] and multielectrode array recordings [49, 65], where the mean firing rates show a tempo-
rary peak in the principal column upon the onset of stimulation, followed by weaker activity
with short latency in the surrounding columns [49]. Previous modelling work has demon-
strated that this population burst could be a consequence of a recurrent network with synaptic
depression [43, 44, 66, 67]. Here, such a network is the essential ingredient of our hierarchical
model to produce SSA.

Our model can be regarded as a simplified representation of the cortico-thalamocortical
pathway of the rodent whisker system, concentrating on the minimal number of components
necessary to give rise to deviant signals. Due to this “minimalistic” approach, we left out other
parts of the cortical circuitry, such as layers 2/3 and 5, which are arguably involved in process-
ing deviant stimuli and probably key to forwarding these signals further downstream of the
cortical hierarchy [8, 53]. The dynamics of the barrel cortex are described by population activ-
ity and mean synaptic resources of somatotopic neuronal clusters in a two-layered grid net-
work. The reasons for adopting rate models for the cortical dynmaics are twofold. First, the
mean-field description of population activity makes it possible to analyze the dynamics of sin-
gle recurrent clusters giving rise to population spikes on the phase plane, under the mathemat-
ical abstraction that each cortical cluster is a large and homogenous network. Theoretical work
has demonstrated that such a mean-field representation is equivalent to a homogeneous pool
of leaky integrate-and-fire neurons in terms of its population activities [68]. Second, this speci-
fication allows us to focus on the collective population behaviour within the grid network,
which is sufficient to generate cortical SSA and true deviance detection. SSA and true deviance
sensitivity cannot be accounted for solely by the intrinsic dynamics of individual neurons, but
relies to a large extent on network dynamics. It should be noted that although this mean-field
network of the barrel cortex ignores some details, such as the potential contribution of addi-
tional layers, distinct neuron types and their morphology, and more realistic connectivity pro-
files, critical features of the barrel cortex including its somatotopic columnar arrangement and
the spatiotemporal pattern of whisker-evoked responses are retained and indeed shown to be
sufficient to explain the deviant selectivity of transient L6 responses.

For the thalamic circuit, we utilized an integrate-and-fire model (such as the Izhikevich
model) with synaptic kinetics of AMPA and GABA receptors to generate thalamic bursting
spiking dynamics, which reproduces, with higher computational efficiency, the spiking pat-
terns of spindles modelled by a more detailed Hodgkin-Huxley model proposed by Destexhe
et al. [46]. Here, our goal was not to model actual sleep spindles but to build a phenomenologi-
cal network model that reproduces thalamic rhythmic activity. This strategy to utilize Des-
texhe’s model [46], or at least some of its parameters, has been used before to model other
phenomena with thalamic involvement, such as pathogenesis in childhood absence epilepsy
[69], or more generally to model “[. . .] rhythmogenesis, involving post-inhibitory rebound exci-
tation in the TC neurons” [70]. We also want to point out that SSA paradigms generally use
carefully controlled passive stimulation rather than active touch (e.g., detecting an object in
the dark). Many studies have reported bursting activity in the thalamus similar to our model
when whisker stimuli were applied passively both in anesthetized [71, 72]and awake animals
[71, 73], and spontaneously in awake animals as well [74, 75]. While post-inhibitory rebound
bursting activity of thalamic neurons is characteristic of the unconscious state, it can be
observed in the auditory thalamus of awake, passively listening animals as well in the form of a
post-stimulus burst [76], even though at longer stimulus durations than used in the model pre-
sented here. In contrast to the cortical rate model, which only depends on network mecha-
nisms, the thalamic spiking model takes into account both the intrinsic properties of single
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cells and their interplay to elicit synchronous oscillations. Our modelling results implicate the
slow recovery variable in these thalamocortical neurons, which may describe the inactivation
of low-threshold Ca®* T-currents [77], as the main factor driving the latency of the secondary
response observed in S1 L4 and therefore potentially MMN.

Finally, it is worth mentioning that the current implementation of our model still has sev-
eral shortcomings. One limitation is the sensitivity of SSA to cortical network parameters,
which stems from the different layer-specific response patterns in the feedforward L4-to-L6
network. In other words, the parameter regime allowing for SSA and the true deviance sensi-
tivity in initial L6 responses is constrained by not only the spatiotemporal pattern of whisker-
evoked transient activity in the L6 network but also responses in L4 that directly delivers its
output to L6. Primarily, in the L6 circuit, the PS evoked by the oddball standard should reduce
with repeated stimuli while not generalize to the oddball deviant. Besides, the propagation of
activity across the L6 network is supposed to be robust enough to occasionally pass the PSs
triggered by standards in the many-standards condition into the deviant column, yet too weak
for PSs evoked by the oddball standard to do so. Another possible shortcoming of our minima-
listic model is that it omitted cortical layer 2/3 and layer 5 that could modulate the laminar
pathway from L4 to L6. Future work incorporating these missing layers could generate richer
dynamics that expand the narrow region of SSA existence in the parameter space, leading to a
robust SSA phenomenon. Lastly, it would be instructive to test the NMDA dependency of the
late response in a spiking implementation of the cortical dynamics explored here to further
investigate SSA’s connection with MMN.

Materials and methods
Derivation of spiking to rate network

We derive the rate equations for a network of interacting populations mediated by depressing
synapses assuming that each population is large and homogeneous, using standard techniques
[68, 78-80]. By homogenous, we mean that (i) all neurons have the same properties; (ii) each
neuron receives identical external input; and (iii) the coupling strength between any pair of
neurons within the population is statistically uniform. The general conclusions developed here
will be applied in the next section to formalize the mean-field cortical network composed of a
grid arrangement of coupled populations.

We define the mean firing rate as the population activity A(t) averaged over a pool of
homogenous neurons.

A0 = 0 = 13 Dot g

where N is the number of neurons within the population, n,.(t;t + Af) denotes the number of
spikes of all neurons in the population, which appear betweem time t and ¢ + At. Since At is a
very short time interval, each neuron fires at most one spike during the interval and corre-
spondingly #,.(t;t + At) also represents the number of neurons that fire between time ¢ and ¢ +
At. 6(t) is the Dirac delta function and t]f denotes the firing time of the j-th neuron in the popu-
lation. This notion of the rate as population activity averaged over many neurons will be widely
used in the following derivation.
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The dynamics of short-term depression for the connection between pre- and post-synaptic
neuron pair j, i is given by the phenomenological model [66, 81]:

dx.(t 1—x.(t
Sf - . A Uxff(f)EfIé(t— t) 2)

rec

where each pre-synaptic spike emitted at tjf utilizes a certain rate U of the available synaptic
resource x;; that is a fraction of full resources. The depleted available resource then returns to
its baseline value with a time constant ... For the current-based type of post-synaptic input,
which is independent of neuronal membrane potential, the increment in the amplitude of
post-synaptic current I;(¢) triggered by a pre-synaptic spike arriving at t]f is given by

AL = Jus, () o)

where ] is the absolute synaptic efficacy and x;; (tjf ) denotes the value of x;; immediately before
the arrival of the spike.
We define x,(t) = 1/N ZJL x; as the mean available resource in a bunch of synapses from

a population of pre-synaptic neurons j to a post-synaptic neuron i. By taking the average over
the pool of pre-synaptic neurons on both sides of Eq 2, we get

T

dx,(t) 1-x() 1< »

Tzi—ﬁZUxﬁ(t)zf:é(t— ) (4)
rec J:

The second term on the right-hand side of Eq 4 can be further transformed, assuming uncorre-

lated Poisson spiking from a large population of pre-synaptic neurons, to

A—0  NAt

Us . ZjEQxij(t>
N;Ef:xij(t)é(t - t]f) = Ulim==—"""~

~ . xi(t)nact(t; t + At)
~ Ulim NAt

= Ux(1)A(1)
where N is the number of neurons in the pre-synaptic population. Q denotes the subpopula-
tion of pre-synaptic neurons that fire between time t and t + At, and n,.(t;t + At) is the size of
the subpopulation. The approximation becomes an equality in the limit of N — co. A(t) repre-
sents the population activity of pre-synaptic neurons as defined in Eq 1.

Using Eqs 5 and 4 can be reformulated as

dxi(t) _ 1- xi(t)
B T —— Ux;(£)A(t) (6)

rec

We find that the dynamics of the mean synaptic resource x,() is independent of the neuronal
identity and therefore is the same for all neurons in the population.

In addition, we assume that each pre-synaptic spike emitted at t]f triggers an instantaneous
post-synaptic current with the temporal profile o(t — tj( ) and the efficacy for each synaptic

connection in an all-to-all coupled population of N neurons is scaled as Jo/N. The input current
to a neuron i in the population is generated by all spikes of all neurons within the same
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population,

=3 L (e - )
=1 f
=LU> > /m%xij(t—s)oc(s)é(t— t/ —s)ds (7)
=t f V0

= ]OU/oc a(s) %Zinj(t —5)o(t— t]f — s)ds
0 s

Making use of Eq 5 with f replaced by ¢ — s to substitute the average quantity on the right-
hand side of Eq 7, we obtain

1) = J,U /U " s(s)x(t — $)A(t — s)ds (8)

We dropped the neuronal index i since the input current at time ¢ depends on past mean syn-
aptic resource and population activity and is identical for all neurons.

Now we generalize the arguments from a single fully-connected pool to multiple interacting
pools. Under the assumption that neurons are homogenous in each population, the activity of
neurons in population k is

ZZ(S 9)

Jel_k

where Ny is the size of population k and I'; represents the set of neurons that belongs to popu-
lation k.

We assume that each neuron i in population k receives input from all neurons j in popula-
tion [ with adapting coupling strength (Jii/N;) Usx;i() and the post-synaptic current of the neu-
ron i elicted by a spike of a presynaptic neuron j has the time course oy,(t). Here the synaptic
efficacy Jy;, utilization rate Uy, and post-synaptic current oy, (t) depend on the type of synaptic
connection from a neuron in population k to a neuron in population / rather than the neuronal
identity. The input current to a neuron i in pool k is induced by all spikes of all neurons in the
network of pools,

zzzhu {)ag(t — 1)

jen

:Z:]klUk,/U oy (s ZZx (t—s)0(t — ¢ —s)ds (10)

]EF

= Z]kl kl/ o (s)x;(t — 5)A(t — s)ds

Correspondingly the dynamics of mean synaptic resource x,(t) is generalized as

dL(t)_ 1 —x,(1)

T — Ui (H)A(1) (11)

rec,kl

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009616 May 15, 2023 19/35


https://doi.org/10.1371/journal.pcbi.1009616

PLOS COMPUTATIONAL BIOLOGY Modelling novelty detection in the thalamocortical loop

By assuming that Uy, and ... 4 are homogenous across different pools, we drop the sub-
script kI and reformulate the above equation as

dxl(t) _ 1- xl(t)
a1 Ux;(t)A,(t) (12)

rec

Here we change the index of mean synaptic resource from post-synaptic neuron 7 in popula-
tion k to pre-synaptic population [ since the evolution of mean synaptic resource is governed
by the activity of pre-synaptic population and is the same for all neurons within post-synaptic
populations.
In this case, the input current,
0

L0 = S0 [ ot - 9t - )i (13)

which is independent of the neuronal index i but the post-synaptic population index k.

Finally, we characterize the dynamics of the input current #(t) of population k with the dif-
ferential equation of passive membrane and employ for each population the rate model A,(f) =
Fy(hy(t)) in which F, is the stationary gain function of neurons in population /. The input cur-
rent hy(f) takes into account both synaptic coupling I;(f) and external drive If*(¢),

m dh(;t(t) = —h(t) + Z:]sz/Uw o (8)x,(t — s)F,(hy(t — s))ds + [(¢) (14)

where all neurons in the network have the same membrane time constant 7,y,.
Particularly, in the case of instantaneous post-synaptic current pulse oy,(s) = 6(s), Eq 14
can be reduced to a first-order differential equation

T dhﬁft) = —h(t) + zl:]szxz(t)F,(h,(t)) I (1s)

Modelling the thalamocortical network of the barrel cortex

It has been observed that a cortico-thalamocortical loop structure exists in the rodent whisker
system [37]. The excitatory thalamocortical (TC) neurons in the ventral posterior medial
(VPM) nucleus present feedforward projection to layer 4 (L4) of the cortex. On the other
hand, neurons in layer 6 (L6) provide feedback excitation to TC and reticular(RE) neurons
that impose reciprocal inhibition on TC cells.

Model of the cortical part. Here, for the complexity needed for the work, we greatly sim-
plified the laminar structure of the cortex by only considering two cascaded excitatory net-
works that model L4 and L6 respectively. To mimic the somatotopic organization of the barrel
cortex, the circuit of each layer is composed of an array of cortical columns (barrels). Each col-
umn is modelled by a fully connected excitatory population mediated by synaptic depression,
with its mean-field dynamics as analyzed in the last subsection. Every column is also connected
to its nearest vertical and horizontal neighbours by inter-column depressing synapses. Fur-
thermore, the L4 columns receive thalamic inputs with cross-whisker tuning and send outputs
to their aligned L6 columns.
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Feedforward thalamocortical pathway Feedback corticothalamic pathway

Synapse properties
= Depressing
= = =» Non-adapting

Fig 7. Schematic representation of the thalamo-cortio-thalamic loop model of the barrel cortex, to illustrate the notation used in Methods. (A)
Feedforward thalamocortical pathway. (B) Feedback corticothalamic pathway. The width of arrows describes the relative strength of each connection.

https://doi.org/10.1371/journal.pchi.1009616.g007

Based on Eqgs 15 and 12, the mean-field dynamics of cortical layer 4 network is described by
the following equations (see Fig 7 for a schematic representation of the network architecture):

dhi}" ~ [kl-+1]
— mn m+k,n+1 A m+k,n+l
Ton ar —hi" + ZZJM Unixiy AL
k=—1l=——1
MoN (16)
; 1 AP
+ ZZI ThC T;’qn UThCZ;?anTg
p=1 g=1
m,n 1 _ xm,n
14 14
= — Upx( AT (17)
dt Trec,L4
dzmr 1z
Pq P.q . AP
& 1 T UncFy At (18)
rec,ThC
ALY = Jog, (T — 0L4)]+ (19)
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Similarly, the mean-field cortical layer 6 network is defined as:

dhm N
T du) = —hi" + ZZIWH” Upex ingk nHAer g JuasUraeXi6 ALy (20)

k=—1l=—1

m.n m.mn
dxr; 1 — x5

— _ U m, YlAm N 21
dt Toets L6XL6 ( )
dxlnllg 1- Xﬁg mmn A mn
dt = Tt — UpneX(i6ALs (22)
Agén = [(xL(j (hinén - 0L6)]+ (23)

The dynamics of each barrel is described by its population activity A™" and mean fraction
of synaptic resource available x™", where m and #n denote the row and arc indices of the barrel
on an idealized M x N grid. Both variables are specified by subscript either L4 for the popula-
tion in layer 4 or by L6 for layer 6 (which applies for all layer-specific variables). The popula-
tion activity A”" is defined as a threshold- linear gain function of the mean-field current h"™"
(o and 0 are respectively the slope and horizontal intercept of the gain function). The function
[-]; is defined as its argument when the argument is positive, otherwise zero.

The synaptic efficacy is represented by J*/1 with superscript specifying the column-to-col-
umn distance of the connection (0, 1 and 2 respectively indicate intra-column, vertical/hori-
zontal and diagonal inter-column connection). U denotes the utilization rate of synaptic
resources. T,, and 7, are the membrane time constant of cortical neurons and recovery time
constant of synaptic resources, repectively. The dynamics of thalamocortical synapses from the
whisker channel p, g to the L4 barrel m,n is characterized by the fraction of resources available
z, parameterized by utilization rate Ury,c and recovery time constant T,e. hc. Similarly, the
L4-to-L6 depressing synapse of column m,n is described by its resources x{’;; with utilization
rate Up 46 and recovery time constant Tye. 1.46. Jthc and J 46 denote the efficacy of thalamocorti-
cal and laminar synapses, respectively.

T} represents the relative magnitude at which the barrel m,n receives thalamocotical input
from whisker channel p, g compared with its primary whisker channel. The values of T} over

all channels on the M x N grid compose the spatial tuning curve of the thalamocortical inputs
to the barrel m,n. We chose a linear tuning curve in the simulation, which is defined as

Ty = [=d/A+1], (24)

where X is the radius of tuning curve and d is the floored Euclidian distance between barrel m,
n and whisker channel p, g on the evenly-spaced gird where the separation distance is 1

d=1y/(m—p)'+ (n— )" (25)

where | -] denotes the floor function that rounds its argument to the nearest integer less than
or equal to that argument.

AR describes the thalamocortical input delivered through the whisker channel p, g. It is
defined as the population activity of TC cells organized in barreloid m,n, which in practice is
evaluated by Eq 1 with a time window At = 2 ms. It is worth noting that the time bin of 2 ms is
only used to compute the population activity of TC cells from their spikes, and the cortical
population activity is obtained by numerically solving those differential equations of the
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cortical dynamics with an integration time step of 0.1 ms. Specifically, the A}{ is updated every
time window (2 ms) and held constant for 20 integration time steps (each 0.1 ms).

Model of the thalamic part. We assume that the late cortical rhythmic activity (roughly
10 Hz) possibly emerges from the thalamocortical system that can present thalamocortical
oscillatory activity with a frequency range of 7-14 Hz [45, 46]. Motivated by the anatomy of
the VPM and reticular nucleus of the thalamus [82], we modelled each barreloid in the VPM
nucleus by a cluster of 100 TC cells mediated by a pool of 100 RE cells, whose connectivity is
illustrated in Fig 7B. The spiking dynamics of each thalamic neuron simulated by the Izhike-
vich model, which uses the quadratic integrated-and-fire model for the membrane potential
equation, is expressed as

v =0.04v* + 5v + 140 — u + I(¢)
u=a(bv—u)
with after-spike resetting

Ve
if v>+30mV, then (27)
u—u+d

where the time ¢ is in milliseconds; v and u respectively denote the membrane potential (in
mV) and recovery variable that represents the difference of all influx and efflux of voltage-
gated ionic currents. In particular, the population of 100 TC cells in each barreloid are divided
into two subgroups. (a, b, ¢, d) = (0.005, 0.26, —52, 2) are assigned to the first 60 TC neurons
(indexed from 1 to 60) to induce rebound bursts that is an essential ingredient of the thalamo-
cortical oscillation. The same parameter quartet except for b = 0.25 is assigned to the rest 40
TC neurons (indexed from 60 to 100) that only fire spike trains following stimulation from
depolarized currents but fail to produce rebound spikes. Thalamic RE cells are modelled as
bursting neurons by assigning (4, b, ¢, d) = (0.02, 0.2, 55, 4). Finally, it is worth mentioning
that the reason that we chose the proportion of post-inhibitory bursting TC neurons to all TC
neurons Pr¢c = 0.6 is to model the decaying thalamic oscillation by trading off the duration and
strength of the thalamic rhythmic bursting evoked by the initial cortical feedback. A more sub-
stantial but less sustained rhythmic firing pattern is generated after the first transient response
as the rate of post-inhibitory bursting TC cells Prc increases (see S2 Fig).

The network connectivity is illustrated in Fig 1C, with a connection probability of 0.6 for
TC-to-RE, RE-to-TC and RE-to-RE coupling in the two pairs of equal-sized populations of TC
and RE cells and 0.2 for coupling between two subgroups of RE cells. I(¢) is the total current
input to a thalamic cell (in pA)

(1) = Lgiee(t) = Ly () + Lo, (£) + L(2) (28)

The thalamic background noise I,,,;s(t) is subject to uniform distribution bound between -0.5
and 0. The conductance-based synaptic current is modelled as

Lo () = gu (D) (v(t) — E,y,) (29)

where Ey, is the synaptic reversal potential. Synaptic conductivity gy, (t) has a time course of
exponential decay:

gsyn(t) = § :g_synei(titf)h®(t - tf) (30)
f
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where ©(t) is the Heaviside step function and ¢ represent the arrival time of pre- synaptic
spikes. We simulated AMPA and GABA 4 receptors with the decay time constant 7 =5 and 6
ms; Ey, = 0 and -75 mV, respectively. The maximal conductance g, for each type of connec-

tion is scaled as g, = G

syn

/C, where C is the number of randomly chosen presynaptic part-

ners for each neuron and = 2, 0.01 and 0.5 nS for AMPA-mediated TC-to-RE, GABA ,-

mediated RE-to-TC and GABA ,-mediated RE-to-RE synapses, respectively.

In addition, half of TC cells in each barreloid and their coupled RE cells were randomly
picked receiving corticothalamic feedback current, which is expressed as

Iery (1) = wenyAgg (1)

(31)

where A 4(t) denotes the population activity of L6 neurons in the somatotopic infrabarrel. We

respectively assigned the corticothalamic coupling strength wcry, = 0.001 and 0.4 for TC and

RE neurons.

Finally, we respectively stimulated randomly 10% and 50% of TC cells in the two comple-
mentary subgroups of each barreloid with sensory input that is described as

L) = &(t)- B

(32)

where B and &, ,(t) respectively represent the maximum amplitude and temporal envelope
of the sensory stimulus (normalized between 0 and 1). In all simulation protocols, B = 5 and
&p.q(t) has the profile of trapezoid pulse with 10 ms duration (2 ms onset/offset ramp time).
Forward Euler method with a time step of 0.1 ms is used to simulate the network dynamics.
The values for different network parameters are listed in Table 1.

Geometrical analysis of the thalamic rhythmic bursting

It is worth mentioning that the parameters of thalamic neurons and their connectivity strength
need to be finely tuned to demonstrate the decaying rhythmic bursting behavior shown in Fig
2D. In order to understand the mechanisms that mediate the termination of the rhythmic
activity in our model, we first illustrate in the phase portrait of the Izhikevich model how the
post-inhibitory bursts of the TC cells can be triggered by the activation of RE cells (Fig 8). A

Table 1. Values used for the network parameters.

Notation
M
N
A
UL4/Uss
Uthc/ULas
AralQie
O1.4/016
Tia/Tis
/T
l Tt
Jne
Jras
Tm
Trec,L4! Trec,L6

Trec,ThC/Trec,L‘ls

Description

Number of rows

Number of arcs

Radius of tuning curve

Utilization rate of L4 / L6 synapses

Utilization rate of thalamocortical / L4-to-L6 synapses
Slope of L4 / L6 gain function

Threshold of L4 / L6 gain function

Intra-column synaptic efficacy in L4 / L6
Vertical/horizontal inter-column synaptic efficacy in L4 / L6
Diagonal inter-column synaptic efficacy in L4 / L6
Synaptic efficacy of thalamocortical connection
Synaptic efficacy of L4-to-L6 connection

Membrane time constant

Recovery time constant of L4 / L6 synaptic resources

Recovery time constant of thalamocortical / L4-to-L6 synaptic resources

https://doi.org/10.1371/journal.pchi.1009616.t001

Value

5

4

1.6

0.5
0.8/0.5
1

5/3
22/25
0.05/0.03
0.001
1/0.05
0.24
0.001 s
05/1s
0.8/12s
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Fig 8. Post-inhibitory bursts in a TC cell. (A) A burst of spikes with significant latency is evoked by an inhibitory current pulse with 1 pA amplitude lasting 5
ms that approximates a transient inhibitory postsynaptic current of RE cells modulated by GABA 4 neurotransmitters. The membrane potential value
immediately after the release from inhibition is denoted in the open square. (B) The phase portrait of the Izhikevich model with parameters used in the first
subpopulation of TC cells when I(t) = 0. The intersection of the v-nullcline (red) and u-nullcline (green) is a stable focus, whose attraction basin is marked in
orange. The trajectory initiated at the states right after the removal of inhibitory input (open square, same as in (A)) slowly goes through the neighborhood of
the equilibrium before accelerating towards the voltage threshold of the spike peak. After setting off several spikes, the states are reset to the attraction domain
and approach along the v-nuclline to the equilibrium (resting potential).

https://doi.org/10.1371/journal.pcbi.1009616.9008

brief, weak negative current pulse pushes the states of a TC cell just outside its attraction basin
but in the vicinity of the attractor, where the vector field is relatively small. The membrane
potential increases slowly and steadily across the attractor neighborhood and fires a burst of
spikes before entering the attraction domain (see Fig 8B). Hence the spike burst is induced
with a long latency.

Furthermore, Fig 9 demonstrates how rhythmic bursting initiated by cortical feedback
fades away in a thalamic circuit of 20 TC and 20 RE neurons. The TC cells that receive tempo-
rary excitatory corticothalamic inputs are driven to a depolarized level that prevents the post-
inhibitory bursts. In contrast, most of the TC cells that have not received the corticothalamic
feedback are capable of initiating the rebound burst in the first round of oscillation, induced
by the activity of RE cells after the onset of the corticothalamic stimulation. In the second
bursting cycle, some of the TC cells that are silent in the first cycle fire, but the activity of their
coupled RE cells are weaker than that in the first round. As a result, very few TC cells are trig-
gered by the reduced RE activity in the third round, and after that, the inhibition from RE cells
is not strong enough to elicit any rebound burst in the TC cells, which terminates the rhythmic
bursting.

The rhythmic activity initiated in the stimulated barreloid of the VPM only induces inade-
quate cortical responses in the principal barrel and cannot propagate to the surrounding bar-
rels due to the activation threshold of the cortical neurons.

Model robustness

Our model employed synaptic depression as a surrogate for inhibitory neurons to prevent
overexcitation in the cortex. Fig 10B and 10C shows the sensitivity of SSA in cortical L4, L6
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Fig 9. Rhythmic bursting evoked by cortical discharges in a thalamic circuit of 20 TC and 20 RE cells. Red bars
under the voltage traces mark the initial cortical stimulation that is randomly distributed over 25% of TC and RE cells.

https://doi.org/10.1371/journal.pcbi.1009616.9009

and thalamus to the recovery time constant of synaptic connections within cortical L4 and L6,
respectively. The strength of SSA is quantified by the SSA index (SI). In particular, setting the
synaptic resources to recover extremely fast (on the order of 1 ms as highlighted in the grey
shade), the depression effects of the synapses become negligible and the cortical network
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Fig 10. Sensitivity of SSA and true deviance detection to the lateral cortical connections. (A) Overexcited and balanced L4
population activity evoked by a brief D2 whisker deflection (marked under the time axis) given fast and slow recovery timescales of L4
depressing synapses, respectively. The starred value in the title denotes the parameter’s default value. (B) Dependence of SSA in L4, L6
and thalamus on the logarithmically-scaled recovery time constant of L4 synapses, Tyec,14. The regimes for overexcited and balanced
cortical activity are respectively represented in grey and white backgrounds. (C) Same as (B), but for L6 synapses, T;ec 1. (D-G)
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Dependence of SSA and true deviance detection on the intra- and inter-columnar connection strengths within L4, J,, J!,, and L6, J{;,,
J1;- All responses fall into the regime of balanced activity when modifying these lateral and recurrent connections. The starred values
under the horizontal axes represent the parameters’ default values. The random seed of model simulation is kept fixed when changing
the values of each connection parameter.

https://doi.org/10.1371/journal.pchi.1009616.9g010

generates epileptic-like behavior in response to a transient peripheral stimulus (depicted in the
left panel of Fig 10A). In contrast, balanced cortical activity (right panel of Fig 10A) occurs
when recovery of the depressing synapses is slower than 10 ms, and specifically, robust SSA
can be obtained in the regime of hundreds of milliseconds to seconds of the synaptic recovery
time constant.

As mentioned in the Discussion section, the generation of the deviant signal is sensitive to
the extent of the lateral spread of activity across barrels in L4 and L6, which is largely confined
by recurrent and lateral coupling strength within and between barrels. Therefore, we investi-
gated the dependence of both SSA and true deviance detection on the intra- and inter-colum-
nar connection strength within L4 and within L6 by varying one parameter at a time and
fixing the rest to their given values, as demonstrated in Fig 10D-10G. No epileptic-like activity
is able to be induced in these scenarios. The more positive value of the context-specificity
index (CSI) indicates the stronger effect of true deviance detection. For lateral connections
(right panel of Fig 10E and 10G), deviance-detecting effects no longer exist when their strength
exceeds a certain critical value (0.07 for J!, and 0.08 for J{;). On the other hand, the operating
ranges of the recurrent connections where the model demonstrates qualitatively similar devi-
ant behaviors to the experimental observations are 2.1 to 2.3 for J{, and 2.5 to 2.6 for J;. The
relatively lower ratio of the operating range of recurrent connections to their given values indi-
cates that the deviance-detecting effects in our model are more susceptible to recurrent than
lateral cortical connections.

In addition, we studied the sensitivity of SSA and true deviance detection to the cortico-tha-
lamic and intra-thalamic connection strength, as well as regimes of different thalamic late
activity. Given different combinations of cortico-thalamic and intra-thalamic coupling
strength, the thalamic circuit can trigger three late response patterns (see Fig 11A), which are
also reflected in cortical L4 due to the thalamocortical pathway. As can be seen in Fig 11B-
11E, the deviance-detecting effect is more robust in the decaying oscillation regime than in the
other two regimes. Particularly, we found that as the TC-to-RE synaptic conductances
increases, the regime of no oscillation shrinks while the regime of sustained oscillation expands
(Fig 11B-11D). This transition of regimes is likely because the RE cells become more excitable
by the increased conductances from TC cells onto them and, in turn, provide more inhibition
to TC cells. Consequently, more rebound bursts are triggered in TC cells, which repeats the
cycle of firings of RE cells. Finally, we fixed the cortico-thalamic connection strength to its
default value and examined the sensitivity of the results to the intra-thalamic coupling strength
(Fig 11E). As the TC-to-RE synaptic conductance increases, the response regime shifts from
decaying oscillation to sustained oscillation, which weakens and even eliminates the deviance-
detecting effect in the late responses.

Data analysis

The average response to stimuli of a whisker identity is evaluated as mean spike counts of the
stimulated column induced by all presentations of the whisker identity in all repeated proto-
cols. The average spike counts are calculated as the integrals of population activity with a tem-
poral resolution of 0.1 ms over a time window after the stimulus onset.
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Fig 11. Dependence of deviance-detecting effect and thalamic response patterns on the cortico-thalamic and intra-thalamic connection strength. (A) Three late
oscillation patterns (regimes) of thalamocortical cells can be elicited by a whisker deflection (marked in red under the time axis). (B-D) Sensitivity of SSA and true

deviance detection in L4, L6 and thalamus to the strength of cortico-thalamic coupling on RE cells, wg,, given different TC-to-RE synaptic conductances, G .

TC—RE
syn

Background colors denote one of the three regimes depicted in (A). (E) Analogous to (B-D), but by changing TC-to-RE synaptic conductances, G , with cortico-
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The effect of SSA is quantified using the SSA index (SI), which is a normalized difference
between the response to the deviant and the standard in the oddball protocol:

SI = d(‘xl) — S(xz)

= dx) T 5(x) 33)

where d(x;) and s(x;,) are the average responses measured as spike counts to the whisker iden-
tities x; and x, presented as the deviant and standard, respectively. Here, the roles of two whis-
kers as the deviant and standard are not swapped as our network is homogenous and
symmetric, and consequently, there is no response bias towards a specific whisker identity.
According to the formula, SI is normalized between -1 and 1 and its positive value indicates
the existence of SSA, where stronger SSA effects lead to values of SI closer to 1.

Furthermore, to quantify the neuronal sensitivity to certain repeated patterns in its presen-
tation context, we defined a context-specificity index (CSI) to compare the same deviant
responses contextualized in regular and irregular sequences of stimuli:

CSI _ dreg(x) - dirr ('x)

4 () (%) (34)

where d,cg(x) and d;(x) are the average spike counts to the same deviant whisker deflection x
respectively presented in regular and irregular paradigms, which can be either the pair of odd-
ball and many-standards conditions, or sequenced and randomized conditions. Similar to SI,
if the value of CSI is positive, then we conclude that the network model displays the capacity to
identify underlying patterns from the input stream.

Supporting information

S1 Fig. Population activity of TC cells in response to deviant stimuli in oddball and many-
standards conditions. (A) Illustration of oddball (top) and many-standards (bottom) proto-
cols. The deviant stimuli to the C2 whisker are highlighted in red in the oddball condition and
green in the many-standards condition. (B) Temporal profiles of population activity of TC
cells in C2 barreloid evoked by the oddball deviant (red) and many-standards deviant (green).
(C) Magnified deviant responses in the shaded area denoted in (B). The stimulus duration is
marked below the responses in the first row. (D) Average TC responses in C2 barreloid over
inter-stimulus intervals to the oddball deviant (red) and many-standards deviant (green).
(EPS)

S2 Fig. Response patterns of TC cells in thalamic networks with different proportions of TC
cells in the two complementary subgroups of each barreloid. A brief D2 whisker deflection
evokes different patterns of TC population activity Arc (averaged over all 100 TC neurons) in
the principle barreloid, where the proportion of post-inhibitory bursting TC neurons to all TC
neurons Prc increases (A: Ppc = 0.2, B: Pr¢ = 0.4, C: Pr¢ = 0.6 that is the one used in our model,
D: Ppc = 0.8). The D2 whisker deflection stimulus is marked in red under the first panel.

(EPS)

Author Contributions
Conceptualization: Chao Han, Giacomo Indiveri, Wolfger von der Behrens, Eleni Vasilaki.
Data curation: Chao Han.

Formal analysis: Chao Han, Aditya Gilra.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009616 May 15, 2023 30/35


http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1009616.s001
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1009616.s002
https://doi.org/10.1371/journal.pcbi.1009616

PLOS COMPUTATIONAL BIOLOGY Modelling novelty detection in the thalamocortical loop

Funding acquisition: Giacomo Indiveri, Wolfger von der Behrens, Eleni Vasilaki.
Investigation: Gwendolyn English, Wolfger von der Behrens.

Methodology: Chao Han.

Project administration: Giacomo Indiveri, Wolfger von der Behrens, Eleni Vasilaki.
Resources: Gwendolyn English, Wolfger von der Behrens.

Software: Chao Han.

Supervision: Hannes P. Saal, Aditya Gilra, Wolfger von der Behrens, Eleni Vasilaki.
Validation: Chao Han.

Visualization: Chao Han.

Writing - original draft: Chao Han, Wolfger von der Behrens.

Writing - review & editing: Chao Han, Gwendolyn English, Hannes P. Saal, Giacomo Indi-
veri, Aditya Gilra, Wolfger von der Behrens, Eleni Vasilaki.

References

1. Khouri L, Nelken |. Detecting the unexpected. Current Opinion in Neurobiology. 2015; 35:142—147.
https://doi.org/10.1016/j.conb.2015.08.003 PMID: 26318534

2. Fitzgerald K, Todd J. Making Sense of Mismatch Negativity. Frontiers in Psychiatry. 2020; 11(June):1—
19. https://doi.org/10.3389/fpsyt.2020.00468 PMID: 32595529

3. Nelken I. Stimulus-specific adaptation and deviance detection in the auditory system: experiments and
models. Biological Cybernetics. 2014; 108(5):655-663. https://doi.org/10.1007/s00422-014-0585-7
PMID: 24477619

4. Ulanovsky N, Las L, Nelken I. Processing of low-probability sounds by cortical neurons. Nature neuro-
science. 2003; 6(4):391. https://doi.org/10.1038/nn1032 PMID: 12652303

5. KatzV, Heiss JE, Lampl |. Cross-whisker adaptation of neurons in the rat barrel cortex. Journal of Neu-
roscience. 2006; 26(51):13363-13372. https://doi.org/10.1523/JNEUROSCI.4056-06.2006 PMID:
17182787

6. Taaseh N, Yaron A, Nelken I. Stimulus-specific adaptation and deviance detection in the rat auditory
cortex. PLoS One. 2011; 6(8):€23369. https://doi.org/10.1371/journal.pone.0023369 PMID: 21853120

7. Hershenhoren |, Taaseh N, Antunes FM, Nelken I. Intracellular correlates of stimulus-specific adapta-
tion. Journal of Neuroscience. 2014; 34(9):3303-3319. https://doi.org/10.1523/JNEUROSCI.2166-13.
2014 PMID: 24573289

8. Musall S, Haiss F, Weber B, von der Behrens W. Deviant processing in the primary somatosensory cor-
tex. Cerebral Cortex. 2015; 27(1):863-876.

9. Naatanen R, Gaillard AWK, Méantysalo S. Early selective-attention effect on evoked potential reinter-
preted. Acta Psychologica. 1978; 42(4):313-329. https://doi.org/10.1016/0001-6918(78)90006-9
PMID: 685709

10. Bauerle P, von der Behrens W, Kossl M, Gaese BH. Stimulus-Specific Adaptation in the Gerbil Primary
Auditory Thalamus Is the Result of a Fast Frequency-Specific Habituation and Is Regulated by the Cor-
ticofugal System. Journal of Neuroscience. 2011; 31(26):9708-9722. https://doi.org/10.1523/
JNEUROSCI.5814-10.2011 PMID: 21715636

11. Antunes FM, Malmierca MS. An overview of stimulus-specific adaptation in the auditory thalamus.
Brain Topography. 2014; 27(4):480—499. https://doi.org/10.1007/s10548-013-0342-6 PMID: 24343247

12. Antunes FM, Malmierca MS. Effect of Auditory Cortex Deactivation on Stimulus-Specific Adaptation in
the Medial Geniculate Body. Journal of Neuroscience. 2011; 31(47):17306—17316. https://doi.org/10.
1523/JNEUROSCI.1915-11.2011 PMID: 22114297

13. Malmierca MS, Cristaudo S, Pérez-Gonzalez D, Covey E. Stimulus-specific adaptation in the inferior
colliculus of the anesthetized rat. Journal of Neuroscience. 2009; 29(17):5483-5493. https://doi.org/10.
1523/JNEUROSCI.4153-08.2009 PMID: 19403816

14. Malmierca MS, Anderson LA, Antunes FM. The cortical modulation of stimulus-specific adaptation in
the auditory midbrain and thalamus: a potential neuronal correlate for predictive coding. Frontiers in

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009616 May 15, 2023 31/35


https://doi.org/10.1016/j.conb.2015.08.003
http://www.ncbi.nlm.nih.gov/pubmed/26318534
https://doi.org/10.3389/fpsyt.2020.00468
http://www.ncbi.nlm.nih.gov/pubmed/32595529
https://doi.org/10.1007/s00422-014-0585-7
http://www.ncbi.nlm.nih.gov/pubmed/24477619
https://doi.org/10.1038/nn1032
http://www.ncbi.nlm.nih.gov/pubmed/12652303
https://doi.org/10.1523/JNEUROSCI.4056-06.2006
http://www.ncbi.nlm.nih.gov/pubmed/17182787
https://doi.org/10.1371/journal.pone.0023369
http://www.ncbi.nlm.nih.gov/pubmed/21853120
https://doi.org/10.1523/JNEUROSCI.2166-13.2014
https://doi.org/10.1523/JNEUROSCI.2166-13.2014
http://www.ncbi.nlm.nih.gov/pubmed/24573289
https://doi.org/10.1016/0001-6918(78)90006-9
http://www.ncbi.nlm.nih.gov/pubmed/685709
https://doi.org/10.1523/JNEUROSCI.5814-10.2011
https://doi.org/10.1523/JNEUROSCI.5814-10.2011
http://www.ncbi.nlm.nih.gov/pubmed/21715636
https://doi.org/10.1007/s10548-013-0342-6
http://www.ncbi.nlm.nih.gov/pubmed/24343247
https://doi.org/10.1523/JNEUROSCI.1915-11.2011
https://doi.org/10.1523/JNEUROSCI.1915-11.2011
http://www.ncbi.nlm.nih.gov/pubmed/22114297
https://doi.org/10.1523/JNEUROSCI.4153-08.2009
https://doi.org/10.1523/JNEUROSCI.4153-08.2009
http://www.ncbi.nlm.nih.gov/pubmed/19403816
https://doi.org/10.1371/journal.pcbi.1009616

PLOS COMPUTATIONAL BIOLOGY Modelling novelty detection in the thalamocortical loop

Systems Neuroscience. 2015; 9(March):1—14. https://doi.org/10.3389/fnsys.2015.00019 PMID:
25805974

15. Reches A, Gutfreund Y. Stimulus-Specific Adaptations in the Gaze Control System of the Barn Owl.
Journal of Neuroscience. 2008; 28(6):1523—1533. https://doi.org/10.1523/JNEUROSCI.3785-07.2008
PMID: 18256273

16. Reches A, Netser S, Gutfreund Y. Interactions between Stimulus-Specific Adaptation and Visual Audi-
tory Integration in the Forebrain of the Barn Owl. Journal of Neuroscience. 2010; 30(20):6991-6998.
https://doi.org/10.1523/JNEUROSCI.5723-09.2010 PMID: 20484641

17. vonder Behrens W, Bauerle P, Kossl M, Gaese BH. Correlating Stimulus-Specific Adaptation of Corti-
cal Neurons and Local Field Potentials in the Awake Rat. Journal of Neuroscience. 2009; 29
(44):13837—-13849. hitps://doi.org/10.1523/JNEUROSCI.3475-09.2009 PMID: 19889995

18. Polterovich A, Jankowski MM, Nelken |. Deviance sensitivity in the auditory cortex of freely moving rats.
PLOS ONE. 2018; 13(6):e0197678. https://doi.org/10.1371/journal.pone.0197678 PMID: 29874246

19. Jacobsen T, Schréger E. Is there pre-attentive memory-based comparison of pitch? Psychophysiology.
2001; 38(4):723-727. https://doi.org/10.1111/1469-8986.3840723 PMID: 11446587

20. HarmsL, Michie PT, Na&tanen R. Criteria for determining whether mismatch responses exist in animal
models: Focus on rodents. Biological Psychology. 2016; 116:28—35. https://doi.org/10.1016/j.
biopsycho.2015.07.006 PMID: 26196895

21. Shiramatsu Tl, Takahashi H. Mismatch-negativity (MMN) in animal models: Homology of human MMN?
Hearing Research. 2021; 399:107936. https://doi.org/10.1016/j.heares.2020.107936 PMID: 32197715

22. Nelken I, Ulanovsky N. Mismatch negativity and stimulus-specific adaptation in animal models. Journal
of Psychophysiology. 2007; 21(3—4):214-223. https://doi.org/10.1027/0269-8803.21.34.214

23. Umbricht D, Schmid L, Koller R, Vollenweider FX, Hell D, Javitt DC. Ketamine-Induced Deficits in Audi-
tory and Visual Context-Dependent Processing in Healthy Volunteers. Archives of General Psychiatry.
2000; 57(12):1139. https://doi.org/10.1001/archpsyc.57.12.1139

24. Farley BJ, Quirk MC, Doherty JJ, Christian EP. Stimulus-Specific Adaptation in Auditory Cortex Is an
NMDA-Independent Process Distinct from the Sensory Novelty Encoded by the Mismatch Negativity.
Journal of Neuroscience. 2010; 30(49):16475-16484. hitps://doi.org/10.1523/JNEUROSCI.2793-10.
2010 PMID: 21147987

25. Grimm S, Escera C, Slabu L, Costa-Faidella J. Electrophysiological evidence for the hierarchical organi-
zation of auditory change detection in the human brain. Psychophysiology. 2011; 48(3):377—-384.
https://doi.org/10.1111/j.1469-8986.2010.01073.x PMID: 20636288

26. Shiramatsu Tl, Kanzaki R, Takahashi H. Cortical mapping of mismatch negativity with deviance detec-
tion property in rat. PLoS ONE. 2013; 8(12):36—44. https://doi.org/10.1371/journal.pone.0082663
PMID: 24349330

27. MillR, Sheik S, Indiveri G, Denham SL. A model of stimulus-specific adaptation in neuromorphic analog
VLSI. IEEE transactions on biomedical circuits and systems. 2011; 5(5):413—419. https://doi.org/10.
1109/TBCAS.2011.2163155 PMID: 23852174

28. MillR, Coath M, Wennekers T, Denham SL. A neurocomputational model of stimulus-specific adapta-
tion to oddball and Markov sequences. PLoS computational biology. 2011; 7(8):1002117. https://doi.
org/10.1371/journal.pcbi.1002117 PMID: 21876661

29. MillR, Coath M, Wennekers T, Denham SL. Characterising stimulus-specific adaptation using a multi-
layer field model. Brain Research. 2012; 1434:178-188. https://doi.org/10.1016/j.brainres.2011.08.063
PMID: 21955728

30. Wacongne C, Changeux JP, Dehaene S. A Neuronal Model of Predictive Coding Accounting for the
Mismatch Negativity. Journal of Neuroscience. 2012; 32(11):3665—-3678. https://doi.org/10.1523/
JNEUROSCI.5003-11.2012 PMID: 22423089

31. Wang P, Kndsche TR. A realistic neural mass model of the cortex with laminar-specific connections and
synaptic plasticity—evaluation with auditory habituation. PloS one. 2013; 8(10):36—-39. https://doi.org/
10.1371/journal.pone.0077876 PMID: 24205009

32. May PJ, Westd J, Tiitinen H. Computational modelling suggests that temporal integration results from
synaptic adaptation in auditory cortex. European Journal of Neuroscience. 2015; 41(5):615-630.
https://doi.org/10.1111/ejn.12820 PMID: 25728180

33. Yarden TS, Nelken |. Stimulus-specific adaptation in a recurrent network model of primary auditory cor-
tex. PLoS computational biology. 2017; 13(3):e1005437. https://doi.org/10.1371/journal.pcbi.1005437
PMID: 28288158

34. Kudela P, Boatman-Reich D, Beeman D, Anderson WS. Modeling Neural Adaptation in Auditory Cor-
tex. Frontiers in Neural Circuits. 2018; 12(September):1-11. https://doi.org/10.3389/fncir.2018.00072
PMID: 30233332

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009616 May 15, 2023 32/35


https://doi.org/10.3389/fnsys.2015.00019
http://www.ncbi.nlm.nih.gov/pubmed/25805974
https://doi.org/10.1523/JNEUROSCI.3785-07.2008
http://www.ncbi.nlm.nih.gov/pubmed/18256273
https://doi.org/10.1523/JNEUROSCI.5723-09.2010
http://www.ncbi.nlm.nih.gov/pubmed/20484641
https://doi.org/10.1523/JNEUROSCI.3475-09.2009
http://www.ncbi.nlm.nih.gov/pubmed/19889995
https://doi.org/10.1371/journal.pone.0197678
http://www.ncbi.nlm.nih.gov/pubmed/29874246
https://doi.org/10.1111/1469-8986.3840723
http://www.ncbi.nlm.nih.gov/pubmed/11446587
https://doi.org/10.1016/j.biopsycho.2015.07.006
https://doi.org/10.1016/j.biopsycho.2015.07.006
http://www.ncbi.nlm.nih.gov/pubmed/26196895
https://doi.org/10.1016/j.heares.2020.107936
http://www.ncbi.nlm.nih.gov/pubmed/32197715
https://doi.org/10.1027/0269-8803.21.34.214
https://doi.org/10.1001/archpsyc.57.12.1139
https://doi.org/10.1523/JNEUROSCI.2793-10.2010
https://doi.org/10.1523/JNEUROSCI.2793-10.2010
http://www.ncbi.nlm.nih.gov/pubmed/21147987
https://doi.org/10.1111/j.1469-8986.2010.01073.x
http://www.ncbi.nlm.nih.gov/pubmed/20636288
https://doi.org/10.1371/journal.pone.0082663
http://www.ncbi.nlm.nih.gov/pubmed/24349330
https://doi.org/10.1109/TBCAS.2011.2163155
https://doi.org/10.1109/TBCAS.2011.2163155
http://www.ncbi.nlm.nih.gov/pubmed/23852174
https://doi.org/10.1371/journal.pcbi.1002117
https://doi.org/10.1371/journal.pcbi.1002117
http://www.ncbi.nlm.nih.gov/pubmed/21876661
https://doi.org/10.1016/j.brainres.2011.08.063
http://www.ncbi.nlm.nih.gov/pubmed/21955728
https://doi.org/10.1523/JNEUROSCI.5003-11.2012
https://doi.org/10.1523/JNEUROSCI.5003-11.2012
http://www.ncbi.nlm.nih.gov/pubmed/22423089
https://doi.org/10.1371/journal.pone.0077876
https://doi.org/10.1371/journal.pone.0077876
http://www.ncbi.nlm.nih.gov/pubmed/24205009
https://doi.org/10.1111/ejn.12820
http://www.ncbi.nlm.nih.gov/pubmed/25728180
https://doi.org/10.1371/journal.pcbi.1005437
http://www.ncbi.nlm.nih.gov/pubmed/28288158
https://doi.org/10.3389/fncir.2018.00072
http://www.ncbi.nlm.nih.gov/pubmed/30233332
https://doi.org/10.1371/journal.pcbi.1009616

PLOS COMPUTATIONAL BIOLOGY Modelling novelty detection in the thalamocortical loop

35. Crandall SR, Patrick SL, Cruikshank SJ, Connors BW. Infrabarrels Are Layer 6 Circuit Modules in the
Barrel Cortex that Link Long-Range Inputs and Outputs. Cell Reports. 2017; 21(11):3065-3078. https://
doi.org/10.1016/j.celrep.2017.11.049 PMID: 29241536

36. Petersen CCH. The functional organization of the barrel cortex. Neuron. 2007; 56(2):339-355. https:/
doi.org/10.1016/j.neuron.2007.09.017 PMID: 17964250

37.  Whitmire CJ, Stanley GB. Rapid Sensory Adaptation Redux: A Circuit Perspective. Neuron. 2016; 92
(2):298-315. https://doi.org/10.1016/j.neuron.2016.09.046 PMID: 27764664

38. Armstrong-James M, Fox K, Das-Gupta A. Flow of excitation within rat barrel cortex on striking a single
vibrissa. Journal of neurophysiology. 1992; 68(4):1345-58. https://doi.org/10.1152/jn.1992.68.4.1345
PMID: 1432088

39. FoxKD. Barrel cortex. Cambridge University Press; 2008.

40. Feldmeyer D. Excitatory neuronal connectivity in the barrel cortex. Frontiers in neuroanatomy. 2012;
6:24. https://doi.org/10.3389/fnana.2012.00024 PMID: 22798946

41. Narayanan RT, Egger R, Johnson AS, Mansvelder HD, Sakmann B, de Kock CPJ, et al. Beyond
Columnar Organization: Cell Type- and Target Layer-Specific Principles of Horizontal Axon Projection
Patterns in Rat Vibrissal Cortex. Cerebral Cortex. 2015. https://doi.org/10.1093/cercor/bhv053 PMID:
25838038

42. Marx M, Feldmeyer D. Morphology and physiology of excitatory neurons in layer 6b of the somatosen-
sory rat barrel cortex. Cerebral Cortex. 2013; 23(12):2803—-2817. https://doi.org/10.1093/cercor/bhs254
PMID: 22944531

43. Tsodyks M, Uziel A, Markram H, et al. Synchrony generation in recurrent networks with frequency-
dependent synapses. J Neurosci. 2000; 20(1):825-835. https://doi.org/10.1523/JNEUROSCI.20-01-
j0003.2000 PMID: 10627627

44. Loebel A, Tsodyks M. Computation by ensemble synchronization in recurrent networks with synaptic
depression. Journal of computational neuroscience. 2002; 13(2):111-124. https://doi.org/10.1023/
A:1020110223441 PMID: 12215725

45. Timofeev |, Bazhenov M. Mechanisms and biological role of thalamocortical oscillations. Trends in chro-
nobiology research. 2005; p. 1-47.

46. Destexhe A, Contreras D, Steriade M. Mechanisms underlying the synchronizing action of corticothala-
mic feedback through inhibition of thalamic relay cells. Journal of neurophysiology. 1998; 79(2):999—
1016. https://doi.org/10.1152/jn.1998.79.2.999 PMID: 9463458

47. lzhikevich EM, Edelman GM. Large-scale model of mammalian thalamocortical systems. Proceedings
of the National Academy of Sciences of the United States of America. 2008; 105(9):3593-3598. https://
doi.org/10.1073/pnas.0712231105 PMID: 18292226

48. Petersen RS, Panzeri S, Diamond ME. The role of individual spikes and spike patterns in population
coding of stimulus location in rat somatosensory cortex. BioSystems. 2002; 67(1-3):187-193. https://
doi.org/10.1016/S0303-2647(02)00076-X PMID: 12459298

49. Lebedev MA, Mirabella G, Erchova |, Diamond ME. Experience-dependent plasticity of rat barrel cortex:
redistribution of activity across barrel-columns. Cerebral Cortex. 2000; 10(1):23-31. https://doi.org/10.
1093/cercor/10.1.23 PMID: 10639392

50. Oberlaender M, De Kock CPJ, Bruno RM, Ramirez A, Meyer HS, Dercksen VJ, et al. Cell type-specific
three-dimensional structure of thalamocortical circuits in a column of rat vibrissal cortex. Cerebral Cor-
tex. 2012; 22(10):2375-2391. https://doi.org/10.1093/cercor/bhr317 PMID: 22089425

51. Brecht M, Sakmann B. Whisker maps of neuronal subclasses of the rat ventral posterior medial thala-
mus, identified by whole-cell voltage recording and morphological reconstruction. The Journal of Physi-
ology. 2002; 538(2):495-515. https://doi.org/10.1113/jphysiol.2001.012334 PMID: 11790815

52. Naatanen R, Tervaniemi M, Sussman E, Paavilainen P, Winkler I. ‘Primitive intelligence’in the auditory
cortex. Trends in neurosciences. 2001; 24(5):283-288. https://doi.org/10.1016/S0166-2236(00)01790-
2 PMID: 11311381

53. Szymanski FD, Garcia-Lazaro JA, Schnupp JW. Current source density profiles of stimulus-specific
adaptation in rat auditory cortex. Journal of neurophysiology. 2009; 102(3):1483—-1490. https://doi.org/
10.1152/jn.00240.2009 PMID: 19571199

54. ChenIW, Helmchen F, Lutcke H. Specific Early and Late Oddball-Evoked Responses in Excitatory and
Inhibitory Neurons of Mouse Auditory Cortex. The Journal of Neuroscience. 2015; 35(36):12560-
12573. https://doi.org/10.1523/JNEUROSCI.2240-15.2015 PMID: 26354921

55. Kurkela JLO, Lipponen A, Kylaheiko |, Astikainen P. Electrophysiological evidence of memory-based
detection of auditory regularity violations in anesthetized mice. Scientific Reports. 2018; 8(1):3027.
https://doi.org/10.1038/s41598-018-21411-z PMID: 29445171

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009616 May 15, 2023 33/35


https://doi.org/10.1016/j.celrep.2017.11.049
https://doi.org/10.1016/j.celrep.2017.11.049
http://www.ncbi.nlm.nih.gov/pubmed/29241536
https://doi.org/10.1016/j.neuron.2007.09.017
https://doi.org/10.1016/j.neuron.2007.09.017
http://www.ncbi.nlm.nih.gov/pubmed/17964250
https://doi.org/10.1016/j.neuron.2016.09.046
http://www.ncbi.nlm.nih.gov/pubmed/27764664
https://doi.org/10.1152/jn.1992.68.4.1345
http://www.ncbi.nlm.nih.gov/pubmed/1432088
https://doi.org/10.3389/fnana.2012.00024
http://www.ncbi.nlm.nih.gov/pubmed/22798946
https://doi.org/10.1093/cercor/bhv053
http://www.ncbi.nlm.nih.gov/pubmed/25838038
https://doi.org/10.1093/cercor/bhs254
http://www.ncbi.nlm.nih.gov/pubmed/22944531
https://doi.org/10.1523/JNEUROSCI.20-01-j0003.2000
https://doi.org/10.1523/JNEUROSCI.20-01-j0003.2000
http://www.ncbi.nlm.nih.gov/pubmed/10627627
https://doi.org/10.1023/A:1020110223441
https://doi.org/10.1023/A:1020110223441
http://www.ncbi.nlm.nih.gov/pubmed/12215725
https://doi.org/10.1152/jn.1998.79.2.999
http://www.ncbi.nlm.nih.gov/pubmed/9463458
https://doi.org/10.1073/pnas.0712231105
https://doi.org/10.1073/pnas.0712231105
http://www.ncbi.nlm.nih.gov/pubmed/18292226
https://doi.org/10.1016/S0303-2647(02)00076-X
https://doi.org/10.1016/S0303-2647(02)00076-X
http://www.ncbi.nlm.nih.gov/pubmed/12459298
https://doi.org/10.1093/cercor/10.1.23
https://doi.org/10.1093/cercor/10.1.23
http://www.ncbi.nlm.nih.gov/pubmed/10639392
https://doi.org/10.1093/cercor/bhr317
http://www.ncbi.nlm.nih.gov/pubmed/22089425
https://doi.org/10.1113/jphysiol.2001.012334
http://www.ncbi.nlm.nih.gov/pubmed/11790815
https://doi.org/10.1016/S0166-2236(00)01790-2
https://doi.org/10.1016/S0166-2236(00)01790-2
http://www.ncbi.nlm.nih.gov/pubmed/11311381
https://doi.org/10.1152/jn.00240.2009
https://doi.org/10.1152/jn.00240.2009
http://www.ncbi.nlm.nih.gov/pubmed/19571199
https://doi.org/10.1523/JNEUROSCI.2240-15.2015
http://www.ncbi.nlm.nih.gov/pubmed/26354921
https://doi.org/10.1038/s41598-018-21411-z
http://www.ncbi.nlm.nih.gov/pubmed/29445171
https://doi.org/10.1371/journal.pcbi.1009616

PLOS COMPUTATIONAL BIOLOGY

Modelling novelty detection in the thalamocortical loop

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

Parras GG, Nieto-Diego J, Carbajal GV, Valdés-Baizabal C, Escera C, Malmierca MS. Neurons along
the auditory pathway exhibit a hierarchical organization of prediction error. Nature Communications.
2017; 8(1):2148. https://doi.org/10.1038/s41467-017-02038-6 PMID: 29247159

Katz Y, Lampl I. Cross-Whisker Adaptation of Neurons in Layer 2/3 of the Rat Barrel Cortex. Frontiers in
Systems Neuroscience. 2021; 15:646563. https://doi.org/10.3389/fnsys.2021.646563 PMID: 33994963

Musall S, von der Behrens W, Mayrhofer JM, Helmchen F, Weber B, Haiss F. Tactile frequency discrim-
ination is enhanced by circumventing neocortical adaptation. Nature Neuroscience. 2014; 17
(11):1563—-1573. https://doi.org/10.1038/nn.3821 PMID: 25242306

Atienza M, Cantero JL. Complex sound processing during human REM sleep by recovering information
from long-term memory as revealed by the mismatch negativity (MMN). Brain Research. 2001; 901
(1):151-160. https://doi.org/10.1016/S0006-8993(01)02340-X PMID: 11368962

Fischer C, Morlet D, Bouchet P, Luaute J, Jourdan C, Salord F. Mismatch negativity and late auditory
evoked potentials in comatose patients. Clinical Neurophysiology. 1999; 110(9):1601-1610. https://doi.
org/10.1016/S1388-2457(99)00131-5 PMID: 10479027

Azabou E, Rohaut B, Porcher R, Heming N, Kandelman S, Allary J, et al. Mismatch negativity to predict
subsequent awakening in deeply sedated critically ill patients. British Journal of Anaesthesia. 2022; 121
(6):1290-1297. https://doi.org/10.1016/j.bja.2018.06.029

ZhangY, Yan F, Wang L, Wang Y, Wang C, Wang Q, et al. Cortical Areas Associated With Mismatch
Negativity: A Connectivity Study Using Propofol Anesthesia. Frontiers in Human Neuroscience. 2018;
12. https://doi.org/10.3389/fnhum.2018.00392 PMID: 30333738

Csepe V, Karmos G, Molnar M. Evoked potential correlates of stimulus deviance during wakefulness
and sleep in cat—animal model of mismatch negativity. Electroencephalogr Clin Neurophysio. 1987; 66
(6):571-578. https://doi.org/10.1016/0013-4694(87)90103-9 PMID: 2438122

Hubatz S, Hucher G, Shulz DE, Férézou |. Spatiotemporal properties of whisker-evoked tactile
responses in the mouse secondary somatosensory cortex. Scientific reports. 2020; 10(1):1-11. https:/
doi.org/10.1038/s41598-020-57684-6 PMID: 31964984

Petersen RS, Diamond ME. Spatial-temporal distribution of whisker-evoked activity in rat somatosen-
sory cortex and the coding of stimulus location. Journal of Neuroscience. 2000; 20(16):6135-6143.
https://doi.org/10.1523/JNEUROSCI.20-16-06135.2000 PMID: 10934263

Tsodyks M, Pawelzik K, Markram H. Neural networks with dynamic synapses. Neural computation.
1998; 10(4):821-835. https://doi.org/10.1162/089976698300017502 PMID: 9573407

Barak O, Tsodyks M. Persistent activity in neural networks with dynamic synapses. PLoS Comput Biol.
2007; 3(2):e35. https://doi.org/10.1371/journal.pcbi.0030035 PMID: 17319739

Gerstner W, Kistler WM, Naud R, Paninski L. Neuronal dynamics: From single neurons to networks and
models of cognition. Cambridge University Press; 2014.

Knox AT, Glauser T, Tenney J, Lytton WW, Holland K. Modeling pathogenesis and treatment response
in childhood absence epilepsy. Epilepsia. 2018; 59(1):135-145. https://doi.org/10.1111/epi.13962
PMID: 29265352

Shepherd GM, Yamawaki N. Untangling the cortico-thalamo-cortical loop: cellular pieces of a knotty cir-
cuit puzzle. Nature Reviews Neuroscience. 2021; 22(7):389—406. https://doi.org/10.1038/s41583-021-
00459-3 PMID: 33958775

Whitmire CJ, Waiblinger C, Schwarz C, Stanley GB. Information coding through adaptive gating of syn-
chronized thalamic bursting. Cell reports. 2016; 14(4):795-807. https://doi.org/10.1016/j.celrep.2015.
12.068 PMID: 26776512

Mease RA, Krieger P, Groh A. Cortical control of adaptation and sensory relay mode in the thalamus.
Proceedings of the National Academy of Sciences. 2014; 111(18):6798-68083. https://doi.org/10.1073/
pnas.1318665111 PMID: 24748112

Wright NC, Borden PY, Liew YJ, Bolus MF, Stoy WM, Forest CR, et al. Rapid Cortical Adaptation and
the Role of Thalamic Synchrony during Wakefulness. The Journal of Neuroscience. 2021; 41
(25):5421-5439. hitps://doi.org/10.1523/JNEUROSCI.3018-20.2021 PMID: 33986072

Swadlow HA, Gusev AG. The impact of bursting'thalamic impulses at a neocortical synapse. Nature
neuroscience. 2001; 4(4):402—408. https://doi.org/10.1038/86054 PMID: 11276231

Fanselow EE, Sameshima K, Baccala LA, Nicolelis MA. Thalamic bursting in rats during different
awake behavioral states. Proceedings of the National Academy of Sciences. 2001; 98(26):15330—
15335. https://doi.org/10.1073/pnas.261273898 PMID: 11752471

Cooke JE, Lee JJ, Bartlett EL, Wang X, Bendor D. Post-stimulatory activity in primate auditory cortex
evoked by sensory stimulation during passive listening. Scientific Report. 2020; 10(1):13885. https://
doi.org/10.1038/s41598-020-70397-0 PMID: 32807854

Izhikevich EM. Dynamical systems in neuroscience. MIT press; 2007.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009616 May 15, 2023 34/35


https://doi.org/10.1038/s41467-017-02038-6
http://www.ncbi.nlm.nih.gov/pubmed/29247159
https://doi.org/10.3389/fnsys.2021.646563
http://www.ncbi.nlm.nih.gov/pubmed/33994963
https://doi.org/10.1038/nn.3821
http://www.ncbi.nlm.nih.gov/pubmed/25242306
https://doi.org/10.1016/S0006-8993(01)02340-X
http://www.ncbi.nlm.nih.gov/pubmed/11368962
https://doi.org/10.1016/S1388-2457(99)00131-5
https://doi.org/10.1016/S1388-2457(99)00131-5
http://www.ncbi.nlm.nih.gov/pubmed/10479027
https://doi.org/10.1016/j.bja.2018.06.029
https://doi.org/10.3389/fnhum.2018.00392
http://www.ncbi.nlm.nih.gov/pubmed/30333738
https://doi.org/10.1016/0013-4694(87)90103-9
http://www.ncbi.nlm.nih.gov/pubmed/2438122
https://doi.org/10.1038/s41598-020-57684-6
https://doi.org/10.1038/s41598-020-57684-6
http://www.ncbi.nlm.nih.gov/pubmed/31964984
https://doi.org/10.1523/JNEUROSCI.20-16-06135.2000
http://www.ncbi.nlm.nih.gov/pubmed/10934263
https://doi.org/10.1162/089976698300017502
http://www.ncbi.nlm.nih.gov/pubmed/9573407
https://doi.org/10.1371/journal.pcbi.0030035
http://www.ncbi.nlm.nih.gov/pubmed/17319739
https://doi.org/10.1111/epi.13962
http://www.ncbi.nlm.nih.gov/pubmed/29265352
https://doi.org/10.1038/s41583-021-00459-3
https://doi.org/10.1038/s41583-021-00459-3
http://www.ncbi.nlm.nih.gov/pubmed/33958775
https://doi.org/10.1016/j.celrep.2015.12.068
https://doi.org/10.1016/j.celrep.2015.12.068
http://www.ncbi.nlm.nih.gov/pubmed/26776512
https://doi.org/10.1073/pnas.1318665111
https://doi.org/10.1073/pnas.1318665111
http://www.ncbi.nlm.nih.gov/pubmed/24748112
https://doi.org/10.1523/JNEUROSCI.3018-20.2021
http://www.ncbi.nlm.nih.gov/pubmed/33986072
https://doi.org/10.1038/86054
http://www.ncbi.nlm.nih.gov/pubmed/11276231
https://doi.org/10.1073/pnas.261273898
http://www.ncbi.nlm.nih.gov/pubmed/11752471
https://doi.org/10.1038/s41598-020-70397-0
https://doi.org/10.1038/s41598-020-70397-0
http://www.ncbi.nlm.nih.gov/pubmed/32807854
https://doi.org/10.1371/journal.pcbi.1009616

PLOS COMPUTATIONAL BIOLOGY Modelling novelty detection in the thalamocortical loop

78. Vasilaki E, Giugliano M. Emergence of connectivity patterns from long-term and short-term plasticities.
In: International Conference on Artificial Neural Networks. Springer; 2012. p. 193—200.

79. Vasilaki E, Giugliano M. Emergence of connectivity motifs in networks of model neurons with short-and
long-term plastic synapses. PloS one. 2014; 9(1):e84626. https://doi.org/10.1371/journal.pone.
0084626 PMID: 24454735

80. Esposito U, Giugliano M, Vasilaki E. Adaptation of short-term plasticity parameters via error-driven
learning may explain the correlation between activity-dependent synaptic properties, connectivity motifs
and target specificity. Frontiers in computational neuroscience. 2015; 8:175. https://doi.org/10.3389/
fncom.2014.00175 PMID: 25688203

81. Hennig MH. Theoretical models of synaptic short term plasticity. Frontiers in Computational Neurosci-
ence. 2013; 7(April):1-10.

82. Meyer HS, Egger R, Guest JM, Foerster R, Reissl S, Oberlaender M. Cellular organization of cortical
barrel columns is whisker-specific. Proceedings of the national academy of sciences. 2013; 110
(47):19113-19118. https://doi.org/10.1073/pnas.1312691110 PMID: 24101458

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009616 May 15, 2023 35/35


https://doi.org/10.1371/journal.pone.0084626
https://doi.org/10.1371/journal.pone.0084626
http://www.ncbi.nlm.nih.gov/pubmed/24454735
https://doi.org/10.3389/fncom.2014.00175
https://doi.org/10.3389/fncom.2014.00175
http://www.ncbi.nlm.nih.gov/pubmed/25688203
https://doi.org/10.1073/pnas.1312691110
http://www.ncbi.nlm.nih.gov/pubmed/24101458
https://doi.org/10.1371/journal.pcbi.1009616

