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ABSTRACT

The human brain processes information across multiple temporal scales simultaneously.
Understanding how the brain integrate information across diverse timescales is a recent
problem in neuroscience. In order to address this problem, the concept of intrinsic neural
timescales (INTs) was developed and defined as the time window during which prior
information can influence the processing of new stimuli. The aim of our thesis is to

investigate the rest-task relationship of INTSs.

We address three specific aims: First, we examine whether INTs are modulated by
continuous behavioral tasks. We analyze wide-field calcium imaging in mice during

spontaneous locomotion and EEG data from humans performing self-evaluation tasks.

We demonstrate that behavioral states can be accurately classified from INT topographies,
and active states show prolonged INTs compared to rest. Computational modeling reveals

that these changes can depend on the strength of recurrent neural connections.

Second, we investigate how resting-state INTs relate to event-related brain activity in
discontinuous tasks. To address this question, we use magnetoencephalogram (MEG) data
of an emotional face recognition paradigm and resting state scan obtained from humans.
Drawing on the fluctuation-dissipation theorem from statistical physics, we predict and
confirm a positive correlation between resting-state INTs and the magnitude of event-
related fields. Neurobiological modeling using the Jansen-Rit framework suggests that the

empirically observed relationship may be mediated by intracolumnar connection strengths.

Third, we present IntrinsicTimescales.jl, an open-source Julia software package
implementing established and novel methods for INT estimation and is designed to handle

the complexity of modern neuroimaging datasets with high performance and accuracy.

Our findings provide converging evidence that resting-state and task-state brain dynamics
are fundamentally interconnected, with INTs serving as a bridge between spontaneous
neural fluctuations and task-evoked responses. This work advances our understanding of
how the brain's intrinsic dynamics relate to the information processing across behavioral

states.
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1 INTRODUCTION

1.1 OVERVIEW OF THE THESIS

The human brain operates across multiple temporal scales, from millisecond spike timing
to behavioral sequences unfolding over minutes or hours. Understanding how neural
circuits integrate information across these diverse timescales constitutes one of the
fundamental challenges in neuroscience. At the same time, the brain needs to track and
process fast information coming from the sensory organs and make sense of it over long
durations. Keeping track of both the words that are being said right now and the narrative
that evolves over a conversation is a problem brains excel at. How the brain can solve this

problem has garnered recent attention from the neuroscience community.

Two complementary research programs have emerged to tackle this problem: the study of
temporal receptive windows (TRWs) (Hasson et al., 2008, 2015; Lerner et al., 2011;
Yeshurun et al., 2021) during active task engagement, and the investigation of intrinsic
neural timescales (INTs) (Murray et al., 2014; Golesorkhi et al., 2021; Wolff et al., 2022) in

spontaneous resting-state activity.

Temporal receptive windows, first systematically characterized by Hasson and colleagues,
describe the duration over which external stimuli can be integrated and processed together
within specific brain regions (Hasson et al., 2008). This task-state perspective revealed a
hierarchical organization where early sensory areas integrate information over brief
timescales (milliseconds to seconds), while higher-order association areas can accumulate
information across much longer periods (tens of seconds to minutes) (Chang et al., 2022).
Such hierarchy enables the brain to simultaneously process immediate sensory details and
extended narrative structures, from phonemes to paragraphs, from visual features to

coherent storylines (Hasson et al., 2015).

The research on TRWs motivated a parallel research program on intrinsic neural
timescales. Studies on intrinsic neural timescales have focused on the spontaneous
dynamics of neural activity in the absence of external tasks. These studies quantify how

long the duration of neural activity patterns persist through autocorrelation analyses,



revealing that the same hierarchical organization observed during task states also
characterizes the brain’s intrinsic dynamics (Honey et al., 2012; Murray et al., 2014; Ito et
al., 2020b; Golesorkhi et al., 2021; Manea et al., 2024). Remarkably, brain regions with
longer temporal receptive windows during tasks also exhibit longer intrinsic timescales at

rest (Honey et al., 2012), suggesting a connection between these two phenomena.

Despite empirical and theoretical advances in both the task state’s TRWs and resting
state’s INTs, how resting state INTs relate to the neuronal dynamics in task state is an
understudied topic. The aim of our thesis is to make a contribution to this gap in the

literature.

While INTs and their potential rest-task relationship are a relatively modern topic in
neuroscience, the discourse on the rest-task (or prestimulus-poststimulus) relationship is
well established over the years. The attitudes of researchers can broadly fall into one of the
two positions which can be summarized as addition model and interaction model.
Proponents of the addition model posit that there is no rest-task relationship, the task
activations are linearly added on the prestimulus activity and the spontaneous prestimulus
fluctuations have negligible effect on responses to task. This model is implicit in the
common analysis frameworks such as general linear modeling of task activations in
functional magnetic resonance imaging (fMRI) (Friston et al., 1994, 1995) or analysis of
evoked activity in electro/magneto-encephalography (EEG/MEG) (Picton et al., 2000). An
exemplary workflow in this framework involves averaging time-locked task trials in order
to cancel out the noisy fluctuations in the prestimulus state and obtain a clean task
response; followed by statistically comparing task contrasts across different task conditions.
The proponents of the interaction model argue that for the cancellation of the spontaneous
fluctuations to be valid, there should be no correlation between the prestimulus fluctuations
and the task response. The empirical findings of these two positions will be briefly reviewed

in the next section of our thesis.

The rest-task relationship of INTSs is linked to the discussion on the relationship between
spontaneous activity (including the resting state and prestimulus activity) and the task
state. The addition model is at odds with the findings by Honey et al. (2012) we described
above. In particular, if the addition model was correctly describing the neuronal dynamics,

we wouldn’t expect to observe a correlation between the intrinsic neural timescales



obtained from the resting state and the temporal receptive windows linked to the
integration of task-related activity over time. Based on Honey et al. (2012) and similar
observations by Murray et al., (2014) and Spitmaan et al., (2020) which we will review in
the subsequent chapters, we hypothesize that there is a relationship between INTs and
task activity. This relationship can take two forms: how does the resting state INTs relate
to the task state INTs, and how the resting state INTs relate to the activations in the

neural activity evoked by the task state.

Building on the observations above, we ask whether an analogous relationship between
INTSs in rest and neuronal dynamics in task states holds. In order to investigate the
hypothesized relationship, we analyze resting state and two task scenarios: continuous and
event-related/discontinuous. In the first scenario, resting state INTs are modulated by a
task state of continuous behavior. We analyze two datasets satisfying this condition. The
first one is a dataset involving spontaneous behavior in mice. The second one involves
human subjects performing a self-evaluation task. A corollary of this question is whether
the behavioral state of the organism can be predicted from the topography of INTS,
questioning whether INT signatures of various behavioral states exist. In the second
scenario, we are investigating the relationship between resting state INTs and event-
related discontinuous task-state activity. Specifically, we are looking into the relationship
between resting state INTs and the magnitude of event-related fields in an MEG task
where human subjects perform emotional face recognition. In addition to these analyses, we
also developed an open-source software package for the estimation of INTs. Modern
neuroimaging data such as the data we analyze here are often highly complex across both
space and time (Dipietro et al., 2023). Analysis of such large datasets requires tools that are
accurate and performant. We aimed to build such a tool which might be useful for the

community.

The thesis is structured as follows: this overview will be followed by a review of rest-task
relationships and INTSs in the rest of the Introduction. In the review, we will start with
considering rest-task, or prestimulus-poststimulus relationships (section 1.2), then switch
to the studies that led to the development of the concept of INTs (section 1.3), the definition
of INTs and review of relevant studies (1.4). After providing a brief review of the literature
in these sections, we will explain the rationale for the calculation methodology of INTs (1.5)

and delve into different calculation methods in experimental or simulated data (1.6). Next,



we will present a summary of the main findings (1.7) which will be presented in subsequent
sections. Section 2 will present our findings related to the modulation of resting state INTs
by the task state (Catal et al., 2024). In section 3, we will present empirical and theoretical
findings on the relationship between resting state INTs and the magnitude of event-related
responses (Catal et al., 2025). Section 4 will present an overview of the software package we
developed for the calculation of INTs (Catal and Northoff, 2025). Sections 5 and 6 provide
supplementary material for our findings presented in sections 3 and 4 respectively. Finally,
in section 7, we will summarize our research and aim to situate our findings in the broader

context of resting state and task state research.

1.2 THE RELATIONSHIP BETWEEN SPONTANEOUS AND TASK-EVOKED

ACTIVITY IN NEUROSCIENCE

In section 1.1, we briefly sketched out the positions of the proponents who assume one of
the two models about rest-task, or prestimulus-poststimulus relationship. These two
models can be called the addition model and the interaction model. In this section, we will
give more empirical and theoretical details about these two models and situate our

investigation on INTs as a natural extension of assuming the interaction model.

In the addition model, the task activations and the spontaneous fluctuations of resting state
activity are assumed to be independent. As a result, the prestimulus activity is considered
an extension of the resting state. In an event-related design, the activation evoked by the
task has a stereotypical shape which is added on the prestimulus activity. This
stereotypical shape can be parametrized by a hemodynamic response function in fMRI
(Friston et al., 1994, 1995). In EEG/MEG, researchers investigate various temporal
components of this task activation such as P100 and N200 (Sur and Sinha, 2009) or time-
frequency decompositions (Roach and Mathalon, 2008). If the stereotypical task response is
orthogonal to the underlying fluctuations, averaging the activity across task trials increases
the signal to noise ratio and makes it easier to fit statistical models to the data and leads to
better estimates of temporal components or time-frequency characteristics. This approach
proved very valuable in mapping the task activations and functional specialization (Glasser
et al., 2016) across the cortex and elucidating various temporal components of the task
responses related to different cognitive functions (Larson-Prior et al., 2013). However, over

time some researchers started to point out the shortcomings of the addition model.



The fundamental challenge to addition model comes from the observation of correlations
between prestimulus and poststimulus, or rest and task activity. In 1996, Arieli et al.
investigated the single-trial responses to visual stimulation in the cat brain. They noticed
that the responses to different trials have a large variation. Under the addition model, this
variation would be considered noise and averaged out. However, Arieli et al. observed that
the variation is as large as the average signal and should be investigated. They found that

the response variability is highly correlated with the amplitude at the stimulus onset.

Another study by Biswal et al. (1995) used fMRI data and showed a relationship between
the resting state functional connectivity (i.e. Pearson correlation between time-series
obtained from two voxels) and task activation in the motor cortex. This finding is
incompatible with the assumption that spontaneous and task-evoked activity are not

correlated and the spontaneous activity can be averaged out.

In another influential paper, Makeig et al. (2002) analyzed EEG data to investigate the
phase dependency of the potential prestimulus-poststimulus interaction. They compared
single trials and averaged activity and observed that the phenomenon of phase resetting
can account for the differences between single trials. Phase resetting refers to the
disruption of the ongoing phase of an oscillation when the neural activity encounters an
external stimulus. They observed that trials with higher magnitude of task-evoked activity
were also the trials with phase resetting. This higher magnitude is not accompanied by a
corresponding increase in the power at the frequency of phase resetting, indicating a
modulation of spontaneous activity by the task rather than the effect of task being added on

top of the spontaneous activity.

These early studies led to more explicit investigations of a spontaneous activity-task
relationship. In another fMRI study, He et al. (2013) directly compared the addition and
interaction models. They observed that task-evoked activity is not linearly added on top of
spontaneous activity, but rather, engage in a multiplicative interaction. They observed that
a higher magnitude of prestimulus baseline results in less activation or more deactivation.
As a result of this negative interaction, they showed that trial-to-trial variability of cortical
activity decreases following stimulus onset. These findings suggest a perspective where
task-evoked and spontaneous brain activity are not to be thought separately, but can be
imagined only in a holistic framework. These findings by He et al. (2013) were confirmed

and extended on in Huang et al. (2017). In their study, Huang et al. not only confirmed the



interaction effect between prestimulus and evoked activity in the BOLD signal, but also
explained some of the previous studies which conformed to the linear addition picture (e.g.

Fox et al., 2005) by showing the phase dependence of this interaction.

Similar rest-task relationships were also observed in EEG and MEG data. Wainio-Theberge
et al. (2021) used human MEG data to find that there are frequency-specific prestimulus-
poststimulus relationships. For example, in beta and alpha bands the high prestimulus
activity was followed by lower evoked activity whereas in slower frequency bands such as

delta and theta, high prestimulus trials preceeded high evoked activity.

In a separate study, Wolff et al. (2021) analyzed stereo-electroencephalography (sEEG) data
and showed that the variance of prestimulus activity is positively correlated with the
magnitude of trial-to-trial variability (TTV) quenching. TTV is calculated as the standard
deviation at each timepoint across task trials. TTV quenching refers to the phenomenon of
decreased TTV after stimulus onset. The authors also found that higher prestimulus

variance also correlated with faster reaction times.

These studies represent a small subset of the work involved in establishing the notion of
the rest-task relationship in neuroscience. A more comprehensive review can be found in
Northoff et al., (2024). Our thesis is rooted in the interaction model. In this framework, rest
(or prestimulus) and task (or poststimulus) states are neither independent from each other,
nor do they are linear additions/subtractions from each other. Rather, our framework
motivates investigating a rest-task relationship from the outset. We argue that the rest-
task relationship of INTs is a potential front in the discussion. Specifically, if the INTs
obtained from the resting state can be shown to correlate with various aspects of the
neuronal dynamics observed in the task state, this would be an evidence in favor of the
interaction model. Before finishing this section, we should mention that our thesis is not
the only study on INT's looking for a rest-task relationship (see for example Murray et al.,
2014; Spitmaan et al., 2020; Golesorkhi et al., 2021; Zeraati et al., 2023). These studies will
be reviewed in section 1.4. In the following sections, we will briefly cover the developments
that led to the establishment of the concept of INT's, then review the study of INTs with an
eye on the rest-task relationship; followed by establishing a theoretical and empirical

understanding of INTs which will lead us to the specific aims and goals of our thesis.



1.3 A BRIEF REVIEW OF TEMPORAL RECEPTIVE WINDOWS

The research on intrinsic neural timescales (INTs) in the resting state is preceded by the
concept of temporal receptive windows (TRWs) in the task state (Hasson et al. 2015). In a
2008 study, Hasson et al. (Hasson et al. 2008) investigated the reliability of brain responses
in subjects who view silent movies. The reliability of the response refers to how consistent
the brain activity is to external inputs (Mainen and Sejnowski, 1995; Mechler et al., 1998;
Yao et al., 2007). In practice, response reliability is calculated via intrasubject (intra-SC) or
intersubject correlations (inter-SC). Intra-SC is computed as the correlation between
evoked responses to a task in the same subject. Inter-SC is the correlation between time-

courses for different subjects (Hasson et al., 2010).

Hasson et al. compared response reliability and intersubject correlations in intact and
scrambled silent movies in fMRI data. They observed that scrambling the movie reduces
response reliability in higher order (e.g. fusiform face area: FFA, temporoparietal junction:
TPJ) but not in lower order (e.g. V1, V2) regions. Importantly, the choice of scrambling
methodology modulates the result. Responses in early visual cortex (V1, middle temporal
complex: MT+) remained intact with the scrambling over both long and short timescales.
Hierarchically higher lateral occipital complex (LO), FFA and parahippocampal place area
(PPA) preserved their response reliability at long duration scramblings but lost it at short
duration scramblings. Even higher order regions like frontal eye fields (FEF) and TPJ lost

their response reliability at both long and short duration scramblings.

The findings of Hasson et al. obtained in the visual cortex were also investigated in the
auditory cortex using same analysis methods by Lerner et al. (2011). They investigated the
reliability of the brain responses to scrambled auditory narratives. Like the findings above,
early regions such as Al remained intact in all scrambling over all timescales, intermediate
areas along the superior temporal gyrus lost their response reliability at the scrambling
level of sentences whereas higher order regions responded reliably only to fully intact

paragraphs. Figure 1.1 is a schematic that shows the main results of the studies on TRWs.
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Figure 1.1. Temporal receptive windows. a. The experiments for temporal receptive windows start with
scrambling an intact input in different timescales. In the top row, we show an example of long timescale
scrambling at the timecale of sentences. In the bottom row we show the short timescale (timescale of words)
scrambling of an input. b. Response reliability at lower and higher order regions. Response reliability refers to
the consistency of brain responses to the input. When input is scrambled at long timescales (top row), lower order
regions preserve their response reliability (as can be seen from the consistency of the responses across subjects)
whereas higher order regions lose it. For the lower order regions to lose their response reliability, input needs to
be scrambled at a shorter timescale (lower row). c. Bar graphs that schematize the response reliability as a result
of short and long timescale input scrambling in high and low order regions.

Following these findings, Hasson et al. (2008) postulated that a hierarchy of temporal
receptive windows (TRWs), analogous to spatial receptive fields (Moran and Desimone,
1985; Hubel, 1988; Sheinberg and Logothetis, 2001) exists in the cortical hierarchy. A
spatial receptive field defines the field of space in which visual stimuli can influence a
neuron’s spiking rate (Hubel and Wiesel, 1962). A crucial finding in the study of the visual
cortex is that the higher order regions receive input from many regions which have small
spatial receptive fields. Thus, by integrating the information received, they obtain larger
spatial receptive fields. Analogously, higher order areas can accumulate information
pertaining to events that occur over a longer period of time thus showing longer temporal
receptive windows. The disruption of response reliability in higher-order regions with long
TRWs even at longer durations of scrambling indicate that the brain is utilizing all the
information in that long duration and processing the inputs. In contrast, lower order
regions with short TRWs preserve their response reliability because they process inputs

separately, irrespective of their temporal ordering.

Similar findings were observed for music music listening (Farbood et al., 2015; Piazza et al.,

2020), natural communication (Chang et al., 2022) and narrative comprehension (Yeshurun



et al., 2017). Thus, the concept of TRWs has been established as the duration of time in
which two stimuli (such as different words in a sentence) can be processed together in a
task state. Importantly, there seems to be a hierarchy of TRWs in the brain during the task
states with shorter ones in the sensory regions and longer ones in the higher order
associative regions. In the next section, we will review how these findings inspired the

studies that led to our understanding of INTSs.

1.4 FROM TEMPORAL RECEPTIVE WINDOWS TO INTRINSIC NEURAL

TIMESCALES

The Hasson lab’s findings of temporal receptive windows (TRWs) (Hasson et al. 2008, 2015;
Lerner et al. 2011) motivated an analogous research program on timescales in the resting
state. This program started with the question of whether the hierarchical structure of
TRWs obtained from the task state corresponds with the intrinsic dynamics of the resting

state?

A first step towards resolving the problem was taken by Honey et al (Honey et al. 2012).
Using ECoG data, they investigated whether duration of task-state TRWs also correlate
with slow resting state fluctuations. In addition to the power of low frequency fluctuations
(<0.1 Hz), they also quantified slow fluctuations as the width of the autocorrelation function
(ACF). ACF describes the persistence of temporal fluctuations in the resting state. The
width of the ACF indexes how long it takes for a signal to be dissimilar to itself. For the
sake of clarity, we will focus on the empirical literature of INTs here and leave

methodological and theoretical considerations in sections 1.5 and 1.6 respectively.

Honey et al. (Honey et al. 2012) found that ACWs estimated from the resting state still
correlated with TRWs of the task state. A longer ACW in the resting state accompanied a
longer TRW during the task state. As a result, we can claim that the hierarchy of
timescales exists in the spontaneous dynamics of the resting state itself, independent of any
external stimuli or tasks. This led to an extension of the concept of timescales: while in task
states it relates to the duration of time in which two stimuli can be processed together,
timescales in the resting state indicate the duration of time in which spontaneous dynamics

lose their similarity to themselves as measured via the autocorrelation function.



This finding led to a series of studies investigating the intrinsic timescales in the resting
state. A good review on the empirical research is given by Wolff et al. (Wolff et al. 2022). We
will not provide a comprehensive review here but will touch only on a number of specific
studies that provide support for linking the timescales of rest (INT) and task (TRW) states.
Murray et al. (Murray et al. 2014) replicated the timescale hierarchy in the non-human
primate cortex by using spike count correlation on electrophysiological recordings. They
coined the term intrinsic timescales and defined it as timescales of correlated fluctuations
in neural activity in the absence of task. Correlated fluctuations here refer to the
correlations of time-series with itself at different lags, explained in more detail in the
sections 1.5 and 1.6. Importantly, they observed that the intrinsic timescales relate to the
timescales during a reward task, defined as the decay rate of the neural activity’s
modulation by the task. This finding led them to hypothesize that the intrinsic dynamics

play a role in the functional specialization of different brain areas.

Results analogous to the correlation between INTs and reward timescales were also
obtained by Spitmaan et al. (2020). In their study, Spitmaan et al. analyzed single neuron
spike train data recorded from macaque monkeys performing a competitive decision making
task. Using autoregressive processes, they modeled the intrinsic timescale along with task
related timescales. In particular, they estimated seasonal timescale (i.e. the timescale of
fluctuations over multiple trials) as well as choice-memory and reward-memory timescales
which refer to the exponential decay rate of neuronal activity after the choice has been
made or reward has been obtained. They observed that the INTs correlated with all three
other timescales. While reward-memory timescales were correlated with choice-memory
timescales, the seasonal timescales correlated neither with reward- nor choice-memory
timescales. These results support the link between INTs of the resting state and task

responses.

Switching from function to structure, evidence shows that the intrinsic timescale hierarchy
in the spontaneous brain dynamics is also accompanied by a hierarchy in the structural
organization of the brain (Wang, 2020). By hierarchical brain structure, we refer to the
gradients of excitatory and inhibitory properties. From lower order sensory regions to
higher order associative ones, the number of basal dendritic spines on layer 3 pyramidal
neurons increase. In particular, in the macaque brain, a pyramidal cell in a prefrontal area

has about 16-fold more spines than a pyramidal cell in V1 (Elston, 2000). Furthermore, the
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ratio between expressions of somatostatin (SST) and calbindin (CB) to parvalbumin (PV) in
interneurons increase (Elston, 2000, 2007, 2011; Elston et al., 2001; Kim et al., 2017; Burt
et al., 2018). In theoretical studies, the spine count of pyramidal neurons is used as an
index of the strength of synaptic excitation in order to model associated hierarchical
dynamics (Chaudhuri et al., 2015; Demirtas et al., 2019). In these frameworks, a
hierarchical increase in the spine count in higher order regions implies that they have more
excitatory influence over others. SST+ and CB+ interneurons target pyramidal dendrites
and PV+ interneurons target the perisomatic region of pyramidal cells (Wang, 2020). These
physiological properties of interneurons led theoreticians to hypothesize a division of labor
among them such that SST+ and CB+ interneurons gate synaptic input whereas PV+
interneurons control synaptic output (Wang et al., 2004; Wang, 2020a; see Kepecs and
Fishell, 2014; Tremblay et al., 2016 for reviews of experimental findings on this topic).
Therefore, the ratio of SST+/CB+ interneurons to PV+ interneurons is thought to indicate
the ratio of input-gating to output gating interneurons. In such theoretical accounts, a
hierarchy of this ratio indicates that whereas higher order areas can filter out the incoming
input better, the lower order areas have more control over their synaptic output. On the
other hand, the reader should keep in mind that the interneurons are a diverse neuron type
and their dynamics should be considered in conjunction with their laminar organization

and biophysics.

These findings raise the possibility of a convergence between structural and temporal
hierarchies. An increase in the dendritic spine count of pyramidal neurons in higher order
areas indicate that these areas are internally also more connected (i.e. connections that
start and end in a higher order region are denser) (Wang, 2020; Chaudhuri et al., 2015;
Elston, 2000, 2007; Elston et al., 2001; Kim et al., 2017; Burt et al., 2018). These internal
connections are also called recurrent connections. Given that 80% of all excitatory
connections are intrinsic in any cortical area, (Markov et al., 2014) the spine count data
imply there are more recurrent excitatory connections in higher order areas compared to
lower order ones. In the higher order regions with stronger recurrent connectivity, neural
activity resulting from an external input will be reverberated by recurrent connections
between neurons inside the area and will be sustained for a longer duration, which can lead
to longer TRWs. Stronger recurrent activity would also lead to longer durations of time in

which the activity is similar to itself, which would lead to longer INTs (Chaudhuri et al.,
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2015). These findings led to the question of whether the hierarchy of timescales can be

explained with a corresponding hierarchy of structural features.

Thanks to the developments in high-resolution tractography (Markov et al., 2014) which
allowed sophisticated quantification of structural connectivity and a continuous measure of
hierarchical ordering in the brain, the link between brain structure and timescale hierarchy
opened up for theoretical investigation. Chaudhuri et al. (Chaudhuri et al., 2015) leveraged
advances in high-resolution tractography (Markov et al. 2014) to build a model of the
macaque brain that incorporates both structural connectivity and cortical hierarchies of
excitation. They observed that the hierarchy of timescales emerged from their model. Of
note, they calculated both the resting state autocorrelation-based timescales and the
timescales associated with return to baseline following a brief input. Their model showed
that the two characterizations of timescales corresponded with each other and depended on
the hierarchical organization of cortical excitability. This implies that the hierarchy of
timescales in the sense of both TRWs and INTs are supported by an underlying hierarchy of

structural features such as hierarchically increasing excitatory connections.

From the earliest work on TRWs (Hasson et al. 2008), it was proposed that just like spatial
receptive fields which can shrink or expand depending on task demands (Moran and
Desimone, 1985; Sheinberg and Logothetis, 2001; Ahissar and Hochstein, 2004; Furmanski
et al., 2004), intrinsic timescales can also change in response to task demands. This
hypothesis was confirmed later by different lines of research showing that during tasks
demanding increased attention and higher engagement, timescales expand (Gao et al.,
2020; Zeraati et al., 2023; Manea et al., 2024). In their study on monkeys performing a
spatial attention task, Zeraati et al. (Zeraati et al. 2023), used spiking data and found that
intrinsic timescales can even change from trial to trial depending on whether the trials are
attend-in (in which a cue pointed to or opposite to a stimulus in the spatial receptive field of
the recorded neuron) or attend-away (in which the cue directions were unrelated to the
spatial receptive fields). Their research showed that intrinsic timescales can dynamically
fluctuate between a high duration for attend-in trials and low duration for attend-away
trials. In order to elucidate the neural mechanisms that might underlie this fast switching
between the two timescales, Zeraati et al. (2023) used mathematical models consisting of
single spiking neurons. In the model, each neuron is a probabilistic integrate-and-fire

model which can fire at each time step with a probability set by a function of self-excitation
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and excitation by neighbouring neurons (i.e. recurrent connectivity) which are also spiking
at that time step. A branching parameter defined as the sum of connection probabilities
sets the closeness of the model to criticality. If the branching parameter is below a
threshold, the average firing rate of the neuronal population fluctuates over time. Above
the threshold, every neuron in the network fires at every time step. Using this model, the
authors were able to replicate the fast switching between slow and fast timescales observed
in empirical data only when the network is poised near the critical point. When the model is
near criticality, a slight increase in the recurrent connectivity can lead to a large change in
the INT of the network. The authors argue that this increase in excitability might reflect a
top-down interaction from higher order areas (see also Anderson et al., 2011; Shi et al.,

2023), thus linking top-down attentional mechanisms to dynamic changes in timescales.

In another study, Manea et al. (2024) investigated time-resolved INTs in ECoG data of
freely moving macaques to explore the potential behavioral variability of INTs. They
wanted to answer the question of to what degree the anatomical structure we outlined
above (Chaudhuri et al., 2015; Wang et al., 2020) constraints and shapes the INTs? Do
INTs change with adaptive free behavior or are they set and unchanging for each brain
region (Rossi-Pool et al. 2021)? Manea et al. used an unconstrained experimental paradigm
with relatively minimal temporal structure which puts emphasis on self-paced behavior
rather than focusing on a particular cognitive or perceptual process which is usual in
laboratory settings. The authors implanted ECoG electrodes on rhesus macaque cortex and
recorded their brain activity in an environment with reward stations from which the
subjects could obtain water if they press a lever operating the station. They observed that
the duration of intrinsic timescales decreased through the recording session, indicating the
behavioral variability of INTs. Furthermore, the authors also investigated time-resolved
INTs as the macaques interacted with the reward stations. They observed that for the first
lever press, the INTs gradually increased over time as the subjects approached the
interaction with the lever. Once the lever press happened, the INTs sharply reduced in the
seconds after. However, for the final lever press, the INTs increased further after the lever
press, then subsequently decreased. Despite the dynamic changes in INTs across the task
and session, the hierarchical ordering of them remained stable with INTs increasing from
lower to higher order areas. These findings indicate that despite the constraints imposed by

anatomical structure, INTs can be variable during the task and their variability can depend
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on the context of the task itself (e.g. the first lever press versus final lever press). The
functionally dynamic nature of INTs was also observed by Gao et al. (2020). They analyzed
human ECoG data and compared the INTs in the prestimulus period and the delay period
in a working memory task where during the delay period participants have to keep an item
in their memory before the recall condition. They observed that during the delay period,

INTSs become longer, suggesting that INTs can change depending on task demands.

Our brief review here is by no means comprehensive. There are many other studies linking
INTSs to self (Wolman et al. 2023), meditation (Ventura et al., 2024), consciousness (Zilio et
al., 2023), reward (Murray et al., 2014), narrative construction (Chang et al., 2022), and
spontaneous behavior (Catal et al., 2024; Manea et al., 2024). We focused on a selection of
studies that investigate timescales in both rest and task states. These studies hint upon
and motivate a theoretical understanding that intimately connects the task state’s neuronal

dynamics with the resting state’s INTSs.

1.5 THE RATIONALE FOR USING RESTING STATE AUTOCORRELATION
FUNCTION TO ESTIMATE INTRINSIC NEURAL TIMESCALES
In this section, we will address the question of why we can use the resting state

autocorrelation function (ACF) to index intrinsic neural timescales. Consider the simplest

stochastic differential equation (SDE):

dx(t) 1
dt 7

x(0)+$(t)

where 7 is a constant and £(t) is white noise with zero mean and delta autocorrelation

(i.e. (x(t))=0, (x(t;)x(t,))=6(t1-t,))*. This equation describes the dynamics of a harmonic

* A note on notation: The problems we encounter in the study of INTs involve two types of
averaging: time averages and ensemble averages. We will use angular brackets to refer to
time averages and the expectation operator E to refer to ensemble averages. In particular,

we define the averaging for a continuous finite time series starting at t=0 and ending at t=T

as (x(t))Z% fOT x(t)dt. For data sampled over time either via recording an experiment or
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oscillator (e.g. a spring-mass system) in overdamped regime. However it can also describe
linearized dynamics of any one dimensional nonlinear SDE around a fixed point via

Hartman-Grobman theorem (Strogatz, 2015; Bekima, 2025). If we focus on the average

dx(t) _
at

behavior, the noise term will be zero and the dynamics will simply be described by

%x(t). We can see that if we start the process at a positive value, the change in x (i.e. %)

will be negative and the process will move towards zero. Conversely, if we start at a
negative value, the change will be positive and move x towards zero again. So the long-term

behavior of x is always reaching zero. We can also ask how fast will x move. Since the
change in x over time is proportional to the constant %, this quantity will determine the
speed of moving to the steady state: higher the 7, longer the duration. Furthermore, we can
solve the average dynamics exactly to see that the form of reaching zero is E [x(t)]=x(0)e'%t.

The speed depends exponentially on % Therefore we can say that 7 is the timescale of x.

We can find the autocovariance (x(t;)x(t,)) via a straightforward calculation by starting

1 1 !
with the solution x(t)=x(0)e " + fot dt'e= e, multiplying x(t;) and x(¢,), taking the
ensemble average using the properties of the noise term and taking the long time limit. The

1
=t -t . . . .
7ltt2l The autocorrelation function is the normalized

result is (x(t1)x(tz))=>e
autocovariance function such that for t; = t,, it is equal to 1 (i.e. the corresponding

1
autocorrelation function is e t1°t2! ). Remarkably, this equation is the same as the average

. . . . 1
resulting from a numerical simulation, we can use (xt)Z;ZLl x¢. Ensemble averages refer

to averaging over many instances of the same process, with different noise realizations. For
example, these can refer to averaging over trials in the case of event-related potentials, or

averaging over noisy simulations if we are interested in the mean activity. We can define
the averaging over an ensemble with N elements at time point t as E [x(t)]=% i xD ()
where x refers to the i-th element of the ensemble of N elements. In discretized dynamics
as above, we can use E [xt]Z% A xt(i). The properties of the white noise we listed above are

also satisfied for ensemble averages, i.e. E[x(t)]=0, E[x(i)(tl)x(j)(tz)]=6(tl-t2)6” where §;; 1s

the Kronecker delta function.
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dynamics we found above up to a constant. Therefore we can just investigate temporal
persistence of noisy dynamics at the steady state to understand the timescale of reaching
the steady state from a non-equilibrium initial condition. The generalizability of this simple
model to neuronal dynamics is a non-trivial problem. We make an attempt to address this
in section 3 of the thesis (Catal et al., 2025). In figure 1.2, we demonstrate this result via

numerical simulations.

a b C
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=+ Autocorrelation

Position
Autocorrelation
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Figure 1.2. The autocorrelation function and response to external stimulation of the Ornstein-Uhlenbeck process.
Ornstein-Uhlenbeck process models the noisy dynamics of the position of a harmonic oscillator in the overdamped
regime. a. Spontaneous position over time in the absence of any external stimulation. b. Autocorrelation function
estimated from the spontaneous dynamics shown in panel a. c. The time-series for position with external
stimulation. The autocorrelation function shown in panel b is overlaid on the return of position to the steady state
after scaling it in the y-axis. Dashed orange line shows the autocorrelation function and solid line shows the
position.

If we take the model at face value and apply the inferences to neuroscience, what do these
results tell us? The steady-state behavior of x is its state in the absence of external
stimulations and corresponds to the resting-state. The average behavior of returning to the

steady-state can be actualized by repeating a stimulus across multiple trials and averaging
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the neural activity across trials, a procedure known as evoked brain activity. By analyzing
the resting state autocovariance function (or its normalized form: autocorrelation function),
we can make inferences about evoked activity in the task state. This consideration also
explains the empirically observed correlation between TRWs and INTs (Honey et al., 2012).
If INTs are long, the duration it takes to return to baseline after a stimulation will be long,
and there will be a longer time window in which a second stimulus can be applied and

processed together with the first input, and vice versa for the short timescale.

1.6 EMPIRICAL ESTIMATION OF INTRINSIC NEURAL TIMESCALES

The characterization we outlined above was based on continuous dynamics. Since
empirically recorded or numerically simulated data is discrete, we need to discretize above
formulas to understand how to estimate intrinsic neural timescales (INTs) empirically. We
can denote the evenly sampled time points as t=nAt where A4t is the duration between two

samples (repetition time (TR) in the fMRI literature, or inverse of the sampling rate in the
electrophysiology literature). n is an integer between 1 and N= i. Therefore, we can denote

our time series as x,=x(n4dt). This time series starts at t=At and ends at t=T. For

continuous time-series, the autocovariance function is defined as
ACovF(l)Z% fOT'l d tx(t)x(t+0). This can be discretized and normalized to get the empirical

autocorrelation function (ACF):

ACF(Z)= (xnxn+l) — i Zg;ll Xn Xn+l

(x121> -l ﬁ;a xrzz

where the time lag [ is in the unit of samples. The corresponding time duration can be
found as l4t. The normalization ensures that ACF(0)=1. Interestingly, empirically recorded

neuroimaging data (e.g. fMRI, EEG, MEG, ECoG) conforms to the exponential decay

1
function (e'?l) derived for the dynamics of a noisy overdamped harmonic oscillator. In the
case of electrophysiological data with high sampling rate (e.g. EEG, MEG, ECoG), this

exponential decay function is accompanied by oscillations such as alpha or gamma waves.

The first paper which used the ACF to estimate INTs was Hasson et al., (2012). In order to
estimate the decay rate of the ACF, Honey et al. calculated the lag where ACF crosses 0.5.
This is the duration it takes for a signal to lose 50% of its similarity with itself. If the
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timescale is short (small 1), the ACF will decay to O rapidly, and vice versa. This method
was termed the autocorrelation window (ACW). In 2014, Murray et al. showed the
timescale hierarchy on the firing rates from single unit neural recordings. Instead of using
ACW, they fit an exponential decay function to the ACF using minimum least square
optimization methods (Murray et al., 2014) to directly find 7 (also see Ito et al., 2020; or
Catal et al., 2024 for others using this method). In addition to the lag where ACF crosses
0.5 (Hasson et al., 2012; Wolman et al., 2023; Catal et al., 2025), later researchers also used

0 (Golesorkhi et al., 2021; Wolman et al., 2023; Tang et al., 2025) and% (Cusinato et al.,

2023) as thresholds and calculated the timescale as the corresponding lag. Furthermore,
the timescale is also estimated as the area under the ACF before it crosses 0 (Watanabe et

al., 2019; Raut et al., 2020b; Manea et al., 2022; Wu and Gollo, 2025).

In the existence of oscillations (for example, the commonly observed alpha oscillations in
EEG data), the above methods suffer from biases. Spectral parametrization method can be
used to perform better timescale estimation (Donoghue et al., 2020; Gao et al., 2020).
Spectral parametrization models the power spectral density (PSD) instead of ACF. Due to
the Wiener-Khinchine theorem which states that the PSD and ACF are Fourier transform
pairs, PSD can be used for this purpose. Since it localizes oscillations, it is better suited for
timescale estimation in the absence of oscillations. The PSD that corresponds to our

exponential decay form of ACF can be found by taking the Fourier transform of the

A

exponential decay. The result of the calculation is the Lorentzian function PSD(f )=W
k

where f is the frequency, f; and A are constants. For low frequencies where f<f;,, we have

f? « fi£. If we neglect the f? term since it is small, we can see that PSD(f) ~ % andis a
k

constant function. In high frequencies, we have f2 > fZ and similarly by neglecting the

small f? term we get PSD(f) ~ }%. If we plot the log(PSD(f)) against log(f), we will

observe that the plot appears to be constant at low frequencies and a straight line with a
slope of -2 at high frequencies. The transition between these two regimes is found at f = f;,

which looks like a knee in the log-log plot. Incidentally, this parameter has a

straightforward relation to the timescale t via 7= % Therefore, finding f;, also gives us the

value of 7.
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The spectral parametrization method works as follows: 1) Fit an aperiodic function to the
empirical PSD (in our case, the Lorentzian), 2) Subtract the aperiodic function from the
PSD to better see oscillatory peaks, 3) Fit Gaussians to each oscillatory peak, 4) Subtract
these Gaussians from the initial PSD to better see the aperiodic component of the PSD, 5)
Fit the aperiodic function again. After the final fitting, the knee frequency f; of the
aperiodic function can be extracted. This method was developed by Gao et al., (2020) and
was used in ECoG (Gao et al., 2020; Manea et al., 2024), single unit neural recordings (Gao
et al., 2020) and MEG (Wiesman et al., 2022; Pauls et al., 2024) data. While the method is
very successful when the PSD is a Lorentzian, it can fail when the PSD does not conform to

this shape. An example of such a case is EEG or MEG data where PSD conforms to the so-

called scale-free distribution (PSD(f) « fiB with the power-law exponent ) with no initial

flat part (see these two discussions on the Github page of the major software package
‘specparam” which implements this algorithm for details: Issue #35, Issue #7). In these
cases, one can use classical regression methods by taking oscillatory powers as additional
variables in the regression models in order to minimize the oscillatory bias (for the

statistical perspective, see McElreath, 2020; for examples, see Catal et al., 2024, 2025).

In addition to these methods, one can also estimate INTs using generative modeling and
Bayesian inference. In this approach, the generative model is the Ornstein-Uhlenbeck (OU)
process (Zeraati et al., 2022):

dx(t) 1
dt 1

x(t)+as(t)

with timescale 7, zero-mean and unit variance uncorrelated white noise &(t), and the
variance term o. Aside from the ¢ term which does not contribute to the ACF, this equation

is the same as the one we used in the previous chapter. Therefore, the ACF is given by

ACF(l)=e%l. The likelihood function p(D | 6) is the probability of observing the empirical
ACF (D) given the parameters 6={t, g}. With appropriate prior p(8), the unnormalized
posterior density is given by the Bayes theorem p(6 | D) « p(D|8)p(6). However, the
likelihood function is not known analytically. Nonetheless, numerical simulation of the
Ornstein-Uhlenbeck process with the same sampling rate as empirical data, then
subsequently calculating the ACF from simulated time-series allows Bayesian estimation

thanks to Markov Chain Monte Carlo (MCMC) or variational methods. Importantly, these
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methods not just give point estimates for the estimated parameters, but also provide
uncertainties. Furthermore, by simulating a time-series with equal sampling rate and
duration as empirical data, these methods also model the finite data bias. This bias can
lead to underestimation of timescales from empirical data (Zeraati et al., 2022). The first
paper that performed Bayesian inference of timescales was Zeraati et al., (2022). They used
adaptive approximate Bayesian computation (aABC) and found that classical methods
sytematically underestimate timescales due to the finite data bias. The generative model
can be enhanced with additive oscillations or multiple timescales (as sum of multiple OU
processes). In a later paper, Zeraati et al. used Bayesian model comparison in addition to
generative modeling and showed that some neurons in the rat brain show two timescales

(Zeraati et al., 2023).

In summary, the methods of timescale estimation use either the autocorrelation function or
power spectral density and find the timescale of correlated fluctuations. Figure 1.3,

presents a schema for these calculation methods.
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Figure 1.3. Estimation of intrinsic neural timescales using the autocorrelation function and power spectrum. a. An
example time-series. For each lag 1, time series x(t) is correlated with itself lagged | seconds, yielding the correlation

value p. b. The correlation values of all lags are plotted on the right. Resulting autocorrelation function is of the
1
exponential decay form e where t denotes the decay rate and the timescale of intrinsic correlations. c. The

autocorrelation function and power spectrum are Fourier transform pairs. Power spectrum often takes the form of

ﬁ where fis frequency, A and f;, are constants. fi is also called the knee frequency and it is related to the timescale
k

. . 1
T via the relation fi,=—.
2nT

1.7 SPECIFIC AIMS AND OUTCOMES OF THE THESIS

Our primary goal is to investigate the rest-task relationship of intrinsic neural timescales
(INTSs) for continuous and discontinuous tasks. The first part of our analysis concerns the
continuous tasks (Catal et al., 2024) and aims to explore the resting state and task state
INTs. In the second part, we analyze a discontinuous task to uncover how resting-state
INTSs relate to event-related brain activity. In the final chapter, we present a software

toolbox we developed for fast and accurate estimation of INTs.
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1.7.1 The Rest-Task Relationship of Intrinsic Neural Timescales in Continuous

Tasks

In the first part of our analysis we analyzed a mice and a human dataset. The mice dataset
involved wide-field calcium imaging data of 5 age and sex-matched mice in spontaneous
behavior (Shahsavarani et al., 2023). In the human dataset, the participants were
instructed to perform a self-evaluation task where they tracked their internal states on a
computer while listening to self-related or non self-related narratives, in addition to a

resting state scan (Smith et al., 2022).

We tested four hypotheses in our data. Firstly, given that INTs can be modulated in
different task states (Golesorkhi et al., 2021; Zeraati et al., 2023; Gao et al., 2020), we
should be able to observe differences in the INTs for different task states (locomotion, rest
etc. for mice; rest, self-task, non-self task for humans). Furthermore, if these changes are
specific to distinct behavioral states, we should be able to differentiate the task states based
on INTs across the brain. Secondly, previous studies confirmed a prolongation of INTs
during heightened attention or task engagement (Murray et al., 2014; Runyan et al., 2017,
Cirillo et al., 2018; Wasmuht et al., 2018; Gao et al., 2020; Spitmaan et al., 2020; Soltani et
al., 2021; Zeraati et al., 2023) compared to the resting or prestimulus state. The
spontaneous motion in mice and self-evaluation task in humans both require heightened
task demands compared to the resting state. Therefore, we hypothesize an increase in INTs
during locomotion (mice) or self-evaluation task (humans). Thirdly, based on the previous
studies which investigated the relationship between prestimulus and the prestimulus-
poststimulus change of neural activity (Boly et al., 2007; Hesselmann et al., 2008; Hasson
et al., 2009; He, 2013; Sadaghiani and Kleinschmidt, 2013; Sadaghiani et al., 2015; Huang
et al., 2017; Catal et al., 2022, Wolff et al., 2019, 2021; Kolvoort et al., 2020, 2020; Braun et
al., 2022; Wolman et al., 2023 Petersen et al., 2003; Churchland et al., 2010), we
investigated whether the variance of resting state INTs relate to the rest-task change of

INTSs.

In addition to these empirical hypotheses, we also modeled rest-task relationship using
computational modeling. Previous theoretical work indicate that the whole-brain
topography of recurrent connections (Chaudhuri et al., 2015) is indicated in the topography

of INTs. Furthermore, small changes in the recurrent connectivity can enable the flexibility
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of INTs during tasks (Shi et al., 2023; Zeraati et al., 2023). Based on these considerations,

we used whole-brain modeling to investigate the prolongation of INTs during these tasks.

To test our first hypothesis, we used machine learning to infer the behavioral state using
the INT maps. We achieved high classification accuracy on the test data indicating the
specificity of the INT changes for different behavioral states. Active behavioral states
(locomotion in mice, self-evaluation task in humans) showed longer INTs compared to the
resting state. The rest-task change of INTs showed high correlation with the variance of
resting-state INTs. Our computational model replicated the empirical data in both the
increased INTSs in the stimulated state and the correlation with resting-state variance.
Modulation of the strength of recurrent connections in the model showed that the change in
INTs depend on the recurrent connections. These results support the previous findings on
behavioral relevance of INTs and shed light on the possible neurobiological mediators of the

rest-task relationship of INTSs.

1.7.2 The Relationship Between Intrinsic Neural Timescales and Event-Related

Activity

In the second part of our thesis, we used a human magneto-encephalography (MEG)
dataset and investigated the relationship between the resting state intrinsic neural
timescales (INTs) and event-related brain activity during task state using a discontinuous
task consisting of trials where participants had to perform the Hariri-Hammer emotional
face recognition task (Catal et al., 2025). Event-related activity refers to the stereotypical
response to a stimulus calculated via averaging the time-locked task response across trials.
Precisely speaking, it is calculated by taking the average of recorded neural activity of the
recording channel across trials for every time-point, leading to one event-related potential
(ERP, for EEG) or field (ERF, for MEG) for every task condition (Shah et al., 2004; David et
al., 2005; Assecondi et al., 2022).

Before embarking on the data analysis, we aimed to establish the theoretical basis from
which we can generate empirical hypotheses. Therefore, in the first section of this project,
we introduced the fluctuation-dissipation theorem from non-equilibrium statistical
mechanics as a framework to understand how resting state INTs relate to the event-related
activity. According to this framework, a higher resting-state INT should accompany a

slower return to prestimulus baseline during the task state, which should result in a higher
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magnitude of event-related activity if we consider the area under the ERP/F. In addition,
we used the Jansen-Rit model of coupled cortical columns, a neurobiological model for the
modeling of ERP/Fs (Jansen et al., 1993a, 1993b; David and Friston, 2003; David et al.,
2005, 2006) in order to find neurobiological parameters which affect both ERP/Fs and INTs.
Finally, in empirical MEG data, we identified the channels and time-points relevant to the
task participants performed and looked into the correlations between INTs and the

magnitude of ERF's, with the hypothesis of a positive correlation.

Our results confirmed our hypothesis of positive correlation between INTs and magnitude
of event-related activity. Computational modeling showed that INTs and event-related
activity are most sensitive to changes in intracolumnar connections, which are also
recurrent connections between the different neuronal populations in a cortical column. This
finding has the potential implication that the empirically observed correlation might be
driven by the differences in intracolumnar connection strength. Our results indicate that
INTs not only change in different tasks, but the resting state INTs are related to the
response in the task state, further strengthening the notion that resting state and task
state are not independent from each other, but can inform each other. The simulations
indicate that the neural structure that supports this correlation can be intracolumnar

connections.

While we used electrophysiological signal to test our hypotheses, it should be noted that
there are neurophysiological processes that last long and can not be captured by the MEG
signal. Examples of such processes are G-protein mediated synaptic transmission (Betke et
al., 2012), synaptic post-tetanic potentiation (Vandael et al., 2020) or behavioral timescale
synaptic plasticity (Magee, 2026). As a starting point, we may suggest calculating time-
resolved INTs where each time window is shorter than the timescale of the long lasting
process to future studies addressing the relationship between INTs and the long lasting
processes. This would separate the two timescales from each other and make the analysis

tractable.

Another point worth mentioning is that during the simulation part of this paper, we used
Jansen-Rit model which lacked the inhibitory-to-inhibitory connections. The effect of such
self-inhibition can be a matter for a future study. As an initial starting point, we can

hypothesize that an increase in self-inhibition can lead to a firing rate in the resting
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activity. Similar to our work described in 2, this increase in the firing rate can lead to
longer INTs. That being said, these statements are currently tentative and deserves further

evaluation.

1.7.3 Development of a Software Package for Fast and Accurate Estimation of

Intrinsic Neural Timescales

Modern neuroimaging data is often organized across space (multiple channels), time
(continuous neuroimaging recordings), conditions (diverse tasks) and in translational
settings, diagnoses. Each dataset usually results in enormous amounts of data (Dipietro et
al., 2023). Furthermore, the existence of features in the data such as oscillations which can
be considered nuisance for timescale estimation, and undersampling which is particularly
problematic for imaging modalities with low sampling rates such as fMRI, make timescale
estimation complicated. In practice, accurate estimation of INTs usually involves multiple
rounds of analysis, where from one to the next, various parameters in the estimation are
changed after visual inspection of results. A software package collecting various estimation
methods in the literature with a unified high-level API is needed to make the process
tractable. To achieve this goal, we developed the Julia (Bezanson et al., 2012) software

package IntrinsicTimescales.jl in the third part of our thesis (Catal and Northoff, 2025).

IntrinsicTimescales.jl aims to be a high-performance and robust toolbox for INT estimation.
The package implements established methods based on the autocorrelation function (Honey
et al., 2012; Ito et al., 2020b; Golesorkhi et al., 2021) as well as novel approaches involving
power spectrum (Gao et al., 2020) and Bayesian inference using adaptive Approximate
Bayesian Computation (aABC) (Beaumont et al., 2009; Zeraati et al., 2022). In addition, the
package also implements Automatic Differentiation Variational Inference (ADVI)
(Kucukelbir et al., 2017) for Bayesian inference. The API is designed to be high-level and
user-friendly. All the functions are thoroughly tested for accuracy, and many functions also
support parallel processing. Furthermore, every method includes implementations for
missing data as well as visualization utilities for checking results. Documentation for the
package is hosted online (https://duodenum96.github.1i0/IntrinsicTimescales.jl/stable/home/)
and integrated with Julia’s built-in help system. In particular, the documentation includes
an extensive Practice section written in order to introduce newcomers to the field via

pedagogical tutorials that demonstrate potential pitfalls in the estimation of timescales.
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ABSTRACT

Recent neuroimaging studies demonstrate a heterogeneity of timescales prevalent in the
brain’s ongoing spontaneous activity, labeled intrinsic neural timescales (INT). At the same
time, neural timescales also reflect stimulus- or task-related activity. The relationship of
the INT during the brain’s spontaneous activity with their involvement in task states
including behavior remains unclear. To address this question, we combined calcium
imaging data of spontaneously behaving mice and human electroencephalography (EEG)
during rest and task states with computational modeling. We obtained four primary
findings: (i) the distinct behavioral states can be accurately predicted from INT, (11) INT
become longer during behavioral states compared to rest, (ii1)) INT change from rest to task
1s correlated negatively with the variability of INT during rest, (iv) neural mass modeling
shows a key role of recurrent connections in mediating the rest-task change of INT.
Extending current findings, our results show the dynamic nature of the brain’s INT in
reflecting continuous behavior through their flexible rest-task modulation possibly

mediated by recurrent connections.

2.1 INTRODUCTION

In order to survive in an ever-changing environment with a wide range of complexity on
multiple spatial and temporal scales, the brain must coordinate the behavior of the
organism in a flexible way. The stimuli from the external world comprise a wide variety of
timescales reflecting distinct durations: for example, each dialog is an interplay of syllables,
words, and sentences in an increasing timescale, carrying meaning and demanding a

reaction (Hasson et al., 2015; Wang, 2020; Golesorkhi et al., 2021; Yeshurun et al., 2021;
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Wolff et al., 2022). To process such temporally complex information, the brain utilizes a
heterogeneity of timescales in its own neural activity (Hasson et al., 2015; Chien and
Honey, 2020; Wang, 2020b; Golesorkhi et al., 2021; Wolff et al., 2022). The concept of
timescale in this context is defined as the duration of the temporal window within which a
particular stimulus is processed with others in the same time window—this has been
subsumed under the umbrella term “intrinsic neural timescales” (INT) (Hasson et al., 2008,

2015; Murray et al., 2014).

Recent neuroimaging work has shown that INT exhibit changes during various aspects of
cognitive processing. Examples of tasks showing INT changes include reward (Murray et
al., 2014), self (Wolman et al., 2023), narrative construction (Chang et al., 2022),
consciousness (Zilio et al., 2021, 2023) and music listening (Farbood et al., 2015). In
contrast, studies on the changes of INT during continuous behavior are scarce. Current
work indicates that INT become longer with increasing levels of task engagement and
attention during behavior (Cavanagh et al., 2020; Gao et al., 2020; Rossi-Pool et al., 2021;
Zeraati et al., 2023; Manea et al., 2024). At the same time, the INT are already present in
the brain’s spontaneous activity where no specific tasks, stimuli or behavior are initiated
(Ito et al., 2020; Raut et al., 2020; Golesorkhi et al., 2021). How the INT in continuous
behavioral states relate to the timescales of the brain’s spontaneous activity remains yet
unclear (Huk et al., 2018; Kringelbach et al., 2023). Addressing this question is the goal of

our study.

First and foremost, we may want to do some conceptual homework. What do we mean by
the notions of behavioral state and brain state? A behavioral state refers to a distinct
pattern of locomotor activity, cognition, and physiological activity that an organism exhibits
in response to internal and external stimuli within a particular environmental context
(Flavell et al., 2022). While an agreed upon definition of a brain state is currently lacking
(Kringelbach and Deco, 2020), nonetheless, we assume the following more operational
definition: a brain state is characterized by a widely distributed pattern of activity (Greene
et al., 2023) which can be specified by its spatial pattern (like its topographic distribution)
and temporal pattern (like its changes or non-changes over time along different timescales).
We here focus specifically on the temporal pattern of brain states during continuous
naturalistic behavior which by itself, as implied by its definition, may also be featured by a

particular temporal pattern with the involvement of various timescales.
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Brain states during different tasks and behavioral states are set relative to the brain’s
spontaneous activity and its particular temporal pattern—this raises the question for their
relationship. Such focus on the modulation of task INT by rest INT is motivated by a wide
range of studies demonstrating that the dynamics of rest or pre-stimulus state can
modulate the brain’s response to an external stimulus. Various studies in functional
magnetic resonance imaging (fMRI) (Fox et al., 2005; Boly et al., 2007; Hesselmann et al.,
2008; Hasson et al., 2009; Sadaghiani et al., 2009, 2015; Mennes et al., 2010; Coste et al.,
2011; He, 2013; Sadaghiani and Kleinschmidt, 2013; Huang et al., 2017; Kamp et al., 2018;
Catal et al., 2022; Wu et al., 2024), electroencephalography (EEG) (Romei et al., 2008; Iemi
et al., 2017; Waschke et al., 2017; Wolff et al., 2019; Kolvoort et al., 2020; Wainio-Theberge
et al., 2021; Wolff et al., 2021; Iemi et al., 2022; Wolman et al., 2023) and single-unit neural
recordings (Petersen et al., 2003; Churchland et al., 2010; Braun et al., 2022) show an
active modulation of the task-related activity’s amplitude, variability, and functional
connectivity by the brain’s spontaneous activity (see also Northoff et al., 2010b, 2010a for a
review). Although it should be mentioned that other findings noted no relationship or the
divergence between spontaneous and task-evoked activity (Cowley et al., 2016; Stringer et
al., 2019; Triplett et al., 2020; Avitan et al., 2021; Avitan and Stringer, 2022): these studies
show that the dimensionality of the resting state dynamics differs greatly from task evoked
states with little or no correlation of rest and task states—in that case, task-related and
spontaneous activity are orthogonal to each other. Whether this difference is physiological,
as related to distinct kinds of tasks, or methodological, as related to different analyses
methods (Wolff et al., 2019, 2021) remains yet to be clarified and tested. We here follow the
analyses methods of the first stance, the relationship of spontaneous and task activity and
develop our hypotheses accordingly. Following this line of argument, how the changes in
INT during behavioral or task-induced states relate to the spontaneous activity has, to our
knowledge, not yet been studied. Building on these observations of rest-task modulation of
neural activity in its amplitude, variability and functional connectivity, we ask whether the

INT modulate the transition from rest to continuous behavioral task states.

Our paper has four specific aims, raising distinct questions. First, we question whether the
INT are indeed behaviorally relevant. We use two behavioral paradigms: calcium imaging
data from spontaneously behaving mice (Shahsavarani et al., 2023) and human EEG data

where participants track their internal states using a mouse cursor while listening to
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autobiographical (self-related) and non-autobiographical (non-self/other related) narratives
(Smith et al., 2022). Based on the behavioral recordings of mice, we demarcate time
windows of activity, such as sustained rest and locomotion, denoting the different
behavioral states over the course of time. While in the human EEG, we divide the
recordings into distinct time windows during rest and task. In both datasets, we use these
temporal windows to estimate their INT; the latter are estimated by using the decay rate of
the autocorrelation function which measures the duration of temporal autocorrelation in a
time-series (Honey et al., 2012; Murray et al., 2014; Raut et al., 2020b; Wengler et al., 2020;
Golesorkhi et al., 2021; Smith et al., 2022; Klar et al., 2023) in neuroimaging data (Honey et
al., 2012; Murray et al., 2014). We raise the question whether the behavioral state of the
organism can be predicted from the INT across the whole brain’s neural activity. For this
purpose, we train SVMs to classify the behavioral states in mice (onset of locomotion,
locomotion, offset of locomotion, initial rest, sustained rest) and humans (rest,
autobiographical narrative, non-autobiographical narrative) according to their whole brain
INT estimates. Following the INT differences in rest and event-related discontinuous task
states, we hypothesize that the INT can also distinguish distinct more continuous, and
naturalistic behavioral states in both mice (rest and its distinct forms, locomotion) and

human data (rest, self, and non-self).

Our second question is whether there is a flexible change in the INT from rest to behavioral
states. Given the previous findings of an increasing duration of INT during behavioral
states (Manea et al., 2024) and increased attention (Gao et al., 2020; Zeraati et al., 2023),
we hypothesize longer INT during behavioral states compared to the resting state. To
address this question, we compare the INT in rest and locomotion states in mice as well as

during rest and task states in humans.

The third question is related to the relationship of rest INT with the INT changes during
behavior: can the resting state variability correlate with their rest-behavior change, and if
so, in what way? Previous studies mentioned above have established that neuronal activity
at task is modulated by the resting state activity with a special role for the variability of the
amplitude (Huang et al., 2017; Wolff et al., 2019, 2021; Wainio-Theberge et al., 2021).
Extending beyond the amplitude and its variability, we aim to extend these observations for
the case of timescales by correlating the variability of INT during the resting state with the

percent change of INT from rest to behavioral states.
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Our fourth and last question investigates the potential dynamic mechanisms required for
the assumed rest-behavior modulation of INT in simplified mathematical models. Previous
theoretical work (Shi et al., 2023; Zeraati et al., 2023) on the relationship between local
connectivity profile and INT indicate that in the critical regime of the neuronal population,
small changes in recurrent connections enable flexibility in the INT. Based on this insight,
we aimed to replicate our empirical results in a large-scale biophysical model in order to
investigate the role of recurrent connections on the flexibility of INT changes during the
transition from rest to task states. We used firing rate model with a connectivity matrix
derived from diffusion tensor imaging (DTI) of healthy humans (Rosen and Halgren, 2021).
We operationalized the behavioral state by stimulating the regions which increases their
firing rate and calculated the INT in non-overlapping time windows for every brain region

in both rest and stimulated states.

On the more methodological side, we should note that while the psychological requirements
of the two tasks (motor outputs versus self-evaluation) differ from each other, they
nevertheless share a fundamental factor that is essential to the INT: both tasks require
continuous, that is, non-interrupted behavior along different durations, e.g., timescales;
this distinguishes the task states in both mice and humans from their respective resting
state that does not require such continuous non-interrupted activity—this is measured by

quantifying the temporal continuity of their underlying neural activity by the INT.

Our findings reveal that the continuous behavioral states can be predicted with high
accuracy from the INT across the whole brain in both mice and human data. Replicating
and extending previous findings, we found longer INT during both behavioral states, e.g.,
locomotion in mice and tracking internal states in humans. We observed that the changes
in INT from rest to behavioral states in both mice and humans are negatively correlated
with the variability of the INT during rest. Our computational model replicated the
empirical data in both the increased INT in the stimulated state (compared to the non-
stimulated state) and the negative correlation between resting state variability and INT
change. We observed that by increasing the recurrent connections in the model, rest-
stimulated state changes in INT also increased up to a point of saturation. In contrast, the
decrease in recurrent connections diminished the degree of INT rest-task change. While in
the case of absent recurrent connections, the rest task change of INT was negligible.

Together, our findings show the flexible nature of the INT during continuous naturalistic
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behavioral states through their rest-task interaction possibly mediated by recurrent

connections in the brain.

2.2 RESULTS

2.2.1 Behavioral states in mice are distinguished by their intrinsic neural

timescales

We started our analysis with segmenting the neural activity into different periods of
behavioral states. The data was segmented according to the following heuristic
(Shahsavarani et al., 2023): onset of locomotion (onset): locomotion, offset of locomotion
(offset), rest after the end of locomotion (initial rest), rest 40 s after the end of locomotion
(sustained rest) (Fig. 2.1a). These distinct behavioral segments will be called time windows

for the rest of the paper. We estimated INT via fitting an exponential decay function with a

decay rate % and extracting the parameter T which corresponds to how long does it take for

the autocorrelation function to reach i Fig. 2.2a shows the 7 values across the brain for one

of the mice. The same figures for the other mice can be found in Supplementary Fig. 5.1.
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Figure 2.1: a We used calcium imaging recordings of spontaneously behaving mice. Based on behavioral recording
of wheel velocity, we segmented the data for various behavioral states. Each segment is 10 s long. We calculated the
autocorrelation function (ACF) and estimated intrinsic neural timescales (INT) by fitting an exponential decay

function of the form e_%land extracted the parameter t (see methods for a detailed explanation). b Healthy humans
were recorded with EEG in three conditions: resting state, listening to an autobiographical narrative recorded by
themselves, and listening to a non-autobiographical narrative recorded by somebody else. In listening conditions,
participants tracked their internal state using the mouse cursor. Continuous recordings were segmented into 10 s
windows. In each window, we calculated the t in the same way as in mice. ¢ We analyzed the t values in rest,
task/behavior, and investigated the rest-task or behavior changes.
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Figure 2.2: a. The averaged t values across the brain for one of the mice. The same figure for other mice can be
found in Supplementary Fig. 1. b We trained support vector machines to classify the behavioral states of mice based
on the T values across the brain with nested cross validation for hyperparameter tuning (10 inner, 10 outer folds).
b. Shows the confusion matrix for test data, aggregated across folds. ¢ Receiver operating characteristic curve for
the test data using the trained support vector machine. The data ROC curves from 10 folds were averaged and the
standard deviation across the folds were indicated as shading. Abbreviations: TPR True positive rate, FNR False
negative rate, AUC Area under the curve, M Mean, STD Standard deviation.

To test whether the behavioral states can be distinguished by their underlying timescales,
we used support vector machine (SVM) with a radial basis kernel. We argue that if various
behavioral states can be classified on the basis of their t values by SVM, it would show that
the INT can distinguish different behavioral states. We performed the SVM by
concatenating all the 7 values across time windows (822 time windows, 92 ROIs as
features), runs, and mice; giving us 92 features (one for each region of interest (ROI)). The
models were trained with nested cross validation (10 inner, 10 outer folds). The confusion
matrix for test data aggregated across folds can be seen in Fig. 2.2b. In all behavioral

states, SVM performed higher than random chance (20% for 5 states), between 81% for

33



locomotion and 94% for sustained rest; and showed an overall accuracy of 86%. The one-
versus-all ROC curve averaged across folds is given in Fig. 2.2c, showing that for every
state, SVM reached an AUC of more than 0.9, indicating that false positives and false
negatives are relatively low. The results for individual folds can be found in Supplementary
Figs. 5.2 and 5.3. These results demonstrate that INT allow distinguishing between
different behavioral states. Same analysis using ACW-0 (the lag where autocorrelation
function reaches 0) instead of 7 can be seen in Supplementary Fig. 5.4 for averages across
folds and Supplementary Figs. 5.5 and 6 for individual folds. ACW-0 results again show
high accuracy and AUC values for ROC curves.

In addition to SVM, we also performed logistic regression as a prediction task as opposed to
classification of SVM. We fitted the logistic regression model in the same way as in SVM:
using 10-fold nested cross validation. Supplementary Figs. 5.7, 5.8, 5.9 show the average
ROC curve and aggregate confusion matrix, that is, confusion matrices for individual folds
and ROC curves for individual folds respectively. We evaluated the model’s performance on
test data as in SVM. The regression model showed an overall accuracy of 86%. For every

state, the ROC curves have an AUC above 0.9.

Together, we show that the INT, measured as the decay rate of the autocorrelation
function, can distinguish different behavioral states in the mice. This suggest a close
relationship between INT and behavior which shall be explored in more detail in the

following.
2.2.2 Changes in intrinsic neural timescales from rest to behavior

For the rest of the paper, we will focus on sustained rest and locomotion states. We started
our investigation by comparing the means of ts during these two states. We divided our
analysis into two parts: comparing the mean across time windows for each ROI and
comparing the mean across ROIs for each time window. For the mean across time windows,
we averaged T values across windows for each ROI. For mean across ROIs, we averaged the

7 values across the brain for each window of sustained rest and locomotion.

Figure 2.3 shows the comparison of 7 values averaged across windows for each ROI. The
difference between mean 7 values for sustained rest and locomotion in all mice is shown in

Fig. 2.3a (Wilcoxon test (n =460 for each group, z=25.07, p<0.001, r =0.95)). The same
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comparisons for each of the individual mice is shown in Fig. 2.3b (n =92). In each case, we
see an increase in the mean of t for each ROI from sustained rest to locomotion.
Furthermore, we performed a mixed effects analysis treating mice labels and ROIs as
random effects and the state of the mouse (locomotion versus sustained rest) as fixed effect
and 7 values as independent variable. We have found a significant effect for state
(F1,823=2349.376, p<0.001). Same analyses for ACW-0 instead of 7 are presented in
Supplementary Fig. 5.10, showing higher ACW-0 in task state compared to rest in each
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Figure 2.3: a Comparison of T values between sustained rest and locomotion states in all mice. b. Comparison for
each mouse. Each dot in the figure represents the t value of one ROI. Colors denote individual mice.

In addition to INT, we also compared mean and standard deviation (SD) of the neural
activity to characterize the neural activity more thoroughly. One mean and SD value was
extracted from each ROI per 10 s time window of activity, in the same way as the INTs
were calculated. We averaged the neural activity across these windows and compared them
between sustained rest and locomotion conditions. The results are presented in
Supplementary Fig. 5.11. In short, we observed higher mean of activity in locomotion
compared to sustained rest (z=25.64, p <0.001, r =0.98) and higher SD in sustained rest
compared to locomotion (z=15.53, p<0.001, r=-0.59).

It can be argued that the relationship between INT and behavioral states is a spurious one,
possibly mediated by some other aspect of neuronal dynamics. Indeed, previous research
has shown that neural variability and oscillations also reflect the behavioral states (Cohen

and Maunsell, 2009; Garrett et al., 2011, 2013; McGinley et al., 2015; Seeber et al., 2016;
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Iemi et al., 2017; Grady and Garrett, 2018; Andalman et al., 2019; Waschke et al., 2021;
Liuzzi et al., 2023). To demonstrate that the relationship between INT and behavioral
states is not spurious, we present a two-step analysis: (1) showing potential correlations
between INT and variance (for mice data); INT and power bands (for human EEG data); (2)
showing that the relationship between INT and behavioral state does not change
significantly when conditioned on the standard deviation (SD, normalized variance) of the
data(McElreath, 2020). To achieve the second step, we first perform a logistic regression
with INT as predictor and behavioral state as outcome, then do a second regression with
ACW and SD and compare the regression coefficients using the statistical test developed by
(Clogg et al., 1995). The results for the correlation are presented in Supplementary Fig.
5.12. We observe a negative correlation between SD and INT (Spearman’s p=-0.107,
p=0.047). The complete results for the logistic regressions are presented in Supplementary
Tables 5.1 and 5.2. Clogg test do not show a significant change in the regression coefficient
(z=0.0162, p=0.987). While we cannot say that the regression coefficient stays the same
due to the logic of null hypothesis significance testing, we can rule out the claim that the
predictive value of ACW is a spurious one in that it solely depends on the measures of the
neuronal dynamics like variability we tested, that is, that the relationship of INT and

behavioral state is spurious.

As a next step, we classified the regions of interest in the following groups: frontal;
somatosensory 1, 2, 3; visual and motor for left and right hemispheres, giving us 12 groups
of ROI in total similar to (Shahsavarani et al., 2023). This classification is visualized in
Supplementary Fig. 5.13. We compared rest and task 7 values according to this
classification. The results are shown in Supplementary Fig. 5.14. We observe a significant

increase in all ROI groups.

Before moving on, we also compared the early and late periods of sustained rest and
locomotion in a recording. We picked recordings that have more than one sustained rest
period and compared the first sustained rest and the last one. We did the same analysis for
locomotion as well. In both analyses, no significant differences between early and late

periods were found (Supplementary Fig. 5.15).

We then moved on to compare the INT rest task changes in the whole brain. For each

window, we averaged the 7 values across ROIs. Fig. 2.4a shows the change of mean across
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the brain for each window, showing a significant increase in brain-wide 7 (n =182 for
sustained rest, n = 163 for locomotion; z=12.43, p<0.001, r =0.78). The comparisons for
each of the individual mice are shown in Fig. 2.4b showing that this increase holds in each
mouse (cm124: n =14 for sustained rest, n=15 for z=3.73, p<0.001, r=0.82; cm125: n=63
for sustained rest, n =36 for locomotion, z=16.94, p <0.001, r=0.84; cm126: n =26 for
sustained rest, n =15 for locomotion, z=3.86, p <0.001, r=0.73; cm127: n =31 for sustained
rest, n =48 for locomotion, z=15.75, p<0.001, r=0.77; cm128: n = 48 for locomotion, n =49
for sustained rest, z=5.69, p<0.001, r=0.67). A mixed effects model treating the state of
the mice (locomotion versus sustained rest) as fixed effect and mouse IDs as random effect
found a significant effect for the states (F1, 341.79 = 164.225, p <0.001). The analysis for
ACW-0 can be found in Supplementary Fig. 5.16, showing higher ACW-0 in locomotion

again.
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Figure 2.4: Comparison of mean ts averaged across regions of interest (ROIs) for each time window. a
Comparison of T values between sustained rest and locomotion states in all mice. b Comparison for each mouse.
Each dot in the figure represents t value of one time window. Colors denote individual mice.

Additionally, we compared the pupil size between sustained rest and locomotion states to
assess the behavioral changes that go along with changes in 7. For each time window, we
averaged the pupil size across time. Supplementary Fig. 5.17 shows that the pupil size is
significantly larger during locomotion compared to the sustained rest (n = 182 for sustained

rest, n =163 for locomotion; z=14.6, p <0.001, r=1.19). Together, we show increased 7 from
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sustained rest to locomotion state for both individual ROIs and across the whole brain. This

increase in T goes together with an increased pupil size. (Supplementary Fig. 5.17)

2.2.3 Resting state variability of intrinsic neural timescales shapes their rest-

locomotion change

Motivated by the studies showing that the neural activity during the behavior is influenced
by the variability of prestimulus/rest activity, we sought to analyze the effect of INTs of rest
on INTs during locomotion. In order to assess the effect of rest on rest-locomotion change,
we correlated the rest variability of T values across time windows with the percent change

of T values from rest to locomotion. We calculated the rest-locomotion percent change of 7 as

(locomotion value-rest value

) X 100. In Fig. 2.5a, we correlated the resting state variability with

rest value

the percent change of 7, seeing a negative correlation (Spearman’s p(458)=-0.34, p<0.001).
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Figure 2.5: Rest-Behavior Modulation of INT. Caption: a. We calculated the variability of ts across time
windows. To calculate the change of Ts from rest to locomotion, we averaged the percent change of ts in each of

the aforementioned windows. We correlated the variability of Ts during sustained rest with the T percent change

from rest to locomotion. Each dot denotes one region of interest in one recording session. b The distribution of the
variability of T during rest and the percent change of T from rest to locomotion across the whole brain. ¢ Same as
(a) for each of the individual mice.

Figure 2.5b shows the distribution of INT rest variability and the rest-locomotion INT
percent change across the whole brain. Fig. 2.5¢ shows this relationship for each of the mice
(n=92 in each plot), showing that all mice exhibit such negative correlation. Together, we
demonstrate that the 7 resting state variability exert a negative modulation on the behavior
related changes of 7 i.e., negative rest-task modulation of 7. Higher variability in resting
state T indexing its dynamic repertoire leads to lower changes in t from rest to locomotion.
Same analyses for ACW-0 instead of T are presented in Supplementary Fig. 5.18, showing

negative correlation for each of the mice.

2.2.4 Replication of the mice results in a human EEG dataset of self-evaluation

We also analyzed a human EEG dataset where participants performed a modified self-
evaluation task (Vallacher et al., 2002). In this task, healthy humans listen to an
autobiographical narrative (self-related) recorded by themselves or a personally unrelated
narrative (non-self/other) recorded by the researchers. During the listening, the
participants actively track their internal states by moving the cursor on the screen (Fig.
2.1b, see “methods” and Cohen and Maunsell, 2009 for details). Both mice and humans
share self-initiated behavior with either locomotion or moving the cursor on the screen.
However, they differ in the level of spontaneity since the mice’s behavior was purely
spontaneous without any external cue while the humans were instructed to use the cursor
according to how they felt during listening to narratives. Like mice data, we calculated one

7 value from every 10-s non-overlapping window.

Figure 2.6a shows the distribution of 7 values across the scalp averaged across time
windows and 21 subjects (2961 time windows and 64 channels as features). We started our
analysis by replicating the SVM findings with a radial basis kernel. The SVMs were trained
using nested cross validation with 10 inner and 10 outer folds. The confusion matrix for test
data aggregated across folds is given in Fig. 2.6b, showing that the SVM is reaching an
accuracy of at least 72% while random chance is 33.3%. Overall accuracy is 75%. ROC

curves averaged across folds are given in Fig. 2.6¢, showing a minimum AUC of 0.85,
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indicating that the different states (rest, self, non-self) can indeed be distinguished by their
7 values. Confusion matrices and ROC curves for individual folds can be found in
Supplementary Figs. 5.19 and 5.20. Using ACW-0, we replicated our results of 7
(Supplementary Fig. 5.21 for confusion matrix aggregated across folds and ROC curve
averaged across folds; Supplementary Figs. 5.22 and 5.23 for confusion matrices and ROC

curves respectively for individual folds).
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Figure 2.6: Classification learning for EEG states: The distribution of T values averaged across time windows and
subjects on the scalp for rest, self-narrative and non-self (other) narrative. b We trained support vector machines to
classify rest versus self versus other states using values across the brain using nested cross validation for
hyperparameter tuning (10 inner, 10 outer folds). Panel b Shows the confusion matrix for test data, aggregated
across 10 folds. ¢ Receiver operating characteristic curve for the test data of the trained support vector machine.
The ROC curves for 10 folds were averaged and the standard deviation across folds was indicated with the
shadings. Abbreviations: TPR True positive rate, FNR False negative rate, AUC Area under the curve, M Mean,
STD Standard deviation.

We additionally used logistic regression in addition to SVM. Supplementary Figs. 5.24,
5.25, 5.26 show the results for average ROC curve and aggregate confusion matrix,

confusion matrices for individual folds and ROC curves for individual folds respectively.
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The overall accuracy of the model evaluated in the test set is 58%. The ROC curves have an

AUC value above 0.7 for all states.

As in the mice, the findings suggest that INT, as measured by 7, allow distinguishing

distinct behavioral states in human EEG.

We proceeded with the rest-task comparison of INT in the human EEG data. Fig. 2.7a
shows that during the self-stimulus, INT are the longest, followed by other and rest
(n=1344 for each group). A mixed effects model treating the state (rest/self/other) as fixed
effect, channels and subjects as random effect a significant effect for the state (Fx,

3946 = 134.199, p <0.001). This pattern is also preserved in the mean across channels for
every time window (n =987 for each group) (Fig. 2.7b: mixed effects with state as fixed
effect and subjects as random effect: F2203s=99.193, p <0.001). Multiple comparisons using
Wilcoxon tests and effect size calculations can be seen in Fig. 2.7 panels a and b. These
results indicate that the states with self-initiated behavior, e.g., moving the cursor while

listening to the narrative are characterized by longer INT than the resting state.
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averaged across time windows and subjects. d We calculated the variability across time windows for each channel
during the resting state and correlated that with the percent rest-task change of t. Outliers were removed prior to
the analysis. Each dot denotes one channel, colors denote subjects.

To further characterize the dynamics of neural activity, we compared EEG power bands
between the three states. We extracted one power band per each of the 10 s non-overlapping
windows per channel and averaged across these values for comparison. The powers were
calculated as the area under the curve of the power spectrum for theta (1-4 Hz), delta (4-
7Hz), alpha (8-12 Hz), beta (13-30 Hz), gamma (30-40 Hz) bands and broadband power (1-
40 Hz). The results are presented in Supplementary Figs. 5.29 and 5.30. In short, we

observed higher power in resting state compared to self and non-self tasks in all powers,
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though the effect size rest versus other comparison for gamma band was rather low (theta,
rest vs self: z=11.53, p<0.001, r=-0.26; rest vs other: z=9.11, p<0.001, r =-0.2; delta:
rest vs self: z=14.06, p<0.001, r=-0.31; rest vs other: z=12.45, p<0.001, r=-0.28; alpha:
rest vs self: z=14.10, p<0.001, r=-0.31, rest vs other: z=9.71, p<0.001, r =-0.22; beta:
rest vs self: z=9.88, p<0.001, r =-0.22; rest vs other: z=7.82, p<0.001, r=-0.17; gamma:
rest vs self: z=5.69, p<0.001, r=-0.13, rest vs other: z=3.79, p<0.001, r=-0.08;
broadband: rest vs self: z=13.43, p<0.001, r=-0.30, rest vs other: z=10.25, p <0.001,
r=-0.23). Regarding self vs other comparisons, we observed statistically significant higher
power in other condition compared to rest in every frequency band, but effect sizes are
lower than 0.1 (theta: z=2.9, p=0.004, r=0.06; delta: z=2.08, p=0.038, r =0.05; alpha:
z=23.54, p<0.001, r=0.08; beta: z=2.14, p=0.032, r=0.05; gamma: z=2.02, p =0.044,
r=0.04; broadband: z=23.38, p<0.001, r=0.08).

As stated above for mice, an argument can be made against the relationship between INT
and behavioral states by asserting that the relationship is spurious, confounded by neural
oscillations since neural oscillations were also found to reflect behavioral states (Seeber et
al., 2016; Andalman et al., 2019; Iemi et al., 2022; Liuzzi et al., 2023). To counter the
argument of spurious relationship, we repeat the analyses for the mice: we first investigate
the correlations between ACW and neural oscillations (theta, delta, alpha, beta, gamma and
broadband) and then condition the relationship between ACW and these oscillations by
adding them into the logistic regression between ACW and behavioral state. If the
regression coefficient is significantly different, it is possible that the relationship is
spurious. The results for correlation analyses are shown in Supplementary Figs. 5.31.
Briefly, we observe a weak and positive correlation between INT and theta oscillatory
power (p=0.069, p<0.001) and negative correlations between INT and other power bands
(delta: p=-0.181, p<0.001; alpha: p=-0.494, p<0.001; beta: p=-0.415, p<0.001; gamma:
p=-0.262, p<0.001; broadband: p=-0.359, p<0.001). The results for logistic regressions
are presented in Supplementary Tables 5.3 and 5.4. We did not observe a significant change
in the regression coefficient when it was conditioned on oscillatory powers (z =0.724,

p =0.469). These results show that the relationship of INT and behavior does not solely
depend on these additional measures of oscillatory dynamics, that is, that the INT-behavior

relationship is not spurious.
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As in the mice, we also looked at the rest variability of INT and rest-behavior change of the
mean of INT. Fig. 2.7c shows resting state variability of T values as well as rest-behavior

changes of the mean of 7s.

We proceeded with the correlation between resting variability and rest-task change of ts.
Prior to analysis, we identified outlier data points as data points that are 3 scaled median
absolute deviations away from the median and performed the analysis on data without
outliers. In Fig. 2.7d, we, as in the mice, see a negative correlation between resting
variability and rest-task percent change of T values (rest-self difference: Spearman’s
p(1271) = -0.25, p<0.001, rest-other difference: Spearman’s p(1236) =-0.32, p<0.001). The
data with the outliers can be seen in Supplementary Fig. 5.27 (rest-self difference:
Spearman’s p(1342) =-0.31, p <0.001; rest-other difference: Spearman’s p(1342) =-0.4,

p <0.001). These results indicate that the variability of the T negatively modulates the rest-
task change of T in humans just as we observed in the mice. These results for ACW-0
instead of T are presented in Supplementary Fig. 5.28, showing higher ACW-0 in tasks

compared to rest and negative rest variability—rest-task percent difference correlation.

Additionally, we performed the same analyses in left and right central, frontal, parietal,
temporal and occipital electrodes. Supplementary Fig. 5.32 shows the classification of
electrodes. Supplementary Fig. 5.33 shows rest-task differences in these electrode groups.
In particular, we observed significantly higher t values in self condition compared to rest in
left central, left and right frontal, left parietal, left and right temporal electrode groups. In
rest-other comparisons, left central, left and right frontal, and left temporal electrode

groups show higher task T compared to rest.
2.2.5 Neural mass modeling of rest-stimulated state of INT

We used a neural mass model (Wilson and Cowan, 1972) to model our empirical findings.
This model consists of 360 regions in the brain, coupled through a connectivity matrix
obtained from human DTI data65 (Fig. 2.8a, b). We numerically solved the model equations
without and with constant external inputs to simulate resting and behavioral states
respectively. Fig. 2.8c shows the firing rates of every region in rest (top) and active (bottom)
states in one simulation. We compared the 7 values, calculated in a sliding window method
using 10 s windows with no overlap (same as human EEG data). We found that in the

stimulated state, the T values are significantly higher than in the non stimulated state (Fig.
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2.8d, n=10800 for each group, z=103.57, p<0.001, r=0.81) mirroring the empirical

findings. Moreover, as in both mice and humans, the resting state variability of T values

showed a negative correlation with the rest-stimulated state percent change of T (Fig. 2.8e,

p(10798) =-0.420, p<0.001). Qualitatively same results for ACW-0 can be found in

Supplementary Fig. 5.34.
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Figure 2.8: Replication of empirical results in a firing rate model. a We used a neural mass model to simulate the
firing rates for every region in the brain. The model consists of coupled differential equations where each equation
describes the dynamics of firing rate of one region. The regions are connected via a coupling matrix and have

recurrent connections with themselves. b The connectivity matrix used in the model was obtained from human
diffusion tensor imaging data. ¢ An example time series for resting (top) and stimulated (bottom) conditions in the

model. Each color denotes one region. d We simulate the model for 300 s, discard the first 100 s and calculate T

values in 10 s sliding windows with no overlap in both rest and stimulated states. For every region, we averaged

the T values across time and compared between rest and stimulated conditions. e We calculated the variability of
ACW-0 values across time for every region and correlated it with the percent change of ACW-0 from rest to
stimulated state. In (d, e), each dot represents one region. Colors denote simulations.

2.2.6 Recurrent Connections mediate rest-stimulus change of INT in the model

To test the effect of recurrent connections on INT change from rest to stimulated states, we

changed the values in the diagonal of the connectivity matrix (see methods) from 1 to
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different values (from O to 4 in steps of 0.5, Fig. 2.9a). We compared the 7 values in rest and
stimulated states using Wilcoxon test. Fig. 2.9b shows that for recurrent connections that
are lower than the default strength of connection (1), the rest-stimulated state change of ©
is lower with negligible difference in the absence of any recurrent connections (n = 10800 for
each group in all comparisons; z=58.71, p<0.001, r =0.46 for W;; =0.5 and z=11.12,

p <0.001, r=0.09 for W;; =0). For higher recurrent connections, the difference initially
increases, then stops (z=124.65, p<0.001, r=0.98 for W;; =1.5; z=127.24, p<0.001,r=1
for W;; = 2). Increasing the recurrent connections further causes a decrease in the rest-
stimulated state change with negligible difference at a high recurrent connection strength
of 3(z=116.67, p<0.001, r=0.92 for W;; =2.5 and z="7.22, p<0.001, r=0.06 for W;; = 3).
Increasing the recurrent connection strength even further causes a decrease in the ©
(z=111.32, p<0.001, r=-0.87 for W;; =3.5;, z=127.16, p<0.001, r =-1 for W;; =4). These
results are summarized in Fig. 2.9c. We plotted the changes averaged across ROIs and
simulations and interpolated the values between our simulations to obtain the continuous
line in Fig. 2.9b. Qualitatively same results for ACW-0 are presented in Supplementary Fig.
5.35. Together, the findings of initial INT increase and subsequent INT decrease suggest
that there is an optimal range in the strength of recurrent connections for modulating rest-

stimulated state changes.
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Figure 2.9: Recurrent connections determine rest-stimulation T change in the firing rate model. a We change the
recurrent connections in the model to test the effects of different recurrent connections on the timescale change. b
We simulate the models with various strengths of recurrent connections and compare the timescale values in rest
and stimulated states. Each dot denote one region and colors denote simulations. ¢ Relationship between recurrent
connections and rest-stimulation change of timescale. The positions of the black dots are calculated as the percent

change of T averaged across regions and simulations. Continuous line was interpolated from the dots.

It can be argued that this relationship between recurrent connections and 7 change is
driven by differences in firing rates of the regions rather than by their intraregional

recurrent connections. Indeed, when all else is held the same, the average firing rates

47



increase with increasing recurrent connections (Supplementary Figs. 5.36 and 5.37). To
counter this argument, we fixed the external input for all variations in recurrent
connections so that all models show an average (across time and ROISs) firing rate of 0.1 at
rest and 0.6 at stimulation values of W;; from 0 to 3 (see methods). We determined the
values for external input by solving the model equations for the external input in a steady
state where all firing rates are equal to the targeted firing rate. Supplementary Figs. 5.38
and 5.39 show the time series of firing rates of one simulation using the determined
external inputs. We ran the simulations again and compared t values of rest and
stimulated conditions. The results can be seen in Supplementary Fig. 5.40. In summary, we
again observed a steady increase of stimulated state T with increasing values of recurrent
connections. Resting t values on the other hand remained consistent. These findings

suggest that our findings on the recurrent connections are not confounded by firing rates.

There is ample research that shows chaos in recurrent neural networks, and it can exhibit
chaoticity which is a potential influencer on the timescales that we estimate (Sompolinsky
et al., 1988; Sussillo and Abbott, 2009a; Rajan et al., 2010; Laje and Buonomano, 2013;
Hardy et al., 2018). To disentangle the potential relationship between INT and chaos, we
calculated the Lyapunov spectra of our model in each configuration of recurrent
connectivity and input strength. The Lyapunov spectra are shown in Supplementary Fig.
5.43. None of the Lyapunov exponents in any configuration were positive, indicating that
our model does not show chaotic behavior making it rather unlikely that chaos is a

potential confounder in our analysis.

Finally, we also tested the effect of network topology on the change of INT. Given the
unique characteristics of the brain’s connectivity (Roberts et al., 2016; Gollo et al., 2018;
Faskowitz et al., 2022), the complex network topology can be thought to relate to the
dynamics of T change. To test this hypothesis, we randomly shuffled the edges of the
connectome while keeping the recurrent connections intact (Roberts et al., 2016; Gollo et
al., 2018). We performed several forms of shuffling with varying degrees of randomness
from 20% of the edges to all of them in steps of 20%. The rest-stimulated state comparisons
are shown in Supplementary Fig. 5.44. In all simulations, there was a significant change in
T values from rest to stimulated state, further cementing the role of recurrent connections
in mediating the rest to stimulated state changes of 7. In sum, our modeling results show

that the firing rate equations can model the empirical phenomena we observed and that
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recurrent connections are required for the flexible changes of 7 from rest to stimulated

states in this model. Moreover, given that at extreme values of recurrent connections 7 start

to decrease, we assume an optimal intermediate range of T for mediating rest-stimulated

state changes.

2.3 DISCUSSION

In this paper, through analyzing both mice calcium imaging (Shahsavarani et al., 2023) and

human EEG (Smith et al., 2022) datasets, we showed that (a) distinct behavioral states can

be predicted by their INT; (b) INT become longer from rest to a continuous behavioral state;

(c) the behaviorally related change in the INT is negatively correlated with the INT resting

state variability (d) neural mass modeling shows that the disruption of the recurrent
connections eliminates rest-task changes of the INT. Together, our findings demonstrate
the flexible nature of the brain’s INT in reflecting rest-task relationships during distinct

continuous behavioral states through the possible mediation by recurrent connections.

2.3.1 Behavioral states reflect INT dynamics

Our first research aim was to show that behavioral states can be predicted by INT across
the whole brain. Using machine learning and estimating INT via the decay rate of
autocorrelation function (%), we reached high classification accuracies in predicting
behavioral states using whole-brain 7 in spontaneously behaving mice and humans that
react to an external stimulus according to their internal states. In both cases, T increased

from rest to a behavioral state. This phenomenon is shown for both within each brain

region and across brain regions.

The finding of prolonged INT in behavioral states is in accordance with the literature

showing INT increases during behavioral tasks that require attention(Cavanagh et al.,

2020; Gao et al., 2020; Zeraati et al., 2023; Manea et al., 2024). In particular, Manea et al.

(2024) showed that in time periods where spontaneously behaving monkeys engage in lever

presses for reward, their INT increase compared to their immobile state. In both our
analysis of the mice data and the study of Manea et al. there is no external temporal

structure imposed by the experimental design. The lack of a predetermined external task
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structure enables the organism to generate purely spontaneous (i.e., internally initiated)

and continuous behavior, limited only by the biophysical constraints of the organism.

Similarly so for the human task in our study. The task design for the human subjects also
lacked a pre-determined external temporal structure except for any temporal structure in
the narrative they were listening to. Specifically, subjects were required to actively track
the continuous stimulus with a mouse cursor according to their internal states. The active
tracking requires integration of information over longer timescales, which reflects our
findings of longer timescales during the narrative listening compared to rest. Such
prolongation of the timescales is in agreement with studies showing that tasks that require
heightened attentional focus elicit INT increase (Gao et al., 2020; Zeraati et al., 2023).
Zeraati et al. explained the increase of INT by a neurophysiological mechanism involving
acetylcholine, which increases vertical neural interactions while decreasing horizontal
neural interactions. This serves as an example of how INT is altered both by external input,

e.g., a task with stimuli, and by neurophysiological changes.

We should note that our claim about the relationship between INT and behavioral states
are not specific and exclusive to INT. Previous research have shown that neural oscillations
(Seeber et al., 2016; Andalman et al., 2019; Iemi et al., 2022; Liuzzi et al., 2023) and
variability (Cohen and Maunsell, 2009; Garrett et al., 2011, 2013; McGinley et al., 2015;
Grady and Garrett, 2018; Waschke et al., 2021) also reflect behavioral states. In our
supplementary analyses, we have shown that the relationship between INT and behavioral
states is not spurious and confounded by variance (in mice) or oscillatory power (in human
data). These results are in accordance with our claim that INT incorporates some specific
information about behavioral states which can’t be completely explained by or reduced to

the neural activity’s variance or oscillatory power.

Before going further, we should make clear the similar and different aspects of the tasks for
mice and humans. The exact task details and their psychological requirements are rather
distinct in mice and humans: a spontaneous behavioral motion task for mice and a self-
evaluation task for humans. On a deeper level, there is a temporal similarity consisting of
that both tasks are continuously ongoing and thus non-interrupted during which time
course they yield distinct behavioral states (like the distinct behavioral periods of the mice

and the distinct varying ratings in humans). We are aware that our use of the word
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“behavioral” can be criticized here if one constrains the definition of behavior to the
behavior of whole body, as in mice which would exclude to conceive the cursor movement in
the human task as a behavioral state. However, classifying the cursor movement as a
behavior is consistent with the usage of the term behavior in the literature (see for example
Fig. 1 of ref. Kay et al., 2023 and Tables 2 and 3 of Barch et al., 2013). Together, we suggest
that the temporal continuity in the behavior of both mice and human tasks can be captured
by the temporal continuity of their underlying neuronal activity as measured by the INT

that are based on the autocorrelation function.

We also note that the change in INT during locomotion in behaving mice was global and
thus brain-wide. Only one of the mice (cm124) showed decreases in INT in a few regions.

All the other mice showed increases across the whole brain in various degrees.

Here, we should note that while we describe a relationship between INT and its specificity
to behavior, we do not make any assertion about either causality let alone about the
directionality of this relationship. As shown by several empirical neuroimaging studies,
resting state INT can be related to cognition in various tasks (Honey et al., 2012; Cavanagh
et al., 2020; Wolman et al., 2023; Zeraati et al., 2023; Ventura et al., 2024). However, the
causal nature of this relationship and its directionality, i.e., from cognitive task to INT or
from INT to cognitive task cannot be asserted based solely on our analysis of their
statistical relations. It is feasible to assume that the underlying structural properties of
neurons in the cortex constrain the INT which, in turn, are more fine-tuned during specific

tasks (Watanabe et al., 2019; Gao et al., 2020).
2.3.2 Negative rest-task modulation of INT dynamics

Extensive literature on single-unit cellular (Petersen et al., 2003; Churchland et al., 2010;
Braun et al., 2022), EEG (Wolff et al., 2019, 2021; Kolvoort et al., 2020) and fMRI(Fox et al.,
2005; Boly et al., 2007; Hesselmann et al., 2008; Mennes et al., 2010; Coste et al., 2011; He,
2013; Sadaghiani and Kleinschmidt, 2013; Sadaghiani et al., 2015; Huang et al., 2017)
studies show that the variability and amplitude of task/poststimulus activity is shaped by
neural activity in the resting state/prestimulus period (He, 2013; Huang et al., 2017;
Wainio-Theberge et al., 2021; Braun et al., 2022). Motivated by these results of rest-task
modulation of the amplitude and variability of neuronal activity, we investigated the

relationship between the resting variability of INT and their change from rest to behavioral
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states. We found that a higher variability of INT during rest predicts a lower change from

rest to locomotion.

The phenomenon is somewhat similar in the human EEG data where, up to a certain level
of variability, the INT increase from rest to task becomes smaller. In both mice and
humans, the variability of INT in rest is negatively correlated with rest to task change, e.g.,
behavioral change of the INT. Such negative rest-task modulation of INT extends the
discussion of rest-task modulation of the amplitude to the context of timescales and
behavior. Moreover, for the first time it shows the importance of the flexibility of the INT,
that is, the spontaneous activity’s repertoire of INT, operationalized via its variability, for

behavioral states as recently hypothesized by Golesorkhi et al., (2021).

2.3.3 Recurrent connections are required for the flexible rest task modulation of

INT in a model of INT change

We used a firing-rate model with a connectivity matrix derived from healthy human DTI
recordings65. When stimulated with a constant input, this model showed INT increase
compared to its resting state and importantly, this increase was negatively correlated with
the resting state variability of INT (Fig. 2.8) which replicates our findings in both mice and
human data. One may nevertheless raise the question whether our model and its

stimulation really reflect the rest and behavioral states in empirical data.

The stimulation in the model can be thought of as external stimulus in EEG data or it can
also correspond to an increase in the excitability as in increased arousal of mice estimated
by the pupil size. These two statements are mathematically equivalent in the formulation
of the firing rate equations since the bias term determines excitability and it is linearly
added on external input. Given that both forms of stimulation in the empirical data sets,
1.e., external stimulus and internal excitability, are identical in the model equations, we

assume that our model mirrors the states in both mice and humans.

We also observed that the change in INT requires the existence of recurrent connections. In
a previous study, Zeraati et al. (2023) showed that the flexibility of timescales can be
accounted for by small changes in recurrent connections in a locally connected lattice
network where every node can have two states as long as the network is poised near

criticality. Here, we extend these observations of recurrent connections to a network model

52



with biophysically realistic connectome at the whole brain level showing that the flexibility
of timescales under stimulation is possible only with sufficiently strong recurrent
connections. Moreover, the relevance of the intraregional recurrent connections is further
underlined by our observation that changes in the topological structure or interareal
connection strengths of the connectivity network did not lead to changes in the INT from

rest to stimulated state.

Moreover, our modeling indicates an optimal regime for the level of recurrent connections.
Increasing the recurrent connections increases the efficacy of external input and saturates
the model towards very high firing rates. As a result, with very strong recurrent
connections, the model shows decreased instead of increased rest-stimulated state change of
INT. This indicates that there is an optimal regime where the model can realistically
simulate empirical data from healthy participants. Importantly, this optimal regime seems
to lie in more or less intermediate values in the strength of the recurrent connections which
fares well with the assumption that the relationship between structure and dynamics

follows the principle “average is good, extremes are bad” (Northoff and Tumati, 2019).

Finally, albeit tentatively, our findings carry relevance for mental disorders like
schizophrenia. Schizophrenia is characterized by abnormal INT in both rest and task states
(Northoff et al., 2021; Uscatescu et al., 2021, 2023; Lechner and Northoff, 2023). Moreover,
the INT show reduced change from rest to task in schizophrenia (Northoff et al., 2021) (see
also Northoff and Gomez-Pilar, 2021 for a review of reduced rest-task changes in
schizophrenia). May such reduced rest-task change be related to changes in recurrent
connections in the psychotic brain? It was recently hypothesized that altered synaptic
pruning during adolescence can lead to decreased recurrent connectivity especially in the
prefrontal cortex; which makes the brain vulnerable to psychosis (Chafee and Averbeck,
2022; Gao et al., 2022; Zick et al., 2022). Future empirical and theoretical studies are
required to link these questions to the dynamics of INT including their potentially

underlying recurrent connections.
2.3.4 Limitations

A few limitations need to be mentioned before we conclude the article. Firstly, even though
our EEG results showed some localized results, we lack individual MRI scans of subjects

and therefore did not perform any source localization. Secondly, we refrain from making
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any causal or mechanistic statements based on our modeling. It should be mentioned that
the causal connection between recurrent connections and INT change is only mathematical
and not biological. Further research needs to be performed to assess this hypothesis
thoroughly. Another limitation are possible confounding factors in the EEG task. The
continuous movement of the mouse cursor might induce excessive motion artifacts. A
higher head motion during any one of the tasks (self or non-self versus resting state) can
influence INTs and alter the results. While we used standard well established methods for
artifact rejection (Winkler et al., 2014; Gabard-Durnam et al., 2019; Stevens and Zabelina,
2020; Lopez et al., 2023; Zhang et al., 2023; Prochnow et al., 2024) to eliminate non-
physiological noise from the data via artifact rejection, we cannot fully exclude that motion
artifacts may still confound our EEG results. Yet another limitation of the paper is a lack of
behavioral measures reflecting arousal in human data. The addition of arousal would
strengthen the arguments about behavioral relevance. The relationship between arousal

and INT in task states can be a future research avenue, to be explored further.

We should note that while our research did not incorporate the notion of chaos explicitly,
there is ample evidence of chaos in the dynamics of recurrent neural networks
(Sompolinsky et al., 1988). Research has shown that chaos, and more specifically edge of
chaos increases the ability of recurrent neural networks to learn to generate complex
periodic patterns of activity from input (Sussillo and Abbott, 2009b) and represent timing
(Laje and Buonomano, 2013; Hardy et al., 2018). Furthermore, it was shown that external
inputs can suppress these chaotic dynamics (Rajan et al., 2010). Our future research
direction will involve harnessing the chaotic dynamics of recurrent neural networks for the
spontaneous generation of behavioral states and how the chaoticity of neural networks

impact INT.

2.4 CONCLUSION

Biological organisms show highly flexible behavior along different timescales. How this
flexibility of continuous behavior relate to the brain’s INT is an open question. We here
demonstrate that the flexibility and thus repertoire of INT operationalized by the
variability of INT during rest modulates the changes in INT during behavior in both mice

and humans. We found that INT across the brain can predict behavioral states during
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which the INT become longer relative to rest. The variability of INT in the resting state was
found to correlate negatively with the rest task changes of the INT. Finally, our findings
were replicated in a neural mass model which allowed us to show that recurrent
connections are necessary for the flexible change of INT from rest to task states. Our
results support and add to the previous findings on the behavioral relevance of INT's by
showing their dynamic changes during distinct continuous behavioral states as possibly

mediated by recurrent connections.

2.5 METHODS

2.5.1 Data acquisition and preprocessing
2.5.1.1 Calcium imaging

We used the publicly available preprocessed wide-field optical mapping (WFOM) data from
Shahsavarani et al., (2023). The details of data acquisition and preprocessing can be found
in Shahsavarani et al., (2023). In brief, neural activity of five age-matched spontaneously
behaving male Thyl-JRGECO1a transgenic mice (expressing red-shifted calcium indicators)
were recorded. Each mouse was scanned up to eight sessions. Each session consists of up to
10 10-min recordings. The sampling rate of data is 20 Hz. In addition to neural activity,
behavioral activity was also recorded to track pupil size and whisker movements of the mice
as well as the velocity of the wheel they stand on. JRGECO fluorescence recordings were
corrected for hemodynamic cross-talk and converted into AF/F. A high-pass filter at 2 Hz
was applied and the data was further denoised with principal component analysis. To
determine regions of interest, the authors used k-means clustering and picked the number
of clusters according to a non-negative least squares fitting procedure that generates
spatial representations of data as coefficients for time courses of each ROI. The number
that gives the best fit to this analysis was picked as the optimal number of clusters (92
regions). Time courses were extracted as the average activity inside the ROIs. All the
experimental protocols on mice were reviewed and approved by the Institutional Animal
Care and Use Committee at Columbia University (Protocol Number: AC-AAAS3453). We

have complied with all relevant ethical regulations for animal use.
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2.5.1.2 Human FEG

We analyzed a dataset that was collected for a previous study using a modified version of
self-evaluation task (Vallacher et al., 2002; Smith et al., 2022). The exact details of
acquisition and preprocessing is available at ref. (Smith et al., 2022). In brief, 27 (10
females, mean age = 30.3 years) healthy subjects from the local community in Ottawa,
Canada were scanned. The scanning procedure involved an 8-min eyes open resting state
while staring at a fixation cross and a task paradigm adapted from Vallacher et al. (2002).
The subjects recorded an 8-min autobiographical narrative and this narrative was
presented to them during the experiment. The subjects were instructed to continuously
evaluate the narrative’s contents as positive or negative using a mouse cursor. Keeping the
cursor close to the center indicated a negative content whereas away from center indicated
positive, thus enabling them to track their internal state based on the narrative. The audios
were presented with headphones. For ease of distinction, the cursor was colored green in
the proximity of the center, red for away from center and yellow for intermediate distances.
Additionally, all participants verbally confirmed their understanding of the cursor task
instructions before beginning the experiment. This constituted the “self” condition of the
task. For non-self (other) condition, a member of our research team recorded an 8-min long
narrative. The non-self narrative was also presented to the same subjects and they asked to
make the cursor movements for their emotional states. Cursor movements were recorded
with 200 Hz sampling rate whereas EEG was recorded at 1000 Hz. Preprocessing of EEG
data involved (1) downsampling to 500 Hz, (2) bandpass filtering between 0.5 and 50 Hz, (3)
spherical interpolation of channels that were flat for at least 5 s or channels that had
amplitude exceeding three interquartile ranges, (4) re-referencing of channels to average,
(5) independent component analysis of 62 components and rejection of non-neural
components using multiple artifact rejection algorithm (MARA, Winkler et al., 2014). In the
end, four participants were excluded from EEG analysis due to the noisy channels, one
participant was excluded due to the absence of alpha peak and finally one more subject was
excluded due to technical issues relating to data acquisition. Due to discrepancies in
subjects’ recording length, both self and non-self recordings, as well as resting state were
truncated to 470 s which is the length of the shortest recording. It needs to be mentioned
that while we tried our best to eliminate any noise unrelated to brain activity during

preprocessing via artifact rejection using standard and well established methods (Winkler
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et al., 2010; which was used in Gabard-Durnam et al., 2019; Stevens and Zabelina, 2020;
Lopez et al., 2023; Zhang et al., 2023; Prochnow et al., 2024 among many others), we
nevertheless cannot completely exclude motion artifacts as a possible confounder. The
experiments were approved by the local ethics board (REB NUMBER: 2016004) of the
University of Ottawa Institute of Mental Health Research and informed consent was
obtained from all participants. All ethical regulations relevant to human research

participants were followed.
2.5.2 Determination of behavioral states in mice

We used the same behavioral classification used in (Shahsavarani et al., 2023). This gives 5
distinct behavioral states: onset of locomotion (onset): overlapping 5 s rest and 5 s running;
locomotion (running): the running periods with at least 20 s locomotion duration and 60 s
pre-locomotion rest (10 s in the middle were picked for analysis); locomotion offset (offset):

5 s at the end of locomotion and 5 s at the beginning of rest for locomotion bouts that last at
least 20 s and have at least 10 s post-locomotion rest; initial rest: first 10 s immediately
after the end of locomotion for locomotion bouts that last at least 5 s with at least 60 s post-
locomotion rest; sustained rest: 10 s of rest starting 40 s after the end of locomotion state for
the same locomotion bouts as for the initial rest state. All the analyses were performed on

these 10 s windows.
2.5.3 Estimation of intrinsic neural timescales

Autocorrelation function was used to estimate INT for behavioral states. The
autocorrelation function r of a signal x is the signal’s correlation with itself on different

lags:

-l _ _
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where [ denotes lag, ¥ denotes the mean of x and N is the number of sampling points. We

1
estimated the INTs by fitting an exponential decay function e7 and extracted the

parameter T (Murray et al., 2024; Ito et al., 2020). T corresponds to how long does it take for

the autocorrelation function to reach the value ﬁ
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We replicated our main results with another estimation ACW-0 which is defined as the lag
where autocorrelation function reaches (Golesorkhi et al., 2021b; Wolman et al., 2023). The
results for ACW-0 can be found in Supplementary Material, Figs. 5.4—6, 10-12, 18, 21-23,
28, 34, and 35.

In the calcium imaging data, we calculated one t value per behavioral segment and in EEG
data, similarly we calculated one 7 value per each 10 s window of data with no overlap

between windows.
2.5.4 Classification of behavioral states using support vector machines

In order to show that behavioral states can be distinguished based on the topography of t,
we used SVM with a radial basis function as kernel. The data was organized as all the time
windows (for mice, n = 822; for human EEG, n =2961) as samples and the 7 values for each
ROI (92 ROIs in total for mice, 64 channels for human EEG) as features. For
hyperparameter tuning, we used nested cross validation with 10 inner and 10 outer folds to
avoid data leakage. The hyperparameters regularization strength lambda and kernel scale
parameter were tuned using MATLAB’s bayesopt function with default settings. We report
the confusion matrix and one-versus-all receiver operating characteristic (ROC) curve
calculated on test data. An ROC curve shows the true positive rate as a function of false
positive rate for different cut-off points. The area under an ROC curve (AUC) indicates how
much a model can distinguish various groups of data. For the confusion matrices, we
aggregated the results from 10 outer folds. Since the sampling was done without
replacement, aggregated test data of 10 outer folds correspond to whole dataset. For the
ROC curves in the manuscript, we averaged the ROC curves of each fold and indicated their
SD as shading around the mean. The confusion matrices and ROC curves for each fold can

be found in Supplementary Material (Supplementary Figs. 5.2, 5.3, 5.19, 5.20).

While SVM is a powerful tool for classification, the nonlinear transformation it performs on
the data using a radial basis kernel makes the results more difficult to interpret. In
addition to SVM, we performed logistic regression as well. Logistic regression models the
probabilities of each behavioral state as a linear combination of predictors, therefore it is
easier to interpret. The data is organized as the same way as SVM. As in SVM, we used
nested cross—validation with 10 inner and 10 outer folds to tune the hyperparameter

lambda, denoting regularization strength. We set the relative coefficient tolerance for
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terminating the optimization to 0.0001. We report confusion matrix and one-versus—all
ROC curve calculated on test data and aggregate results from 10 outer folds for confusion
matrix, this is the same as in SVM. The averaged ROC curves and aggregate confusion
matrix can be found in Supplementary Figs. 5.7, 5.24. The ROC curves and confusion

matrices for each fold can be found in Supplementary Figs. 5.8, 5.9, 5.25, 5.26.
2.5.5 Additional analyses to further investigate neural dynamics

To characterize the neural activity more thoroughly, we compared a number of features
between the behavioral states in mice and human data. In mice data, we compared the
mean and SD of the calcium imaging activity between sustained rest and locomotion states.
In human EEG data, we compared the power bands (theta: 1-4 Hz, delta: 4-7 Hz, alpha: 8-
12 Hz, beta: 13-30 Hz, gamma: 30-40 Hz, and broadband: 1-40 Hz) across the three states
(rest, self, non-self). The mean and SD from mice and the power bands from humans were
calculated in the same sliding window fashion as the other measures: we extract one
measure per ROI/channel from each 10 s non-overlapping time window. To extract power
bands, we used the periodogram method and calculated the area under the curve of the

power spectrum using the trapezoid method.
2.5.6 Statistics and reproducibility

We used Wilcoxon tests for pairwise comparisons. All the p values are for two-sided
statistical tests. p values were corrected for multiple comparisons using Bonferroni-Holmes
method. We estimated the effect sizes for Wilcoxon tests using biserial correlation r. Mixed
effect models were implemented using JASP using Satterthwaite method for testing the
significance of model terms (JASP Team, 2024). Sample sizes for each analysis are given in

the main text.

2.5.7 Biophysical modeling

We used a firing rate model that consists only of excitatory connections to model our
findings. The choice of excitatory connections ensures simplicity in the model, avoiding
parameters related to inhibition. In addition, we replicated the main result of our paper in
a model that also includes inhibitory connections. This is achieved via incorporating one

inhibitory and one excitatory population to each region. The model specification and results
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can be seen in supplementary material section “Model with inhibitory connections”. The

model we used for the main manuscript is the following:

dx;
Tl'd—tl:-xi+f ZINWUX]-+I?+S+I
]:

fl=

1+eT*

Where x; is the firing rate of i-th region, b is the bias term, s is 0-mean unit variance
gaussian noise, [ is external input and f(x) is the sigmoid input-output transfer function
that was also used in Wilson—Cowan equations (Wilson and Cowan, 1972). We set b =-3,
r=0.5. For resting state, we set I as 0 whereas for stimulated state, we set I =1. W is the
connectivity matrix that was taken from averaged healthy human DTI data (Rosen and
Halgren, 2021) which is based on the HCP-MMP 1.0 atlas (Glasser et al., 2016) and
includes 360 regions of interest. The DTI matrix consists only of interareal (long-range)
connections, leaving the intra-areal/recurrent connections unspecified. The off-diagonal
elements of W are, therefore constrained by the DTI matrix. The diagonal elements
determine recurrent connections. We set them as 1 for the “default” state of the network
and changed them to explore the effect of recurrent connections on timescales. Finally,
following the findings that report the sum of interareal connections are stronger than
recurrent connections (Deco et al., 2013; Cole et al., 2016; Ito et al., 2017, 2020a), we scaled
the off-diagonal elements of W so that on average, Y,;.; W;; =2. We simulated the model 30
times for each state (changing I and diagonal elements). We investigated the recurrent
connections with the values from 0 to 4 with steps of 0.5. Each model was simulated using a
second-order Runga-Katta method with a step size of 0.01 s for 300 s. The first 100 s were
discarded to avoid the possibility of initial conditions affecting the results. The firing rates
relate to calcium imaging data since the fluorescence of a cell reflects the average activity of
the calcium sensors. The activity of the calcium sensors reflects the average calcium
concentration over the past few hundred milliseconds. Calcium concentration finally
reflects the number of spikes fired by the cell, leading us to firing rates we model via the
equations described above (Chen et al., 2013; Dana et al., 2016; Stringer and Pachitariu,
2019).
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To account for the possible confounding effect of firing rate on timescales, we run control
analyses where we set I as a function of time for each value of recurrent connections so that
in the resting state, the mean of firing rate across time and regions is 0.1 and for
stimulated state, it is equal to 0.6. To achieve this, we modify the equations by including

dynamics for I:

rdxéit) = —x,(t) + f z Wi jx; () + b + I,(t)
]

dl;(t)

ik L) —1(t)

1; denotes the desired input for region i to reach the desired firing rate. We denote the
targeted firing rate as x, which is same for every region in the model. To determine 7(t), we

start with noting f(x) and its inverse f1(x):

1
10 =1

log X
— 1—
frie = ——%

To calculate T;(t), we look at the steady state solutions for x; and replace x; with x since we
want x;=% in the steady state. Additionally, we replace I;(t) with % (t) since again, we claim
that % (t) is the input value that would give us x;=% and based on (5), I;(t) will approach
1;(t) exponentially with the rate t;:

X = f(z WUX](t)+ Wii + b +il(t))
JE!

X
log1 ~% W _ _
_— = Ux](t)+Wux+b+Il(t)

Jj#i

r
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Supplementary Figs. 5.38 and 5.39 show the firing rates for all regions and determined
values of I. To solve the equations numerically, we set 7; to 0.05 and reduce the time step to

0.01.

It is important to note that RNNs can exhibit chaotic behavior which can potentially
influence INTs. To eliminate the potential confounding nature of chaos, we investigated the
Lyapunov spectra (Lyapunov, 1992) of our model. To calculate Lyapunov exponents, we
used the ChaosTools.jl package (Datseris and Parlitz, 2022) which is part of the larger
ecosystem of DynamicalSystems.jl. The software we used uses H2 algorithm introduced in
(Geist et al., 1990). Briefly, this method uses QR decomposition on D—dimensional
deviation vectors of tangent dynamical system, where D is the dimensionality of the model
(in our case, 360 corresponding to 360 regions of interest). The QR decomposition at each
step yields the local growth rate of each dimension. This procedure is done through N steps
and the growth rates are averaged across these N steps, yielding the Lyapunov exponent
for each dimension. In our case, N was chosen to be 5000, with dt =0.01, yielding 50 s of
simulation. The Lyapunov spectra for each value of recurrent connections and rest versus

stimulated states are given in Supplementary Fig. 5.43.

Finally, we also tested the effect of network topology on the change of INT. This amounts to
a randomization of structural connectivity. We randomly shuffled proportions of the edges
of the connectivity matrix while keeping the diagonal elements intact. We explored various
degrees of shuffling in percentages from 20 to 100, with 30 simulations for each degree of
shuffling. As in the original analysis, we calculated 7 values in 10 s windows with no

overlap.

2.5.8 Data availability

The preprocessed Calcium imaging data can be accessed at
https://zenodo.org/records/7968402. The human EEG data are not publicly available due to
ethical requirements and privacy concerns. The numerical data that can be used to
generate figures are stored in figshare with

https://doi.org/10.6084/m9.figshare.27910299.v1119.

2.5.9 Code availability

The code used for analyses is available at htips://github.com/duodenum96/acw_behavior.
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ABSTRACT

The relationship of the brain’s intrinsic neural timescales (INTs) during the resting state
with event-related activity in response to external stimuli remains poorly understood. Here,
we bridge this gap by combining computational modeling with human
magnetoencephalography (MEG, resting state: N=64, 45 female; task state: N=58, 41
female) data to investigate the relation of intrinsic neuronal timescales (INT) with task-
related activity, e.g., event-related fields (ERFs). Using the Jansen-Rit model, we first show
that intracolumnar (and thus intra-regional) excitatory and inhibitory connections (rather
than inter-regional feedback, feedforward and lateral connections between the columns of
different regions) strongly influence both resting state INTs and task-related ERFs.
Secondly, our results demonstrate a positive relationship between the magnitude of event-
related fields (mERF's) and INTs, observed in both model simulations and empirical MEG
data collected during an emotional face recognition task. Thirdly, modeling shows that the
positive relationship of mERF and INT depends on intracolumnar connections through
observing that the correlation between them disappears for fixed values of intracolumnar
connections. Together, these findings highlight the importance of intracolumnar
connections as a shared biological mechanism underlying both the resting-state’s INTs and

the task-state’s event-related activity including their interplay.

SIGNIFICANCE STATEMENT

Intrinsic neural timescales (INTs) reflect the temporal persistence of neural activity and
are increasingly recognized as a fundamental property of brain dynamics. How INTs relate
to event-related neural responses remains poorly understood. Bridging this gap would give
us a wider perspective on rest-task relationship in the brain. In this study, we combine

modeling and magnetoencephalography (MEG) data to investigate this relationship.
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Modeling shows that intracolumnar connectivity simultaneously modulates both resting-
state INTs and task-state event-related activity, leading to a positive correlation. The
positive correlation is confirmed in MEG data. By bridging the gap between resting-state
dynamics and task-state event-related responses, our work advances the understanding of

how spontaneous and stimulus-driven brain processes are fundamentally intertwined.

3.1 INTRODUCTION

The brain operates as a dynamic system, constantly interacting with environment. Beyond
responses to external stimuli, it generates spontaneous activity even in the absence of
explicit tasks. This intrinsic activity is characterized by intrinsic neural timescales (INTs)
which quantify the temporal window over which prior activity influences subsequent
processing (Hasson et al., 2008). For example, regions that process increasingly extended
temporal structure in speech (from phonemes to narratives) show a matching increase in
INTSs, suggesting that temporal integration is necessary for processing disjoint stimuli
together (Hasson et al., 2015). Despite work on both rest and task states (Ito et al., 2020;
Yeshurun et al., 2021), how rest INTs relate to event-related paradigms of disjoint stimuli

remain unclear.

Three considerations motivate our work. First, INTs and event-related fields (ERF's) are
both implicated in computations underlying behavior (Kolossa et al., 2015; Zeraati et al.,
2023), yet their relationship has not been directly characterized. Second, empirical evidence
for rest/prestimulus—task/poststimulus interactions observed across functional MRI (Fox et
al., 2005; Boly et al., 2007), EEG (Romei et al., 2008; Iemi et al., 2017, 2022; Waschke et al.,
2017), and single-unit recordings (Petersen et al., 2003; Churchland et al., 2010; Braun et
al., 2022) suggests that intrinsic dynamics could shape the magnitude of evoked responses.
Third, theoretical arguments based on the fluctuation—dissipation theorem (Van Kampen,
2007) indicate that the temporal structure of spontaneous activity (its autocorrelation
function, from which INTs are estimated) relates the average linear response to external
inputs, providing a principled link between INTs and ensemble-averaged evoked activity
(e.g. ERFs).

It is crucial to distinguish evoked from induced activity (Tallon-Baudry and Bertrand,
1999). Evoked responses are phase-locked to stimuli, whereas induced responses reflect

modulations of ongoing dynamics, typically associated with top-down processes (Tallon-
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Baudry et al., 1997; Kaiser et al., 2003; Lee et al., 2003; Gilbert and Sigman, 2007; Chen et
al., 2012). Theoretical work shows that induced responses arise only when neural system
parameters—such as feedback or intracolumnar connections—change following input
(David et al., 2006). Since INTs are defined in the resting state, they are agnostic to such
parameter changes. Moreover, fluctuation—dissipation theorem explicitly links the
autocorrelation function of spontaneous activity to the ensemble average of responses, i.e.
evoked activity. We therefore hypothesize a relationship between INTs and evoked, but not

induced, responses.

To test our hypotheses, we operationalize INTSs as the lag at which the autocorrelation
function decays to half of its initial value (ACW-50) and quantify magnitude of event-
related activity (mERF) as the root mean squared value of stimulus-locked ERFs averaged
over trials. Using the Jansen—Rit neural mass model (Jansen and Rit, 1995) we probe how
structural parameters—specifically intracolumnar and intercolumnar connections—affect
both ACW-50 and mERF. Recent evidence on large-scale cortical gradients suggests
intracolumnar connections to be correlated with INTs, leading us to hypothesize their role
in the relationship (Wang, 2020). By sweeping parameters, we identify which features
jointly influence INTs and mERFs, providing a mechanistic hypothesis for their empirical
relationship. Building on fluctuation—dissipation theorem, we expect a positive correlation

between INTs and mERFs and test this prediction in both model and data.

We test model predictions in an open-access MEG data set (Nugent et al., 2022) by
estimating resting state ACW-50 in sensors showing robust task-evoked responses
(expected in temporal sensors within ~100—-250 ms based on previous findings (Cornwell et
al., 2008; Herrmann et al., 2020) and correlating these INT estimates with mERFs. Finally,
we investigate the relationship between INTs and induced activity, which we do not expect

to be related.

Our results show that intracolumnar connections uniquely modulate both INTs and
mERFSs: stronger connections produce longer ACW and larger mERFSs, yielding a positive
relationship. This INT-mERF link was confirmed in MEG evoked responses but absent in
induced power. Together, our computational and empirical findings illuminate the

relationship between resting-state INTs and event-related activity.
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Figure 3.1. Outline of the research. a. Previous research indicate both resting state INTs and event-related activity
at task state is related to behavior. Our research focuses on the relationship between INTs and event-related activity
and a possible common neurobiological basis between them. b. The questions, analyses and main results of our
research.

3.2 METHODS

3.2.1 dJansen-Rit Model of Coupled Cortical Columns

Jansen-Rit model is a mathematical model of ERP/F generation. The model follows a basic
microcircuit observed across species (DeFelipe et al., 2002). In this microcircuit, the
pyramidal cells receive excitatory input from extrinsic afferent systems and spiny cells; and
inhibitory input from GABAergic interneurons. A cortical area in the model is described by
these three populations: pyramidal cells, excitatory interneurons and inhibitory
interneurons. Pyramidal cells receive input from inhibitory and excitatory interneurons in
the same population and send output to inhibitory and excitatory interneurons. Excitatory
interneurons can be thought as spiny stellate cells in layer 4 and receive feedforward
connections (Miller, 2003) from external cortical areas. Excitatory pyramidal cells and
inhibitory interneurons can be found in supragranular and infragranular layers
respectively and receive input from backward and lateral connections formed with external
cortical areas. We used two cortical columns (as representing two distinct regions) for the
results presented in figures 3.3, 3.4 and 3.5. The general model equations in hierarchical

form are described as follows:
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S(x)=

Where i denotes the specific column in the hierarchy and goes from 1 to n where n denotes
the number of regions in the hierarchy. Hence by definition a(®=a™=0 where a is any
variable in the model. The variable y corresponds to the picked-up signal by EEG / MEG
and is the average depolarization of pyramidal cells. The parameters Ag, Ar and A,
corresponds to backward, forward and lateral connections between coupled cortical
columns. ¢ is gaussian white noise, corresponding to background activity, with variance
Cnoise= 0.1. u(t) 1s external input, a delta function fired at trial onsets. c scales the strength
of this delta function and is set to 10%. The parameters Hg ; tune the maximum amplitude of
post — synaptic potentials. 7z ; represent the rate constants of cell membrane. Following
David and Friston (David et al., 2005), values for H and 7 are set to H;=3.25, H;=29.3, =10
ms, 7;=15 ms. y parameters scale the intracolumnar connections. Empirical observations
constrain the values of y with relations y,=0.8y,, y3=y»=0.25y,. In our study, the default
value of y; was set to 50 and Ar was set to 2.5 to ensure even when all other 4; is 0, the

input can still be transferred between the two areas. The function S(x) transforms the
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average membrane potential of a subpopulation into an average firing rate. It is
parametrized by E, and r which were set to 2.5 and 0.56 respectively. The variable y
denotes depolarization of pyramidal cell membranes and is proportional to the signal

obtained with EEG/MEG (David et al., 2005).

The stochastic differential equations were solved using DifferentialEquations.jl package in
Julia using adaptive step-size SKenCarp solver (Kennedy and Carpenter, 2003; Rackauckas
and Nie, 2017a, 2017b, 2018). In the resting state, we simulate 100 seconds of data, then
calculate one autocorrelation window (ACW) value from each of the 10 seconds of data, and
finally average the ACW values to get one ACW per region. In the task state, we give a
delta-function input every 5 seconds as in the empirical task. We gave the input 19 times,
first at second 5 and last at second 95, each corresponding to a trial. ERF was calculated as
the average of these time — locked trials. The magnitude of ERF was calculated as the root-
mean squared values of ERF (averaged over trials) from trial onset to 0.7 seconds after the

trial onset.

3.2.2 Estimation of Intrinsic Neural Timescales
Autocorrelation function is used to estimate intrinsic neural timescales (INT) from both the
simulations and neural recordings. The autocorrelation function (ACF) r(0) of a signal x is

the signal’s correlation with itself on different lags:

_ZH B (ke ®)
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where [ denotes lag, x denotes the mean of x and N is the number of sampling points. In
practice, the ACF is calculated as the inverse Fourier transform of power spectrum,
utilizing Wiener-Khinchine theorem for computational efficiency (Khintchine, 1934) when
there is no missing data. We used autocorrelation window (ACW) to get one value

representative of INT from the ACF. ACW is defined as the first lag below r=0.5.

The ACW values were estimated using a sliding window approach. From every non-
overlapping 10 second segment of the time-series, we calculated one ACW value, then
averaged them to get a more reliable estimate of INTs in both simulations and empirical

data.
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3.2.3 Data Acquisition, Task Design and Preprocessing

NIMH intramural healthy volunteer dataset(Nugent et al., 2022) is a large-scale open-
access dataset containing structural and functional magnetic resonance imaging (MRI /
fMRI), diffusion tensor imaging (DTI) and MEG recordings from healthy human volunteers.
The MEG data is collected with a 275-channel CTF MEG system using third-order gradient
balancing for noise correction and at a sampling rate of 1200 Hz with a quarter-Nyquist
filter of 300 Hz. The position of the head was localized using three fiducial coils. We
analyzed 6-minutes resting state (N=64, 45 Female) and Hariri-Hammer task (N=58, 41

Female) from this dataset.

The Hariri-Hammer task presents a target face, and after a short delay, two probe faces.
The participant is asked to pick the probe face that matches the emotion shown in target
face. As a control condition, shapes instead of faces are presented with the same design.
Targets and probes are presented for 1 second. The delay between target and probe is 0.5
second. After the probe, there is a 1.5 second + jitter delay period. In total, there are 3
blocks of 30 face trials and 4 blocks of 15 shape trials. Total time to complete the task is

approximately 10.3 minutes.

The preprocessing of the MEG data started with a high-pass filter at 1 Hz. Afterwards, the
continuous data was segmented into 3-second epochs. Automatic artifact rejection was
performed using autoreject Python package(Jas et al., 2016, 2017). Autoreject looks for a
threshold T to reject epochs if the peak-to-peak amplitude (i.e. difference between lowest
and highest values of signal in an epoch) is greater than t for each channel. Briefly, it uses
the following standard procedure(Jas et al., 2017): for each candidate t;, split the data in K
folds. Each of the K folds along the epoch dimension (so that if there are N epochs in total,
there are N/K epochs in each fold) are used as a test set once and the other K-1 folds are
used as training. For each test fold, candidate thresholdz; is used to reject epochs that have
greater peak-to-peak amplitude than 7;. For each time-point, the signal is averaged over the
good (i.e. not-rejected) epochs in the training set and the median is taken across all epochs
in the test set. For test fold k, the Frobenius norm of the difference between mean across
good epochs in training and median across all epochs in test is denoted as €;. The candidate
T;with the lowest average € (averaged across folds) is chosen as the rejection threshold. For
a bad epoch in a sensor, there can be two strategies to proceed, the epoch can be

interpolated based on other channels, or if too many channels are bad, the epoch should be
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rejected. The method picks two parameters: k: maximum number of bad channels for an
epoch (if the number of bad channels is higher than x, the epoch will be rejected, otherwise
it will be interpolated), and p: the maximum number of channels that can be interpolated.
For each bad channel per bad epoch, the “badness” of the channel can be quantified as the
peak-to-peak amplitude. After ranking the channels from worse to best depending on this
quantification, the worst p channels are interpolated using spherical harmonics
(Hamaldinen and Ilmoniemi, 1994). After interpolation and rejection, the same error metric
€ averaged across folds is used to determine the best p and k using a grid search. Autoreject
method is validated by comparisons with manual artifact rejection by human experts and
outperformed other automatic rejection methods (Jas et al., 2017) and is widely used in
EEG/MEG literature (see for example Foerster et al., 2023; van Bijnen et al., 2023; Veillette
et al., 2023 among others).

After autoreject with rejection / interpolation, independent component analysis was
performed with 20 components. Components that show ocular or cardiac artifacts based on
a visual inspection were rejected (Delorme et al., 2007; Gramfort et al., 2013) and the raw
data (before autoreject) was transformed with the ICAs that weren’t rejected. A 100 Hz low-
pass filter and a notch filter at 60 Hz were applied. Finally, one more run of autoreject was

performed on data to reject / interpolate bad epochs.

3.2.4 Spatiotemporal Permutation Testing

In order to identify the channels that respond to the task, we compared event-related fields
between target and control conditions using cluster-based permutation tests. The cluster-
based permutation test is performed as follows: A test-statistic (F-value) is performed for
every sample (across channels and time points) to compare conditions. We performed
repeated measures ANOVA with encode and probe conditions as factor 1 and happy faces,
sad faces and shapes as factor 2. Thresholding is performed at this stage to keep only the F-
values that have a significance of p<0.001. Note that this is not the significance that results
from the whole process, just a step to estimate clusters. Spatially connected F-values that
were survived from thresholding are considered as clusters. The sum of these F-values in
each cluster is denoted as cluster-level statistic. The cluster with the largest total F-value is
selected. To calculate significance probability, Monte Carlo methods are used. Specifically,
trials across two conditions are concatenated. From this concatenated set of trials, random

samplings are performed N times where N is the number of trials in condition 1. F-values
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are calculated from these random trials and remaining trials by performing repeated
measures ANOVA for each sample. Following what is done in original data, thresholding
and summing F-values in survived clusters are performed. This procedure is repeated 5000
times to form the null distribution of the test statistic (i.e. maximum value of total F-value
across clusters). Proportion of Monte Carlo test statistics that are larger than the observed

test statistic is the significance probability, also known as p-value.

3.2.5 Bayesian Regression Models

We used hierarchical Bayesian models to estimate regression coefficients using PyMC
(Salvatier et al., 2015; Abril-Pla et al., 2023), ArViz (Kumar et al., 2019) and Bambi
(Capretto et al., 2022). We fit the models using Hamiltonian Monte-Carlo sampling with
NUTS method (Hoffman and Gelman, 2011). Convergence diagnostics were assessed using
posterior predictive checks, trace plots, Rubin — Gelman statistic (Gelman and Rubin,
1992) (Gelman and Rubin, 1992) and effective sample sizes. Monte-Carlo sampling was
performed with 4 chains with 4000 tuning and 1000 inference draws for each chain.
Acceptance rate is set to 0.99. Inference diagnostics (trace plots, ArViz summaries, prior

and posterior checks) as well as draws can be found in the open repository osf.io/exck3.

All # values were below 1.01. All effective sample sizes were larger than 300. In addition to
posterior distributions for regression coefficients and HDI values, we also provide
probability of direction (pd) and percentage of the posterior lying outside the region of
practical equivalence (ROPE). The probability of direction is the percentage of posterior
distribution that has the same sign as its mean. Therefore it is numerically very similar to
the frequentist p-values and enables comparison with them. Specifically, for a two-sided p-
value, p=2(1-pd) (Makowski et al., 2019). For the ROPE calculations, we set the limits of
region of practical equivalence from -0.1 to 0.1 after standardizing the variables via taking

z-scores (Kruschke, 2018).
The models indicated in figure 3.6 are of the following forms:
Model 1:
ACW~Student's T (u, a,v)
u=a+pf X mERF

a~N(0, 1)
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B~N(0, 1)
o~exp(1)
v~exp(1)
Model 2:

ACW~Student's T (u, a,v)

p=a+fy X mERF+f; X y;
a~N(0, 1)

B1, B2~N(0, 1)

o~exp(1)
v~exp(1)

Adding y; to the model stratifies the relationship by y;, letting us see if the original

correlation is influenced by y;.

The model for figure 3.13 investigates the relationship between ACW and mERF. We used a
hierarchical model with fixed effects for mERF and random effects for clusters, trials and
channels and dependent variable as ACW. We used non-centered reparametrization for

channels, clusters and trials.
ACW~Student's T(u, o, v)
M:a+ecluster+9trial+9channel+(ﬁ+ycluster+ytrial+ychannel) X mERF

o~exp(1)
v~exp(1)
a~N(0, 1)
B~N(0, 1)

eclusterzaa, cluster X Acluster

gtrial:Ga, trial X Atrial
Qchannelzaa, channel X X channel

YCluster:GB, cluster X ﬁcluster
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ytrialzaﬁ, trial X ﬁtrial
YChannel:UB, channel X Bchannel
Ogq,cluster Oa trial Oa,channels Uﬂ,clusterr Jﬁ, trial» Jﬁ, channel~exp(1)

Acruster » Xtrialy Xchannelr ﬁcluster' Btrial’ ﬁchannelNN(O’ 1)

In the supplementary figures, we also show hierarchical regression models with reaction
times as dependent variable and ACW as independent variable (in supplementary figure
6.11) and mERF as independent variable (supplementary figure 6.12). The model for
RT~mERF has the same structure as the model above for ACW~mERF. Since ACWs are not
nested in trial and cluster variables, we used a hierarchical model with one random effect: channels for

RT~ACW model. Remaining model structure and priors are the same as ACW~mERF model.

3.2.6 Controlling for Oscillatory Bias in Intrinsic Neural Timescales

The presence of oscillations in the power spectrum is known to affect the estimation of
intrinsic neural timescales (INTs) due to the correspondence between the power spectrum
and autocorrelation function via Wiener-Khinchine theorem (Khintchine, 1934; Gao et al.,
2020b). To discard the possibility that our results are driven by oscillatory artifacts instead
of genuine effect of INTSs, we performed multivariate regression analyses while taking the
oscillatory powers as additional regressors (McElreath, 2020). If the results we obtained for
the relationship between INTs and magnitude of event-related potentials (mERFs) are
driven by oscillatory artifacts, we would expect all the variance in the dependent variable
by oscillatory powers and the regression coefficients for INTs (if the dependent variable is
mERF) or mERFs (if the dependent variable is INTS) to be statistically non-significant or
very small. To extract oscillatory powers, we used the software package FOOOF (Donoghue
et al., 2020b). After visually inspecting the power spectra and observing it is made of two
different slopes divided roughly by a knee frequency around 20 Hz (see figure 3.12 a,b and
¢), we fit two models per spectrum: one from 1 to 20 Hz, the other from 20 to 50 Hz with the
settings max_n_peaks = 1 and aperiodic_mode = “fixed”. The median R? value for fits were

0.920 for fits between 1 and 20 and 0.934 for fits between 20 and 50 Hz.

This software package initially fits an aperiodic component to the power spectrum, then
subtracts this aperiodic component and fits gaussians to residual oscillatory parts. For

frequency bands theta (4-8 Hz), alpha (8-12 Hz) and betal (12-20 Hz), beta2 (20-30) and
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gamma (30-50); we extracted the power of the peak above the aperiodic component using
the FOOOF function ‘get_band_peak_fg". For the multivariate regressions, we used the
python package pingouin (Vallat, 2018). Relative importance is calculated as the
contribution of each predictor to the final R? value (Groemping, 2007). p values were

corrected for multiple comparisons using Bonferroni-Holmes method.

For figure 3.11, we used the same data points in each panel of the figure and we performed

multivariate regression between mERF and ACW as
MERF=y+(,Theta+f,Alphatf;Betal+f,Beta2+fsGammat+f,ACW+e

For interpretability of the results, we z-scored mERF, ACW and oscillatory power values
prior to the regression via demeaning and dividing by the standard deviation. The results

are shown in supplementary table S6.2.

For the Bayesian hierarchical models, we modified the model above to include oscillatory

powers as additional regressors:
ACW~Student's T(u, o, v)

— MERF MERF MERF MERF Theta Theta
.u_a+9cluster+9trial+9channel+(.8 +Vcluster+ytrial +ychannel) X mERF+(B +ychannel

Alpha ., Alpha Betal, Betal
X Theta+(ﬁ P a+yChannel) X Alpha-'_(ﬂ eta +ychea%nel

X Betal+(pBetaz+yBetaz ) x Beta2+(pCamma+ySanma) « Gamma
gThetaN (0, 1)
BAWhaN (0, 1)
pBetal N (0, 1)
gBetaz N (0, 1)

BGammaNN(O’ 1)

Theta —, _Theta Theta
ychannel_aﬁ, channel X :Bchannel

Alpha _ _Alpha Alpha
Ychannet™ B, channel ﬁchannel
Betal — . Betal Betal
ychannel_aﬁ, channel X ﬁchannel
Beta2 ___Beta2 Beta?2
ychannel_aﬁ, channel X :Bchannel

Gamma — Gamma Gamma
YChannel_GB, channel X ﬁchannel
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Theta _
0/3, channel exp(l)

Alpha
OB, channel” €XP (1)

Betal _
Gﬁ, channel exp(l)

Beta?2 -
OB, channel ™ €XD (1)

Gamma
OB, channel exp(l)

The priors for mERF coefficients and intercepts remain the same (see the subsection
Bayesian Regression Models). Prior and posterior predictive checks, traces and additional
information about convergence diagnostics can be found in the OSF repository

(https:/ /osf.io/exck3/). As above, we fitted the model with Hamiltonian Monte Carlo sampling
using NUTS. Monte-Carlo sampling was performed with 4 chains with 4000 tuning and

1000 inference draws for each chain. Acceptance rate is set to 0.99.

In addition, we performed a second control analysis. Considering that the high frequency
oscillations in the power spectrum should show up in the autocorrelation function the same
way, in the case if the oscillatory powers are driving the INT estimates, one would expect a
negative correlation between the center frequency of the highest peak of the power
spectrum and INT estimates. To discard this possibility, we performed a correlation
between center frequency of the highest peak, estimated using FOOOF package by the

same fits, and INT estimates in each channel.

3.2.7 Simulating Channel Level MEG Data from Jansen-Rit Model

Our channel level empirical MEG data and mesoscale modeling results are on different
spatial scales. Furthermore, in the empirical MEG data, we do not have access to various
biophysical parameters such as intracolumnar connectivity, lateral connections and so on.
In order to see whether or not there can be a correspondence between our empirical results
and modeling results, we used a forward model estimated from one of our subjects (ON-
02747). We started by reconstructing cortical surface from anatomical MRI scan using
freesurfer’s recon-all (Dale et al., 1999; Fischl et al., 1999). Cortical mesh was created with
boundary element method using watershed algorithm (Ségonne et al., 2004). MEG channels
were aligned to the cortical surface using fiducial information (MNE function

“fit_fiducials®). Forward model was estimated using MNE’s source reconstruction routines
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(Gramfort et al., 2014). We used Desikan-Killainy parcellation (Desikan et al., 2006),
obtained from the output of recon-all as seeds of our simulations. For region 1 and region 2
in the simulations, we used “parsopercularis” and “parstriangularis” seeds of the left
hemisphere respectively. We filled the remaining seeds with white noise with the same
variseeance as the simulations (for resting state simulations) or the prestimulus period of
simulations (for task simulations). Furthermore, we used mne.make_ad_hoc_cov function in
order to add further correlated noise to channel data to simulate the effect of mixing of
sources. We then analyzed the results by calculating the ACW and mERF in the same way

we calculated them for the analysis of figure 3.3.

3.2.8 Estimation of Induced Activity

Following (David et al., 2006; Graichen et al., 2009; Gyurkovics et al., 2022; Kalamata et
al., 2024), we subtracted the ERF of each trial type (e.g. encode face happy, encode face
sad, ...) and channel from each trial to obtain the induced response per trial type and
channel. The power spectrum of poststimulus period of induced response was calculated
with periodogram method and these spectra were averaged across trials. FOOOF package
was used to separate aperiodic components from oscillatory induced responses and to
estimate the power of peak in each frequency band (delta: 1-4, theta: 4-8 Hz, alpha: 8-12
Hz, beta: 12-30 Hz, gamma: 30-50 Hz). Because the knee frequency divided the power
spectra into two regions, separate 1/f fits were performed for 1-12 Hz and 12-50 Hz as
above. Table 3.1 reports the percentage of oscillatory peaks per trial type identified by the
algorithm. The median R? values for different trials are the following: encode face happy: 1-
12 Hz: 0.887, 12-50 Hz: 0.820; encode face sad: 1-12 Hz: 0.0.888, 12-50 Hz: 0.819; encode
shape: 1-12 Hz: 0.890, 12-50 Hz: 0.811; probe face happy: 1-12 Hz: 0.904, 12-50 Hz: 0.817;
probe face sad: 1-12 Hz: 0.904, 12-50 Hz: 0.815; probe shape: 1-12 Hz: 0.918, 12-50 Hz:
0.813.

Since oscillatory peaks in the delta and alpha bands were identified in fewer than 15% of
the averaged spectra, the subsequent analyses of induced power were restricted to the

theta, beta, and gamma bands.
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Table 3.1. Percentage of oscillatory peaks identifiable by FOOOF algorithm per trial type

Delta Theta Alpha Beta Gamma

Encode Face | 0.099 0.573 0.129 0.625 0.669
Happy

Encode Face | 0.095 0.581 0.118 0.662 0.665
Sad

Encode 0.092 0.540 0.125 0.647 0.739
Shape

Probe Face | 0.099 0.633 0.121 0.640 0.636
Happy

Probe Face | 0.107 0.566 0.099 0.614 0.662
Sad

Probe Shape | 0.147 0.633 0.074 0.688 0.614

3.2.9 Bayesian Regression Model for INT and Induced Activity Relationship
A hierarchial Bayesian model was used to assess the relationship between INTs and

induced activity. The model specification is given below:
ACW~Student's T (u, o, v)
.u:a+9FrequencyBand+9trial+9channel+(ﬁ+VFrequencyBand+ytrial+ychannel) X mERF
o~exp(1)
v~exp(1)
a~N(0, 1)
B~N(0, 1)
gFrequencyBand:Ua, FrequencyBand X Aclyster
Htrialzaa, trial X Atrial
Hchannelzaa, channel X Xchannel
yFrequencyBand:Uﬁ, FrequencyBand X Bcluster
ytrialzaﬁ, trial X :Btrial
ychannel:GB, channel X :Bchannel
Oq,FrequencyBand» Oa,trial» Oa,channelr 9B, FrequencyBand» 98, trial» OB, channelNexp(l)

aFrequencyBand: Atrial, Xchannelr ﬁFrequencyBand: ﬁtrialr ﬁchannelNN(Or 1)



The model was fitted with Hamiltonian Monte Carlo sampling with NUTS method as

above. Inference diagnostics can be found in osf.io/exck3.

3.2.10 Data and Code Availability
The MEG data used in this paper is available at
https://doi.org/10.18112/openneuro.ds004215.v1.0.0. The code to replicate analyses is

available at github.com/duodenum96/erf_acw2.

3.3 RESULTS

3.3.1 Theory — A Brief Introduction to Fluctuation-Dissipation Theorem

The fluctuation-dissipation theorem forms the basis of our hypothesis linking the
autocorrelation function to event-related brain activity. While a full treatment is out of the
scope of our paper, we will nonetheless provide a brief self-consistent introduction in our
context. Interested reader can consult further references (Van Kampen, 2007;
Balakrishnan, 2021). Below, we will follow the derivation presented in (Van Kampen, 2007)
(see section IV.4).

We start by considering a generalized coordinate x(t) which can correspond to the firing
rate of a cortical column. We denote the conjugate force to this coordinate as h(t). To the
leading order, the average response of (x(t)) to the force h(t) is given by the Volterra
expansion:

t

(x(O)=(x () + f dt' y (t-t'Yh(t') + ...

with (x(t)), denoting the average value in the absence of any perturbation. If the system is
highly nonlinear, then the dots in the expansion corresponding to higher order terms
become non-negligible. However, to a leading order, y(t) is enough to understand the
response of the system to the external stimulus hA(t). The function y(t) is called the linear

response function. Our goal is to give an approximation for it.

Given the nature of event-related fields (ERFs) as average of neural activity across trials,
we are interested in the expectation value (x(t)). Our first task is to describe a probability
distribution that would give this average. We let Py[x(t)] denote the probability distribution

of x(t) so that [ dx'(t)Py[x'(t)]x'(t)=(x(t)). We assume that there exists some constraint
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(Ho[x(t)]) on the probability distribution. In statistical mechanics, this constraint can take
the form of total energy (Kardar, 2007). In neuroscience, this function Hy[x(t)] corresponds
to empirical measurement of mean firing rates and covariances between neurons (see for
example (Schneidman et al., 2006; Tkacik et al., 2014; Meshulam et al., 2017), also (Bialek,
2012) for a more comprehensive overview). We will proceed by keeping H,[x(t)] general,
without giving any specific information on what it is. Therefore our derivation will also be
general across various choices for Hy[x(t)]. Our only specification is that H, is a function of
x(t). The average (Hy[x(t)]) will be given by the usual relation

(Ho[x(O)])=[ dx'(t)Py[x'(t)]Ho[x'(t)]. To obtain Py[x(t)], we will maximize the entropy S=-

[ dx'(t)Py[x'(t)]InPy[x'(t)]. Using Lagrange multipliers, we can rewrite S'=-S as
'=J ' ©Polx Olino [/ ©1+8 ([ ' OPolx’ @ [ @] Ho XD

We can minimize S’ by taking its derivative with respect to Py[x(t)] and equate it to O,
which gives:
!

0
m =1+lnP0 [X(t)]‘i'ﬂHO [x(t)]=0

Py[x(t)]=e 1AHolx(®)]

Note that we were careless about normalization of the probability distribution. We could
have written one more Lagrange multiplier in the form of a([ dx'(t)P[x'(t)]-1) which would
add the normalization of the probability distribution to the derivation. Alternatively, we
can construct a partition function Z= [ dx’(t)efHo [x'(©)] and obtain the correct form of
Py[x(t)] as

o-BHo[x(8)]

Py[x(D)]= 7

In the case of non-equilibrium phenomena such as event-related activity, we are interested
in perturbations on H,. We will assume that our force h(t) makes a change in Hy. The
neuroscientific intuition behind this assumption is the change of firing rates or correlation
functions in various cognitive tasks in vivo or electrical stimulations in vitro. Let us denote
the perturbed H as H[x(t), h(t)]. For small h(t), H can be approximated via a Taylor
expansion around (x(t)=x(0), h(t)=0):
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Hlx(®), h(®)]

OH[x(t), h(t)]
9x(0) h(t)

x()=x(0) dh(t) x()=x(0)
h(£)=0 h(£)=0

H[x(t),h(t)] = H[x(0),0] + (x(t) — x(O))

0%H h
+ (x(t) — x(O))h(t)%

x(t)=x(0)
h(t)=0

We will assume that under equilibrium conditions, H, will be minimized. This corresponds
to a saddle point approximation (Bender and Orszag, 1999; Kardar, 2007). Since the
probability distribution for x(t) is an exponential, the validity of approximation depends on
how large H, is. Nonetheless, it provides a good starting point. A further direction for this
theory can be to evaluate the fluctuations around this saddle point and how they change
the results. The advantage of this approximation is that it results in all the first derivatives
being equal to O since if H, is at an extremum, the first derivatives are equal to 0. Note that
we are assuming that H[x(t), h(t)]=Hy[x(t)]+6H [x(t), h(t)] where §H[x(0),0]=0 which gives

us H=H, in the absence of any external perturbation. Our final H is given by

Hlx(®), h(©)] = Ho[x(0)]+c(x(6)-x(0))h(t)

9%H[x(£), h(D)]
ax(t)on(t) |x@®)=x(0
h(t)=0

mechanics, H corresponds to energy and its changes are given by [ dx(t)x(¢t)h(t) for

with the constant c= ) We note that in the formulation of statistical

generalized coordinates x(t) and conjugate forces h(t).

External perturbation changes the probability distribution as well. We define the new
probability distribution as P[x(t), h(t)]=W [x(t)|x(0), h(t)]Py[x(0), h(t)] with transition

probability W. The expectation value for x(t) is now given by

fdx’(t) x'(O)P[x' (), h(t)] = fdx”fdx’x”(t)W[x”(t)|x’(0)]P0[x’(O),h(t)]

e ~BH[x1(0),h(t)]

fdx”fdx x"OW[x"(@®)|x'(0)] Z

de”jdx x"(OW[x" (®)]x'(0)] Py[x'(0),0](1 — Be(x'(0) — (x(0))A(L))
= fdx”fdx’x”(t)W[x”(t)Ix’(O)] Py[x'(0), 0]

—ﬁCfdx"fdx’ "OWIx"(0)]x"(0)] Po[x"(0), 0] (x(0) = (x(0))h()
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We can define the average values in the absence of perturbation as

(a(®))o=/ dx"'(t) [ dx' (W [x'(t)]x"'(0)]Py[x"'(0), 0]a(t):
(x(©)=(x () )o-Bclx(t) (x(0)-(x(0)Nh(t))o

If we assume a constant force that is switched on at t=0, h(t)=-h,0(t), assume (x(0))=0
which corresponds to the common procedure of subtracting the mean of prestimulus period
of an event-related potential and denote the autocorrelation function
A(@)=(x(1)x(0))o=(x(t-1)x(t))( (the last equality is valid under equilibrium conditions such

as resting state with time translation invariance), we finally get

(x()=(x(©))o+BchoA(t)

This interesting result gives an approximation of the task response purely from the
fluctuations in the absence of any task. Going back to our initial problem of a linear

response function, we identify

t t
-hof dt'y(t-t")e(t) :-hojo dt'y(t-t") =BchyA(t)

dA(t)
dt

x()=-Bc

This formalism also enables us to put the intrinsic neural timescales on firm theoretical
ground. Intrinsic neural timescales are defined as the time window during which prior
information can influence the processing of new stimuli. It is clear that the autocorrelation
function A(t) determines the time period in which the input can exert an influence on
(x(t)). Since A(t) is usually of the exponential decay form and it is multiplicating the input
h, the time period in which A(t) is non-zero is also the time period in which different inputs
can be added on top of each other, consistent with the definition of intrinsic neural

timescales.

When the event-related potentials/fields are observed visually, obviously they do not
correspond to the exact shape of the autocorrelation function. The divergence can be
attributed to a number of potential reasons. Two potential reasons are mixing of sources
from the brain and nonlinearity of the brain activity. Nonetheless, we can infer that the

length of the intrinsic neural timescale should positively correlate with the magnitude of
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event-related response. This forms the basis of our hypothesis we investigate in the main

manuscript.

As an additional note, we should point out that this formalism is not only concerned with
intrinsic timescales, but can also shed a new light on the relationship between resting state
alpha oscillations and oscillations in evoked activity. By the Wiener-Khinchine theorem
that connects the autocorrelation function to power spectrum, we can see that (ignoring

constant terms),
|x(w)]? o S(w)

where we denoted the spectrum of the non-equilibrium trajectory with |x(w)|? and the
spectrum of the equilibrium condition with S(w)=/ dt A(t)e*®. This result shows that the
alpha oscillations in the event-related activity should be proportional to the alpha power in

resting state fluctuations.

Before we conclude this section, we note that there is one more way to show this relation
through the usage of Martin-Siggia-Rose-De Dominicis-Janssen Path Integral (Martin et
al., 1973; De Dominicis, 1976; De Dominicis and Peliti, 1978). This approach does not start
with the maximum entropy assumption but rather uses a perturbation theoretical method
on an arbitrarily general stochastic differential equation. Though the procedure is more
abstract, the results are more general. We direct the interested reader to the references

(Chow and Buice, 2015; Helias and Dahmen, 2020).

3.3.2 Computational Modeling I - Investigating the Sensitivity of Event-Related
Field Magnitudes and Intrinsic Neural Timescales to Neurobiological
Parameters

We started our inquiry by identifying a neurobiological parameter that can influence both

magnitudes of event-related fields (mERFs) and intrinsic neural timescales (INTs) using

the Jansen-Rit model, a neural mass model that generates event-related fields (ERFs) when

stimulated with an external input.

The Jansen-Rit model contains three subpopulations for every cortical column: excitatory
interneurons, inhibitory interneurons and pyramidal neurons. These populations are
coupled to each other via excitatory (y4, ¥2, ¥3) and inhibitory connections (y,) (figure 3.2a).

We used a model where two of these populations are coupled to each other hierarchically
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via simplified Felleman and Van Essen rules (Felleman and Van Essen, 1991; David et al.

2005). Pyramidal neurons in a region that is lower in the hierarchy (region 1) sends
feedforward connections (Ar) to excitatory interneurons in the hierarchically upper region
(region 2). Pyramidal neurons of region 2 in return, sends backwards connections (4z) to
pyramidal cells and inhibitory interneurons of region 1. The pyramidal neurons of both
regions are connected to every subpopulation of the other ROI via lateral connections A,
(David et al., 2005) (figure 3.2b). In total, the parameters y; and A; define our set of
structural parameters. Values for y, ;4 are empirically constrained by y; with relations
¥2=0.8y; and y3=y,=0.25y1, hence, we only changed the values for y; and determined y, 3 4

according to the aforementioned relations.

a b
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Excitatory Region 1 Region 2 Region 1 Region 2 Region 1 Region 2
Interneurons Connections:
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Y1 Y2 Interneurons Interneurons, Intereurons; Interneurons Interneurons, Interneurons) | Y1 Intracolumnar
- ¥ - 72 = 0.8m
=74 = 0.25
Pyramidal v : J Y3 =04 1
Cells Pyramidal Pyramidal Pyramidal Pyramidal L e
(__Cells _ Cells | Cells ] 1 Cels Cella Calis Simplified Felleman and
Y4 Y3 ¥ Van Essen Rules:
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Figure 3.2. Jansen-Rit model. a. Schema of one cortical column in the Jansen-Rit model. b. Schema of coupled
cortical columns and external connections between them. c. An example time series of both rest and task states as
well as exemplar autocorrelation function and event-related fields. We calculated the autocorrelation window
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(ACW) as the lag where the autocorrelation function reaches 0.5. magnitude of event-related fields (mERFSs) were
calculated as the root mean squared value of the ERF after the stimulus onset.

To estimate the output measures, we did two batches of simulations corresponding to rest
and task states. For the resting state, we simulated the Jansen-Rit model for 100 seconds
and calculated the ACW defined as the lag where autocorrelation function reaches 0.5 in
every 10 second non-overlapping window. We averaged these ACWs to get a less noisy ACW
in every simulation akin to Honey et al.(Honey et al,, 2012). For the task state, we stimulated
the hierarchically lower region with a delta function every 5 seconds. The period from 0.3
seconds before the stimulation to 0.7 seconds after it defines a trial. To estimate the ERFs,
we averaged the depolarization of each region across trials which gives us ERF's of the form
widely observed in empirical data. We parametrized the ERFs by calculating the root-mean
squared value of the ERFs after the trial onset, giving us magnitude of ERFs (mERFs).
Autocorrelation functions and power spectra of simulations for selected parameter values

are given in supplementary figure S6.1.

In Figure 3.3, we present the Spearman correlation between structural parameters
(intracolumnar connections y and long-range connections between columns (4;) and
mERF/ACW estimates. For each parameter, we fixed all the other parameters constant and
sweeped a range for the remaining parameter (40 to 70, in 31 steps for y;, 0 to 20 in 31
steps for 4;). For each value of the parameter, we performed 20 simulations. Our analyses
shows that only the intracolumnar connections (y) correlate significantly with both mERF
and INT (area 1 ACW: r(615) = 0.976, p<0.001; area 2 ACW: r(615) = 0.950, p<0.001; area 1
mERF: r(615) = 0.928, p<0.001; area 2 mERF: r(615) = 0.976, p<0.001). In contrast,
feedforward connections (Ar) only correlates with the mERF of the second area since it
conveys the input from first area to second area (area 1 ACW: r(615) = 0.034, p=1; area 2
ACW: r(615) =-0.02, p=0.623; area 1 mERF: r(615) = -0.045, p=0.269; area 2 mERF: r(615) =
0.988, p<0.001). Lateral connections (4;) on the other hand are inversely correlated with
the INT of both areas (area 1 ACW: r(615) = -0.842, p<0.001; area 2 ACW: r(615) =-0.858,
p<0.001; area 1 mERF: r(615) = 0.054, p=1; area 2 mERF: r(615) = 0.064, p=1). Finally,
backward connections (Ag) are positively correlated with mERF in both areas and
negatively correlated with the ACW of only the first area (area 1 ACW: r(615) =-0.535,
p<0.001; area 2 ACW: r(615) = -0.096, p=0.274; area 1 mERF: r(615) =0.410, p<0.001; area 2
mERF: r(615) = 0.993, p<0.001).
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Figure 3.3. Identifying a parameter that both magnitude of event-related fields (mERFSs) and autocorrelation
windows (ACWs) are sensitive to. For each model parameter, every other parameter was fixed and we swept across
different values of the parameter, performing 20 simulations in rest (for ACW) and task (for mERF) conditions.
The parameters are feedforward connections (Arp) which connect region 1 to region 2, feedback connections (Ag)
which connect region 2 to region 1, lateral connections (A;,) which stem from both region I and region 2, and and
intracolumnar connections (y,) which connect subpopulations within a region. We evaluated the relationship
between model parameters and mERF/ACW via Spearman correlations. Asterisks indicate statistical significance
after Bonferroni-Holmes correction (¥: p<0.05, **: p<0.01, ***: p<0.001). We observe that the only parameter which
affect both the mERF and ACW are intracolumnar connections.

Our results indicate that both outcome variables, ACW and mERF, are both correlated only
to intracolumnar/intra-regional excitatory and inhibitory connections suggesting a potential
role of the latter for accounting for the relationship between ACW and mERF. In contrast,
inter-regional connections are not shared by ACW and mERF but influence the two
measures in differential ways. Specifically, lateral connections seem to influence only the
ACW but not the mERF while both feedforward and feedback connections more strongly

impact the mERF (and less so the ACW). Summing up, intra-columnar connections are
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shared by both ACW and mERF while inter-regional connections (lateral, feedforward and

feedback) exert differential impact on the two measures.

We performed two control analyses for the results we present here. First, we checked
whether these results hold for different hyperparameters (i.e. the parameters we do not
modulate). We checked two alternative settings: (i) a set of simulations where timescale for
excitatory population 7;=5, and for inhibitory population 7,=50 ms; (i1) a set of simulations

where noise strength c,;5.=0.1. The results are shown in figure 3.4.
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Figure 3.4. Controlling the robustness of simulation results for changes in hyperparameters. We replicated the
computational experiment shown in figure 3.3 while using a different set of hyperparameters (parameters that we
keep fixed). a. Results for the simulations where timescale of excitatory population ty is set to 5 and timescale of
inhibitory population t; is set to 50 ms. b. Results where the noise strength c,,;se 1S increased to 0.1.
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Compared to the original set of parameters, we observe that for the simulations with
different t values (figure 3.4a, tz=>5, 7,=50), backward connections correlate positively with
ACW in area 1, lateral connection correlate positively with ACW in both areas; for the
simulations with a larger noise (figure 3.4b, ¢,;s.=0.1). Importantly, even in these different
sets of hyperparameters, we still observe that the only parameter that correlates both with

ACW and mERF is intracolumnar connections.

Secondly, we also investigated whether a randomness in the timing of incoming stimuli can
lead to a change in results. We performed a set of simulations where we used an
exponential distribution of interarrival times (corresponding to a Poisson distribution for
rate of events). The rate of the Poisson distribution was set to 0.2, corresponding to our
original simulations in which we have an event every 5 seconds. Thus, while on average,
the events still come every 5 seconds but each event’s timing is random. The results are
shown in figure 3.5. We observe that all of our original results replicated in this setting as

well.
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Figure 3.5. We investigated whether a randomness in the timing of events can lead to a change in the results. To
this purpose, we performed a set of simulations where the interarrival times of events came from an exponential
distribution.

Given that our aim was to find a common parameter that both ACW and mERF are
sensitive to, we will focus on the intracolumnar connections. Hence, in the next section, we

explore this dependence in greater detail by simplifying the model to a single region and
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systematically varying its intracolumnar connections to assess the relationship between

mERF and ACW.

3.3.3 Computational Modeling II - Relationship Between Intracolumnar
Connections, Intrinsic Neural Timescales, and Event-related Fields in the

Jansen-Rit Model
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Figure 3.6. Relationships between intracolumnar connections (y,), autocorrelation window (ACW, calculated from
resting state), magnitude of event-related fields (mERF, calculated from task state). a. The schema of the model
reduced to only one region. b. Correlation between dynamic variables and intracolumnar connections (y,). We
observe a positive correlation between both y, and both mERF and ACW. c. Correlations between dynamic variables
(ACW, mERF) with each other showing a positive correlation between mERF and ACW. Colors denote different
values of y4.

Building on the finding that both ACW and mERF are related to changes in the model's
intracolumnar connections, we next examined how these outcome measures depend on each
other for different values of these intracolumnar connections. Specifically, we analyzed the
relationships between ACW, mERF, and intracolumnar connections (y;) by simulating the
model with different values of y;. Since our focus is solely on intracolumnar connections, we
conducted these simulations using a single region. As in previous simulations, we assessed
resting state ACW by calculating it in 10-second non-overlapping windows, and estimated
mERF from trials during the task state. We varied y; within a range of 40 to 70, sweeping
in increments of 1 to cover a broad parameter space. For each y, value, we performed 20

simulations. As in the section above, the values for other intracolumnar connections y; 3 4
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were determined by empirical constraints y,=0.8y; and y;=y,=0.25y,, thus changing the
value of y; scales both excitatory (y; ,3) and inhibitory (y,) intracolumnar connections.
Power spectra and autocorrelation functions for selected parameter values are given in

supplementary figure S6.2.

In Figure 3.6b, we report the correlations between both ACW and mERF with
intracolumnar connections (y;). We find a positive correlation between y; and ACW (r(420)
=0.784, p <0.001), as well as a stronger positive correlation between y; and mERF (r(420)
=0.904, p < 0.001). Figure 3.6¢ presents the correlation between ACW and mERF, which
shows a moderate positive relationship (r(420) = 0.517, p < 0.001). The positive correlation
can be framed with the fluctuation-dissipation theorem(Van Kampen, 2007; Balakrishnan, 2021)
positing that the temporal structure of a system’s spontaneous activity predicts its response
to external inputs. In the results, we give a brief and self-consistent introduction to this
theorem in the context of event-related brain activity. These findings further support the
close relationship of intra-columnar connections with both ACW and mERF including the

latter two’s association.
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Model 1: ACW ~ mERF
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Figure 3.7. The relationship between ACW and mERF depends on y,. a. On top, we see the forest plot that shows
the posterior regression coefficient of the slope in a Bayesian linear regression between mERF and ACW. The bottom
panel shows the multivariate regression results where y; is introduced as an additional variable. The shrinkage of
the coefficient for ACW indicates the relationship between ACW and mERF depend on y,. b. Scatter plots where we
fix y1 and inspect that the ACW-mERF correlation disappears when y; is fixed.

Following these results, we next hypothesized that the correlation between ACW and
mERF depends on the strength of intracolumnar connections as it is the only parameter
systematically varied across our simulations. To test this hypothesis, we fit two regression
models. In the first model, mERF is predicted solely by ACW. In the second model, mERF is
predicted by both ACW and intracolumnar connections (y;). If our hypothesis is correct, we
expect to observe a reduction in the regression coefficient between ACW and mERF when

intracolumnar connections are included to multivariate regression, as the variance in
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mERF that is explained by ACW should be largely accounted for by the intracolumnar

connections (y;).

To test these relationships, we employed Bayesian regression models. The unconditioned
model is represented as mERF=BACW, while the conditioned model is expressed as
MERF=B,ACW+p,y,. To estimate the posterior distributions of the regression coefficients for
each model, we utilized Monte Carlo sampling via the No-U-Turn Sampler (NUTS)
method(Hoffman and Gelman, 2011), implemented in pyMC (Salvatier et al., 2015; Abril-Pla et
al., 2023). Detailed model specifications and priors are provided in the Methods section.
Traces, trace plots, ArViz summaries showing mean, standard deviation, 94% HDI,
effective sample size, Rubin-Gelman statistic #, probability of direction (pd) and percentage
in the region of practical equivalence (ROPE) for each parameter, prior and posterior
predictive checks for each parameter are available in the open data repository®’. For ease of
interpretation, all variables were standardized using z-scores. The proportion of the
posterior distribution inside 94% HDI that shares the same sign as its mean is referred to
as pd, which is related to the frequentist two-sided p-value by the formula p=2(1-pd). The
pd value ranges between 0 and 1, with higher values indicating greater certainty about the
existence of an effect. The percentage in ROPE represents the proportion of the posterior
distribution inside 94% HDI that lies within a predefined range, where results can be
considered equivalent to no effect. Following Kruschke(Kruschke, 2018), we define this range
as [-0.1, 0.1]. A lower percentage within the ROPE indicates stronger evidence against the

null hypothesis, suggesting that the result cannot be considered equivalent to zero.

Figure 3.7a displays the estimated regression coefficients along with their 94% HDIs. The
results of the unconditioned model indicate a significant positive prediction of ACW by
mERF (mean: 0.524, SD: 0.024, 94% HDI: [0.478, 0.567], pd: 1, % in ROPE: 0). As
anticipated, conditioning the relationship between ACW and mERF on y; resulted in the
shrinkage of the regression coefficient for mERF (mean: -0.026, SD: 0.054, 94% HDI: [-0.12,
0.083], pd: 0.686, % in ROPE: 0.957) and a substantial positive coefficient for y; (mean:
0.609, SD: 0.054, HDI: [0.504, 0.705], pd: 1, % in ROPE: 0). In addition to the multiple
regression analysis, we also present correlation coefficients between mERF and ACW for
fixed values of y; in Figure 3.7b. These results show that the correlation between mERF
and ACW diminishes as when y; is fixed (y;=40: r(420) = -0.058, p=0.719; y;=50: r(420) =
0.096, p=0.719; y,=60: r(420) = -0.278, p=0.248).
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In summary, these results provide valuable insights into the relationships between
intrinsic neural timescales (INTs), magnitude of event-related fields (mERFs), and their
dependence on intracolumnar connections. A positive correlation between mERFs and
autocorrelation windows (ACWs) was observed, and this relationship was shown to be
modulated by the underlying structural variable, intracolumnar excitatory and inhibitory
connections (as distinguished from feedforward, feedback and lateral connections between

the columns of different regions).

3.3.4 Computational Modeling III - Investigating the Jansen-Rit Model in MEG
Channel Space
The model that we use and empirical MEG data are in different spatial scales.
Furthermore, even if we perform source reconstruction to overcome the difference in spatial
scales, we still do not have access to various biophysical parameters in the model such as
intracolumnar connections, lateral connections and so on. In order to establish that our
modeling results can shed light on the empirical data analysis, we simulated channel level
MEG data from the simulated time-series of pyramidal neurons using Freesurfer and MNE
routines(Dale et al., 1999; Fischl et al., 1999; Gramfort et al., 2014). We used Desikan-
Killainy atlas to select our seeds and placed the simulations from region 1 to
“parsopercularis” and region 2 to “parstriangularis” on the left hemisphere. We filled the
remaining seeds with white noise and added further correlated noise to channel data to

simulate the effect of mixing of sources.

In particular, we intended to address the two following questions: if we use our time-series
simulated for different parameter values to create data at the channel level, would we
observe 1) the lack of positive correlation between mERF and ACW for interregional
parameters, 2) the existence of a positive correlation between mERF and ACW for

intracolumnar parameters.

Below, we present the correlations between ACW and mERF for each channel using the
data presented in figure 3.3. Namely, we scan 31 linearly spaced values for the parameter
ranges for feedforward connections (4z: 0-20), feedback connections (Agz: 0-20), lateral
connections (A;: 0-20) and intracolumnar connections (y;: 40-70) while keeping others fixed.

For each parameter, we perform 20 simulations for rest and task states.

92



a b A
100
. 0.100
ACW-mERF Correlation p-values
0.075 Py
0.050
0.025 0.60
0.000
-0.025 0.40
-0.050
0.20
-0.075
—-0.100 0.05
0.00
C A d
1.00 AB
ACW-mERF Correlation [ o075 p-values 020 100
ACW-mERF Correlation p-values

0.050
0.80

0.025
0.000 e

0.00
~0.025
—0.65 0.40

-0.050

-0.10
0.20

~0.075
-0.15

0.05
-0.20 0.00

ACW-mERF Correlation [ o2 p-values 080

Figure 3.8. a. Schema. In order to investigate whether the modeling results shed any light on empirical data
analysis, we simulated the channel level data using the time series we obtained in Jansen-Rit model simulations
for figure 3.3. We show here the correlation between resting state ACW and task state mERF for each channel in
simulations where we sweep a parameter range for feedforward (panel b), lateral (panel c), feedback (panel d) and
intracolumnar (panel e) while keeping every other parameter fixed. The channels that show statistically
significant correlations (p<0.05) after Bonferroni-Holmes correction are marked with white dots.

In figure 3.8, we show the results for spearman correlation between resting state ACW and
task state mERF results across simulations and corresponding p-values (corrected for
multiple comparisons using Bonferroni-Holmes method) for each channel. The results can
be summarized as follows: 1) non-significant correlations between ACW and mERF when
we change lateral and forward connections; 2) both positive and negative corelations
between ACW and mERF for changes in backward connections; 3) consistently positive

correlations between ACW and mERF for changes in intracolumnar connections echoing
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what we observed in empirical data (see subsection Empirical Data II - Relationship

Between Intrinsic Neural Timescales and Event-Related Fields).

These results show that while channel level data has poor spatial resolution (which can be
observed from spatially diffuse significant correlations), the observation that consistently
positive correlations that we observe in empirical data can only be attributed to changes in
intracolumnar connections provides the missing more direct link between the
computational simulations and our empirical data analysis. In the following section, we
turn to an empirical dataset to assess how these computational findings align with

observed data.
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3.3.5 Empirical Data I - Event-related Correlates of Emotional Face Recognition
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Figure 3.9. Task design of Hariri — Hammer and event-related fields. a. A schema of the task design. Hariri —
Hammer task is a task designed to assess emotional face recognition and consists of face and shape blocks. In
encode condition, a participant is presented with either a face or shape. In the probe condition, they are presented
with two stimuli and asked to pick the one that was presented in the encode condition. b. Event-related fields for
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each condition and their topographic distribution at extrema of event-related fields. Each line corresponds to one
channel. Topoplots are snapshots of the time points in ERF that correspond to extrema.

In the second leg of our investigation, we analyzed data from the NIMH Intramural
Healthy Volunteer Study(Nugent et al., 2022), which includes magnetoencephalogram (MEG)
recordings collected during both resting-state and a facial emotion recognition task (Hariri-
Hammer task(Hariri et al., 2003)). In the Hariri-Hammer task, participants were presented
with "encode" or "probe" trials within both face and shape blocks. In the encode trials,
participants viewed either a happy or sad face in the face block or a shape in the shape
block. In the probe trials, two faces (in the face block) or two shapes (in the shape block)
were shown, and participants were asked to identify the item that matched the one
presented in the corresponding encode trial. A schematic of the experimental design is

shown in Figure 3.9a.

We began our analysis by calculating the event-related fields (ERFs) by taking the average
of trials for each condition and performing a spatiotemporal permutation test to identify
clusters and time windows that exhibited the strongest contrast between conditions. Figure
3.9b presents the ERF's corresponding to each experimental condition. A repeated measures
analysis of variance (rmANOVA) was conducted where one factor is the moment (encode

versus probe) and the other is the content (happy faces, sad faces and shapes).

Figure 3.10 presents the results of the spatiotemporal permutation test for the factors of
happy face, sad face, and shape. Six spatiotemporal clusters were identified that exhibited
significant differences between the three conditions. These clusters were primarily located
in the left and right temporal sensor regions. In the encode condition, two primary temporal
clusters were found: one spanning the 0.074 to 0.122—0.124 second range and another from
0.163-0.170 to 0.347—0.372 seconds following stimulus onset. In the probe condition, a
significant difference was observed only within the 0.074 to 0.122—0.124 second range.

We then performed multiple comparisons on the root-mean squared (mERFs) averaged over
time for the three conditions. The results of these comparisons, along with the corrected p-
values for each test, are provided in Supplementary Table S6.1. Notably, while a significant
difference was observed between the face and shape conditions, no statistically significant
difference was found between the happy face and sad face conditions. Only clusters that
exhibited significant differences following multiple comparisons are presented in the main

paper. Clusters that did not show significant differences after correction can be found in
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supplementary figures 6.3 to 6.6. In summary, we identified significant differences in
mERF's between the face and shape conditions in temporal sensors, primarily occurring at

100 ms and 250 ms post-stimulus onset.
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Figure 3.10. The results of the spatiotemporal permutation test. The first column shows the spatial cluster that
showed a significant difference between conditions. Black dots denote channels and white dots denote cluster. Color
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corresponds to the F-statistic from the repeated measures ANOVA test. The second column shows the time course
of the root-mean squared value of the event-related field (ERF). The temporal cluster that was found to show
significant difference between conditions corresponding to the spatial cluster on the left is shown with yellow
vertical coloring. The shades around event-related fields show the standard deviation of event-related fields. In the
third column, we compare the average value of the root-mean squared ERF values between three conditions.
Asterisks denote significance. Consistent with previous studies, we observe significant results in temporal sensors,

around 100 and 250 ms poststimulus time windows.

3.3.6 Empirical Data II - Relationship Between Intrinsic Neural Timescales and

Event-Related Fields
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Figure 3.11. a. Autocorrelation function of all subjects averaged across channels. b. Topoplot of autocorrelation
window (ACW) across the scalp. We calculated ACW as the lag where autocorrelation function reaches 0.5 for each
10 second non-overlapping window from resting state scans. We averaged those ACW values to obtain one ACW
estimate per subject per channel. c. Correlation between task state mERF and resting state ACW for each identified
spatiotemporal cluster.

The next step of our analysis focuses on exploring the relationship between intrinsic neural
timescales (INTs) and event-related fields (ERFs). To estimate INTs, we calculated the
autocorrelation window (ACW), defined as the lag at which the autocorrelation function
reaches a value of 0.5 (Honey et al., 2012), using the preprocessed resting state data from
our participants. As in the simulations, we computed one ACW value for each 10-second,
non-overlapping time window and averaged those values to obtain a single ACW estimate
per channel for each subject. Figure 3.11a displays the autocorrelation functions for each
subject, averaged across channels. Figure 3.11b illustrates the distribution of ACW values
across the scalp, averaged across subjects. In Figure 3.11c, we show the positive
relationship between ACW and mERF values for each spatiotemporal cluster, consistent

with the results observed in the modeling.

It is known that due to the correspondence between power spectrum and autocorrelation
function via Wiener-Khinchine theorem (Khintchine, 1934), oscillatory artifacts (such as
delta, theta, alpha powers) observed in the power spectrum can bias the INT estimates(Gao
et al., 2020b). In order to discard the possibility that the results pertaining INT/mERF
relationship we obtained in figure 3.11c, we performed multivariate regressions where
oscillatory powers (in theta, alpha, betal, beta2 and gamma bands) estimated using
FOOOF method (Donoghue et al., 2020b) are included as additional regressors. Prior to
regressions, we z-scored the variables to 0-mean and unit variance for ease of
interpretability. Supplementary table S6.2 shows the results for these regressions. We
observe that in all clusters and trial types except for Probe Face Happy cluster 1 and Probe
Face Sad cluster 1, ACW is a significant regressor, showing high relative importance

(Groemping, 2007).

We performed a second control analysis as follows: if the INT estimates are mostly driven
by oscillatory artifacts, we would expect a negative correlation between INTs and the
frequency of the strongest oscillation (see methods). We performed a spearman correlation
at every channel between the frequency of the strongest oscillation and INTs. The results

are shown in figure 3.12.
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Power spectra in MEG data
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Figure 8.12. MEG spectra and correlation between center frequency of maximum power and INT estimates. Panels
a, b and ¢ show the resting state power spectra for all subjects and channels (a), averaged over subjects for each
channel (b) an averaged over channels for each subject (c) respectively. d. The center frequency of maximum power
for each channel, averaged over subjects. e. r-value of the correlation between center frequency and INT estimate
for each channel. f. p-value (corrected for multiple comparisons) in each channel. Statistically significant channels
(»<0.05) were marked with a white dot.
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In figure 3.12, panels a, b and ¢ we show the resting state power spectra, spectra averaged
over subjects and spectra averaged over channels respectively. In panel d, we show the
center frequency of maximum power for each channel, averaged over subjects. Panel e
shows the r value of the spearman correlation (n=56) between INT estimates using ACW
and the center frequency. Panel f shows the p-values obtained from spearman correlations,
corrected for multiple comparisons using Bonferroni-Holmes method. We marked the
statistically significant channels (p<0.05) with a white dot. We observe that there is only
one channel that shows a statistically significant correlation between ACW and center

frequency. These results, together with multivariate regression analysis show that it is
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unlikely that our results are driven by an oscillatory bias and instead do indeed reflect a

genuine effect of the INTSs.
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ACW ~ mERF + mERF|Trial + mERF|Cluster + mERF|Channel
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Figure 3.13. Relationship between intrinsic neural timescales and event-related fields. a. Coefficient estimates for
a hierarchical Bayesian model where resting state ACW depends on task state mERF nested inside cluster, trial
and channel variables. Dots denote the averages and lines denote 94% highest density probability intervals (HDI)
of posterior distributions for coefficients. Limits for Region of Practical Equivalence (ROPE) is indicated with the
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green shading. b. Channel specific slopes estimated in the hierarchical model. c. Total effect for channels as a sum
of fixed effect and random effect for each channel. In panels b and c, channels that have a ROPE less than 0.01 are
indicated with a blue cross. Overall, we observe a positive correlation between ACW and mERF regardless of trial
types and clusters in most channels. Abbreviations: efh: encode face happy, efs: encode face sad, es: encode shape,
pfh: probe face happy, pfs: probe face sad, ps: probe shape, Enc: Encode, Prb: Probe.

Given the nested structure of our data—where mERF's are nested within clusters
(identified through spatiotemporal permutation testing), trial types (e.g., encode happy
face, probe shape), and MEG channels—we employed Bayesian hierarchical models for
analysis. We employed a hierarchical Bayesian model with varying intercepts and varying
slopes to account for the nested structure of our data. In this model, the dependent variable
is ACW, and we included fixed effects for both the intercept and slope of mERF.
Additionally, we modeled random effects for intercepts and slopes at the level of clusters
(obtained via spatiotemporal permutation testing), trial types (e.g. encode face happy, probe
shape etc.), and MEG channels. This hierarchical structure allows for the modeling of both
specific and group-level variations, thereby facilitating a more nuanced understanding of
the relationships between ACW and mERF across different levels of the data hierarchy. By
incorporating random effects for clusters, trial types and channels, the model accounts for
the variability within each level, while still pooling information across all data points,
which enhances the precision of parameter estimates and improves the generalizability of

the findings (McElreath, 2020).

Figure 3.13a shows the regression coefficient estimates after z-score standardization. We
observe a positive fixed effect for the slope of mERF, which aligns with the findings from
our modeling results (mean: 0.224, SD: 0.034, 94% HDI: [0.163, 0.289], pd: 1, ROPE: 0).
This effect remains robust across variations in clusters and trial types, as indicated by the
ROPE values (>0.95 for all clusters and trial types; full results and diagnostic checks are
provided in the open repository as usual). To assess whether the positive relationship
between mERF and ACW holds across all clusters and trial types, we combined the
posterior samples from the fixed effect and the random effects. Specifically, we added the
posterior samples of the fixed effect and random effects to construct new coefficients that
reflect both sources of variation. The resulting coefficients were then summarized by
calculating the mean, standard deviation (SD), and the highest density interval (HDI) of
the combined posterior distribution. This approach allows us to account for both the fixed
and random effects when evaluating the overall relationship between mERF and ACW. The

analysis confirms that the positive relationship between mERF and ACW is consistent and
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robust across clusters and trial types (Figure 3.9a, denoted as mERF+mERF | Cluster and
mERF+mERF | Trial for clusters and trial types, respectively; pd=1 and ROPE=0 for all

clusters and trial types).

In Figure 3.13b, we plot the mean and 94% HDI values for the channel-specific random
effects. Channels with a ROPE greater than 0.99 are marked with blue crosses. The total
effect for each channel, obtained by adding the samples from both the fixed and random
effects as described previously, is shown in Figure 3.13c. These results further support the
positive relationship of mERF and ACW, as evidenced by the overall positive effect, with
the only channels exhibiting a ROPE greater than 0.99 being those with a positive effect.

In order to discard the possibility that a potential oscillatory bias drives the results, we
performed the same hierarchical regression model with oscillatory powers at theta, alpha
and beta band as additional regressors. Supplementary figure S6.7a shows the forest plot of
regression coefficient estimates and topoplot of channel specific effects. We observe a
positive fixed effect for the slope of mERF (mean: 0.19, SD: 0.031, 94% HDI: [0.087, 0.161],
pd: 1.0, ROPE: 0.076). As above, this effect remains robust across variations in clusters,
trial types (pd=1 for all clusters and trial types and their total effects) and channels
(supplementary figure S6.7 panel b and c). Supplementary figure S6.8 shows the channel-

specific effects for oscillatory powers.

In these analyses, we used temporal clusters obtained from spatiotemporal permutation
testing in order to pick the time periods where there is guaranteed to have an activation.
However, to align with the modeling, it is also possible to use the whole of the poststimulus
period to obtain mERFs on the same spatial clusters. We performed the analyses for figures
3.11 and 3.13 using the whole poststimulus period as well. The results can be seen in
supplementary figures S6.9 and S6.10. All our results were replicated when we used the

whole poststimulus period.

3.3.7 Empirical Data III - Lack of Relationship Between Intrinsic Neural
Timescales and Induced Activity

Our theoretical framework, based on the fluctuation—dissipation theorem, links the

autocorrelation function (ACF) of spontaneous activity specifically to the average phase-

locked (i.e., evoked) response. Under this framework, no relationship between INTs and

induced power is expected. To test this prediction, we computed induced power in addition
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to the evoked response obtained via trial averaging. Induced activity was calculated by
subtracting the average evoked response from each trial (David et al., 2006; Graichen et al.,
2009; Gyurkovics et al., 2022; Kalamata et al., 2024). The power spectrum of the post-
stimulus period was then estimated using the periodogram method and averaged across
trials. The FOOOF algorithm was applied to separate aperiodic and oscillatory components
and to estimate power within each frequency band (Donoghue et al., 2020b; Gyurkovics et
al., 2022) (see Methods). As oscillatory peaks were largely absent in the delta and alpha

bands, the analysis was restricted to theta, beta, and gamma bands.

Following the same approach as in our analysis of INTs and mERFs, we employed a
Bayesian hierarchical model, with ACW as the independent variable and induced power
(nested within trial type, frequency band, and channel) as the dependent variable. The

results of this model are shown in Figure 3.14.
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ACW ~ Induced + Induced|Trial + Induced|FrequencyBand + Induced|Channel
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Figure 3.14. Relationship between Intrinsic neural timescales and induced powers. a. Coefficient estimates for a
hierarchical Bayesian model where resting state ACW depends on task state induced power nested inside trial,
channel and frequency band variables. Dots denote the averages and lines denote 94% highest density probability
intervals (HDI) of posterior distributions for coefficients. Limits for Region of Practical Equivalence (ROPE) is
indicated with the green shading. b. Channel specific slopes estimated in the hierarchical model. c. Total effect for
channels as a sum of fixed effect and random effect for each channel. In panels b and ¢, channels that have a ROPE
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less than 0.01 are indicated with a blue cross. Overall, we do not observe a correlation between ACW and induced
power regardless of trial types and channels. Abbreviations: efh: encode face happy, efs: encode face sad, es: encode
shape, pfh: probe face happy, pfs: probe face sad, ps: probe shape, Enc: Encode, Prb: Probe.

Consistent with our hypothesis, we found no relationship between ACW and induced power.
None of the probability of direction (pd) values exceeded 0.95. Moreover, all region of
practical equivalence (ROPE) values—defined as —0.1 to 0.1 (Kruschke, 2018) for the model
coefficients were equal to 1. As shown in Figure 3.14, the 94% highest density intervals
(HDIs) for all coefficients fell entirely within the ROPE. Together, these results support our
prediction that ACW is specifically related to evoked, but not induced, activity.

In summary, our empirical results replicate and thus validate the positive relationship
between ACW and mERF as predicted by the Jansen-Rit model of cortical columns.
Additionally, we investigated the relationships between ACW and reaction times, as well as
mERF and reaction times. The detailed results of these analyses can be found in the
supplementary figures S6.11 and S6.12. Briefly, in the RT~mERF model, we observed a
small negative effect for mERF (mean:-0.093, sd: 0.015, 94% HDI: [-0.124, -0.066], pd: 1, %
in ROPE: 0.722). Supplementary figure S6.11a shows the forest plot for the fixed effect for
mERF and random effects for clusters and trials. Supplementary figure S6.11b and ¢ show
the channel specific random effects and the sum of fixed effect and channel specific random
effects respectively. In RT~ACW model, we observed a small and negative effect for ACW
(mean: -0.105, sd: 0.004, 94% HDI: -0.112, -0.096, pd: 1, % in ROPE: 0.12). Supplementary
figure S6.12a, b and ¢ shows the forest plot, channel specific random effects and the sum of

fixed effect and channel specific random effects respectively.

3.4 DISCUSSION

In this study, we investigated the relationship between intrinsic neural timescales (INTs)
during resting state and task state’s magnitude of event-related activity (mERF) and
connect this relationship to a possible neurobiological parameter that both are sensitive to.
Using computational modeling, we found that intracolumnar connections strongly
influenced INTs and mERFs, producing longer autocorrelation windows (ACWs) and higher
mERFs. This yielded a positive correlation between ACWs and mERFs, conditional on
intracolumnar connections. The positive correlation was replicated in empirical
magnetoencephalogram (MEG) data. These findings suggest that intracolumnar

connections play a critical role in mediating both resting-state ACWs and task-related
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ERFs, highlighting a close connection between the brain’s intrinsic dynamics and its task-

specific responses to external stimuli.

Our analysis demonstrated that both the ACW and the mERF are sensitive only to
variations in the intracolumnar connectivity within the Jansen-Rit model, a framework for
simulating event-related neural activity. Further support came from multivariate
regression: when the relationship between ACW and mERF was conditioned on
intracolumnar connections, the regression coefficient between them vanished indicating
that intracolumnar connection strength accounted for nearly all observed variance. These
results extend prior work (Wong and Wang, 2006), which associated recurrent connections
with longer timescales in decision-making models, but did not examine event-related
responses and resting state INTs. Our work advances this by highlighting how
intracolumnar connectivity modulates both spontaneous dynamics and stimulus-evoked
amplitudes. Future studies might extend decision-making models to incorporate cortical

column dynamics, linking event-related responses with perceptual decision processes.

While we emphasized intracolumnar connections as the only parameter that influences
both ACW and mERF, intercolumnar connections remain relevant. Lateral connections and
feedback connections, while not significantly affecting mERFs, are still correlated with
ACWs. An interesting observation is the positive correlation between feedback connections
which arise from region 2 and mERF at region 2. Our explanation for this phenomenon is
the indirect effect of backward connections, they might increase the activation at region 1
which in turn increases the activation at region 2. Further work on intercolumnar

connections out of the scope of this paper represents a promising direction.

Our findings are consistent with a recent study using a whole-brain model, which
demonstrated that changes in ACWs during external stimulation are strongly influenced by
intraregional connections but only weakly by overall inter-regional connectivity topology
(Catal et al., 2024). The pronounced dependence of INTs on intracolumnar connections can
be conceptualized as a reverberatory process, where intracolumnar connections act as an
"echo chamber" that sustains and amplifies the activity induced by the external stimulus,
effectively preserving it as a form of intra-regional memory. In our model, we observed an
increased mERF in response to a delta-function input under increased intracolumnar

connectivity: which suggests that stronger intracolumnar connections facilitate enhanced
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reverberatory processing, amplifying the neural response to external stimuli within the

cortical column.

We stress that our model was not designed to fit empirical data. Rather, our goal was to
test whether a proposed phenomenon — a relationship between INTs and mERFs via a
potential neurobiological mechanism is theoretically possible. This simplified approach
ensured interpretability while providing a starting point for extension to larger-scale

models.

Confirming previous studies (Hariri et al., 2003; Cornwell et al., 2008; Herrmann et al.,
2020; Varkevisser et al., 2023), our analysis revealed the strongest contrasts in the
temporal MEG sensors, and within the 100 ms and 250 ms post-stimulus windows. While
the spatial resolution of MEG is limited compared to fMRI or intracranial methods, our
findings align with previous research that has observed medial temporal activity during the

Hariri-Hammer task (Hariri et al., 2003).

In accordance with the modeling results, we observed a positive relationship between INTs
and mERFs. This positive relationship was irrespective of both the temporal component of
ERFs and channel clusters. While INTs have been extensively studied in various cognitive
and attentional contexts (Gao et al., 2020b; Yeshurun et al., 2021; Smith et al., 2022;
Wolman et al., 2023; Zeraati et al., 2023), their relationship to event-related activity
remains unexplored. As such, our study offers a potential starting point for understanding

the interplay between resting-state and task-related brain dynamics.

The observed positive relationship between intrinsic neural timescales (INTs) and mERF
supports the hypothesis that INTs, which have been linked to resting-state activity (Ito et
al., 2020; Raut et al., 2020), also reflect the brain's response to external stimuli. This novel
connection underscores the importance of considering resting-state dynamics for
understanding task-related neural processes. This is consistent with the fluctuation-
dissipation theorem which states that the response to an external perturbation has the
same form of an intrinsic fluctuation in the absence of the external perturbation(Callen and
Welton, 1951; Van Kampen, 2007; Balakrishnan, 2021). The main intuition is that the
random forces that cause fluctuations in the resting state (due to synaptic noise (Faisal et
al., 2008), ion channel fluctuations (Schneidman et al., 1998), random thermal noise (White

et al., 2000), etc.) are qualitatively no different from an external perturbation in the form of

110



an electrical stimulation in vitro or a cognitive task in vivo. Thus, the autocorrelation
function of intrinsic fluctuations also contains information about the average dissipation
back to the baseline from a transitory (spontaneous or externally evoked) displacement of
neural activity. Additional evidence in favor of fluctuation-dissipation theorem as a
formalism describing the INT-mERF relationship comes from the dissection of event-
related activity into evoked and induced parts. The theory predicts a relationship with the

evoked, but not induced part which is indeed what we observe in empirical data.

The framework of the fluctuation-dissipation theorem offers a novel perspective on the
theoretical conceptualization of INTSs. In their foundational work, (Hasson et al., 2015)
introduced the concept of “process memory,” which unifies short-term information storage
and information processing within the context of neuronal dynamics. This framework posits
that INTs serve as indices of a neuronal signal’s memory, with longer INTs reflecting an
enhanced capacity of a brain region to retain information over extended durations. The
fluctuation-dissipation theorem provides a potential theoretical basis for "process memory"
by establishing an explicit link between intrinsic dynamics and responses to external
perturbations. Specifically, a slower decay of the autocorrelation function in the resting
state implies a prolonged decay of external perturbations, resulting in a delayed return to
baseline activity. The external perturbation is effectively retained within the "process

memory" of the brain region for a longer period.

Finally, we should note that our results relating intrinsic timescales of the resting state to
event-related activations of the task state are in no contradiction to previous results
connecting alpha oscillations in resting state to evoked activity. The theoretical framework
we discussed here relates not just INTs to the evoked responses, but the whole
autocorrelation function. By Wiener-Khinchine theorem which relates autocorrelation
function to power spectrum by Fourier transforms, it should also be clear that the
oscillatory power in resting state should be related to the oscillations in event-related
activity (see results for formal details). Thus, we hope that the framework we assume can
not only provide a theoretical foundation of INTs but also shed a new light on existing

results about oscillatory interactions.

Several limitations of this study must be acknowledged. First, while our model established
a causal link between intracolumnar connectivity and ACW-mERF relationships, this is a

computational causality and does not imply biological causation. Empirical validation will
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require methods that can measure and perturb intracolumnar circuits directly (Hernan and
Robins, 2024). Second, we did not perform source reconstruction on MEG data, as our goal
was to investigate relationships between INTs and ERFs rather than localize cognitive
processes already characterized in previous work (Hariri et al., 2003). A third limitation
pertains to the methodological constraints of the empirical MEG data: we were unable to
directly measure or model intracolumnar connections within the data itself. Future work
will need to address this by incorporating advanced imaging techniques or multi-modal
data that can probe intracolumnar dynamics more directly. Yet another limitation of our
study is the simplicity of our model. Using only two regions provided us tractability at the
cost of biological realism. We used the two following observations to account for the
relationship between mERF and ACW: i) the intracolumnar connections were the only
parameter that correlated with both the mERF and ACW, ii) when we conditioned a
regression model on intracolumnar connections, the correlation between mERF and ACW
vanished. Nonetheless, we acknowledge that other interregional parameters can also
influence mERF and ACW and it is possible that our model can miss this due to its
simplicity. We believe that further computational and physiological studies are necessary to

resolve the possible differential roles of biological parameters in our empirical results.

Our study demonstrates a relationship between resting state dynamics and event-related
task responses. We observe a positive correlation between INTs and mERF's in both
computational modeling and empirical data. Modeling suggests that this relationship may
be driven by intracolumnar connections. Beyond linking INTs and ERFs empirically, our
findings support the fluctuation—dissipation theorem as a theoretical framework
formalizing how intrinsic fluctuations relate to the brain’s responses to external

perturbations.
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4 INTRINSICTIMESCALES.JL: A JULIA PACKAGE TO
ESTIMATE INTRINSIC (NEURAL) TIMESCALES (INTS)

FROM TIME-SERIES DATA

Authors: Yasir Catal & Georg Northoff

Published in Journal of Open Source Software (2025)

4.1 SUMMARY

‘IntrinsicTimescales.jl” is a Julia package to perform estimation of intrinsic neural
timescales (INTs). INTs are defined as the time window in which prior information from an
ongoing stimulus can affect the processing of newly arriving information (Hasson et al.,
2008, 2015; Golesorkhi et al., 2021; Wolff et al., 2022). INTs are estimated either from the
autocorrelation function (ACF) or the power spectral density (PSD) of time-series data
(Honey et al., 2012; Gao et al., 2020b). In addition to the model-free estimates of INTs,
‘IntrinsicTimescales.jl” offers implementations of novel techniques of timescale estimation,
estimating parameters of an Ornstein-Uhlenbeck process with adaptive approximate
Bayesian computation (aABC) (Beaumont et al., 2009; Zeraati et al., 2022) and automatic
differentiation variational inference (ADVI) (Kucukelbir et al., 2017).

4.2 STATEMENT OF NEED

Intrinsic neural timescales (INTs) were found to be an important metric to probe brain
dynamics and function. On the neuroscientific side, INTs were found to follow the large-
scale gradients in the cortex ranging from uni- to transmodal areas, including local and
long-range excitation (Murray et al., 2014; Wang, 2020b) and proxies of myelination (Ito et
al., 2020b; Wang, 2020b). From a cognitive science perspective, INTs were found to be
related to reward (Murray et al., 2014), behavior (Zeraati et al., 2023; Catal et al., 2024),
self (Wolman et al., 2023), and consciousness (Zilio et al., 2021), among others. Proper
estimation of INTs is crucial to make sure the estimates are not affected by limited data,
missingness of the data, or oscillatory artifacts. While several methods exist for estimating

INTSs, there is a lack of standardized, open-source tools that implement both traditional
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model-free approaches and modern Bayesian estimation techniques. Existing software
solutions are often limited to specific estimation methods, lack proper uncertainty

quantification, or are not optimized for large-scale neuroimaging data.

‘IntrinsicTimescales.jl” addresses these limitations by providing a comprehensive, high-
performance toolbox for INT estimation. The package implements both established model-
free methods and novel Bayesian approaches, allowing researchers to compare and validate
results across different methodologies with a simple API. Its implementation in Julia
ensures computational efficiency, crucial for analyzing large neuroimaging datasets. The
package's modular design facilitates easy extension and integration with existing
neuroimaging workflows, while its rigorous testing and documentation make it accessible to

researchers across different levels of programming expertise.

4.3 MAJOR FEATURES

‘IntrinsicTimescales.jl” provides the following features:

e Model-free methods: ‘IntrinsicTimescales.jl” offers a unified API for the following
INT estimation methods, making it easy for the user to compare different estimation

methods and allow flexibility in scripting:
ACW-50: Time to reach 0.5 in the ACF (Honey et al., 2012)

ACW-0: Time to reach 0.0 in the ACF (Golesorkhi et al., 2021; Wolman et al.,
2023)

ACW-e: Time to each 1/e in the ACF (Cusinato et al., 2023)

AUC: Area under the curve of the ACF from lag-zero to the lag where ACF
reaches 0 (Watanabe et al., 2019; Raut et al., 2020a; Manea et al., 2022; Wu
and Gollo, 2025)

tau: The inverse decay rate of an exponential decay function fitted to the ACF

(Murray et al., 2014; Catal et al., 2024)

knee: Estimation of the inverse decay rate of the exponential decay function

by fitting a Lorentzian to the PSD. Following the Wiener-Khinchine theorem,
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the decay rate of an exponential decay function is proportional to the knee
frequency of the PSD (Gao et al., 2020; Manea et al., 2024). Following the
FOOOQOF package (Gao et al., 2020), we follow a 3-step procedure for
estimating the knee frequency. First, a Lorentzian is fitted to the PSD.
Secondly, the Lorentzian fit is subtracted and Gaussians for oscillatory peaks
are fitted to the residual PSD. Finally the Gaussians are subtracted from

base PSD and a Lorentzian is fitted one more time.

¢ Bayesian Parameter Estimation: These methods estimate the timescale as a
parameter of a generative model involving an Ornstein-Uhlenbeck process.

Generative models support missing data and oscillatory artifacts.

Adaptive Approximate Bayesian Computation (aABC) with population Monte
Carlo (Beaumont et al., 2009; Zeraati et al., 2022)

Automatic Differentiation Variational Inference (ADVI) through "Turing.jI’
(Kucukelbir et al., 2017)

e Specialized ACF and PSD calculations:

In the case of no missing data, "IntrinsicTimescales.jI" calculates the ACF as
the inverse Fourier transform of squared magnitude of the Fourier transform
of the data for increased performance. PSD calculation is done using the
periodogram method with a Hamming window. In the case of missing data,
ACF is calculated in the time domain while accounting for the missingness of

the data and the PSD is calculated with the Lomb-Scargle periodogram.
e Visualization:

‘IntrinsicTimescales.jl” offers built-in plotting utilities for ACFs and PSDs.

For Bayesian methods, plots of posterior predictive checks are available.

A diagram that shows the major features of the package can be seen in Figure 4.1.
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Figure 4.1. A diagram showing the features of the package. * in *_model denotes one of the generative models.

4.4 DOCUMENTATION

‘IntrinsicTimescales.jl” provides comprehensive documentation that includes detailed API
references and practical tutorials. The documentation is structured in three main sections:
1) Practice tutorials that build up understanding from basic concepts to advanced methods,
2) implementation details for both model-free and Bayesian methods, and 3) a complete API
reference. Each estimation method is thoroughly documented with mathematical
formulations, example code, and explanations of the parameters. The documentation
includes code examples demonstrating proper usage of the package's features, from basic
timescale estimation to advanced Bayesian inference techniques. All documentation is

hosted online and integrated with Julia's built-in help system.

‘IntrinsicTimescales.jl” aims to become a standard tool in neuroscience research by
providing robust, efficient, and well-documented methods for estimating intrinsic neural

timescales across different experimental paradigms and data conditions.
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5 SUPPLEMENTARY MATERIAL FOR “FLEXIBILITY OF
INTRINSIC NEURAL TIMESCALES DURING DISTINCT

BEHAVIORAL STATES”

5.1 TIMESCALE VALUES ACROSS THE BRAIN IN MICE

In the figure below, we show the values of T across the brain in all of the mice. The 7 values
were averaged across windows of activity (see methods).
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Supplementary Figure 5.1: The distribution of averaged ACW-0 values across 92 ROIs for each of the mice.

5.2 ROC CURVES AND CONFUSION MATRICES FOR EACH FOLD FOR

MIcCE DATA

We used nested cross-validation for hyperparameter optimization of our support vector
machines. 10 inner and 10 outer folds were used. The hyperparameter optimization was
done on the inner folds using 10-fold cross validation, then the model was tested on the
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outer fold. Here, we report the confusion matrices and ROC curves for each of the tests on
10 outer folds for the mice data.
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Supplementary Figure 5.2. Confusion matrices for each of the 10 outer folds (see above text and methods) for the
mice calcium imaging data.
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Supplementary Figure 5.3. ROC curves for each of the 10 outer folds (see above text and methods) for the mice
calcium imaging data. AUC: Area under the curve.

5.3 REPLICATION OF ROC CURVES AND CONFUSION MATRICES IN
MICE DATA USING ACW-0

We replicated the main analyses in the paper using ACW — 0: the lag where autocorrelation
function reaches 0 instead of 7. We started our analyses with the machine learning analyses
for mice behavioral classification using SVM. Supplementary figure 5.4A shows ACW — 0
values across the mice brain in one of the mice. The confusion matrix for test data aggregated
across folds can be seen in figure supplementary figure 5.4B. In all behavioral states, SVM
performed higher than random chance (20% for 5 states), between 68.7% for locomotion and
81.3% for sustained rest; and showed an overall accuracy of 75.7%. The oneversus-all ROC
curve averaged across folds is given in supplementary figure 4C, showing that for every state,
SVM reached an AUC of more than 0.9, indicating that false positives and false negatives
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are relatively low. The results for individual folds can be found in supplementary figures 5.5

and 5.6.
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Supplementary Figure 5.4. Classification learning for behavioral states using ACW — 0. a. The averaged ACW-0
values across the brain for one of the mice. The same figure for other mice can be found in supplementary figure 1.
b. We trained support vector machines to classify the behavioral states of mice based on the ACW-0 values across
the brain with nested cross validation for hyperparameter tuning (10 inner, 10 outer folds). Panel B shows the
confusion matrix for test data, aggregated across folds. C. Receiver operating characteristic curve for the test data
using the trained support vector machine. The data ROC curves from 10 folds were averaged and the standard
deviation across the folds were indicated as shading. Abbreviations: TPR: True positive rate, FNR: False negative
rate, AUC: Area under the curve, M: Mean, STD: Standard deviation
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Supplementary Figure 5.5. Confusion matrices for each of the 10 outer folds (see above text and methods) for the
mice calcium imaging data using ACW — 0 instead of t.
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Supplementary Figure 5.6. ROC curves for each of the 10 outer folds (see above text and methods) for the mice
calcium imaging data using ACW — 0 instead of t. AUC: Area under the curve.

5.4 LOGISTIC REGRESSION RESULTS FOR MICE DATA

In addition to SVM, we performed logistic regression for prediction of behavioral states
from data. Supplementary figure 5.7 shows the average ROC curve and aggregate
confusion matrix evaluated on the test set. Supplementary figures 5.8 and 5.9 show
individual ROC curves and confusion matrices for each fold.
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Supplementary Figure 5.9. ROC curves for each of the 10 outer folds (see above text and methods) for the mice
calcium imaging data using logistic regression instead of SVM. AUC: Area under the curve.

5.5 REPLICATION OF REST — TASK DIFFERENCE OF INTS AVERAGED

ACROSS TIME IN MICE DATA USING ACW -0

Supplementary figure 5.10 shows the comparison of ACW-0 values averaged across windows
for each ROI. The difference between mean ACW-0 values for sustained rest and locomotion
for all mice is shown in supplementary figure 5.10A (Wilcoxon test (n=460 for each group, z
= 23.05, p < 0.001, r = 0.88). These comparisons for each of the individual mice is shown in
supplementary figure 5.10B (n = 92). In each case, we see an increase in the mean of ACW-
0 for each region of interest from sustained rest to locomotion.
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Supplementary Figure 5.10. Comparison of mean ACW-0s instead of ts averaged across time for each region of
interest (ROI). A. Comparison of ACW-0 values between sustained rest and locomotion states in all mice. B.
Comparison for each mouse. Each dot in the figure represents ACW-0 value of one ROI. Colors denote individual

mice.
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5.6 COMPARISON OF MEAN AND STANDARD DEVIATION OF NEURAL

ACTIVITY ACROSS BEHAVIORAL STATES IN MICE

Supplementary figure 5.11 shows the rest — locomotion difference of mean and SD of neural
activity in mice data.
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Supplementary Figure 5.11. Comparison of mean and SD of neural activity in mice across sustained rest and
locomotion conditions.

5.7 ADDITIONAL CONTROL ANALYSES FOR THE SPECIFICITY OF INT IN

MIicCE DATA

To counter the argument that variance of the data might be a confounding factor for the
behavioral specificity of INT, we performed a two — step analysis: first we showed the
correlation between variance and INT, second, we used the variance as a confounder in a
regression analysis. Supplementary figure 5.12 shows the correlation whereas
supplementary tables 5.1 and 5.2 shows the results for logistic regression.
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Supplementary Figure 5.12. Correlation between ACW and SD in mice data

Supplementary table 5.1. Logistic regression between behavioral state and INT in mice calcium imaging data

Name Estimate| SE tStat | DoF | p 5% 95%
value | CI CI

Intercept| 1.935 0.200 | 9.665 | 343 | <0.001]| 1.541 | 2.329

INT -2.441 0.550 343 | <0.001

4.432 3.525 | 1.358

Supplementary table 5.2. Logistic regression between behavioral state and INT + SD in mice calcium imaging
data

Name Estimate | SE tStat DoF p value | 5% CI 95% CI
Intercept | 1.953 0.212 9.193 342 <0.001 1.535 2.372
INT -2.454 0.553 -4.437 342 <0.001 |-3.541 -1.366
SD -0.791 2.919 -0.271 342 0.786 -6.534 4.951
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5.8 ROI SPECIFIC REST — TASK COMPARISONS FOR MICE DATA

We grouped mice ROIs into 12 categories: "Left Frontal", "Left Motor", "Left Somatosensory
1", "Left

Somatosensory 2", "Left Somatosensory 3", "Left Visual", "Right Frontal", "Right Motor",
"Right Somatosensory 1", "Right Somatosensory 2", "Right Somatosensory 3", "Right
Visual". This classification can be seen on a topographic plot in supplementary figure 5.13.
The results for rest — task differences are presented in supplementary figure 5.14.
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Right Motor
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Supplementary Figure 5.13. Classification of ROIs in mice calcium imaging data
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Supplementary Figure 5.14. Comparison of ts in mice calcium imaging data according to the classification shown
in supplementary figure 6, averaged across time windows for every channel. Every dot denotes one channel. Colors
denote mice.

5.9 ANALYSIS OF EARLY AND LATE SEGMENTS OF MICE DATA

We compared the early and late periods of sustained rest and locomotion in a recording. We
picked recordings that have more than one sustained rest period and compared the first
sustained rest and the last one. We did the same analysis for locomotion as well. In both

analyses,

(supplementary figure 5.15).
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Supplementary Figure 5.15. Comparison of early and late periods of Calcium Imaging Data.

5.10 REPLICATION OF REST — TASK DIFFERENCE OF INTS AVERAGED

ACROSS ROIS IN MICE DATA USING ACW-0

Supplementary figure 16 shows the ACW — 0 differences averaged across ROIs for each time
window. Supplementary figure 5.16A shows the change of mean across the brain for each
window, showing a significant increase in brain-wide ACW-0 (n=182 for sustained rest,
n=163 for locomotion; z=9.18, p <0.001, r = 0.57). The comparisons for each of the individual
mice are shown in Supplementary figure 5.16B showing that this increase holds in each
mouse (cm124: n=14 for sustained rest, n=15 for cm124, z=2.99, p=0.003, r=0.66; cm125:
n=63 for sustained rest, n=36 for locomotion, z=4.67, p<0.001, r = 0.57; cm126: n=26 for
sustained rest, n=15 for locomotion, z=3.53, p<0.001, r=0.67; cm127: n=31 for sustained rest,
n=48 for locomotion, z=4.13, p<0.001, r=0.55; cm128: n=48 for locomotion, n=49 for sustained

rest, z=3.96, p<0.001, r=0.47).
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Supplementary Figure 5.16. Comparison of mean ACW - 0s instead of ts averaged across regions of interest (ROIs)
for each time window. A. Comparison of ACW-0 values between sustained rest and locomotion states in all mice.
B. Comparison for each mouse. Each dot in the figure represents ACW-0 value of one time window. Colors denote

individual mice.
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5.11 ANALYSIS OF PUPIL DIAMETER IN SPONTANEOUS BEHAVIOR TASK

FOR MICE
357 z=14.60, p<0.001,r=1.19
30
»
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Supplementary Figure 5.17. Comparison of pupil size from sustained rest to locomotion. We averaged the recorded
pupil size for each time window. Each color denotes one time window.

We also compared the pupil size between sustained rest and locomotion states to assess the
behavioral changes that go along with changes in 7. For each time window, we averaged the
pupil size across time. Supplementary figure 5.17 shows that the pupil size is significantly
larger during locomotion compared to the sustained rest (n=182 for sustained rest, n=163 for
locomotion; z = 14.6, p < 0.001, r = 1.19).

5.12REPLICATION OF REST INT VARIABILITY — REST-TASK INT

CHANGE IN MICE DATA USING ACW-0

In supplementary figure 5.18, we present the correlations between rest variability of ACW —
0 and percent rest — task change of it (figure 5.18A: Spearman’s p(458) = -0.44, p < 0.001).
Supplementary figure 5.18B shows the distribution of rest variability and the rest-
locomotion percent change across the brain. Supplementary figure 5.18C shows this
relationship for each of the mice (n=92 in each plot), showing that all mice show this
negative and significant  correlation.
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Supplementary Figure 5.18. Rest-Behavior modulation of ACW — 0 instead of 1. A. We calculated variability of
ACW-0s across time windows. To calculate the change of ACW-0s from rest to locomotion, we averaged the percent
change of ACW-0s in each of the aforementioned windows. We correlated variability of ACW-0s during sustained
rest with the ACW-0 percent change from rest to locomotion. Each dot denotes one region of interest in one recording
session. B. The distribution of variability of ACW-0 during rest and percent change of ACW-0 from rest to
locomotion across the brain. C. Same as panel A for each of the individual mice.

5.13ROC CURVES AND CONFUSION MATRICES FOR EACH FOLD FOR
EEG

Here, we report the confusion matrices and ROC curves for each of the tests on 10 outer folds
for the mice data (supplementary figures 5.19 and 5.20).
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Supplementary Figure 19. Confusion matrices for each of the 10 outer folds (see above text and methods) for the
human EEG data.
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Supplementary Figure 5.20. ROC curves for each of the 10 outer folds (see above text and methods) for the human
EEG data. AUC: Area under the curve.
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5.14 REPLICATION OF ROC CURVES AND CONFUSION MATRICES IN EEG
DATA USING ACW-0

Supplementary figure 5.21A shows the distribution of ACW-0 values across the scalp
averaged across time windows and 21 subjects (2961 time windows and 64 channels as
features). We started our analysis by replicating the support vector machine (SVM) findings
with a radial basis kernel. The SVMs were trained using nested cross validation with 10
inner and 10 outer folds. The confusion matrix for test data aggregated across folds is given
in supplementary figure 5.16B, showing that the SVM is reaching an accuracy of at least
58.3% while random chance is 33.3%. ROC curves averaged across folds are given in
supplementary figure 5.16C, showing a minimum AUC of 0.76, indicating that indeed the
different states (rest, self, non-self) can be distinguished by ACW-0 values recorded on scalp.
Confusion matrices and ROC curves for individual folds can be found in supplementary
figures 22 and 23.
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Supplementary Figure 5.21. Classification learning for EEG states. A. The distribution of ACW-0 values averaged
across time windows and subjects on the scalp for rest, self-narrative and non-self (other) narrative. B. We trained
support vector machines to classify rest versus self versus other states using ACW-0 values across the brain using
nested cross validation for hyperparameter tuning (10 inner, 10 outer folds). Panel B shows the confusion matrix
for test data, aggregated across 10 folds. C. Receiver operating characteristic curve for the test data of the trained
support vector machine. The ROC curves for 10 folds were averaged and the standard deviation across folds was
indicated with the shadings. Abbreviations: TPR: True positive rate, FNR: False negative rate, AUC: Area under
the curve, M: Mean, STD: Standard deviation.
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Supplementary Figure 5.22. Confusion matrices for each of the 10 outer folds (see above text and methods) for the
human EEG data using ACW — 0 instead of t.
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Supplementary Figure 5.23. ROC curves for each of the 10 outer folds (see above text and methods) for the human
EEG data using ACW - 0 instead of t. AUC: Area under the curve.

5.15LOGISTIC REGRESSION RESULTS FOR EEG DATA

As explained above for the case of mice, we additionally did logistic regression for EEG
data as well. Supplementary figure 5.24 shows the average ROC and aggregate confusion
matrix. Supplementary figures 5.25 and 5.26 show confusion matrices and ROC curves for
each fold.
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Supplementary Figure 5.24. Classification learning for behavioral states using logistic regression instead of SVM
in human EEG data.

a. We trained logistic regression models to classify the behavioral states of mice based on the ACW-0 values across
the brain with nested cross validation for hyperparameter tuning (10 inner, 10 outer folds). Panel a shows the
confusion matrix for test data, aggregated across folds. b. Receiver operating characteristic curve for the test data
using the logistic regression model. The data ROC curves from 10 folds were averaged and the standard deviation
across the folds were indicated as shading. Abbreviations: TPR: True positive rate, FNR: False negative rate, AUC:
Area under the curve, M: Mean, STD: Standard deviation

Folds

other 9 24 19 other other other
123 0 123 @0 123
123 12 123 0 123
L & 8 S 8

O rest| 15 11 O rest O rest ] O rest
o (3 o (3 o
2 2 c 2 2
= S = ~ =

self| 22 32 self’ self self

other rest self other rest self other rest self other rest self other rest self
Predicted Class Predicted Class Predicted Class Predicted Class Predicted Class

other 26 27 other other 25 26 other other
o @ 0 @ 0
] @ 7] @ 7]
L X i ] s
O o O o O

o rest 21 66 12 o est o st 13 8 18 o et o rest
] d = 2 &
= (= = [ =

self| 24 28 self’ self| 27 17 4 self| self

other rest self other rest self other rest self other rest self other rest self
Predicted Class Predicted Class Predicted Class Predicted Class Predicted Class

Supplementary Figure 5.25. Confusion matrices for each of the 10 outer folds (see above text and methods) for the
human EEG data using logistic regression instead of SVM.
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Supplementary Figure 5.26. ROC curves for each of the 10 outer folds (see above text and methods) for the human
EEG data using logistic regression instead of SVM. AUC: Area under the curve.

5.16 REST VARIABILITY — REST-TASK CHANGE CORRELATIONS IN EEG

DATA
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Supplementary Figure 5.27. We calculated the variability across time windows for each channel during the resting
state and correlated that with the percent rest — task change of 1. Each dot denotes one channel, colors denote
subjects. The dots with black circles around them are outliers taken out from figure 2.7D.

Supplementary figure 5.27 shows the Spearman correlation between rest variability of T
and rest-task % change of it (rest-self difference: Spearman’s p(1342) = -0.31, p<0.001; rest-
other difference: Spearman’s p(1342) = -0.4, p<0.001).
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5.17REPLICATION OF REST — TASK INT COMPARISONS AND

CORRELATIONS USING ACW-0

Supplementary figure 5.28A shows that during the self-stimulus, INT are the longest,
followed by other and rest (n=1344 for each group). Multiple comparisons using Wilcoxon
tests and effect size calculations can be seen in Supplementary figure 5.28 panels A and B.
A mixed effects model treating average ACW — 0 across time windows as dependent variable,
state as fixed effect, channels and subjects as random effects show significant effect for state
(F2, 3046=288.396, p < 0.001). Similarly, mixed effects model treating average ACW - 0 across
channels as dependent variable, state as fixed effect and subjects as random effect found
significant effect for state (F2, 2038 = 99.193, p < 0.001).

As in the mice, we also looked at the rest variability of INT and rest-behavior change of the
mean of INT. Supplementary figure 5.20C shows resting state variability of ACW-0 values
as well as rest-behavior changes of the mean of ACW-0s. In figure 5.28D, we see the
correlation between resting variability and rest-behavior percent change of ACW-0 values
(rest-self difference: Spearman’s p(1342) = -0.21, p < 0.001; rest-other difference: p(1342) =
-0.24, p <0.001).
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Supplementary Figure 5.28. A. Comparison of ACWs between three states averaged across time windows for every
channel. Every dot denotes one channel. Colors denote subjects. B. Comparison of ACWs across three states,
averaged across channels for every time window. Every dot denotes one time window. Colors denote subjects. C.
Resting state variability and rest-task change of ACWs averaged across time windows and subjects. D. We
calculated the variability across time windows for each channel during the resting state and correlated with the
percent rest — task change of ACW-0. Each dot denotes one channel, colors denote subjects.

5.18 COMPARISON OF POWER BANDS IN HUMAN EEG DATA

In addition to timescales, we also calculated the power bands in human EEG data and
compared them across the three conditions. Supplementary figures 5.29 and 5.30 show the
results and results without outliers, defined as the values which are three median absolute
deviations away from the median.
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Supplementary Figure 5.29. Comparison of power bands across three states in human EEG data. Horizontal black
lines show median.

138



z=9.11,p <0.001,r=-0.20

z=12.45,p<0.001,r=-0.28

— T 7=208,p=0038r=0.05
z=14.06, p<0.001,r=-0.31

(&2}
T

N w £
Mean of § power across windows

Mean of § power across windows
-

Rest Self Other
z=7.82,p<0.001,r=-0.17
z=2.14,p=0.032,r=0.05
3 p

o

z=9.71,p <0.001, r=-0.22

v4

" 7=354p<0.001,r=0.08
107z =14.10, p <0.001, r= 0.31 2 :

@ g
g g
° E
.§ ;
g 8 g
o 5 6T
S 3
©
- 6 2
g S
=
g g 4r
¢ 4r &
% k]
{= < L
$ 2t g 2
= =
0
Rest Self Rest Self
e f

z=10.25,p <0.001, r=-0.23
z=3.38, p<0.001,r=0.08
.30 -

z=3.78,p <0.001, r=-0.08

T 7=702,p=0.044,r=004
1.5 |z = 5.695p < 0.007, r = 043 ®

051

Mean of v power across windows

Mean of Broadband power across windows

o

Supplementary Figure 5.30. Comparison of power bands across three states in human EEG data without the
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median.

5.19ADDITIONAL CONTROL ANALYSES FOR THE SPECIFICITY OF INT IN
EEG DATA

To counter the argument that the power bands in EEG data might be a confounding factor
for the behavioral specificity of INT, we performed a two — step analysis: first we showed
the correlation between power bands and INT, second, we used the power bands as a
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confounder in a regression analysis. Supplementary figure 5.31 shows the correlation
whereas supplementary tables 5.3 and 5.4 shows the results for logistic regression.
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Supplementary Figure 5.31. Correlation between oscillatory power bands and INT.

Supplementary table 5.3. Logistic regression between behavioral state and INT in human EEG data

o =-0.359,p<0.001
L] L d

0.1 0.15
Timescale (7)

¢ Rest
* Self
® Other

Name Estimate| SE tStat | DoF p 5% 95%
value | CI CI
Intercept| 0.664 0.007| 86.03| 189500 O 0.649] 0.679
INT 0.637 0.152| 4.171 | 189500] <0.001| 0.338] 0.936
Supplementary table 5.4. Logistic regression between behavioral state and INT + power bands in human EEG
data
Name Estimate| SE tStat DoF p value | 5% CI 95% CI
Intercept | 0.724 0.014 50.556 | 189500 |0 0.696 0.752
INT 0.471 0.170 2.760 189500 | 0.005 0.136 0.806
Delta -0.012 0.002 -5.963 189500 |<0.001 |-0.017 -0.008
Theta 0.013 0.003 4.139 189500 | <0.001 | 0.006 0.019
Alpha -0.007 0.001 -4.063 189500 |<0.001 |-0.010 -0.003
Beta -0.003 0.003 -1.296 189500 | 0.195 -0.009 0.002
Gamma 0.022 0.018 1.247 189500 | 0.212 -0.012 0.058
Broadband| 0.001 0.001 0.083 189500 | 0.933 -0.003 0.003
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5.20 CHANNEL — SPECIFIC ANALYSES FOR EEG DATA

We performed a topographic analysis in EEG data by classifying channels in following
categories: 'Left

Frontal', 'Right Frontal', 'Left Central', 'Right Central', 'Left Parietal', 'Right Parietal', 'Left
Temporal', 'Right Temporal', 'Left Occipital', and 'Right Occipital'. This classification can be
seen on a topographic plot in supplementary figure 5.32.

Unclassified

Right Occipital

i

Left Occipital

1 Right Temporal
1 Left Temporal
Right Parietal
Left Parietal

Right Central

Left Central
Right Frontal

Left Frontal

Supplementary Figure 5.32. Classification of electrodes based on locations on scalp

We performed rest — task difference analyses on individual groups of channels. These results
are visualized in supplementary figure 5.33.
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Supplementary Figure 5.33. Comparison of ts in human EEG between three states, rest and two task states,
according to the classification shown in supplementary figure 9, averaged across time windows for every channel.
Every dot denotes one channel. Colors denote subjects.

5.21 REPLICATION OF MODELING RESULTS USING ACW-0

We proceeded with the modeling results. Supplementary figure 5.34 shows comparison of
ACW — 0 values between rest and stimulated states (panel A, n=10800 for each group,

142



z=50.68, p<0.001, r=0.40) as well as the rest variability — rest-task percent change
correlation for ACW — 0 (panel B, p(10798)=-0.521, p<0.001).
a b
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Supplementary Figure 5.34. Replication of empirical results in a neural mass model using ACW — 0 instead of .
A. We simulate the model for 300 seconds, discard the first 100 seconds and calculate ACW-0 values in 10 second
sliding windows with no overlap in both rest and stimulated states. For every region, we averaged the ACW-0
values across time and compared between rest and stimulated conditions. B. We calculated the variability of ACW-
0 values across time for every region and correlated it with the percent change of ACW-0 from rest to stimulated
state. In panels D and E, each dot represents one region. Colors denote simulations.

Supplementary figure 5.35 shows rest — task change of ACW — 0 for different values of
recurrent connections. Figure 5.35B shows that for recurrent connections lower than the
default strength of connection (1), the rest-stimulated state change of ACW-0 is lower with
negligible difference in the absence of recurrent connections (n=10800 for each group in all
comparisons; z = 24.78, p < 0.001, r = 0.19 for W;=0.5 and z = 5.93, p < 0.001, r = 0.05 for
Wii=0). For higher recurrent connections, the difference initially increases, then stops (z =
85.87, p <0.001, r =0.67 for W;=1.5; z=114.85, p < 0.001, r = 0.9 for W;;=2). Increasing the
recurrent connections further causes a decrease in the rest-stimulated state change with
negligible difference at the connection strength 3 (z = 81.94, p < 0.001, r = 0.64 for

Wii=2.5 and z = 6.30, p < 0.001, r = 0.05 for W ;=3). Increasing even further causes a decrease
in the ACWO (z = 69.30, p < 0.001, r = -0.54 for W;=3.5; z = 112.39, p < 0.001, r = -0.88 for
Wii=4). These results are summarized in figure 5.35A. We plotted the changes averaged

across ROIs and simulations and interpolated the values between our simulations to obtain
the continuous line.
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Supplementary figure 5.35. Recurrent connections determine rest — stimulation ACW-0 change. A. Relationship
between recurrent connections and rest-stimulation change of ACW-0. The positions of the black dots are calculated
as the percent change of ACWO0 averaged across regions and simulations. Continuous line was interpolated from
the dots. B. We simulate the models with various strengths of recurrent connections and compare the ACW-0 values
in rest and stimulated states. As in figure 9D, each dot denote one region and colors denote simulations.

5.22 CONTROLLING FOR FIRING RATES IN THE NEURAL MASS MODEL

It can be argued that the findings presented in figure 9 depend on the firing rate instead of
recurrent connections. Indeed when all else is equal, increasing the strength of recurrent
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connections increase the firing rate. This can be observed in supplementary figure 5.36 for
resting state (no stimulation) and supplementary figure 5.37 for stimulated state.
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Supplementary Figure 5.36: Firing rate time series in one simulation for all regions in resting state. Wi denote
recurrent connections. I stands for external input (which is set to 0 for the resting state) and <X> is the average
firing rate across time and regions of interest. Each color denotes one region.
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Supplementary Figure 5.37: Firing rate time series in one simulation for all regions in stimulated state. Wi denote
recurrent connections. I stands for external input (which is set to 3 for the stimulated state) and <X>> is the average
firing rate across time and regions of interest. Note the saturation of firing rates for Wi =3. Each color denotes one
region.

To counter this criticism, we used a set another dynamic equation for I so that for all the
values for recurrent connections (see methods), the average resting firing rate is around 0.1
and the average firing rate for stimulated state is around 0.6. This was done for W;; values
from 0 to 3. Supplementary figures 5.38 and 5.39 show the determined values of I, resulting
average firing rates and time series of firing rate for one simulation in rest and stimulated
states respectively.
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Supplementary Figure 5.38: Firing rate time series in one simulation for all regions in resting state with optimized
value of external stimulation so that average firing rate will be around 0.1. Wi denote recurrent connections. |
stands for external input and < X> is the average firing rate across time and regions of interest. Each color denotes
one region.
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Supplementary Figure 5.39: Firing rate time series in one simulation for all regions in stimulated state with
optimized value of external stimulation so that average firing rate will be around 0.6. Wi denote recurrent

147



connections. 1 stands for external input and <X> is the average firing rate across time and regions of interest.
Each color denotes one region.
We reran the simulations with these values of external stimulations to get the rest —

stimulated state comparison of 7 values, obtained using the same way in the main paper.
Supplementary figure 40 shows the values in all simulations. Note the steady increase of the
T difference with increasing recurrent connections.
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Supplementary Figure 5.40: After determining the strength of external stimulation for each value of recurrent
connection, we simulate the models again and compare the timescale values in rest and stimulated states. Each
dot denotes one region and colors denote simulations.

5.23MODEL WITH INHIBITORY CONNECTIONS

In order to replicate our results in a model that also includes inhibitory connections, we
modified the equations by incorporating one excitatory and one inhibitory population for each

region:
de,i
e = %5, i(OFf (ZVViij,i(t)"'CEExE,i(t)-CEIxI'i(t)+b+1i(t))
i#j
dxp, ;(t)

T dt =-xp, i +f (Cigxg, i (t)-Cpyxp i () +b)

Where xg; and x;; represent the firing rates of excitatory and inhibitory populations in
region i respectively. C;; is the weight matrix of intraareal connections. For numerical
simulations, we set 7=0.1, 7,=0.05, C;=0.1, C;z=0.2, C;=0.8. Remaining parameters are the
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same as the excitatory-only simulations. By defining Cgr as a separate term, we set the
diagonal elements of W to 0. Cgr corresponds to recurrent excitatory connections and we
explore their effect on the dynamics via changing Cgr systematically from O to 4 in steps of
0.5. Below, we replicate figures 2.8 and 2.9 from the main manuscript in this formalism
and investigate the ACW changes of excitatory populations.
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Supplementary Figure 5.41. a. Rest — Stimulation change of timescale for the resting model and stimulated model.
b. Correlation between rest variability of timescale and rest - task change of timescale.
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5.24 LYAPUNOV SPECTRA OF THE MODEL

In order to further characterize the model and assess potential chaoticity of the dynamics,
we calculated the Lyapunov spectra for each value of the recurrent connection in both rest
and stimulated states.

Supplementary figure 5.43 shows the Lyapunov Spectra.
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Supplementary Figure 5.43. Lyapunov spectra of the model in rest and stimulated states for each value of recurrent
connections

5.25 THE EFFECT OF NETWORK TOPOLOGY ON REST — STIMULATED STATE

CHANGE OF INTSs

By shuffling the edges in the connectivity network, we tested the effect of topological
structure on the rest — stimulated state change of INT. We randomly shuffled 20 to 100
percent of edges while keeping the recurrent connections intact 30 times and calculated the
T values in 10 second sliding windows with no overlap. Supplementary figure 5.44 shows that
in every degree of shuffling, the T change remains intact.
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Supplementary Figure 5.44: The effect of network topology on change of t values. We randomly shuffled the nonzero
edges of the connectivity matrix in percentages spanning from 0 to 100 in steps of 20. We compared the T values in
rest and stimulation states. Each dot denotes one region and colors denote simulations.
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Figure S 6.1. Power spectral density (PSD) and autocorrelation functions (ACFs) for the simulations
corresponding to figure 3.3. a. ACFs for different values of backward connections (A_B). b. PSDs for different
values of backward connections (A_B). ¢ and d. ACFs and PSDs for different values of feedforward connections
(A_F). e and f. ACFs and PSDs for different values of lateral connections (A_L). g and h. ACFs and PSDs for
different values of intracolumnar connections (y_1).
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Figure S 6.2. Power spectra and autocorrelation functions for different values of y_I1 corresponding to simulations
presented in figure 6.

Cluster mMERF-1 MERF-2 Degrees of t-statistic Corrected | Cohen’sd
Freedom p—value
Encode #1 Happy Sad 110 0.311 0.756 0.059
Encode #1 Happy Shape 110 8.031 <0.001 1.518
Encode #1 Sad Shape 110 7.087 <0.001 1.339
Encode #2 Happy Sad 110 -0.130 0.897 -0.025
Encode #2 Happy Shape 110 8.295 <0.001 1.568
Encode #2 Sad Shape 110 7.770 <0.001 1.468
Encode #3 Happy Sad 110 0.343 0.732 0.065
Encode #3 Happy Shape 110 3.763 0.001 0.711
Encode #3 Sad Shape 110 3.549 0.001 0.671
Encode #4 Happy Sad 110 -0.526 0.600 -0.099
Encode #4 Happy Shape 110 4.500 <0.001 0.850
Encode #4 Sad Shape 110 4.848 <0.001 0.916
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Probe #1 Happy Sad 110 -0.193 0.847 -0.036
Probe #1 Happy Shape 110 4.871 <0.001 0.921
Probe #1 Sad Shape 110 5.029 <0.001 0.950
Probe #2 Happy Sad 110 0.002 0.999 0.000
Probe #2 Happy Shape 110 5.309 <0.001 1.003
Probe #2 Sad Shape 110 5.071 <0.001 0.958

Table S 6.1. Results of multiple comparisons of magnitude of event-related fields (mERFs)
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Figure S 6.3. Non - Significant clusters from Happy versus Sad versus Shape Condition
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Figure S 6.6. Encode versus Probe condition, in shape trials
Conditio Cluste | Predicto | Coefficien | SE T- R? Adj. CI CI Relative p-value
n r r t value R? Lowe | Uppe | Importanc | (corrected
r r e )
Encode 1 | Theta 0.054 0.086 0.632 0.669 0.649 | -0.116 0.225 | 0.112 0.634
Face (16.759%)
Happy
Encode 1 | Alpha 0.716 0.151 4.729 0.669 0.649 0.416 1.017 | 0.286 0.000
Face (42.838%)
Happy
Encode 1 | Betal -0.302 0.095 -3.200 0.669 0.649 | -0.490 | -0.115 | 0.047 0.005
Face (6.972%)
Happy
Encode 1 | Beta2 0.096 0.087 1.107 0.669 0.649 | -0.076 0.269 | 0.030 0.406
Face (4.550%)
Happy
Encode 1 | Gamma 0.007 0.062 0.115 0.669 0.649 | -0.115 0.129 | 0.005 0.909
Face (0.768%)
Happy
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Encode ACW 0.269 | 0.087 3.083 | 0.669 | 0.649 0.096 0.442 | 0.188 0.005
Face (28.113%)

Happy

Encode Theta 0.363 | 0.079 4.623 | 0.750 | 0.732 0.207 0.520 | 0.207 0.000
Face (27.589%)

Happy

Encode Alpha 0.099 | 0.171 0.581 | 0.750 | 0.732 | -0.241 0.439 | 0.117 0.844
Face (15.651%)

Happy

Encode Betal -0.260 | 0.135 -1.933 | 0.750 | 0.732 | -0.528 0.008 | 0.073 0.113
Face (9.678%)

Happy

Encode Beta2 0.024 | 0.079 0.305 | 0.750 | 0.732 | -0.134 0.182 | 0.012 0.913
Face (1.581%)

Happy

Encode Gamma 0.008 | 0.077 0.099 | 0.750 | 0.732 | -0.145 0.160 | 0.040 0.922
Face (5.354%)

Happy

Encode ACW 0.684 | 0.099 6.906 | 0.750 | 0.732 0.487 0.881 | 0.301 0.000
Face (40.145%)

Happy

Encode Theta -0.177 | 0.065 -2.741 | 0.765 | 0.753 | -0.306 | -0.049 | 0.038 0.014
Face (4.981%)

Happy

Encode Alpha 0.294 0.102 2.872 0.765 0.753 0.091 0.496 | 0.178 0.014
Face (23.267%)

Happy

Encode Betal -0.131 | 0.070 -1.877 | 0.765 | 0.753 | -0.269 0.007 | 0.024 0.076
Face (3.099%)

Happy

Encode Beta2 0.150 | 0.063 2.378 | 0.765 | 0.753 0.025 0.275 | 0.022 0.029
Face (2.886%)

Happy

Encode Gamma 0.037 | 0.050 0.745 | 0.765 | 0.753 | -0.061 0.136 | 0.008 0.458
Face (1.082%)

Happy

Encode ACW 0.809 | 0.068 11.850 | 0.765 | 0.753 0.674 0.945 | 0.495 0.000
Face (64.685%)

Happy

Encode Theta -0.261 | 0.107 -2.429 | 0.561 | 0.532 | -0.474 | -0.047 | 0.038 0.051
Face (6.780%)

Happy

Encode Alpha 0.163 | 0.206 0.788 | 0.561 | 0.532 | -0.247 0.573 | 0.084 0.499
Face (14.951%)

Happy

Encode Betal -0.145 | 0.153 -0.949 | 0.561 | 0.532 | -0.449 0.159 | 0.062 0.499
Face (10.995%)

Happy

Encode Beta2 -0.073 | 0.107 -0.679 | 0.561 | 0.532 | -0.286 0.140 | 0.013 0.499
Face (2.268%)

Happy

Encode Gamma 0.100 | 0.092 1.083 | 0.561 | 0.532 | -0.083 0.283 | 0.014 0.499
Face (2.535%)

Happy

Encode ACW 0.854 | 0.119 7.179 | 0.561 | 0.532 0.618 1.090 | 0.350 0.000
Face (62.471%)

Happy

Encode Theta 0.167 | 0.083 2.011 | 0.693 | 0.675 0.002 0.331 | 0.160 0.070
Face Sad (23.126%)

Encode Alpha 0.673 | 0.146 4.615 | 0.693 | 0.675 0.384 0.962 | 0.284 0.000
Face Sad (40.944%)

Encode Betal -0.282 | 0.091 -3.100 | 0.693 | 0.675 | -0.463 | -0.102 | 0.043 0.007
Face Sad (6.244%)
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Encode Beta2 0.070 | 0.084 0.839 | 0.693 | 0.675 | -0.096 0.236 | 0.023 0.484
Face Sad (3.298%)

Encode Gamma 0.010 | 0.059 0.176 | 0.693 | 0.675 | -0.107 0.128 | 0.006 0.861
Face Sad (0.796%)

Encode ACW 0.238 | 0.084 2.839 | 0.693 | 0.675 0.072 0.405 | 0.177 0.011
Face Sad (25.592%)

Encode Theta 0.398 | 0.073 5.472 | 0.786 | 0.770 0.253 0.543 | 0.228 0.000
Face Sad (29.005%)

Encode Alpha 0.015 | 0.158 0.096 | 0.786 | 0.770 | -0.299 0.330 | 0.100 0.924
Face Sad (12.765%)

Encode Betal -0.345 | 0.125 -2.768 | 0.786 | 0.770 | -0.592 | -0.097 | 0.065 0.014
Face Sad (8.311%)

Encode Beta2 0.021 | 0.074 0.283 | 0.786 | 0.770 | -0.125 0.167 | 0.011 0.924
Face Sad (1.344%)

Encode Gamma 0.020 | 0.071 0.287 | 0.786 | 0.770 | -0.121 0.162 | 0.045 0.924
Face Sad (5.753%)

Encode ACW 0.784 | 0.092 8.549 | 0.786 | 0.770 0.601 0.966 | 0.336 0.000
Face Sad (42.822%)

Encode Theta -0.176 0.062 -2.821 0.782 0.771 | -0.299 | -0.052 | 0.040 0.011
Face Sad (5.098%)

Encode Alpha 0.291 | 0.098 2952 | 0.782 | 0.771 0.096 0.486 | 0.174 0.011
Face Sad (22.282%)

Encode Betal -0.149 0.067 -2.225 0.782 0.771 | -0.282 | -0.016 | 0.022 0.042
Face Sad (2.802%)

Encode Beta2 0.124 | 0.061 2.045 | 0.782 | 0.771 0.004 0.245 | 0.023 0.052
Face Sad (2.917%)

Encode Gamma 0.022 0.048 0.461 0.782 0.771 | -0.073 0.117 | 0.007 0.646
Face Sad (0.834%)

Encode ACW 0.824 | 0.066 12.527 | 0.782 | 0.771 0.694 0.954 | 0.517 0.000
Face Sad (66.068%)

Encode Theta -0.264 | 0.110 -2.403 | 0.538 | 0.508 | -0.483 | -0.046 | 0.037 0.055
Face Sad (6.854%)

Encode Alpha 0.273 | 0.212 1.289 | 0.538 | 0.508 | -0.148 0.693 | 0.087 0.301
Face Sad (16.181%)

Encode Betal -0.203 | 0.157 -1.295 | 0.538 | 0.508 | -0.515 0.109 | 0.059 0.301
Face Sad (11.040%)

Encode Beta2 -0.114 | 0.110 -1.033 | 0.538 | 0.508 | -0.332 0.105 | 0.015 0.365
Face Sad (2.788%)

Encode Gamma 0.079 | 0.095 0.839 | 0.538 | 0.508 | -0.108 0.267 | 0.010 0.404
Face Sad (1.820%)

Encode ACW 0.812 | 0.122 6.654 | 0.538 | 0.508 0.570 1.054 | 0.330 0.000
Face Sad (61.316%)

Encode Theta -0.054 | 0.087 -0.621 | 0.663 | 0.643 | -0.226 0.118 | 0.057 0.804
Shape (8.613%)

Encode Alpha 0.456 | 0.153 2.986 | 0.663 | 0.643 0.153 0.759 | 0.220 0.011
Shape (33.136%)

Encode Betal -0.064 | 0.095 -0.673 | 0.663 | 0.643 | -0.253 0.125 | 0.041 0.804
Shape (6.205%)

Encode Beta2 -0.023 | 0.088 -0.257 | 0.663 | 0.643 | -0.196 0.151 | 0.016 0.898
Shape (2.420%)

Encode Gamma 0.008 | 0.062 0.128 | 0.663 | 0.643 | -0.115 0.131 | 0.002 0.898
Shape (0.335%)

Encode ACW 0.527 | 0.088 5.992 | 0.663 | 0.643 0.353 0.702 | 0.327 0.000
Shape (49.291%)

Encode Theta 0.212 | 0.080 2.647 | 0.741 | 0.722 0.053 0.371 | 0.134 0.029
Shape (18.088%)

Encode Alpha 0.177 | 0.174 1.019 | 0.741 | 0.722 | -0.169 0.523 | 0.140 0.373
Shape (18.853%)

Encode Betal -0.163 | 0.137 -1.187 | 0.741 | 0.722 | -0.435 0.110 | 0.093 0.373
Shape (12.577%)

Encode Beta2 -0.084 | 0.081 -1.043 | 0.741 | 0.722 | -0.245 0.076 | 0.015 0.373
Shape (1.962%)
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Encode Gamma -0.059 | 0.078 -0.754 | 0.741 | 0.722 | -0.214 0.096 | 0.018 0.453
Shape (2.392%)

Encode ACW 0.727 | 0.101 7.211 | 0.741 | 0.722 0.526 0.927 | 0.342 0.000
Shape (46.129%)

Encode Theta -0.019 | 0.053 -0.352 | 0.841 | 0.833 | -0.124 0.087 | 0.086 0.871
Shape (10.248%)

Encode Alpha 0.434 | 0.084 5.153 | 0.841 | 0.833 0.267 0.600 | 0.242 0.000
Shape (28.823%)

Encode Betal -0.198 | 0.057 -3.458 | 0.841 | 0.833 | -0.312 | -0.085 | 0.028 0.002
Shape (3.356%)

Encode Beta2 0.068 | 0.052 1.310 | 0.841 | 0.833 | -0.035 0.171 | 0.022 0.289
Shape (2.596%)

Encode Gamma 0.000 | 0.041 -0.001 | 0.841 | 0.833 | -0.081 0.081 | 0.005 0.999
Shape (0.561%)

Encode ACW 0.683 | 0.056 12.146 | 0.841 | 0.833 0.572 0.795 | 0.458 0.000
Shape (54.415%)

Encode Theta -0.109 | 0.104 -1.049 | 0.584 | 0.557 | -0.317 0.098 | 0.045 0.356
Shape (7.667%)

Encode Alpha 0.333 | 0.201 1.656 | 0.584 | 0.557 | -0.066 0.731 | 0.102 0.202
Shape (17.533%)

Encode Betal -0.196 | 0.149 -1.317 | 0.584 | 0.557 | -0.492 0.100 | 0.070 0.287
Shape (11.999%)

Encode Beta2 -0.228 | 0.104 -2.187 | 0.584 | 0.557 | -0.436 | -0.021 | 0.033 0.094
Shape (5.592%)

Encode Gamma 0.047 | 0.090 0.523 | 0.584 | 0.557 | -0.131 0.225 | 0.008 0.602
Shape (1.380%)

Encode ACW 0.737 | 0.116 6.367 | 0.584 | 0.557 0.507 0.967 | 0.326 0.000
Shape (55.828%)

Probe Face Theta -0.099 | 0.096 -1.027 | 0.587 | 0.563 | -0.289 0.092 | 0.058 0.368
Happy (9.861%)

Probe Face Alpha 0.763 | 0.169 4512 | 0.587 | 0.563 0.428 1.098 | 0.281 0.000
Happy (47.812%)

Probe Face Betal -0.147 | 0.106 -1.393 | 0.587 | 0.563 | -0.356 0.062 | 0.059 0.334
Happy (10.055%)

Probe Face Beta2 0.014 | 0.097 0.143 | 0.587 | 0.563 | -0.179 0.206 | 0.033 0.887
Happy (5.565%)

Probe Face Gamma -0.073 | 0.069 -1.061 | 0.587 | 0.563 | -0.210 0.064 | 0.016 0.368
Happy (2.755%)

Probe Face ACW 0.189 | 0.097 1.940 | 0.587 | 0.563 | -0.004 0.382 | 0.141 0.165
Happy (23.952%)

Probe Face Theta 0.240 | 0.084 2.864 | 0.715 | 0.695 0.073 0.407 | 0.156 0.016
Happy (21.812%)

Probe Face Alpha 0.398 | 0.182 2.183 | 0.715 | 0.695 0.035 0.760 | 0.162 0.064
Happy (22.608%)

Probe Face Betal -0.141 0.144 -0.985 0.715 0.695 | -0.427 0.144 | 0.104 0.328
Happy (14.497%)

Probe Face Beta2 -0.174 | 0.085 -2.054 | 0.715 | 0.695 | -0.343 | -0.005 | 0.019 0.065
Happy (2.643%)

Probe Face Gamma 0.090 | 0.082 1.102 | 0.715 | 0.695 | -0.073 0.253 | 0.035 0.328
Happy (4.846%)

Probe Face ACW 0.443 | 0.106 4.190 | 0.715 | 0.695 0.233 0.653 | 0.240 0.000
Happy (33.594%)

Probe Face Theta -0.014 | 0.092 -0.147 | 0.622 | 0.600 | -0.196 0.169 | 0.082 0.942
Sad (13.174%)

Probe Face Alpha 0.724 | 0.162 4.477 | 0.622 | 0.600 0.403 1.045 | 0.286 0.000
Sad (45.987%)

Probe Face Betal -0.140 | 0.101 -1.388 | 0.622 | 0.600 | -0.340 0.060 | 0.054 0.336
Sad (8.715%)

Probe Face Beta2 -0.007 | 0.093 -0.073 | 0.622 | 0.600 | -0.191 0.177 | 0.025 0.942
Sad (4.072%)

Probe Face Gamma -0.047 | 0.066 -0.717 | 0.622 | 0.600 | -0.178 0.083 | 0.012 0.713
Sad (1.851%)
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Probe Face ACW 0.217 | 0.093 2.335 | 0.622 | 0.600 0.033 0.402 | 0.163 0.064
Sad (26.202%)

Probe Face Theta 0.289 | 0.083 3.495 | 0.722 | 0.702 0.125 0.454 | 0.177 0.002
Sad (24.550%)

Probe Face Alpha 0.452 | 0.180 2,512 | 0.722 | 0.702 0.094 0.810 | 0.166 0.028
Sad (23.009%)

Probe Face Betal -0.166 | 0.142 -1.171 | 0.722 | 0.702 | -0.448 0.116 | 0.103 0.294
Sad (14.206%)

Probe Face Beta2 -0.195 | 0.084 -2.328 | 0.722 | 0.702 | -0.362 | -0.028 | 0.021 0.034
Sad (2.899%)

Probe Face Gamma 0.071 | 0.081 0.883 | 0.722 | 0.702 | -0.089 0.232 | 0.031 0.380
Sad (4.347%)

Probe Face ACW 0.387 | 0.104 3.706 | 0.722 | 0.702 0.179 0.594 | 0.224 0.002
Sad (30.989%)

Probe Theta -0.326 | 0.088 -3.702 | 0.654 | 0.633 | -0.500 | -0.151 | 0.040 0.001
Shape (6.175%)

Probe Alpha 0.643 | 0.155 4.151 | 0.654 | 0.633 0.336 0.950 | 0.258 0.000
Shape (39.533%)

Probe Betal 0.055 | 0.097 0.566 | 0.654 | 0.633 | -0.137 0.246 | 0.116 0.687
Shape (17.769%)

Probe Beta2 0.035 | 0.089 0.392 | 0.654 | 0.633 | -0.141 0.211 | 0.050 0.696
Shape (7.669%)

Probe Gamma -0.065 | 0.063 -1.036 | 0.654 | 0.633 | -0.190 0.060 | 0.008 0.454
Shape (1.149%)

Probe ACW 0.337 | 0.089 3.775 | 0.654 | 0.633 0.160 0.513 | 0.181 0.001
Shape (27.706%)

Probe Theta -0.027 | 0.105 -0.261 | 0.552 | 0.520 | -0.236 0.182 | 0.045 0.971
Shape (8.086%)

Probe Alpha 0.008 0.229 0.037 0.552 0.520 | -0.446 0.463 | 0.112 0.971
Shape (20.198%)

Probe Betal 0.159 | 0.180 0.884 | 0.552 | 0.520 | -0.199 0.517 | 0.107 0.759
Shape (19.315%)

Probe Beta2 -0.112 | 0.106 -1.050 | 0.552 | 0.520 | -0.323 0.100 | 0.015 0.759
Shape (2.673%)

Probe Gamma -0.011 | 0.103 -0.105 | 0.552 | 0.520 | -0.215 0.193 | 0.009 0.971
Shape (1.696%)

Probe ACW 0.653 | 0.132 4926 | 0.552 | 0.520 0.389 0.916 | 0.265 0.000
Shape (48.031%)

Table S 6.2. Results for multivariate regression where magnitude of event-related potential (mERF) is dependent
and ACW and oscillatory powers theta, alpha betal, beta2 and gamma are independent variables. p-values were
corrected for multiple comparisons using Bonferroni-Holmes method.
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ACW ~ mERF + mERF|Trial + mERF|Cluster + mERF|Channel + Theta + Theta|Channel + Alpha + Alpha|Channel +
Betal + Betal|Channel + Beta2 + Beta2|Channel + Gamma + Gamma|Channel

mERF
mERF[Triallefh]

[es]
[pth]
[pfs]

Ips]

mMERF|Cluster{Enc #1]
[Enc #2]
[Enc #3]
[Enc #4]
(Prb #1]
[Prb #2]

MERF + mERF|Triallefh]
[efs]
les]
[pth]

[pfs]
[ps]

MERF + mERF|Cluster{Enc #1]
[Enc #2]
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[Enc #4]
(Prb #1]
[Prb #2]

Theta
Alpha
Betal
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Gamma
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b mERF|Channel
3% HDI Mean 97% HDI

0.6
0.4
0.2
0.0

-0.2

mERF + mERF|Channel
97% HDI

0.6
0.4
0.2

0.0

-0.2

Figure S 6.7. Relationship between intrinsic neural timescales and event-related fields while using oscillatory
powers as additional regressors. a. Coefficient estimates for a hierarchical Bayesian model where resting state
ACW depends on task state mERF nested inside cluster, trial and channel variables. Dots denote the averages
and lines denote 94% highest density probability intervals (HDI) of posterior distributions for coefficients. Limits
for Region of Practical Equivalence (ROPE) is indicated with the green shading. b. Channel specific slopes
estimated in the hierarchical model. c. Total effect for channels as a sum of fixed effect and random effect for each
channel. In panels b and ¢, channels that have a ROPE less than 0.01 are indicated with a blue cross. Overall,
we observe a positive correlation between ACW and mERF regardless of trial types and clusters in most channels,
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even when we account for oscillatory powers. Abbreviations: efh: encode face happy, efs: encode face sad, es:
encode shape, pfh: probe face happy, pfs: probe face sad, ps: probe shape, Enc: Encode, Prb: Probe.

a Theta|Channel Theta + Theta|Channel
3% HDI Mean 97% HDI 3% HDI Mean 97% HDI
1.0
0.5
0.0
-0.5
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GammalChannel Gamma + Gamma|Channel
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0.0 0.0
-0.5 05

Figure S 6.8. Channels specific random and total effects for oscillatory powers for the regression model
mentioned above. Channels that have a ROPE less than 0.01 are indicated with a blue cross. a. Results for theta
power (4-8 Hz). b. Results for alpha power (8-12 Hz). c. Results for betal power (12-20 Hz). d. Results for beta2
power (20-30 Hz). e. Results for gamma power (30-50 Hz).
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Figure S 6.9. Correlation between task state mERF and resting state ACW for each identified spatiotemporal
cluster. mERFs were calculated from the whole of the poststimulus period as opposed to the main text where we

calculate them from the identified temporal cluster.
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ACW ~ mERF + mERF|Trial + mERF|Channel

mERF
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Figure S 6.10. Relationship between intrinsic neural timescales and magnitude of event-related fields (mERF)
while using whole of the poststimulus period to calculate mERFs. a. Coefficient estimates for a hierarchical
Bayesian model where resting state ACW depends on task state mERF nested inside trial and channel variables.
Dots denote the averages and lines denote 94% highest density probability intervals (HDI) of posterior
distributions for coefficients. Limits for Region of Practical Equivalence (ROPE) is indicated with the green
shading. b. Channel specific slopes estimated in the hierarchical model. c. Total effect for channels as a sum of
fixed effect and random effect for each channel. In panels b and ¢, channels that have a ROPE less than 0.01 are
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indicated with a blue cross. Overall, we observe a positive correlation between ACW and mERF regardless of trial
types and clusters in most channels. Abbreviations: efh: encode face happy, efs: encode face sad, es: encode shape,
pfh: probe face happy, pfs: probe face sad, ps: probe shape, Enc: Encode, Prb: Probe.

d
RT ~ ERF + ERF|Trial + ERF|Cluster + ERF|Channel
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Figure S 6.11. Relationship between reaction times and event-related fields. a. Coefficient estimates for a
hierarchical Bayesian model where reaction time (RT) depends on magnitude of event-related fields (mERF)
nested inside cluster, trial and channel variables. Dots denote the averages and lines denote 94% highest density
probability intervals (HDI) of posterior distributions for coefficients. Limits for Region of Practical Equivalence
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(ROPE) is indicated with the green shading. b. Channel specific slopes estimated in the hierarchical model. c.
Total effect for channels as a sum of fixed effect and random effect for each channel. In panels b and ¢, channels
that have a ROPE less than 0.01 are indicated with a blue cross. Abbreviations: efh: encode face happy, efs:
encode face sad, es: encode shape, pfh: probe face happy, pfs: probe face sad, ps: probe shape, Enc: Encode, Prb:
Probe.
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RT ~ ACW + ACW|Channel
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Figure S 6.12. Relationship between reaction times and intrinsic neural timescales. a. Coefficient estimates for a
hierarchical Bayesian model where reaction time (RT) depends on autocorrelation window (ACW) nested inside
channel variable. Dots denote the averages and lines denote 94% highest density probability intervals (HDI) of
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posterior distributions for coefficients. Limits for Region of Practical Equivalence (ROPE) is indicated with the
green shading. b. Channel specific slopes estimated in the hierarchical model. c. Total effect for channels as a
sum of fixed effect and random effect for each channel. In panels b and ¢, channels that have a ROPE less than

0.01 are indicated with a blue cross. Abbreviations: efh: encode face happy, efs: encode face sad, es: encode shape,
pfh: probe face happy, pfs: probe face sad, ps: probe shape, Enc: Encode, Prb: Probe.
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7 DISCUSSION AND OUTLOOK

As we listen to a narrative, we make sense of not only single words, or even syllables, but
we make sense of the whole narrative. This insight led to the concept of temporal receptive
windows (TRWSs), defined as the window of time in which two stimuli can be integrated
together. Later studies showed that TRWs which are based on external stimulus during a
task state correlate with an intrinsic neural timescale (INT): the timescale of spontaneous
brain activity’s temporal persistence. In the Introduction (section 1), we outlined the history
of this recent development. We discussed in particular how the research using the task
state and the analysis of resting state fueled each other. In addition, we discussed the line
of research which investigated the relationships between rest and task states. In the
context of INTs, we've discussed that the INTs are correlated with TRWs (Honey et al.,
2012), that the INTs have a hierarchical organization dependent on the structural
connectivity (Chaudhuri et al., 2015; Wang, 2020b, 2022), that the INTs are functionally
dynamic and expand or shrink based on task demands (Gao et al., 2020b; Zeraati et al.,
2023; Manea et al., 2024). Combined with our analysis, these results are well compatible
with the framework where resting state and task state are not independent entities, but

two brain states which can inform each other.

Given the framework of rest-task relationship, we wanted to assess the role of INTs in a
continuous and a discontinuous task design. Our first contribution was to show the
behavioral modulation of INTs from rest to task state (Catal et al., 2024) in the continuous
task. We showed that spontaneously behaving mice, without any externally imposed task
show longer INTs during locomotion compared to rest. Furthermore, humans performing a
continuous self-evaluation task also show higher INTs compared to the resting state. The
increase of INTs from rest to task was negatively correlated with the temporal variance of
resting state INTs in both mice and humans cases, and this increase requires recurrent

connections in a simplified biophysical model.

Next, we investigated a discontinuous/event-related task (Catal et al., 2025). Borrowing the
framework of fluctuation-dissipation theorem from statistical mechanics, we argued that a
higher resting state INT should predict a higher magnitude of event-related response. We

confirmed our prediction in both a biophysical model of cortical columns and in
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magnetoencephalogram (MEG) data in human subjects performing an emotional face

recognition task.

Analyzing huge quantities of neuroimaging data over these two projects, and having the
pleasure of collaborating with other researchers both inside and outside our lab provided us
invaluable experience in encountering the pitfalls of INT estimation. We developed the
software package IntrinsicTimescales.jl (Catal and Northoff, 2025) in order to enable other
researchers to easily estimate INTs using the commonly available methods in the scientific
literature. We aimed to not just write a software package that does what it is supposed to
do (i.e. estimation of INTs), but also create a pedagogical resource aimed at newcomers to
the field. As a result, IntrinsicTimescales.jl documentation has an extensive tutorial section
where it holds the hand of the beginner and walks them through both the estimation

methods and potential problems that they will possibly encounter during their research.

Taking these results into consideration, what do our findings tell us about the role of the
resting state in neuroscientific research? In this final section, we will revisit the discussions
of rest-task interaction and aim to situate our findings. We will argue that our findings are
in favor of a model where task state is not merely added on and orthogonal to resting state

dynamics, but rather the rest and task are in an interaction.

7.1 ADDITION VERSUS INTERACTION MODELS IN LIGHT OF THE REST-

TASK RELATIONSHIP OF INTRINSIC NEURAL TIMESCALES

In the Introduction (Section 1), we outlined two models of rest-task (or prestimulus-
poststimulus) activity. In the addition model, the task activations and spontaneous
fluctuations of the resting state were assumed to be independent and orthogonal. In
contrast, in the interaction model, the resting state and the task state are correlated. In the
literature we reviewed and are aware of, the arguments in favor of the interaction model
were based on the following observations: 1) The variance of responses to single trials are
correlated with the amplitude at the stimulus onset (Arieli et al., 1996). 2) The event-
related activity relies on phase resetting to be consistent among different trials (Makeig et
al., 2002). 3) Task responses obtained from fMRI data fit better with the interaction model
rather than addition model (He et al., 2013) and also show dependence on the phase of
prestimulus brain activity (Huang et al., 2017). 4) Poststimulus evoked activity in MEG
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data show frequency dependent correlations with the prestimulus power spectra (Wainio-
Theberge et al., 2021) 5) variance of the prestimulus activity is positively correlated with
the quenching of trial-to-trial variability (Wolff et al., 2021). We claim that the rest-task
relationship of INTs represents another frontier at this discussion and our results support

the interaction model rather than the addition model.

Our first finding in support of the interaction model is the correlation between rest-task
change of INTs and the resting state variance of them (Catal et al., 2024). Previous studies
have observed that under increased task engagement or attention, INTs tend to increase
(Gao et al., 2020; Manea et al., 2024; Zeraati et al., 2023). We've observed that this increase
1s not independent from the resting state variance of timescales. Although the exact
neuronal mechanism between this relationship is currently unknown and a potential future
avenue for research, our simulations hint that recurrent excitatory connections might
underlie the relationship since we observed that in the simulations, the increase of INTs
depend on the strength of the recurrent connections. A correlation between resting state
INT variance and rest-task change would not be possible under the addition model since
under this model, the resting state variance (including the variance of the INTSs) is

considered noise to be averaged out.

In our second study, we investigated the relationship between resting state INTs and the
magnitude of the task response (Catal et al., 2025). We've observed that the magnitude of
the task response shows positive correlation with the resting state INTs. Our simulations
indicate that recurrent connections between intracolumnar neuronal populations might
support this correlation since in our model (Jansen and Rit, 1995; David and Friston, 2003;
David et al., 2006) the magnitude of the task response and the INTs were sensitive only to
the intracolumnar connections amongst the parameters in the model. Again, these results
align with the interaction model where resting state and task state are not to be considered
independent since in the addition model, the task responses should not be related to the

resting state dynamics in any form.

As an avenue for future research, we hypothesize that interindividual differences in event-
related responses might be due to differences in the intracolumnar connection strength. If
our argument and the interaction model are correct, a higher difference in event-related

responses between two subjects should also accompany a bigger difference in their resting
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state INTs. Under the addition model, the interindividual differences in the event-related

task state activity should be orthogonal to the dynamics during the resting state.

These results hint that the rest-task relationship of INTs can shed light on how to
conceptualize the rest-task relationship in general. Going back to our work on INT-
magnitude of the task response relationship, we've established our theoretical framework
on the fluctuation-dissipation theorem from statistical physics (Callen and Welton, 1951;
Van Kampen, 2007; Catal et al., 2025). Briefly, fluctuation-dissipation theorem points out
that the spontaneous fluctuations at the steady state can inform the dissipation from a
displacement. In the context of neuroscience, spontaneous fluctuations can be observed
during the resting state where there is no time-dependent external input. The dissipation
from the displacement can take the form of returning to the prestimulus amplitude after
the presentation of an external stimulus, or stimulation of the neuronal patch via

experimental apparatus.

The intuition behind the fluctuation-dissipation theorem, known as Onsager’s regression
hypothesis, is if the external stimulation is small enough, the response to it after the
stimulation is qualitatively the same as the response to a random fluctuation due to noise
in the absence of any structured external input. The implication for us is that we can learn
about responses to tasks or external stimulation by investigating the resting state. The
difference between an external stimulus and neuronal noise is that the neuronal noise is an
internal stimulus and is smaller than the external one. In this light, the resting or
prestimulus state is not a noise to be averaged out or a control condition for a task, but yet
another task state where aside from the fixation cross, the only input is the internal

stimulus. The remaining challenge is to figure out how it relates to the other tasks.
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  A C W ~ S t u d e n   t ′ s   T ( 𝜇 ,   𝜎 ,   𝜈 )


  𝜇 = 𝛼 +   𝜃  c l u s t e r +   𝜃  t r i a l +   𝜃  c h a n n e l +  (   𝛽  m E R F +   𝛾  c l u s t e r  m E R F +   𝛾  t r i a l  m E R F +   𝛾  c h a n n e l  m E R F ) × m E R F +  (   𝛽  T h e t a +   𝛾  c h a n n e l  T h e t a ) × T h e t a +  (   𝛽  A l p h a +   𝛾  c h a n n e l  A l p h a ) × A l p h a +  (   𝛽  B e t a 1 +   𝛾  c h a n n e l  B e t a 1 ) × B e t a 1 +  (   𝛽  B e t a 2 +   𝛾  c h a n n e l  B e t a 2 ) × B e t a 2 +  (   𝛽  G a m m a +   𝛾  c h a n n e l  G a m m a ) × G a m m a


  𝜇 = 𝛼 +   𝜃  c l u s t e r +   𝜃  t r i a l +   𝜃  c h a n n e l +  (   𝛽  m E R F +   𝛾  c l u s t e r  m E R F +   𝛾  t r i a l  m E R F +   𝛾  c h a n n e l  m E R F ) × m E R F +  (   𝛽  T h e t a +   𝛾  c h a n n e l  T h e t a ) × T h e t a +  (   𝛽  A l p h a +   𝛾  c h a n n e l  A l p h a ) × A l p h a +  (   𝛽  B e t a 1 +   𝛾  c h a n n e l  B e t a 1 ) × B e t a 1 +  (   𝛽  B e t a 2 +   𝛾  c h a n n e l  B e t a 2 ) × B e t a 2 +  (   𝛽  G a m m a +   𝛾  c h a n n e l  G a m m a ) × G a m m a
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    𝛾  c h a n n e l  B e t a 2 =   𝜎  𝛽 ,   c h a n n e l  B e t a 2 ×   𝛽  c h a n n e l  B e t a 2
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    𝜃  F r e q u e n c y B a n d =   𝜎  𝛼 ,   F r e q u e n c y B a n d ×   𝛼  c l u s t e r


    𝜃  F r e q u e n c y B a n d =   𝜎  𝛼 ,   F r e q u e n c y B a n d ×   𝛼  c l u s t e r


    𝜃  t r i a l =   𝜎  𝛼 ,    t r i a l ×   𝛼  t r i a l


    𝜃  t r i a l =   𝜎  𝛼 ,    t r i a l ×   𝛼  t r i a l


    𝜃  c h a n n e l =   𝜎  𝛼 ,    c h a n n e l ×   𝛼  c h a n n e l


    𝜃  c h a n n e l =   𝜎  𝛼 ,    c h a n n e l ×   𝛼  c h a n n e l


    𝛾  F r e q u e n c y B a n d =   𝜎  𝛽 ,   F r e q u e n c y B a n d ×   𝛽  c l u s t e r


    𝛾  F r e q u e n c y B a n d =   𝜎  𝛽 ,   F r e q u e n c y B a n d ×   𝛽  c l u s t e r


    𝛾  t r i a l =   𝜎  𝛽 ,   t r i a l ×   𝛽  t r i a l


    𝛾  t r i a l =   𝜎  𝛽 ,   t r i a l ×   𝛽  t r i a l


    𝛾  c h a n n e l =   𝜎  𝛽 ,   c h a n n e l ×   𝛽  c h a n n e l


    𝛾  c h a n n e l =   𝜎  𝛽 ,   c h a n n e l ×   𝛽  c h a n n e l


    𝜎  𝛼 , F r e q u e n c y B a n d ,     𝜎  𝛼 , t r i a l ,   𝜎  𝛼 , c h a n n e l ,     𝜎  𝛽 , F r e q u e n c y B a n d ,   𝜎  𝛽 ,    t r i a l ,   𝜎  𝛽 ,   c h a n n e l ~ e x p ( 1 )


    𝜎  𝛼 , F r e q u e n c y B a n d ,     𝜎  𝛼 , t r i a l ,   𝜎  𝛼 , c h a n n e l ,     𝜎  𝛽 , F r e q u e n c y B a n d ,   𝜎  𝛽 ,    t r i a l ,   𝜎  𝛽 ,   c h a n n e l ~ e x p ( 1 )


    𝛼  F r e q u e n c y B a n d ,   𝛼  t r i a l ,   𝛼  c h a n n e l ,   𝛽  F r e q u e n c y B a n d ,   𝛽  t r i a l ,   𝛽  c h a n n e l ~ N ( 0 ,   1 )


    𝛼  F r e q u e n c y B a n d ,   𝛼  t r i a l ,   𝛼  c h a n n e l ,   𝛽  F r e q u e n c y B a n d ,   𝛽  t r i a l ,   𝛽  c h a n n e l ~ N ( 0 ,   1 )
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