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Supplementary Materials 
 
Materials and Methods 
 
Dynamics of a single-node Wilson Cowan model  
The mass dynamics of the local nodes were governed by the control parameters and 𝒃𝑬	and 𝒃𝑰, 
representing external drive (background input) to the excitatory and inhibitory populations, 
respectively. The parameters of the model were tuned such that the model is in a dynamical state 
close to a so-called supercritical Adronov-Hopf bifurcation. The ‘Hopf-bifurcation’ separates a 
regime in which the system relaxes to a stable fixed point, or focus, by drawing a spiral in the 
phase space (noise-driven, damped oscillations;  Fig. 2C; Fig. S6A, middle and bottom), and a 
regime in which the network activity settles into a limit-cycle, a closed orbit in the phase space 
corresponding to a periodic solution (sustained oscillations; Fig. 2C and Fig. S6A, top). When the 
system settles into the focus, intrinsic noise induces stochastic oscillations and gives rise to a broad 
spectral density with a single peak. In contrast, in the limit-cycle, autonomous regular oscillations 
are observed, with a spectral density presenting a narrow peak (see Fig. S6E for an average across 
several nodes). The parameters 𝒘 as well as 𝒃𝑬	and 𝒃𝑰 were loosely adjusted in order to produce 
dynamics in the vicinity of a supercritical Hopf bifurcation. In the context of the Hopf-bifurcation, 
the term ‘supercritical’ is not to be confused with the same term referring to self-organized 
criticality and power law scaling behavior (80). 
 
Linear noise approximation for two-nodes Wilson Cowan model  
We used a linear noise approximation to study the linear fluctuations around the system’s fixed 
points, i.e., 𝐸' = 𝐸'∗ + 𝛿𝐸' and 𝐼' = 𝐼'∗ + 𝛿𝐼', where the fixed points are given by: 
 
 
𝐸'∗ = 𝜎.𝑤00𝐸'∗ − 𝑤02𝐼'∗ + 𝑐𝐸4∗ + 𝑏0 + ∆𝑏7,  (Eq. 27) 

𝐼'∗ = 𝜎(𝑤20𝐸'∗ − 𝑤22𝐼'∗ + 𝑏2 + ∆𝑏).   (Eq. 28) 

 
Dynamic equations for the linear fluctuations can be written as: 
 
;
;<
𝛿𝒓 = 𝑨𝛿𝒓 + 	𝜼,      (Eq. 29) 

 
where 𝛿𝒓 = [𝛿𝐸A, 𝛿𝐼A, 𝛿𝐸B, 𝛿𝐼B], 𝜼 is the noise matrix, and 𝑨 is the Jacobian matrix of the 

system evaluated at the fixed points, given by the 4-by-4 matrix: 
 
𝐴EF = G A

HI

JKI
JF
L
(0M∗,2M∗,0N∗,2N∗)

,     (Eq. 30) 

 
where 𝛼, 𝛽	 ∈ {𝐸A, 𝐼A, 𝐸B, 𝐼B}. Noting that 𝜎T(𝑢) = 𝑔𝜎(𝑢)[1 − 𝜎(𝑢)] and that, by symmetry, 

𝐸A∗ = 𝐸B∗ = 𝐸∗ and 𝐼A∗ = 𝐼B∗ = 𝐼∗, we get: 
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[,    (Eq. 31) 

 
where: 
 
𝜏0𝐴00 = 	−1 + 𝑤00𝑔𝐸∗(1 − 𝐸∗),    (Eq. 32) 
𝜏0𝐴02 = −𝑤02𝑔𝐸∗(1 − 𝐸∗),    (Eq. 33) 
𝜏0𝐾 = 𝑐𝑔𝐸∗(1 − 𝐸∗),      (Eq. 34) 
𝜏2𝐴20 = 𝑤20𝑔𝐼∗(1 − 𝐼∗),     (Eq. 35) 
𝜏2𝐴22 = −1 − 𝑤22𝑔𝐼∗(1 − 𝐼∗),    (Eq. 36) 
 
The stationary covariances 𝑪^ = 〈𝛿𝒓𝛿𝒓𝑻〉 between all populations can be obtained through the 

Jacobian matrix, by solving the following equation: 
 
𝑨𝑪𝒗 + 𝑪𝒗𝑨𝑻 + 𝑸𝒏 = 0,     (Eq. 37) 
 
where 𝑸𝒏 = 〈𝜼𝜼𝑻〉 is the covariance matrix of the noise (which is diagonal for uncorrelated 

white noise) and the superscript T denotes the transpose operator. Note that the Jacobian matrix 
depends on the system’s fixed points, i.e., it depends on the state of the nonlinear system and, thus, 
on the external inputs (𝑏0, 𝑏2). Hence, the correlations are also a function of the parameters 
(𝑏0, 𝑏2). Equation 37 can be solved using the eigen-decomposition of the Jacobian matrix 
evaluated at the fixed points: 𝐴	 = 	𝐿𝐷𝐿gA, where 𝐷 is a diagonal matrix containing the eigenvalues 
of 𝐴, denoted 𝜆', and the columns of matrix 𝐿 are the eigenvectors of 𝐴. Multiplying Eq. 37 by 𝐿gA 
from the left and by 𝐿gi from the right (the superscript dagger being the conjugate transpose) we 
get: 

 
𝑪𝒗 = 𝑳𝑴𝑳i,       (Eq. 38) 
 
where 𝑴 is given by: 𝑀'4 = −𝑄n'4/(𝜆' + 𝜆4∗), and 𝑸p = 𝑳g𝟏𝑴𝑳gi. 

 
Supplementary Discussion 
 
Assumptions for large-scale (Wilson Cowan) modeling  

Our large-scale modeling approach was based on two assumptions. In the following, we discuss 
the physiological evidence supporting these assumptions. 

Assumption 1. Cortex operates in a regime of noise driven, not sustained, oscillations. We 
assumed that the cerebral cortex generally operates in a regime of noise-driven oscillations, rather 
than self-sustained oscillations (Fig. 2C; Fig. S6A). In the noise-driven (also referred to as 
fluctuation-driven) regime, stochastic fluctuations in activity drive damped oscillations in the local 
nodes. Superposition of such damped oscillations, triggered at random moments in time, give rise 
to the same ongoing variations in the amplitude or the power of band-limited activity that are 
commonly observed in electrophysiological data under steady-state conditions (33, 81), including 
the current data set (28). The time-varying power envelopes were used to compute the inter-
regional correlations in the MEG data (Fig. S2). Consequently, we eliminated all parameter 



 
 

 
 

combinations that fell outside of this regime of noise-driven oscillations from further consideration 
(see Methods for identification of the parameters producing sustained oscillations to be excluded). 

Assumption 2. TASK increased the drive of both, E- and I-populations. We assumed that the 
change from REST to TASK corresponded to a shift of the model’s dynamical regime in an 
upward-rightward direction in the (𝒃𝑬, 𝒃𝑰)-plane (Fig. 2C, area defined by dashed outline). This 
means that background input to both excitatory and inhibitory neural populations is increased for 
all nodes of the model. This assumption rests on the straightforward notion that our elementary 
visual task increased the input to sensory and task-related cortical regions. There is substantial 
evidence for the idea that cortical circuits generally operate in a regime of rough balance between 
excitation and inhibition (42, 82). Specifically, sensory input increases not only feedforward 
excitation (i.e., feedforward drive of pyramidal cells), but also feedforward inhibition (i.e., 
feedforward drive of interneurons) in sensory cortex (40, 41), and it is assumed that this motif 
repeats across the cortical hierarchy (42) likely augmented through circuit motifs for feedback 
inhibition (83). Correspondingly, we assumed that the visual task increased the background input 
to excitatory and inhibitory populations in a (loosely) balanced fashion, with a slight dominance 
of feedforward inhibition in the case of the cortex-wide model (see Fig. 2D,E). Indeed, recent 
evidence from rodent physiology shows that visual stimulation leads to a more pronounced 
inhibitory response (39, 84) compared to the excitatory response, consistent with sensory input 
leading to even stronger feedforward inhibition compared to feedforward excitation. Note that this 
was in line with Assumption 1: if the task-induced increase in excitation was much larger than the 
task-induced increase in inhibition, the dynamical regime of the network would change to 
oscillatory, inconsistent with physiological evidence.   
 
Simulation and fitting of cortex-wide Wilson Cowan model  
The dynamical regime was defined as noise- or fluctuation-driven if: (1) the maximum and 
minimum were identical at any point in time or (2) the difference between maximum and minimum 
decreased monotonously over time (indicative of a damped oscillation). If none of the two were 
true, the signal was defined as a sustained oscillation. Note that this approach does not allow to 
distinguish between the two regimes with full certainty as the time scale with which the amplitude 
of an oscillation decays back to the fixed point increases as one approaches the Hopf-bifurcation 
from the fluctuation-driven regime (see Fig. S6A, middle and bottom panels). Thus, the closer the 
dynamical regime is to the Hopf-bifurcation, the more simulation time is required to accurately 
distinguish a sustained oscillation from a damped oscillation.  
 
Microcircuit modeling (spiking neurons) 

Microcircuit model of local node. We simulated the leaky integrate-and-fire circuit across a 
range of parameters to identify a stable working point where the network exhibits dynamics 
reminiscent of the “asynchronous state” (85). We defined the asynchronous state as being 
characterized by a low spontaneous firing rate (1-5 Hz) and low mean pairwise spike correlations 
(r < 0.1; averaged across all pairs of excitatory units). In addition, we identified a working point 
in the “synchronized state”, where the pairwise spike correlations where relatively high (r > 0.3), 
but spontaneous firing rates were comparable to the asynchronous state. This was achieved by 
changing AMPA-mediated recurrent excitation as well as the GABA-mediated feedback inhibition 
in a multiplicative manner: we started from the baseline parameters of (44), with some minor 
changes (see Methods), and multiplied 𝑔0→0,stus (i.e., conductance of recurrent AMPA 
receptors) and 𝑔2→0,vsws (i.e., conductance of GABAergic feedback inhibition) with 24 and 12 
(respectively) linearly spaced values, ranging from 0.2 to 5 and 2.7 to 5. Fig. S9A shows firing 
rates (left) and mean pairwise spike correlations (right) for all parameter combinations. While for 



 
 

 

the main part of the analysis, we focus on the asynchronous state (shown in Fig. 2F; mean firing 
rate FR = 4.14 Hz; mean pairwise spike correlations r = 0.05), we further wanted to test whether 
the observed effect of feedback inhibition on response gain holds true also for the synchronous 
state. To this end, we first identified a dynamical regime reminiscent of the synchronous state, 
with low firing rates (FR = 5.11 Hz) but relatively high pairwise spike correlations (r = 0.27). We 
find that, irrespective of state, a reduction in feedback inhibition leads to an increase in response 
gain (Fig. S9B). 

Tuning of parameters of decision circuit model. This model was based on a circuit model of 
decision-making developed to explain neural dynamics and choice behavior in standard two-
alternative forced choice tasks, entailing trials of a few seconds of duration (44). Without further 
adjustments to the parameters of the decision circuit, the network dynamics would rapidly enter 
one of the two possible attractor states, reflecting the preference for decision 1 or decision 2. 
Moreover, without sufficient levels of external drive or noise, the network would dwell in those 
states indefinitely, as the lateral inhibition would dominate over the external input or the magnitude 
of the noise. In order to introduce dynamics that exceed beyond short timescales (single trials), we 
increased the level of background noise as well as the strength of the external stimulus. This way, 
we identified a state where the model would switch continuously between two attractors. Once this 
point was identified, we only changed feedback inhibition in order to assess the influence of E/I 
ratio on perceptual transitions (Fig. 3C). 

Note that other studies that employed neural circuit models similar to the one used here for the 
study of perceptual fluctuations during ambiguous stimulations (86) also included adaptation as 
an alternative mechanistic explanation for perceptual transitions. For the sake of simplicity, we did 
not consider this in the current circuit.  

 
  



 
 

 
 

 

 
 

Fig. S1. Drug effect on baseline pupil diameter. Baseline pupil diameter after the administration 
of atomoxetine (Atx), placebo (Pbo) or donepezil (Dpz), separately for rest (left) and task (right). 
(*) indicates P < 0.05 (two-sided paired permutation test). 
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Fig. S2. Quantifying cortex-wide functional connectivity. (A) (0.) Whole-head 
magnetoencephalography (MEG) was recorded using 274 recording channels located in a helmet 
above the participants head. (1.) The sensor-level signal was cleaned from transient and sustained 
artifacts (e.g. muscle and heart beat artifacts, respectively). (2.) Spectral estimates were obtained 
from the cleaned sensor-level signal using complex wavelet convolution. (3.) From the spectral 
estimates and individual head models, source level power time series were obtained, (4.) from 
which orthogonalized power envelope correlations were computed. (5.) This resulted in functional 
connectivity (FC) matrices for each of the 17 carrier frequency bands of interest. (B) Global degree 
(see Methods) and mean FC as a function of frequency during the rest-placebo condition. (C) 
Spatial map of degree during the rest-placebo condition. Correlations peak in the ‘alpha’ (center 
frequency 9.51 Hz; B) and ‘beta’ frequency range (center frequency 16 Hz; B), with strongest 
‘connectedness’ (degree) in left and right posterior parietal cortex. These results are consistent 
with previous reports using an analogous approach to resting-state MEG data. 
 
  

Max. Deg.Max. FC

2. Spectral analysis
0RUOHW·V�:DYHOHWV

655
Degree [%]

5HVW
f = 16 Hz

A B

C

Real

Imag

X(f) Y(f)
В�DPSS	X,Y)

Region X Region Y

4. Power envelope correlations
(after orthogonalization)

5. Correlation matrix

C
orrelation coeff. ѩ 

X

Y

0. MEG recordings

���FHQWHU�IUHTXHQFLHV

Time

3. Source analysis
LCMV

����FRUWLFDO�YHUWLFHV
DQG����$$/�UHJLRQV

1. Preprocessing
Identification and rejection 

RI�WUDQVLHQW�DUWLIDFWV

+
Indepependent

FRPSRQHQW�DQDO\VLV����FKDQQHOV
4 8 16 32 64

Carrier frequency [Hz]

0

10

20

30

D
eg

re
e 

[%
]

0

0.05

M
ea

n 
FC

5HVW��3ODFHER�RQO\�

3ODFHER
only



 
 

 
 

 
 

Fig. S3. Quantifying task effects on functional connectivity. (A) Illustration of the approach to 
quantify changes in the global activity correlation structure: First, the difference between two 
conditions (here: rest and task; placebo only) was tested by means of a two-sided paired t-test. 
Next, the number of statistically significantly (P < 0.05; uncorrected) increased (in red) and 
significantly decreased (in blue) connections was counted. (B) Spatial distribution of the difference 
in correlation between task and rest (placebo only) at a carrier frequency of 9.5 Hz. (C) The 
fraction of significantly (P < 0.05, two-sided paired t-test) altered correlations (negative and 
positive alterations) can be computed for each frequency band of interest, resulting in a spectrum 
of fraction of significantly altered correlations. (D) Spatial distribution of the difference in power 
between task and rest (placebo only), averaged across the frequency range  from 9.5 to 16 Hz. (E) 
The fraction of nodes (in this case: AAL nodes; see Methods) with significantly altered power 
(negative and positive alterations; P < 0.05, two-sided paired t-test) can be computed for each 
frequency band of interest, resulting in a spectrum of fraction of nodes with significantly altered 
power.  
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Fig. S4. Quantifying drug effects on functional connectivity. (A) Functional connectivity 
matrices (only lower or upper triangular parts; at a carrier frequency of 16 Hz) for atomoxetine, 
placebo and the difference between the two (lower triangular part: during rest; upper triangular 
part: during task) and (B) for donepezil, placebo and the difference between the two. 
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Fig. S5. The drug effects on functional connectivity are not driven by changes in variance 
and are not specific to certain analysis parameters. (A) Atomoxetine (left) induced a weak 
reduction in  power envelope variance compared to placebo during rest (open circles indicate P < 
0.05, two-sided paired single threshold permutation test). Atomoxetine produced a tendency 
towards the opposite effect during task (increase in local variance) during task, albeit not 
statistically significant. Donepezil (right) did not lead to any significant alterations in local power 
envelope variance. The pattern of local variance changes under atomoxetine (decrease during rest, 
increase during task) cannot explain the observed pattern of changes in correlations under 
atomoxetine (no effect during rest, increase during task). In particular, an increase in local variance 
during task would reduce, not increase, correlations, because the local variance enters in the 
denominator in the computation of the correlation coefficient. (B-C) The choice of the alpha-level 
for the initial paired t-test (Fig. 1E) does not affect the general qualitative pattern of the drug-
induced changes in the fraction of significantly altered correlations. (B) Fraction of altered 
correlations as in Fig. 1E, but for various different alpha-values (for the initial t-test; see Methods), 
ranging from 0.01 to 0.10, for atomoxetine and (C) donepezil. (D-F) Fraction of significantly 
altered correlations (FAC; as in Fig. 1E) for different regularization parameters used for the source 
reconstruction procedure (see Methods; panel D: α = 0.05; panel E: α = 0.15; panel F: α = 1.00). 
In the top row, the drug effects during rest are shown, in the middle row the effects during task 
(Left: Atomoxetine vs. placebo; Right: donepezil vs. placebo). The bottom row shows the effect 
of behavioral state (or context), i.e., the difference between the drug effect during Rest and the 
drug effect during Task. Significant differences are indicated by open circles (P < 0.05) and filled 
circles (P < 0.01; two-sided paired single-threshold permutation test). 
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Fig. S6. Dynamics of the Wilson-Cowan models and fitting procedure of the cortex-wide 
model. (A) Dynamics of a single Wilson-Cowan node around the Hopf-bifurcation. Top: 
Dynamics in the oscillatory regime, exhibiting sustained oscillations. Middle and bottom: 
Dynamics in the noise-driven regime, exhibiting damped oscillations. (B) The drug effects on 
fraction of significantly altered correlations for 76 AAL nodes and selected carrier frequency bands 
(ranging from ~6.7 to ~19 Hz). (C) Estimation of the global coupling parameter. Left: across all 
participants and a number of background input parameters (to E and I), the similarity (here: 
distance; see Methods) between the simulated and the empirical functional connectivity matrices 
was computed. Right: Distance (averaged across participants) for various levels of global coupling. 
(D) Same as (C), but for Pearson correlation. (E) Averaged model power spectrum (averaged 
across all 76 nodes). (F) Peak frequency of the model for various levels of background inputs to E 
and I. (G) Illustration of the fitting procedure: for each combination of background inputs to E and 
I, as well as every participant, the distance between simulated and empirical FC (rest and placebo 
only) was computed. The resulting distance matrix was thresholded at the 2.5th percentile (all 
values larger were set to zero, all others to 1) and the largest connected cluster was identified. The 
geometric mean of this cluster was defined as the best-fitting value for a given participant. 
Repeating this procedure for all participants resulted in 28 fitted resting state parameters. 
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Fig. S7. Task alters alpha peak frequency and functional connectivity. (A) The estimated peak 
frequencies in the alpha-range (6-14 Hz) are highly consistent between the two recording blocks. 
(B) Left: The frequency peak in the averaged power spectrum fits (after subtracting the 1/f 
component) shifts towards slightly higher frequencies during task (red) compared to rest (blue). 
Darker colors: model fits; lighter colors: MEG data. Right: Task increases alpha peak frequency 
across subjects.  (C) Mean correlation (averaged across all region pairs) is decreased during task 
compared to rest, both in the MEG (left; averaged across the alpha-/beta-range, 9.51 – 16 Hz, 
where the MEG exhibits peak correlations; see Fig. S2B) and the model (right). P-values: two-
sided paired permutation test (100.000 permutations). 
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Fig. S8. Model consistency with empirical data across the parameter space. Top row: 
Difference in mean correlation (averaged across the upper triangular part of the 76x76 correlation 
matrix) across changes in gain and global coupling, for a number of task-related input strengths 
(plot in the center, where Δ(𝑏0, 𝑏2) = 0 corresponds to the input level shown in Fig. 2D,E, yellow 
circle). Bottom row: Corresponding binary masks highlighting the regions in the parameter space 
where the changes in mean correlation are qualitatively consistent with the empirical observations 
(Fig. 1E,F). 
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Fig. S9. Increased E/I ratio increases response gain in asynchronous and synchronous states. 
(A) The parameters of the leaky integrate-and-fire model were tuned such that the network 
dynamics are indicative of a synchronized state (depicted pairwise spike count correlations r = 
0.27) and low baseline firing rate (depicted FR = 5.11 Hz) or an asynchronous regime (pairwise 
spike count correlations r = 0.05), with comparable baseline firing rate (FR = 4.14 Hz). (B) The 
effects of altered feedback inhibition on response gain in the synchronous regime (C) Same as (B), 
but for the asynchronous regime (identical to Fig. 2F, replotted here for better comparison). 
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Fig. S10. Model with heterogeneous task-related inputs. Results from a model where only a 
subset of nodes (with significantly decreased power in the alpha-/beta range; see Methods) 
received task-related input. (A) Effects of changes in gain and global coupling (both equivalent to 
Fig. 2D,E) on the mean correlation, for task-related input strength equivalent to Fig. 2D,E. (B) 
Same as (A), but with slightly increased task-related inputs.  
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Fig. S11. Reported perceptual transitions during task and task-pressing. Left: Number of 
reported perceptual transitions after the administration of atomoxetine (Atx), placebo (Pbo) or 
donepezil (Dpz), separately for task (silent counting of perceptual transitions). Right: same for 
task-button (perceptual transitions reported through pressing a button; right) (*) indicates P < 0.05 
(two-sided paired permutation test). 
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Fig. S12. Task design, behavior, and behavioral modeling for dynamic foraging task. (A) 
Behavioral task. Top: sequence of events during each trial. Two choice targets (vertical/horizontal 
Gabors, randomized location) are presented at trial onset. A go-cue (change of fixation marker) 
instructs subjects to indicate their choice, by pressing a button with left or right index finger. Binary 
auditory feedback (reward or no-reward) is delivered after variable delay. (B) Change-point 
triggered change in choice fraction. (C) Cross-validated comparison between behavioral model 
from main Fig. 4F with a model entailing only WSLS or only leaky reward integration combined 
with softmax transformation. The latter fits the data better, indicating that a reward integration 
mechanism is needed to account for the data. (D) Cross-validated comparison between behavioral 
model from main Fig. 4F and a model, in which softmax transformation of choice probability is 
applied after combination with WSLS heuristic. The model from Fig. 4F (softmax transformation 
before WSLS) fits the data better. (E) Correlations between individual’s stay durations (where a 
“stay” is defined as the length of an uninterrupted sequence of choices to a stimulus with the same 
tilt, i.e., horizontal or vertical) and the estimated model parameters. (F) Comparison of the BIC 
values obtained from fitting the model to the placebo and the atomoxetine condition. P-value was 
obtained from a two-sided paired permutation test (100.000 permutations). 
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Fig. S13. Logistic regression analysis of choice behavior in foraging task. (A) Psychometric 
function for placebo (blue) and atomoxetine (red). (B) Comparison between regression model 
parameter estimates for atomoxetine vs. placebo. Timescale (tau) was obtained from an 
exponential fit to the outcome regressor weights as a function of previous trials (Methods). (*) P 
< 0.05; (**) P < 0.01; Two-sided paired permutation test (100.000 permutations). 
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Previous neurological or psychiatric diagnosis 

Currently (or within 2 months prior to the start of the 
experiment) on medication that potentially alters brain 

activity 
MRI or MEG incompatible implants 

Pacemaker 

Diagnosed cardiovascular disorder 

Known hypersensitivity to atomoxetine or donepezil 

Symptoms of significant mental or physical exhaustion 

Other significant health-related issues 

Regular smoker 

Consumption of illegal substances 

Consumption of 15 or more glasses of alcohol per week 

Pregnancy 

 
Table S1. Participant exclusion criteria 

 
 
 
 
 
  



 
 

 

 
REGION  

INDEX 
AAL 
REGION NAME 

REGION 
INDEX 

AAL   
REGION NAME 

1 Precentral_L 39 Temporal_Inf_R 
2 Frontal_Sup_L 40 Temporal_Pole_Mid_R 
3 Frontal_Sup_Orb_L 41 Temporal_Mid_R 
4 Frontal_Mid_L 42 Temporal_Pole_Sup_R 
5 Frontal_Mid_Orb_L 43 Temporal_Sub_R 
6 Frontal_Inf_Oper_L 44 Heschl_R 
7 Frontal_Inf_Tri_L 45 Paracentral_Lobule_R 
8 Frontal_Inf_Orb_L 46 Precuneus_R 
9 Rolandic_Oper_L 47 Angular_R 

10 Supp_Motor_Area_L 48 SupraMarginal_R 
11 Frontal_Supp_Medial_L 49 Parietal_Inf_R 
12 Frontal_Med_Orb_L 50 Parietal_Sup_R 
13 Rectus_L 51 Postcentral_R 
14 Cingulum_Ant_L 52 Fusiform_R 
15 Cingulum_Mid_L 53 Occipital_Inf_R 
16 Cingulum_Post_L 54 Occipital_Mid_R 
17 Hippocampus_L 55 Occipital_Sup_R 
18 ParaHippocampal L 56 Lingual_R 
19 Calcarine_L 57 Cuneus_R 
20 Cuneus_L 58 Calcarine_R 
21 Lingual_L 59 ParaHippocampal_R 
22 Occipital_Sup_L  60 Hippocampus_R 
23 Occipital_Mid_L 61 Cingulum_Post_R 
24 Occipital_Inf_L 62 Cingulum_Mid_R 
25 Fusiform_L 63 Cingulum_Ant_R 
26 Postcentral_L 64 Rectus_R 
27 Parietal_Sup_L 65 Frontal_Med_Orb_R 
28 Parietal_Inf_L 66 Frontal_Supp_Medial_R 
29 SupraMarginal_L 67 Supp_Motor_Area__ 
30 Angular_L 68 Rolandic_Oper_R 
31 Precuneus_L 69 Frontal_Inf_Orb_R 
32 Paracentral_Lobule_L 70 Frontal_Inf_Tri_R 
33 Heschl_L 71 Frontal_Inf_Oper_R 
34 Temporal_Sub_L 72 Frontal_Mid_Orb_R 
35 Temporal_Pole_Sup_L 73 Frontal_Mid_R 
36 Temporal_Mid_L 74 Frontal_Sup_Orb_R 
37 Temporal_Pole_Mid_L 75 Frontal_Sup_R 
38 Temporal_Inf_L 76 Precentral_R 

Table S2. List of cortical AAL regions included in the model-based analysis. 
 

 
  



 
 

 

 

Movie S1. The 3D-Structure-from-Motion stimulus presented to the participants during the 
visual task (https://youtu.be/HzwC2CnVzT0) 
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