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Abstract 

Resting state fMRI signals in mammals exhibit rich dynamics on a fast, frame-by-

frame timescale of seconds, including the robust emergence of recurring fMRI 

co-activation patterns (CAPs). To understand how such dynamics emerges from the 

underlying anatomical cortico-cortical connectivity, we developed a whole-cortex 

model of resting-state fMRI signals in the mouse. Our model implemented neural 

input-output nonlinearities and excitatory-inhibitory interactions within cortical regions, 

as well as directed anatomical connectivity between regions inferred from the Allen 

mouse brain atlas. We found that, even if the model parameters were fitted to explain 

static properties of fMRI signals on the timescale of minutes, the model generated 

rich frame-by-frame attractor dynamics, with multiple stationary and oscillatory attrac-

tors. Guided by these theoretical predictions, we found that empirical mouse fMRI 

time series exhibited analogous signatures of attractor dynamics, and that model 

attractors recapitulated the topographical organization of empirical fMRI CAPs. The 

model established key relationships between attractor dynamics, CAPs and features 

of the directed cortico-cortical intra- and inter-hemispheric anatomical connectivity. 

Specifically, we found that neglecting fiber directionality severely affected the num-

ber of model’s attractors and their ability to explain CAPs. Furthermore, modifying 

inter-hemispheric anatomical connectivity strength by decreasing or increasing it 

from the value of real mouse anatomical data, resulted in fewer attractors generated 

by cortico-cortical interactions and reduced non-homotopic features of the attrac-

tors generated by the model, which were important for better predicting empirical 

CAPs. These results offer novel theoretical insight into the dynamic organization of 

resting state fMRI in the mouse brain and suggest that the frame-wise BOLD activity 

captured by CAPs reflects an emerging property of cortical dynamics resulting from 

directed cortico-cortical interactions.
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Author summary

Whole-brain activity at rest transitions on a timescale of seconds between 
stereotyped co-activation patterns (CAPs), each with a distinct spatial profile of 
co-activation across different brain regions. CAPs have been robustly reported 
across datasets and mammalian species, including humans and mice. However, 
the significance and origin of these patterns remain unknown. Here we studied 
the origin of CAPs using a computational model of the whole cortex based on 
real-world directed measurements of mouse cortical anatomical connectivity. We 
found that we could explain the formation and topography of CAPs in terms of at-
tractors (that is, states the network tends to converge to) that reflect the informa-
tion in the anatomical connections between cortical regions. Attractors and CAPs 
are significantly influenced by the directionality of connectivity (available in mice 
but not in humans) and the strength of inter-hemispheric coupling. Together, our 
findings suggest an additional possible mechanism of CAP generation based on 
cortico-cortical connectivity which adds to current explanations based on con-
tributions from arousing modulatory nuclei. We thus suggest that CAPs may at 
least in part emerge from cortico-cortical interactions.

Introduction

Resting-state fMRI has been widely used to map functional organization of spon-
taneous large-scale activity in the human brain [1–3]. These measures have been 
paralleled and informed by computational models of large-scale interactions between 
regions of the brain. Such network models typically incorporate anatomical connec-
tions as inferred by diffusion tensor imaging, and are used to understand and predict 
the principles of the ensuing collective brain dynamics [4–7]. Computational models 
have initially been employed to describe steady-state measures of “static” functional 
connectivity (that is, averaged over many minutes of resting state activity [8–12]), 
and have more recently begun to be used to understand dynamical frame-by-frame 
changes in network configuration occurring on a timescale of individual fMRI time 
frames [13–19].

In recent years, fMRI studies in humans have been complemented by analogous 
neuroimaging investigations in animal species, including rodents. Mouse fMRI stud-
ies are important to understand the mechanisms and principles of large-scale brain 
activity, owing to the possibility of causally manipulating brain activity, or mimicking 
pathological states via genetic or environmental interventions [20–22]. The use of 
physiologically accessible species has also allowed a more precise measure of the 
underlying anatomical connectivity and its directionality [23–25], which cannot at 
present be estimated with analogous precision in humans owing to the limitation of 
Diffusion Tensor Imaging (DTI), a technique that lacks information on fiber directional-
ity, and does not allow to reliably resolve long axonal tracts [26]. fMRI studies in mice 
have revealed important principles in the organization of neuronal activity, such as 
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the formation of large-scale functional hubs and the relationship between functional and anatomical connectivity  
[23,27–29]. Importantly, they have also revealed rich dynamics in mouse fMRI time series [30,31], which partly recapit-
ulates that seen in humans [32–35], and which is governed by a few dominant frame-by-frame co-activation patterns 
(CAPs) of fMRI signals across regions [35–37].

Because of the growing importance of these studies in the mouse, theoretical research has begun to extend network 
modelling to resting state fMRI timeseries acquired in this species [18,38–40]. These models can help conceptualize the 
neurophysiological processes that shape resting state fMRI signals. For one, the mechanisms and principles underlying 
the emergence of CAPs remain elusive. Are CAPs generated by a subcortical executive, such as arousing modulatory 
nuclei, or are they a self-organizing phenomenon reflecting an emergent property of cortico-cortical interactions [41]? 
Addressing this issue with network models is of crucial importance given the emerging contribution of CAPs in shaping 
resting state fMRI dynamics in human and animals, and also the numerous and conflicting theories related to their origin 
[30,31,42–44].

To fill this knowledge gap, here we developed a whole-cortex neural network model that combines realistic directional 
anatomical connectivity of the mouse neocortex [23–25,45] with non-linear firing rate dynamics in each region. The model 
allows us to simulate the emergent collective dynamics of the interconnected brain regions. We first fitted the model 
parameters to match the across-region distribution of the time-averaged fMRI signals and the static functional connectivity 
matrix. We next used our ability to study in detail the dynamics of this network to make several novel predictions about the 
frame-by-frame dynamics of the whole-cortex resting state fMRI recordings and its relationship with the underlying anat-
omy of inter-regional connections. Specifically, we computed the attractor dynamics generated by the model, revealing a 
rich structure of oscillatory and stationary attractors. Model-assisted analysis of empirical data revealed that analogous 
signatures of attractor dynamics are present in empirical mouse resting state fMRI timeseries. We also found that fea-
tures of real CAPs seen in mice can be explained by the model attractor dynamics and depend critically on the direction 
of anatomical wiring. The richness and complexity of attractor dynamics was maximal for values of the inter-hemispheric 
connection strength and of connectivity sparsity found in real anatomical mouse data.

Results

We designed a novel neural network model of the whole mouse cortex. The model was endowed with a directed matrix 
of the anatomical connectivity between cortical regions taken from mouse data, and it generated neural dynamics with 
plausible neural input-output non-linearities and excitatory-inhibitory interactions within each region. Our model generated 
fMRI signals from neural activity with a simple neurovascular coupling function, producing biologically plausible neural 
and resting-state fMRI dynamics for each region. Importantly, the models we designed was simple enough to allow for a 
thorough numerical and analytical study of its dynamics. All model parameters were selected to fit two static properties of 
resting-state fMRI signals, namely the topography of the across-region distribution of the time-averaged fMRI signal and 
the fMRI static functional connectivity of the empirical mouse data. The model was then used to make novel predictions 
about the role of specific elements of the anatomical connectivity in generating whole-cortex attractor dynamics. These 
model predictions were tested on real mouse resting state fMRI time series by comparing the predictions against frame-
by-frame features of resting state fMRI functional connectivity such as CAPs.

Fitting a large-scale neural model of mouse cortex to time-averaged signals and functional connectivity of resting 
state fMRI data

We designed a large-scale neural network model (Fig 1A) including 34 cortical regions of the mouse brain (17 per hemi-
sphere). We chose to parcellate the cortex in 34 regions as this was the finest parcellation that still allowed us to study 
numerically and analytically in great detail attractor dynamics [46]. Each region was modelled to comprise one excitatory 
(E) and one inhibitory (I) mutually interacting neural populations.
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Because one of our main questions is whether the discrete CAPs identified in resting-sate fMRI dynamics can be con-
ceptualized in terms of neural network attractors, we chose as our neural network model a Hopfield neural network [47] 
with binary units and discrete dynamics. Using this network model for whole-cortex fMRI data comes with two simplifica-
tions, described next. The first is that the units of the model denote a neural population (E or I) in each of the considered 
cortical regions, rather than individual neurons. While reducing the activity or activation of an entire brain region or brain 
area to a single variable is customary in large scale brain models [4–7], this reduction neglects effects of interactions with 

Fig 1.  Model architecture. A) Our model incorporates 34 (17 per hemisphere) cortical regions (listed on the left), each with an excitatory (E) and an 
inhibitory (I) population. The excitatory populations across different regions are connected to each other through a directed anatomical connectivity 
matrix extracted from the mouse connectome (multiplied by a global scaling coefficient g), and are also connected locally to the corresponding inhibitory 
population. B) Mathematical model that describes the temporal evolution of the activation state of the populations in each region. In each population, the 
incoming synaptic weights are multiplied by the presynaptic activities, to produce the total postsynaptic current. In turn, this current is summed to a noise 
term and passed through a threshold activation function, to produce a binary activation state: 0 if the cortical population is silent, and 1 if it is firing. We 
derived the resting state fMRI signal from each region as the total postsynaptic current of the corresponding excitatory population.

https://doi.org/10.1371/journal.pcbi.1013995.g001

https://doi.org/10.1371/journal.pcbi.1013995.g001
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cellular resolution. The second is that each population in the model was described as a threshold binary (active vs non- 
active) unit [48–50]. The activation state of each population was updated synchronously at discrete time steps. To facilitate 
comparison with the fMRI frame-by-frame data the network updating time step coincided with the fMRI frame rate (1.2 
second), thus neglecting all sources of fast neural dynamics.

Each excitatory population within a region received inputs from both excitatory and inhibitory populations from the same 
region, as well as excitatory inputs from other cortical regions, whose strength was weighted by the anatomical connectiv-
ity matrix. Each inhibitory population received instead inhibitory and excitatory inputs from the same region, but not from 
other regions. Further, a noise term was added as input to both inhibitory and excitatory populations, to express the net 
effect of stochastic components of neural activity. As we focus on cortico-cortical interactions, we did not include inputs 
from subcortical regions.

We computed the cortico-cortical anatomical connectivity that we inserted in the model as the number of connections 
from the entire cortical source region to the unit volume of the cortical target region, estimated from the Allen Mouse Brain 
connectome [23–25,51]. The anatomical connectivity was multiplied by a global scaling coefficient (a free parameter deter-
mined by best fit which was the same for all the connections in the model), which represents the average synaptic efficacy 
per unit of anatomical connectivity strength. In keeping with previous investigations, inter-regional E to E connectivity 
within and across hemispheres was assumed to be symmetric across the sagittal plane [23,25,51]. Resting state fMRI 
signals in each region resulting from the underlying neural activity were modeled as the total input current to the excitatory 
population in each region (Fig 1B). This assumption is supported by the finding that, among different electrophysiologi-
cal measures of brain activity concurrently recorded with the BOLD fMRI signal, the BOLD correlates best with the Local 
Field Potential (LFP) [52,53], and that the LFP reflects the synaptic inputs to excitatory neurons [52,54,55]. As our model 
produces dynamics with the time scale of seconds, the synaptic dynamics produced by our model could be compared with 
the fMRI dynamics. Thus, in the results presented in the main text we simply used this synaptic dynamic to simulate the 
model’s fMRI signal. However, in control analyses we showed that all main findings could be replicated by simulating a 
more realistic fMRI BOLD signal obtained by further convolving the synaptic dynamics with a synaptic-to-BOLD convolu-
tion kernel measured empirically from simultaneous intracranial recordings of LFP and fMRI BOLD (see Fig G and Tables 
D-F in S1 Appendix, and Methods Section ”Neural network model”).

The free parameters of our network model were the global scaling coefficient of the anatomical connectivity (g),  
the strength of the I to E, E to I and I to I connections (JE,I , JI,E , JI,I, respectively), the membrane potential firing 
threshold (Vthr), and the standard deviation of the noise sources (σ). We chose the values of these parameters so 
that they provided the best fit of the time-averaged mean of the fMRI signal in each region and of the subject- 
averaged Functional Connectivity (FC) between all pairs of regions that were computed from the empirical mouse 
resting-state fMRI data obtained in our laboratory (see Methods). We report the best-fit values of these parameters 
in Table A of S1 Appendix.

To evaluate how closely our model reproduced empirical resting state fMRI time series, we first compared time- 
averaged fMRI signals estimated by the model (Fig 2A; for comparison we report also the model’s average activation state 
of the excitatory populations in Fig 2C) with empirical fMRI data (Fig 2B). The topography of the fMRI signal of the model 
reproduced that of the empirical data remarkably well (ρ = 0.85, p < 10-5). The model also closely reproduced two hallmark 
features of resting state fMRI organization in the mouse brain, namely highly synchronous resting state fMRI signals within 
the Default Mode Network (DMN) and Lateral Cortical Network (LCN) [45], and the presence of a robust inter-hemispheric 
fMRI coupling in homotopic regions, exemplified by the symmetry of the time-averaged fMRI signal between left and right 
hemispheres [56].

We next considered how well our model reproduced static fMRI functional connectivity (FC). We found that the topog-
raphy of the model’s FC (Fig 2D) resembled well (ρ = 0.55, p < 10-5) that of the empirical FC (Fig 2E). Importantly, the 
fMRI signals simulated with the model closely reconstituted the range of FC values measured in the real data, as the 
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Fig 2.  Whole brain modelling recapitulates static fMRI organization of the mouse cortex. A) Across-region distribution of the time-averaged fMRI 
signals predicted by the model. For this calculation, the time-averaged fMRI values were normalized between -1 and +1 as explained in Methods. B) 
As in A, but obtained from the empirical mouse fMRI data. C) Across-region distribution of the time-averaged activation state of the model’s excitatory 
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distribution of FC matrix entries (Fig 2F) was remarkably similar between model and empirical data, with very high overlap 
of 0.88 between distributions.

To further demonstrate that modelled fMRI signals closely reproduced hallmark features of the mouse resting- state 
static FC, we focused on the FC between the regions with the highest average resting-state activity (Fig 2G and 2H). Our 
model reproduced three main cortical subnetworks characterized by higher activity, namely the posterior (VIS, RSP, ACA, 
PTLp) and anterior DMN (PL, ILA, ORB, AI), and motor regions (MO, SS) belonging to the LCN. This division into subnet-
works was further confirmed by applying the leading eigenvector method [57] to determine the community structure of the 
subnetworks (see Methods), resulting in the functional subnetwork architecture schematized in Fig 2I.

In Fig 2J-L we assessed the ability of our model to explain static properties of the empirical fMRI signals using paired 
comparisons. Specifically, we generated scatter plots comparing model-generated (x-axis) and empirical (y-axis) values 
for: the relative distribution of time-averaged fMRI signals across all cortical regions (Fig 2J, R2 = 0.72); all entries of the 
FC matrices across region pairs (Fig 2K, R2 = 0.53); the probability distribution of functional connectivity across FC binned 
values (Fig 2L, R2 = 0.88). These analyses highlight a strong correspondence between model predictions and data also on 
datapoint-by-datapoint basis.

To probe whether the model explained features of the FC that go beyond its similarity with the anatomical connectivity, 
following [13] we calculated the correlation between the theoretical FC matrix of the model and the empirical FC matrix, 
partialized on their common anatomical connectivity matrix. We found that the resulting partial correlation values were 
0.47 and 0.40 (p < 10-4), when evaluated on the upper and lower triangular parts of the matrices, respectively. This finding 
implies that our model explains genuine functional interactions among regions, beyond what can be simply inferred from 
their common anatomical matrix.

In sum, our model closely recapitulates key static properties of cortical fMRI signals and functional connectivity in the 
mouse brain.

Mouse network model explains anti-correlation patterns in fMRI connectivity after global signal regression

It is well documented that, as we also showed in Fig 2, the static FC between cortical regions computed on time scales 
of minutes has mostly positive entries [33,56]. However, when regressing out the fluctuations of the fMRI signals aver-
aged over the whole brain (“global signal”), human and animal fMRI has reported the formation of robust anti-correlations 
between specific brain regions [58–61]. In the mouse brain, after global signal regression negative correlations emerge 
between associative and unimodal sensory-motor regions of the DMN and LCN [32]. We hypothesized that large-scale 
networks could generate global fluctuations of overall mean activity, which would in turn push the time-averaged FC 
matrix toward positive values. This, in turn could obscure more nuanced short-timescale interactions between regions that 
depend on the anatomical interactions and that could be revealed after regressing out global fluctuations.

To test this hypothesis, we computed, both in the network model and in the empirical fMRI data, the global-signal- 
regressed FC matrix. Note that the FC computed in this way captures not only static connectivity but also frame-wise 
interactions between local and global activity.

populations. D) Static FC matrix of model fMRI time series. E) Static FC matrix of the empirical mouse fMRI data. F) Comparison between the probability 
distributions of the values of the entries of the FC matrices, obtained from panels D, E. G) Model FC matrix between the regions in the right hemisphere 
with the highest average resting state mean activity. To highlight the most functionally connected regions, the FC matrix was thresholded to 0.6 of the 
maximum off-diagonal entry. H) As in G, but for the empirical FC matrix. In panels G, H, for simplicity, we showed only the reduced FC matrices in the right 
hemisphere, while the same results are obtained for the left hemisphere. I) Architecture of the functional subnetwork shown in panel H. J) Scatter plot of 
the across-region distribution of the time-averaged fMRI signals in each brain region (n = 34 points) obtained with real data and with our model. K) Scatter 
plot of the values of the static FC for each pair of brain regions (n = 1156 points) obtained with real data and with our model. L) Scatter plot of the values 
of PDF of static FC across pairs of brain regions (n = 30 points corresponding to 30 equi-spaced bins of the FC values to compute the PDF as in Fig 2F) 
obtained with real data and with our model. In panels J-L, the red line plots the best-fit regression line between empirical and model-generated data.

https://doi.org/10.1371/journal.pcbi.1013995.g002

https://doi.org/10.1371/journal.pcbi.1013995.g002
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In Fig 3 we report the FC matrices obtained from the model and empirical fMRI time series, after global signal regres-
sion [59]. A strong similarity between these two matrices was apparent when plotting results across all pairs of regions 
(Fig 3A vs 3B, ρ = 0.57, p < 10-5) or when zoomed in across the subset of 10 regions with stronger mean activity, including 
both intra- and inter-hemispheric FC (Fig 3D-G). Both the empirical and model FC matrices reveal prominent positive cor-
relations between DMN regions ACA and RSP, and negative FC with the LCN region SS. The global-signal-regressed FC 
of the model and the data were also similar in terms of the distribution of values across entries (Fig 3C, overlap of 0.82). It 
is important to note that in our fitting procedure we did not attempt to maximize the similarity of the FC matrices obtained 
after the global signal regression. For this reason, the strong correspondence between empirical and model global- 
signal-regressed FC matrices does not trivially reflect the similarity of the FC obtained without global signal regression 
(Fig 2D and 2E), but instead reflects the model’s ability to correctly capture the relevant interactions between global and 
local activity fluctuations, even when not explicitly fitted to do so.

The network model generates attractor dynamics that explains properties of empirical fMRI co-activation patterns

Previous studies in humans and animals showed that resting state fMRI signals are characterized by a rich temporal 
organization [37,62]. One prominent feature of this temporal structure is a dynamic reconfiguration, on the timescale 
of seconds, into transient brain-wide network states, known as fMRI co-activation patterns (CAPs). CAPs have been 

Fig 3.  Model and empirical functional connectivity after global signal regression. A) Static FC matrix obtained from the model fMRI signals. B) As 
in A, but for the empirical fMRI signals. C) Comparison between the probability distributions of the values of the entries of the FC matrices, obtained from 
panels A and B. D-E) Intra-hemispheric FC matrices obtained by restricting, respectively, panels A and B to the 10 regions with strongest BOLD signals 
in the right hemisphere. F-G) As in D-E, but for the R to L inter-hemispheric connections.

https://doi.org/10.1371/journal.pcbi.1013995.g003

https://doi.org/10.1371/journal.pcbi.1013995.g003
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consistently found in both humans [35,63] and mice [30,31] by clustering frame-by-frame whole brain fMRI signals into a 
small number of clusters that are robustly detected across datasets, individuals or conditions. However, theoretical con-
ceptualization of how CAPs emerge and are shaped by the concerted interaction of brain regions at rest remains debated. 
To address these questions, we used our network model to relate CAPs measured from empirical fMRI mouse data to the 
underlying collective dynamics of cortical regions.

It is well known that models of recurrently connected neural networks like the one we employed here exhibit attractor 
dynamics [47,49,50]. For each attractor, its basin of attraction represents the set of initial activation state vectors that 
eventually end up into that attractor in absence of noise (Panels A,B in Fig A of S1 Appendix). In the presence of noise, 
the network dynamics wanders between attractors. We thus hypothesized that attractor dynamics may also exist in empiri-
cal mouse fMRI timeseries, and that the emergence and features of CAPs may be related to those of attractors.

To probe this hypothesis, we analyzed the dynamics of our model numerically (see Ref. [46] and Methods). In the 
absence of noise, our network converged either to a fixed point where the activation state remains constant over time 
(similarly to the Hopfield network [47]), or to a periodic oscillatory sequence of activation state vectors. In the presence of 
noise, the activation states of our whole-brain model featured transitions, over a few-seconds-timescale (Panel A in Fig 
C of S1 Appendix), between attractors. Because each activation state attractor of the network model corresponded to a 
different simulated fMRI pattern, the attractor dynamics was also visible on the simulated fMRI signals (see Methods).

We found that our network model with the best-fit parameters had 31 stationary states and several thousand oscilla-
tory states (Table B of S1 Appendix). To illustrate the topography of the stationary states, for each of the 31 stationary 
attractors we computed the mean z-score vectors of the model’s fMRI. Interestingly, our model predicted that 7 out of 31 
stationary attractors (1, 7, 11, 17, 23, 30, 31, plotted in Figs 4A and 5A) were homotopic (i.e., with mirror-symmetric activ-
ity across the sagittal plane). The remaining stationary attractors were non-homotopic, and occurred in pairs with spatially 
opposed configurations ((2, 6), (3, 14), (4, 20), (5, 25), (8, 15), (9, 21), (10, 26), (12, 16), (13, 27), (18, 22), (19, 28), (24, 
29), plotted in Figs 4B and 5B).

The formation of non-homotopic attractors can be explained as arising as a consequence of the non-linear phenome-
non, known both in Theoretical Physics and neural network theory, of Spontaneous Symmetry Breaking [64–66] (see SM1 
of S1 Appendix for an illustration in a simple neural network model). Moreover, the fact that the non-homotopic attractors 
occurred in pairs of spatially opposed configurations suggests that the presence of strong inter-hemispheric asymmetry 
in frame-by-frame signals may be masked by the left-right inter-hemispheric symmetry of fMRI signals when averaging 
or pooling data over long timescales. We plotted the probability that each attractor occurred in the model in Fig 4C (red 
bars), showing that some stationary attractors (i.e., 1, 11, 12, 13, 16, 17, 19, 27, 28, 30, 31) were far more likely than 
others.

To probe if empirical fMRI time series showed signatures of dynamical attractors similar to those predicted by our 
model, we mapped algorithmically each point of a fMRI time series into the basins of the attractors predicted by the model 
(see Methods and Panels C,D of Fig A in S1 Appendix). By averaging over the fMRI time points assigned to each basin of 
attraction, we could estimate the typical spatial fMRI topography of each putative basin. By counting the number of time 
points assigned to each basin of attraction, the algorithm next estimated the probability with which each basin is visited 
over time. Since the probability of each oscillation attractor basin is typically very low (< 10-5 on average), it would be unre-
alistic to reconstruct them with a limited number of empirical samples. For this reason, we mapped only the basins of the 
individual stationary attractors and collapsed the basins of the oscillatory attractors into a single macroscopic basin. By 
comparing the topography of the basins of attraction and the occupation time predicted by the model with those estimated 
from the fMRI time series, we could quantify if the empirical fMRI time series were compatible with the given attractor 
dynamics.

We validated the attractor mapping algorithm on the fMRI time series simulated from our whole-cortex network model 
with the best-fit parameters. The probability of occupancy of the basins reconstructed algorithmically from the simulated 
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time series matched very well the one computed by the theoretical analysis of the model (Fig 4C, r
s
 = 0.95, p < 10-5, overlap 

area 0.81).
To further validate the mapping algorithm on the fMRI time series simulated from our model, we varied systematically the 

degrees of inter-hemispheric connectivity, sparseness of the anatomical connections, and of local E-I balance around the best-
fit values (see Results Section “Inter-hemispheric coupling, anatomical connectivity sparseness and local excitation-inhibition 
balance shape model cortical attractors” and Section SM2 of S1 Appendix for more details of how the parameter manipula-
tions were done). Then, we applied the attractor mapping algorithm embedded with the attractor structure of the best-fit model 
to the simulated time series. These manipulations change the number and structure of attractors. As expected (see Panels 
A-C of Fig B of S1 Appendix) the time series with the highest match with the embedded attractor structure were those gener-
ated by the model with the best fit parameters (r

s
 = 0.95, p < 10-5, mean correlation across all attractors ρ = 0.94, p < 10-5), while a 

different set of model parameter values produced a weaker match.
To investigate whether the empirical time series of fMRI signals showed a temporal structure compatible with the attrac-

tor dynamics of the best-fit network model, we next applied the attractor mapping algorithm embedded with the attractor 

Fig 4.  Attractor dynamics of the mouse cortex reconstructed by the mapping algorithm. A) Mean z-score vector of model fMRI signals classified 
into the basin of an attractor (#17) by the mapping algorithm. This attractor is homotopic. B) As in A, but for the basin of attractor #13. This attractor is 
non-homotopic. C) Probability distribution of the basins of attraction, calculated numerically from the activation states of the model (red bars), and recon-
structed by the mapping algorithm when applied to the model fMRI signals (blue bars). The Fig inset shows a zoom of the probability distribution of the 
stationary attractors in the shaded grey area. D-E) As in A-B, but in this case the z-scores have been averaged over the empirical fMRI states that the 
mapping algorithm associated to the basins of attractors 17 and 13, respectively. F) As in C, but now the blue bars represent the probability distribution 
of the basins of attraction reconstructed from the empirical fMRI signals.

https://doi.org/10.1371/journal.pcbi.1013995.g004

https://doi.org/10.1371/journal.pcbi.1013995.g004
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Fig 5.  fMRI co-activation patterns and attractors in the mouse cortex. A-B) Topography of the homotopic and non-homotopic stationary attractors 
predicted by the model. C) Topography of the CAPs obtained from the empirical fMRI time series. Red-yellow indicates co-activation, while blue indicates 
co-deactivation. D) Topography of the CAPs reconstructed from the model attractors and their Pearson correlation with the corresponding empirical CAPs.

https://doi.org/10.1371/journal.pcbi.1013995.g005

https://doi.org/10.1371/journal.pcbi.1013995.g005
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structure of the best-fit model to the empirical fMRI data. The mapping algorithm reconstructed very well the topography 
of each basin of attraction (mean correlation across all attractors ρ = 0.78, p < 10-3, see Panel B of Fig C of S1 Appendix, 
and compare Fig 4A and 4B with 4D and 4E, respectively). The probability of occupancy of the basins of attraction esti-
mated from empirical data also matched remarkably well that obtained from the theoretical analysis of the best-fit model 
(r

s
 = 0.93, p < 10-5, overlap area 0.81, Fig 4F). We next tested the attractor mapping on empirical data by varying system-

atically the degrees of inter-hemispheric connectivity, sparseness of the anatomical connections, and of local E-I balance 
around the best-fit values. Computing this match with a different set of model parameter values produced a weaker 
match between fMRI and model attractors (Panels D-F of Fig B of S1 Appendix). Thus, the frame-by-frame dynamics of 
the empirical fMRI time series is compatible with attractor dynamics of the specific form generated by the best-fit model, 
despite the parameters of our model not being optimized to fit frame-by-frame dynamics.

We next asked whether the model’s attractor dynamics could explain the emergence of CAPs in empirical fMRI data. 
For each time frame of empirical mouse fMRI signals, we compared the CAP it was assigned to [30], to the cortical model’s 
attractor it was mapped into by the attractor mapping algorithm. Following previous work [30,31,37], CAPs were obtained by 
clustering all the whole-brain empirical fMRI time series conservatively into 6 different clusters, each representing a recurring 
pattern of fMRI co-activation that is robustly conserved across datasets and individuals. This revealed three distinct CAPs 
each with a complementary anti-CAP state, i.e., a mirror motif exhibiting a strongly negative spatial similarity to its correspond-
ing CAP (Fig 5C). Each imaging time frame was mapped to a single CAP and a single basin of attraction. Given that there 
are more model attractors than empirically determined CAPs, each of the 6 CAPs could potentially capture the contribution of 
several attractors. We thus reconstructed each CAP from the model’s attractor dynamics as a sum of the spatial activation of 
each basin of attraction, weighted by the empirical probability that a data point assigned to a CAP was assigned to any given 
basin of attraction (Panel C of Fig C of S1 Appendix). We found a good correspondence between empirically determined and 
model-attractor-predicted CAPs (Fig 5D, 0.45 ≤ ρ ≤ 0.73, p < 10-2, all CAPs), suggesting that the attractor dynamics of our model 
is predictive of the topography of empirical CAPs. Importantly, this correspondence between the frame-by-frame dynamics of 
the model and that of the real data was obtained despite the model’s parameters being not fitted to replicate empirical CAPs.

The match between the topography of empirical and model CAPs was maximal when using model parameters deter-
mined by best fit of the static fMRI activity and connectivity. Computing this match with a different set of model parameter 
values produced a weaker match (Panels G-I of Fig B of S1 Appendix). Since model parameters different than the best-fit 
ones produced a different set of attractors, this result further shows that the frame-by-frame dynamics of the empirical 
fMRI time series is compatible with attractor dynamics of the specific form generated by the best-fit model.

The CAPs predicted by the network model are also broadly consistent with the FC obtained after global signal regres-
sion. The antagonistic interaction between DMN and LCN network hubs (Fig 3) is also observed in the transient, oppo-
site co-activation of empirical CAPs (Fig 5C), which were well predicted by the reconstructed CAPs through the model 
attractor dynamics (Fig 5D, CAPs 2 and 3). Other CAPs with more global cortical synchrony (CAPs 4 and 5) show tran-
sient co-activations between regions from both DMN and LCN, corroborating the contribution of CAPs to FC structure 
as a weighted sum of transient correlations that add up to the observed FC matrices. We also noted that CAPs 2, 4 and 
6 (called “anti-CAPs” in [30] as they look like reversed activation patterns with respect to CAPs 1,3 5 and are observed 
in opposite phases of the global signal fluctuations with respect to their accompanying CAPs 1, 3 and 5) have a stron-
ger contribution from oscillatory attractors than the corresponding CAPs 1, 3, 5 (Panel C of Fig C of S1 Appendix). This 
suggests that the antagonist nature of CAPs and anti-CAPs may be partly related to an antagonism of transitions between 
stationary and oscillatory attractor types.

These results can be interpreted as a quantification of the extent to which a stand-alone cortical network driven by 
noise can explain the spatial topography of CAPs without a structured input from subcortical structures. These findings 
thus suggest that in principle CAPs could be, at least in part, generated by a whole-cortex attractor dynamics arising from 
cortico-cortical interactions.
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Inter-hemispheric coupling, anatomical connectivity sparseness and local excitation-inhibition balance shape 
model cortical attractors

We demonstrated above that interactions between anatomically connected cortical regions drive attractor dynamics and 
network states. In this section, we investigate how these dynamics depend on three key properties of cortico-cortical 
connectivity: inter-hemispheric connection strength, connection sparseness, and the balance between excitatory and 
inhibitory populations. This dual-purpose analysis aims to deepen our theoretical understanding of how attractors emerge 
from connectivity patterns, and to determine whether specific features of mouse brain connectivity uniquely support rich 
attractor dynamics.

First, we modified the inter-hemispheric connectivity by means of a global inter-hemispheric scaling coefficient W , 
which multiplies the weights of all the inter-hemispheric anatomical connections. W = 0 corresponds to the case when the 
two hemispheres are anatomically disconnected, while W = 1 corresponds to the original empirically measured values for 
the connectome.

The dependence of the number of attractors on the inter-hemispheric connectivity scaling parameter W  is shown in Fig 
6A. The total number of attractors decreased for high values of W  which correspond to abnormally strong inter- 
hemispheric connectivity (W ≫ 1). An intuitive explanation for this is that excessively strong inter-hemispheric connectivity 
would increase the overall input current to each cortical region, thereby increasing their firing probability. As our model has 
stochastic noise, this results in the formation of a single stationary attractor, where all the regions fire synchronously.

The total number of attractors also decreased when we used inter-hemispheric connectivity values smaller than the one 
of real data (W < 1). In this case inter-hemispheric input adds only marginal variability to the total input to each region. As 
a result, the network accesses fewer attractors. The number of attractors peaks for intermediate values of W . Specifically, 
the number of oscillatory attractors, which dominates the total number of attractors, has a local peak for the original model 
of the mouse brain (W = 1), see Fig 6A.

Moreover, the model predicts that the total occupation probability of the basins of attraction of stationary (respectively 
oscillatory) states decreases (respectively increases) with W , and the real-connectivity value corresponds to approximate 
balance between the time that the network spends in stationary vs oscillatory attractors (Fig 6D). These results suggest 
that the mouse brain operates at an optimal point for attractor richness.

We next investigated the role of the sparseness of the anatomical connections in creating attractors. We sparsified the 
anatomical connections between the excitatory populations by removing all the links below a threshold T . The case T = 0 
corresponds to the original connectome, while larger values of T  produce sparser versions of the connectome containing 
only the strongest connections. In Fig 6B we report how the number of stationary and oscillatory model attractors depends 
on T . The number of stationary attractors was relatively stable until T  = 0.2 and then dropped dramatically, suggesting 
that creation of stationary attractors requires necessarily a skeleton of stronger connections. The number of oscillatory 
attractors declined strongly but less abruptly with increasing T , with a good number of oscillatory attractors still surviving 
for T  > 0.2. This suggests that, although stronger connections create oscillatory attractors, weaker anatomical connections 
can too create oscillatory attractors (see Section SM3 of S1 Appendix for more details). Note that the weakest links are 
also the longest, because the mean length of the connections in the network decreases with T  (Fig 6B). Thus, our results 
support recent suggestions [67] that the longest connections add to network dynamics. Moreover, the model predicts that 
the total occupation time of the basins of attraction of stationary (respectively oscillatory) states increases (respectively 
decreases) with T , and the real-connectivity sparsity corresponds to approximate balance between the time that the net-
work spends in stationary vs oscillatory attractors (Fig 6E). These results were supported and confirmed by randomization 
experiments in which we randomly shuffled the weakest anatomical connections and we documented the effect of this 
randomization on the attractor structure (Section SM4 of S1 Appendix).

Finally, we investigated the role of the coupling strength between excitatory and inhibitory populations. We modified 
this coupling strength by means of a global scaling coefficient z, which multiplies the E to I and I to E connection weights. 
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The value z = 0 corresponds to when the excitatory and inhibitory populations are disconnected, while z = 1 corresponds 
to the original network model with the best-fit couplings. Note that for z = 1 the activation of E and I populations is tightly 
coupled, with the activation of the E population being consistently followed by a compensating activation of the I popu-
lation in the same region (Panels K, L of Fig F of S1 Appendix). In Fig 6C we show how the number of attractors in the 
model is affected by the scaling coefficient z. The number of oscillatory attractors, and therefore also the total number of 
attractors in the network, peaks for values of excitation-inhibition balance equal to those of the best-fit model (z = 1). This 
is because z regulates the effective strength of the recurrent E to I and I to E connections that sustain oscillatory dynam-
ics in neural networks [68]. The number of stationary attractors decreases with z, because the local I to E synaptic current 
in each cortical region has a destabilizing effect on the stationary states, which becomes stronger when increasing z (see 

Fig 6.  Relationship between attractors and features of anatomical connectivity. A) Number of stationary and oscillatory attractors as function of the 
global scaling coefficient W  that multiplies the inter-hemispheric synaptic weights. The total number of attractors exhibits a peak for the value corre-
sponding to the real mouse connectome (W ∼ 1). B) As in A, but as function of the threshold value T  used for sparsifying the anatomical connectivity. 
C) As in A, B, but as function of the scaling coefficient z that multiplies the E to I and I to E couplings between populations. D) Probability to observe the 
activation state vector in the basins of attraction of the stationary states (cyan curve), or in those of the neural oscillations (orange curve), when varying 
W . Note that for W = 1, the model exhibits an approximate balance between the two probabilities. E) As in D, but when varying the threshold value T . F) 
As in D, E, but when varying the scaling coefficient z.

https://doi.org/10.1371/journal.pcbi.1013995.g006

https://doi.org/10.1371/journal.pcbi.1013995.g006
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Eq. (S4) of S1 Appendix). Moreover, the model predicts that the total occupation probability of the basins of attraction of 
stationary (respectively oscillatory) states increases (respectively decreases) with z, and the best-fit z = 1 value corre-
sponds to approximate balance between the time that the network spends in oscillatory vs stationary attractors (Fig 6F). 
By perturbing the local E-I couplings, we also predicted that the balance is optimal for encoding external stimuli (see SM6 
of S1 Appendix).

Non-homotopic attractor dynamics due to inter-hemispheric anatomical coupling

We next considered the inter-hemispheric topography (that is, the differences between the left and right hemispheres) of 
the attractor dynamics of the model. Given that excitatory inter-hemispheric coupling should intuitively synchronize homol-
ogous regions across the hemispheres, we investigated how the strength of those couplings affects the homotopicity of 
the attractors. We found (Fig 7A) that the number of non-homotopic attractors (i.e., with mirror-asymmetric activity across 
the sagittal plane) was small for large values of W , as expected by the simple intuition that strong inter-hemispheric cou-
pling leads to strong inter-hemispheric synchronization. Surprisingly, the number of non-homotopic attractors peaked at 
intermediate values of inter-hemispheric connection strengths (W ∼ 1) rather than at null inter-hemispheric strength (Fig 
7A). This result was confirmed by computing (Fig 7B), as function of W , the inter-hemispheric Hamming distance between 
activation states of homologous excitatory populations across the hemispheres. The latter is a measure of non- 
homotopicity that does not rely on computing attractors.

Thus, although our best-fit model exhibited dynamics that was homotopic when averaged over long-time scales of 
minutes, it did instead predict, for realistic values of inter-hemispheric connectivity (W ∼ 1), the presence of non-homotopic 
stationary and oscillatory attractors at the time scale of seconds. This suggests that intrinsic fMRI dynamics in the mouse 
brain may feature significant moments of non-homotopic activity arising from attractor dynamics, even if the overall static 
average remains homotopic.

To assess whether the non-homotopicity in the model attractors had a counterpart in the empirical fMRI data, we 
used our algorithm to map the data into either the attractor structure of the original model (as done in Fig 4) or to an 
attractor structure obtained by artificially enforcing homotopicity (see Methods). We found that mapping the empirical 
data onto homotopic model attractors predicted attractor occupancy probability less accurately than mapping it onto the 
original model with non-homotopic attractors (r

s
 = 0.831 ± 0.004 vs r

s
 = 0.933 ± 0.004, p < 10-5, see Fig 7C). This suggests 

that the non-homotopicity of the attractors space is important to describe the frame-by-frame dynamics of the empirical 
data.

The importance of non-homotopic frame-by-frame dynamics is also reflected in the reconstruction of the topog-
raphy of empirical CAPs from the attractors. In Fig 7D we report the differences between the CAPs of the original 
model with non-homotopic attractors, and the corresponding CAPs as obtained from the model with enforced homo-
topic attractor structure. CAP 1 and CAP 6 exhibited significant decrease in the correlation with the corresponding 
empirical CAPs when using homotopic attractors, while the remaining CAPs did not exhibit significant variation. 
Specifically, the correlation for CAP 1 decreased from 0.588 ± 0.007 to 0.562 ± 0.005 (p < 10-5), while for CAP 6 
it decreased from 0.561 ± 0.007 to 0.512 ± 0.007 (p < 10-5). Thus, the non-homotopicity of model attractors gives 
some contribution to explaining some of the features of the empirical data that is lost when artificially making them 
homotopic.

The formation of non-homotopic activity in the presence of inter-hemispheric excitatory coupling can be interpreted as 
a form of Spontaneous Symmetry Breaking [64]. We report in Section SM1 of S1 Appendix, an explanation of this mecha-
nism for neural networks.

Together, these results suggest that the inter-hemispheric exchange of information through the corpus callosum and 
the anterior commissure pathways can create non-homotopicity of activity and possibly support dynamical differences in 
information processing between hemispheres.
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Importance of directionality of connectivity and non-linearities in fMRI neural dynamics

Our network model included two important aspects of biological plausibility not always present in standard large-scale 
fMRI modelling: directed anatomical connections and threshold-based non-linear neural dynamics. To test the contribution 
of these features to fMRI signals, we compared our whole-brain model to two simpler models obtained either by symme-
trizing the anatomical connections between the excitatory populations (thus making the connectivity un-directed), or by 
linearizing the network equations. In both cases, we derived a new set of best-fit parameters (Table A of S1 Appendix), 
following the same fitting procedure that we used for the original model (Methods).

Fig 7.  Model study of non-homotopicity of brain signals. A) Number of non-homotopic attractors in the network model, as function of the global 
scaling coefficient W . B) Mean Hamming distance between the activation state vectors of the excitatory populations in the L/R hemispheres. C) Proba-
bility distribution of the basins of attraction, calculated numerically from the activation states of the model (red bars), and reconstructed by the mapping 
algorithm when applied to the empirical fMRI signals (blue bars), using the attractor structure with homotopicity enforced. Compare this result with Fig 
4F (obtained for mapping the empirical data into the attractor structure of the original model without enforcing homotopicity). D) Difference between the 
CAPs of the model with non-homotopic attractors, and the corresponding CAPs as obtained from the model with enforced homotopicity of attractors.

https://doi.org/10.1371/journal.pcbi.1013995.g007

https://doi.org/10.1371/journal.pcbi.1013995.g007
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We first considered how the models reproduced static properties of the empirical fMRI data. The Pearson correlation 
between the static across-region distribution of the fMRI signals obtained from data and the models (Fig 8A) was simi-
lar across different models but was higher for our model (p < 10-5, two-sample Welch’s t-test). Moreover, our model was 
considerably better than the linear one at reproducing the topography of the static FC matrix (Fig 8A), although it did not 
outperform the undirected model. However, unlike our model, the undirected and the linear models failed to accurately 
reproduce the distribution of values of the empirical fMRI static FC (Fig 8B). Thus, directionality of anatomical connectivity 
and neural non-linearities help reproduce the static organization of the empirical fMRI data.

Fig 8.  Comparison with undirected and linear models. A) Pearson correlation between the across-region mean fMRI signals (left) and the FC matrix 
(right) of the empirical data, and the corresponding statistics calculated for three network models: our full model with directed connectivity and non-linear 
neural dynamics (red), an undirected model with non-linear dynamics but undirected anatomical connections (green), and a linear model with directed 
anatomical connections but linear activation function (orange). Statistical comparisons were performed by running, for the three network models, 100 
groups of 100,000 repetitions each, and then by using a two-sample Welch’s t-test to compare these distributions. B) Comparison between the proba-
bility distributions of the values of the entries of the FC matrices. Note that, unlike our model, the undirected and linear models do not fit well the PDF of 
the empirical datasets. Color coding as in panel A. C) Number of stationary and oscillatory attractors of the undirected model, as a function of the global 
scaling coefficient W . Note that the linear model has only one (stationary) attractor. D) Measures of inter-hemispheric non-homotopicity for the activation 
state vectors of the undirected model. E) Probability distribution of the basins of attraction, calculated numerically from the undirected model (red bars), 
and reconstructed by the mapping algorithm when applied to the empirical fMRI signals (blue bars). The Fig inset shows a zoom of the probability dis-
tribution of the stationary attractors in the shaded grey area. F) CAPs reconstructed from the fMRI attractors of the undirected model, and their Pearson 
correlation with the corresponding empirical CAPs of Fig 5C.

https://doi.org/10.1371/journal.pcbi.1013995.g008

https://doi.org/10.1371/journal.pcbi.1013995.g008
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We next considered how different models accounted for the empirical fMRI frame-by-frame dynamics. We found a 
major reduction in the number of attractors generated by the undirected and the linear model compared to our model (Fig 
8C). The undirected model generated much fewer attractors than the original model. For W = 1, we found only 6 sta-
tionary states in the undirected model, compared to 31 stationary states in our model (Tables B and C of S1 Appendix), 
and 8,958 rather than 34,877 oscillations. Moreover, while our model exhibited the largest number of attractors at W ∼ 1 
(Fig 6A), for the undirected model that number peaked at W = 0.5 (Fig 8C). Thus, the undirected model exhibits poorer 
attractor dynamics, which would not be maximized by values of inter-hemispheric anatomical connection strength equal to 
those of the mouse brain. Similarly, indices of non-homotopic activity (i.e., diverging activity across homologous regions in 
the two hemispheres) like those considered in Fig 7A and 7B did not peak (Fig 8D) at W ∼ 1 for the undirected model, as 
observed in our model (Fig 7).

Importantly, we found that the empirical fMRI time series did not map well into the attractors of the undirected model. 
The Spearman correlation between the probability of occupancy of the basins of attraction predicted by the model and 
the distribution reconstructed by the mapping algorithm was not significant (r

s
 = 0.43, p = 0.34, Fig 8E), and the undirected 

model was particularly bad at describing the probability of stationary attractors (inset of Fig 8E). The impoverishment of 
attractor dynamics in the undirected model led also to a much poorer reconstruction of the topography of the empirical 
CAPs from its basins of attraction (cf. Fig 5C with Fig 8F). Thus, the undirected model lacks the ability to predict, from 
attractor dynamics, the features of most empirically observed CAPs.

The attractor dynamics of the linear model was even poorer, as it exhibited only one stationary attractor. Given that 
there was only one attractor, we did not attempt to map CAPs and attractors in this model.

In sum, the neural non-linearities and the directionality of the anatomical connectivity inserted in our model only margin-
ally increased the accuracy of model predictions of the static organization of empirical fMRI data. However, the non- 
linearities and the directionality information of the connectome deeply affected the fast network dynamics on the scale of 
seconds. Specifically, these contributions were required to create richer attractor dynamics in the model, which ultimately 
allowed it to better explain frame-by-frame empirical CAPs.

Discussion

Recent years have witnessed a growing interest in modelling and understanding the dynamics of resting state fMRI 
in the mouse brain [18,38–40]. The mouse has the unique advantage of the availability of a precise measure of 
whole-brain anatomical connectivity and its directionality [23–25,45]. Here we contributed to this endeavor by devel-
oping a novel whole-cortex model of the resting state activity which adds concepts and predictions to both existing 
mouse and human whole-brain models [6,8–10,13]. Specifically, our model made new predictions about the dynam-
ics of resting mouse cortex in terms of attractor dynamics over fast timescales of seconds, which are compatible 
with empirical findings on CAP frame-by-frame dynamics. We also manipulated the model’s anatomical connectivity 
to predict how the structure of cortico-cortical connectivity may generate attractor dynamics and inter-hemispheric 
non-homotopic activity.

Attractor dynamics may originate from cortico-cortical interactions and may account for the emergence of CAPs

Most whole-brain models simulate the fMRI signals either by modeling neurovascular coupling with a synaptic gating vari-
able [9–11,13,69], or by employing neural mass models [6,12,14,15,70,71]. Our model instead uses a binary non-linearity 
for describing neural activation states [5,7], which are known to generate numerically- and analytically-tractable attractor 
dynamics [46], and models fMRI as postsynaptic currents. Attractor dynamics is a major theoretical feature of recurrently 
connected neural networks, yet its presence in large-scale brain dynamics has been only seldomly investigated (see, e.g., 
Refs. [7,13] modelling the human brain). Our work adds to and expands previous attempts to predict attractor dynamics 
from large scale models in several ways.
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First, the model we chose lends itself to an exhaustive coverage of attractor states including stationary and oscillatory 
attractors. We could map 31 stationary attractors and thousands of oscillatory attractor in resting state dynamics, improv-
ing on previous work which mapped no oscillatory attractors in humans or mice [7,13,72], or focused on simpler dynamics 
generated by models of the mouse brain with binarized connectivity [40]. The ability to map extensively attractors was 
essential to relate the frame-by-frame, fast dynamics of the model to the dynamics of empirical fMRI data on a time scale of 
seconds. This allowed us to provide predictions and mechanistic hypotheses about possible novel dynamic features such 
as inter-hemispheric non-homotopicity imputable to attractor dynamics. These predictions extend previous seminal work 
on attractor dynamics in humans, relating attractor dynamics to time-varying FC [7,13], and they also extend to the case of 
resting-state activity the study of attractor dynamics in whole-cortex models of the mouse during working memory [72].

Second, we investigated the role of the directionality of anatomical fibers, a feature not available to a comparable 
extent for the human brain, in shaping attractor dynamics. We found that the richness of attractor dynamics and the good 
match between empirical fMRI dynamics and attractor properties was found only when considering the directionality of 
the anatomical connectivity of the real mouse brain. Using an undirected version of the anatomical connectivity matrix 
(conceptually similar to that measured with DTI) led to an impoverishment of the model’s attractor landscape and of the 
ability to predict real fMRI dynamics. Our determination of the importance for the mouse brain’s attractor dynamics of the 
directionality of anatomical connections extends previous studies of the role of long-range vs local excitatory connections 
in producing patterns of internally sustained neuronal activity [72].

Finally, we related attractor dynamics to CAP dynamics found empirically on the time scale of seconds. The possible 
origin of these CAPs in terms of neural processes has been debated. CAPs have been suggested to reflect widespread 
cortical changes associated with changes in ascending modulatory input or brain state, or brief, event-like bursts of 
self-generated activity [35,41]. Our model provides a possible additional mechanism for CAP generation. It suggests that 
CAPs may in part emerge from and reflect cortico-cortical interactions. The fact that the attractors of our cortico- 
cortical models emerge and explain part of CAPs without the contribution of ascending modulatory inputs suggests that 
the cortico-cortical attractor dynamics may add structure to CAPs on top of that that has been hypothesized to be provided 
by ascending nuclei. Specifically, our model predicts that CAPs mechanistically arise from attractors, which in turn express 
and originate from the underlying anatomical cortico-cortical connections and interactions.

Moreover, because attractors represent minima in the energy landscape of the network, our work also suggests that 
changes in CAPs can be taken as indicators of changes in the energy landscape of the brain, a topic of current active 
research [43]. It would be important to determine in future theoretical and empirical studies how the interaction between 
such attractor cortical dynamics and neuromodulatory systems such as the ascending arousal system may shape the 
energy landscape of the cortex [43].

By enabling us to relate anatomical connectivity, attractors and fMRI CAPs, our formalism might be crucially employed 
in future studies to make empirically testable predictions about how alterations of the connectome resulting from injury or 
neurodegenerative disorders may alter frame-by-frame brain dynamics.

Model predictions of fMRI functional connectivity after regressing out the global signal

Our model predicted well the empirical FC obtained after regressing out the global signal. While static FC had all positive 
entries, the regressed FC showed interesting patterns of anti-correlations across regions that were also visible in CAPs 
and were predicted well by the model. These results contribute to the ongoing debate about the validity and significance 
of global signal regression in fMRI [73]. While some studies consider the global signal as a confounder or a source of 
noise (thus advocating its regression to account for in-scanner head motion [74]), other studies provided evidence that the 
global signal may reflect neural activity by highlighting how it relates to FC topography [75–77], and to CAPs topography 
and dynamics [30,31]. Our results support the notion that the global fMRI signal potentially carries important information 
about how different regions interact to underpin fMRI dynamics.
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Model predictions on the relationship between anatomical connectivity and frame-by-frame whole-brain 
dynamics

We studied theoretically how connectivity strength variations affect the frame-by-frame fMRI dynamics. We obtained 
several findings. First, values of inter-hemispheric connectivity similar to those found in the real mouse brain maximize the 
number of attractors. We speculate that the number and variety of possible attractors may impact brain function because 
it represents the repertoire of brain states that can be reliably and dynamically generated starting from arbitrary initial 
conditions. Therefore, larger repertoires of attractors may enable a larger repertoire of information processing capabilities 
[72,78,79]. Fitting our model to fMRI signals under different behavioral states could help validating empirically a possible 
role in brain function of attractor dynamics.

Second, despite our model included an inter-hemispheric homotopic anatomical connectivity matrix (that is, the inter- 
regional E to E connectivity within and across hemispheres was assumed to be symmetric across the sagittal plane), 
it predicted the formation of significant differences between the frame-by-frame dynamics of the two hemispheres. Val-
ues of inter-hemispheric connectivity strength similar to those of the real mouse brain led to a predicted higher degree 
of inter-hemispheric non-homotopicity in frame-by-frame cortical activity. This inter-hemispheric non-homotopicity was 
predicted by the model to happen only over fast timescales (of the order of seconds), but it was averaged away when 
static activity and FC were computed over the several minutes of a whole fMRI time series. This can be conceptualized as 
spontaneous symmetry breaking, which may aid to create some degree of dynamic dissociation of information processing 
across hemispheres.

Third, we found that having a good number of stationary attractors necessitates the presence of a backbone of the 
strongest anatomical connections (which on average have shorter connections). Oscillatory attractor numbers also 
declined when removing the strongest connections. Since CAPs reflected attractor dynamics in our model, the backbone 
of strongest anatomical connections may have a more profound influence on CAP formation and structure. A good number 
of oscillatory attractors, but not of stationary attractors, disappeared when only weak connections were removed in the 
model (which are also on average the longer-distance ones), corroborating previous proposals that long-distance path-
ways contribute sizably to whole-brain dynamics [67]. Assuming that larger attractor numbers help information processing, 
these results are also compatible with other model-based proposals that long-range connections influence information 
processing in the brain [15].

Finally, our best-fit model parameters were compatible with a local balance in the interactions between excitation and 
inhibition. This result further supports the notion that aspects of across-region and within-region connectivity combine to 
strengthen brain computational capabilities. The findings that the best-fit model parameters are compatible with a balance 
between local excitation and inhibition, that the total number of attractors peaks near the balance point, and that the  
best-fit model dynamics using the real connectivity corresponds to a balance between time spent in stationary versus 
oscillatory attractors resonate with recent studies demonstrating that biologically realistic connectivity and excitation- 
inhibition balance place such large-scale neural networks in regimes close to maximal dynamical richness [80–82]. It 
would be interesting in future work to connect more deeply our attractor dynamics results to the rich literature on brain 
criticality and multistability in neural network models of large-scale brain activity

Limitations of our neural model

To begin building insights into a possible link between prominent features of second-scale fMRI dynamics and attractor 
dynamics, we used a simple neural model that could lend itself to an easy comparison with the fMRI data and a feasible 
analysis of the attractor state, coupled with a simplified - but biologically grounded - estimation of slow scale synaptic 
dynamics and simulated fMRI BOLD that could be compared with data. Limitations in terms of biological realism of this 
model include the binarization of the activity of each region, the lack of fast neural dynamics at the scale of the membrane 
integration time constant at which most neural computations happen, and the lack of cellular-level resolution interactions. 
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It is nevertheless remarkable that such a simple model can capture many relevant features of fMRI frame-by-frame 
dynamics and static connectivity. We believe this provides a useful foundation for more biologically plausible modelling of 
attractor-based frame-by-frame fMRI dynamics.

Methods

Ethics statement

The mouse fMRI data reported in this paper were published in a previous study (Gutierrez et al, Ref [30]). As stated in 
the original publication, all the experiments performed to collect these data were conducted in accordance with the Italian 
law (DL 26/214, EU 63/2010, Ministero della Sanitá, Roma) and the recommendations in the Guide for the Care and Use 
of Laboratory Animals of the NIH. Animal research protocols were reviewed, approved and consented by the animal care 
committee of the Italian Institute of Technology, and Italian Ministry of Health (protocol number 852/2017-PR). No new 
experiments involving animals or humans were performed for this present study.

Resting state fMRI data acquisition

The empirical resting state fMRI datasets used in this work were collected from 15 adult male C57Bl6/J mice. These 
datasets were published and made available previously [30]. To ease reproducibility and development of further modeling 
work, the fMRI time series of each mouse obtained using the specific parcellation adopted for this paper (see below) are 
shared again with this paper at https://data.mendeley.com/datasets/xscxtshgfx/2. All in vivo experiments were conducted 
in accordance with the Italian law (DL 26/214, EU 63/2010, Ministero della Sanità, Roma) and the recommendations in the 
Guide for the Care and Use of Laboratory Animals of the NIH. Animal research protocols were reviewed and consented by 
the animal care committee of the Italian Institute of Technology, and Italian Ministry of Health.

Animal preparation, image data acquisition, and image data preprocessing for fMRI data have been described in full 
detail in [30,32,33]. Mice were anaesthetized with isoflurane, intubated and artificially ventilated (2%, surgery). At the end 
of surgery, isoflurane was discontinued and substituted with halothane (0.75%). Functional data acquisition commenced 
45 minutes after isoflurane cessation. The fMRI data were acquired with a 7.0 Tesla scanner (Bruker Biospin, Ettlingen) 
using a 72 mm birdcage transmit coil, and a four-channel solenoid coil for signal reception. Single-shot EPI time series 
were acquired using the following parameters: TR/TE 1200/15 ms, flip angle 30°, matrix 100 × 100, field of view 2 × 2 cm2, 
18 coronal slices, slice thickness 0.50 mm, 500 (n = 15) volumes and a total fMRI acquisition time of 10 minutes, respec-
tively. As in [30], fMRI time series preprocessing included: removal of the first 50 frames (1 minute), despiking, motion 
correction, and spatial normalization to an in-house mouse brain template with the same native resolution as raw EPI 
volumes. Head motion traces and the mean ventricular signal (average fMRI time series within a manually-drawn ventricle 
mask from the template) were regressed out. The resulting images were band-pass filtered using a 0.01 – 0.1 Hz band 
and were spatially smoothed using a Gaussian kernel of 0.5 mm FWHM.

Mouse anatomical connectivity data and parcellation

The mouse anatomical connectivity data used in this work were derived from a voxel-scale model of the mouse connec-
tome made available by the Allen Brain Institute [23–25]. The mouse anatomical connectome was obtained from imaging- 
enhanced green fluorescent protein (eGFP)-labeled axonal projections derived by 428 viral microinjection experiments 
and registered to a common 3D coordinate space. To derive connectivity estimates at the voxel-scale level, the connec-
tivity at each voxel was modeled as a radial basis kernel-weighted average of the projection patterns of nearby injections 
[24]. Following the procedure outlined in [24], we re-parcellated the voxel scale model according to the highest hierarchi-
cal level (i.e., the coarsest parcellation scheme) available in the Allen Mouse Brain Atlas, obtaining 17 cortical regions per 
hemisphere. We used the connection density (CD) to define the anatomical connectome edges [51]. The same set of 34 
cortical nodes was used throughout the work.

https://data.mendeley.com/datasets/xscxtshgfx/2
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CAPs

To identify CAPs in empirical fMRI data we used the mean CAP map templates derived in [30]. Briefly, these CAPs were 
identified by clustering the concatenated fMRI frames of N = 15 mice using the k-means++ algorithm, with 15 replicates, 
500 iterations, and Pearson correlation as distance metric. Previous work [30,31] defined k = 6 as an optimal number of 
clusters satisfying criteria of algorithm stability, high variance-explained, and reproducibility between independent data-
sets. The clustered fMRI frames were voxel-wise averaged into CAP maps, and these were then parcellated using the 
above-mentioned regions by averaging the fMRI signals of the voxels within the region of interest in each CAP map.

Neural network model

Our model (see Eq. (1) below) describes a Hopfield-type network model [47], in which the activation variables Ak(t) rep-
resent the activation states of E and I populations within a brain region, rather than the activity of single neurons (that is, 
activation = 0 or 1 in our model if the population is not firing or firing at maximum rate, respectively). We chose a  
Hopfield-type network model because these models generate multiple discrete attractor states. Since we were interested 
in investigating whether the discrete recurring co-activation patterns (CAPs) recently measured in fMRI could be concep-
tualized as arising from discrete attractors, it was thus natural to choose a Hopfield-type model. With respect to the origi-
nal Hopfield model, our model has synchronous update dynamics and asymmetric connection weights that have not been 
set with associative learning [83–85]. Our model has also two major simplifications with respect to the original Hopfield 
model. The first is that the activity of each brain region is reduced to the activation of just two populations per region rather 
than described at the level of each neuron as in [47]. This has the disadvantage that it neglects fine neuron-to-neurons 
interactions within a brain region, but it has the advantage that it makes it possible to map the attractors of this model in 
detail, something that would have been impossible with a Hopfield network with hundreds or thousands of nodes even 
with the most efficient algorithm [46]. The second simplification is that our discrete dynamics, when fitted to fMRI data, 
updates the activation states of each region with a large discrete time step matching the fMRI frame (1.2s), whereas in 
the original Hopfield model a discrete time step is assumed to be of the order of the membrane integration time constant 
(10–20 ms). This simplification, similar to that of other discrete-time neural activation models of fMRI-measured activity 
[86], has the disadvantage that it neglects all factors of neural dynamics at sub-second scale, but it facilitates a direct 
comparison with fMRI dynamics.

Our network model of the mouse cortex is composed of 34 regions (17 for each hemisphere), labelled in Fig 1A. In turn, 
each of these regions is composed of one excitatory (E) and one inhibitory (I) population. The excitatory populations are 
recurrently connected by the 34 × 34 directed connectivity matrix JE,E . Each entry of the matrix JE,E , including the self-loop 
connections of the excitatory populations corresponding to the diagonal terms as well as connection between excitatory 
populations in different regions represented by the off-diagonal terms, was estimated from the mouse connectome [24] as 
the number of connections from the entire cortical source region to the unit volume of the cortical target region [51], mul-
tiplied by a global scaling coefficient g, which represents the average synaptic efficacy per unit of anatomical connectivity 
strength and is assumed to be constant across all pairs of regions. Note that, in keeping with previous investigations [23], 
the matrix JE,E  is structured such that the R to R and R to L connections originating from the R hemisphere are respec-
tively identical to the L to L and L to R connections originating from the L hemisphere.

Each excitatory population was connected locally to its corresponding inhibitory population. The weights of the I to E, 
E to I and I to I connections were collected in the vectors JE,I, JI,E and JI,I. The values of the entries of these vectors were 
determined by best fit. The vectors JI,E and JI,I were constructed to have the same value across all regions, whereas the 
vector JE,I had values that could be different across regions. This was because in preliminary runs of the model we veri-
fied that having region-dependent JE,I seemed to improve the fit quality, whereas having entries of JI,E and JI,I that were 
region-dependent seemed not to improve fit quality (see also [9]). Since the values of JE,I, JI,E and JI,I were determined 
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by best fit rather than by anatomical measures, it was not necessary to include a scaling coefficient representing synaptic 
efficacy, because this scaling was effectively determined by the best fit.

The variable Ak(t) in our model is the activation state of the k -th population at time step t. It is a binary activation state, 
which assumes that populations in each region can be silent or maximally active at any given time according to a thresh-
old activation model.

The activation state vector collecting the activation states of the 68 cortical populations, can switch over time among 
a set of 268 ≈ 3× 1020distinct combinations. The activation states evolve at discrete time instants, where the time step 
corresponds to the repetition time TR = 1.2s .

In each population, the incoming synaptic weights are multiplied by the presynaptic activities at time t, to produce the 
total postsynaptic current. Then, by adding this current to a noise term expressing the net effect of stochastic components 
of neural activity, we get the mean membrane potential of that population (see Fig 1B). The membrane potential is passed 
through a threshold-based activation function, whose output Ak(t+ 1) represents the activity of that population at the next 
time instant. If the membrane potential is below a firing threshold Vthr, then Ak(t+ 1) = 0, otherwise Ak(t+ 1) = 1. Note 
that the cortical populations do not receive any afferent currents from subcortical regions.

The noise sources in the model are independent and normally distributed, with standard deviation σ, as typically used 
in whole-brain models (e.g., [5,10]). These noise sources include all sources that could make neural activity stochastic 
[87], and they force the activation state of each neural population to switch randomly. In our model, both low and high 
activity can be sustained over time, since Ak(t) does not change whenever the total input current to the k -th population 
does not force its membrane potential to cross the firing threshold (see, e.g., Panels K, L of Fig F of S1 Appendix).

To summarize the above with a compact set of equations, we sorted the 68 network nodes so that the excitatory (E) 
populations are labelled by the population indexes k ∈{1,...,34}, while the inhibitory (I) populations by the indexes k ∈ 
{35, ⋯,68}. It is convenient to write the 68-dimensional vectors of activation states and of membrane potentials across all 
the cortical regions at time t as A(t) = [AE(t), AI(t)] and V(t) = [VE(t), VI(t)] respectively, where AE,I(t) and VE,I(t) are the 
34-dimensional activation and membrane potential vectors of the excitatory and the inhibitory populations in the network. 
In a similar way, we use the notation N (t) = [N E(t), N I(t)] for the noise sources in the E-I populations. The E-I activation 
states in the i -th region are updated at discrete time instants as follows:

	




AE,i(t+ 1)= A
(
VE,i(t) – Vthr

)
AI,i(t+ 1)= A

(
VI,i(t) – Vthr

)

VE,i(t) =
34∑
j=1

[JE,E]i,j AE,j(t) + [JE,I]i AI,i(t) +NE,i(t)

VI,i(t) = [JI,E]i AE,i(t) + [JI,I]i AI,i(t) +NI,i(t) 	 (1)

for i ∈
{
1, · · · , 34

}
. The excitatory population in the i -th region receives inputs from both excitatory and inhibitory popula-

tions from the same region (with functional coupling strength [JE,E]i,i  and [JE,I]i , respectively), as well as excitatory inputs 
from other cortical regions (with functional coupling strength [JE,E]i,j̸=i). The inhibitory population in the i -th region receives 
inhibitory and excitatory inputs from the same region (terms proportional to, resp., [JI,I]i  and [JI,E]i ), but not from other 
regions.

In Eq. (1), A(·) represents the (input-output) activation function of the network. For our model and for the undirected 
model (discussed in Results Section “Importance of directionality of connectivity and non-linearities in fMRI neural dynam-
ics”), we chose as activation function A(·) the Heaviside step function:

	
H(x) =

{
0, if x < 0
1, if x ≥ 0,	 (2)
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while for the linear model reported in that Section we set A(x) = x . Note that, as we focus on cortico-cortical interactions, 
in Eq. (1) we did not include inputs from subcortical regions.

The model has a set of free parameters, namely g, JE,I, JI,E, JI,I, Vthr, σ. Their values, reported in Table A of S1 Appen-
dix, were obtained by fitting the model to the static values of mean activity and FC of empirical mouse fMRI data, as 
detailed in Methods Section “Model fitting procedure”.

We modeled the fMRI signal in the i -th cortical region as Syni(t), the total input current to the excitatory population of 
that region, which is a variable that changes in a graded manner across time (see, e.g., Panels H, I of Fig F and panel G 
of G in S1 Appendix), as follows:

	
Syni(t) =

34∑
j=1

[JE,E]i,j AE,j(t) + [JE,I]i AI,i(t).
	 (3)

Our rationale for modeling the fMRI signals is as follows. It is widely accepted that a primary neural driver of fMRI BOLD 
is the synaptic activity of the synapses received by excitatory neurons. This is supported by the fact that synaptic activity 
is particularly metabolically expensive, and by the fact that in empirical measures the fMRI BOLD signals correlate more 
strongly with the Local Field Potential (LFP) than with other aspects of local neural activity such as local spiking activity 
[52,53]. LFPs, in turn, are by and large generated by the sum of dendrosomatic dipoles of the apical dendrites of pyrami-
dal neurons [88]. As a result, many models of large-scale fMRI brain dynamics assume that the neural driver of the BOLD 
fMRI is the local synaptic activity rather than the spiking activity [9–11]. Because our model generates only neural and 
synaptic dynamics at the seconds scale, in the version of the model presented in the main text, for simplicity we simulated 
directly the BOLD as the second-scale synaptic activity as described above (Eq. (3)).

However, we also generated a second version of our model which had a simulated BOLD signal by convolving the 
simulated synaptic activity in each region with a synaptic-to-fMRI convolution kernel derived in animals [89] by analyzing 
LFPs with the BOLD signal simultaneously recorded in the same location (results reported in Fig G and Tables D-F of S1 
Appendix), as follows:

	
BOLDi(t) =

∑
s

K(t – s)Syni(s),
	 (4)

where the synaptic-to-fMRI convolution function K  is given in Methods Section “Convolution of the model synaptic activity 
with a neural-BOLD response function”.

This convolution gives a simulated BOLD with a timescale of a few seconds rather than with the seconds-timescale of 
simulated synaptic activity. It has been used in previous studies and has been shown to predict reasonably well in models 
changes in fMRI dynamics following chemogenetic manipulations of local excitation and inhibition [90]. We found simi-
lar results even with this model with hemodynamic convolution of synaptic activity. The model’s capability to explain the 
empirical FC and the attractor-CAP relationship remains qualitatively similar to that of the unconvolved model. Namely, 
when fitting to the empirical fMRI FC the more refined model that uses as simulated fMRI signal the synaptic activity con-
volved with the synaptic-to-fMRI convolution kernel (Eq. (4)), we obtained the following results (Fig G and Tables D-F of 
S1 Appendix). The quality of fit of empirical static FC remained comparable to that of the model using synaptic activity (Eq 
3) as simulated fMRI. The attractor structure of the two models was similar. The CAPs precited by the two models were 
very similar. Overall, these findings indicate that both the model fit and the mapping between CAPs and attractors are 
robust to hemodynamic convolution.

The fact that the slow synaptic activity of our model can reproduce well empirical resting state fMRI FC and the fact that 
it gives results similar to that obtained with the synaptic activity convolved with the synaptic-to-fMRI kernel is consistent 
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with previous modelling studies reporting that first and second order statistics of fMRI BOLD signals generated by models 
convolving synaptic activity are expected to be similar to those of the underlying synaptic activity [9–11,13]. To support this 
claim, we further verified that the simulated FC matrix obtained with unconvolved synaptic activity was highly similar to 
that obtained from convolved simulated BOLD signal (Pearson correlation between the two FC matrices is 0.97).

Model fitting procedure

Here we describe how we calculated the values of the free network parameters introduced in Methods Section “Neural 
network model”, namely the global scaling coefficient of the anatomical connectivity (g), the strengths of the I to E, E to I, 
I to I connections (JE,I, JI,E, JI,I, respectively), the membrane potential firing threshold (Vthr), and the standard deviation of 
the noise sources (σ).

We derived the best-fit estimates of these parameters by finding the values that minimized the mean squared error 
between the time-averaged first- and second-order statistics of the empirical mouse fMRI signals and their model predic-
tions. Specifically, the first-order statistic that we considered in the fitting procedure is the across-region distribution of the 
time-averaged fMRI signals, while the second-order statistic is the across-subject averaged functional connectivity matrix. 
We calculated the first- and second-order statistics over the whole time series, which comprise 450 time points each (9 
minutes). Moreover, the empirical statistics have been averaged over 15 mice, while the model statistics over 100 repeti-
tions of the network. In the fitting procedure, we weighed equally in the loss function the first- and second-order terms. We 
first performed a global coarse-grained grid search and then perfectioned the solution locally in the parameters space with 
the steepest descent procedure. The values of the best-fit parameters so obtained are listed in Table A of S1 Appendix.

Across-region distribution of the time-averaged fMRI

The time-averaged mean of the fMRI signals is a first-order statistic that has been typically employed in functional neuro-
imaging studies to measure the central tendency of the activity [91]. Here, we calculated the across-region distribution of 
the time-averaged fMRI across the 34 cortical regions of the mouse cortex, by subtracting the value of the global signal 
(that is, the average over all cortical regions of the fMRI signal [9]) from the mean signals of each region and finally by 
dividing the resulting values by the maximum absolute value across all regions, obtaining a normalized vector whose 
entries lie in the range [-1, 1].

Static functional connectivity matrix

The static Functional Connectivity (FC) matrix was computed as the across-region Pearson correlation estimated over the 
whole time series and calculated without global signal regression (see Fig 2D and 2E).

Calculation of the correlation coefficients

We calculated numerically the Pearson correlation and its p-value through the function stats.pearsonr() of the Python 
library Scipy [92].

We calculated the similarity between the full (i.e., 34 × 34) model and empirical FC matrices, or between symmetric par-
titions of those matrices (e.g., Fig 3D and 3E), by arranging the entries above their main diagonals as vectors, and then 
by calculating the Pearson coefficients to the resulting vectors [9,39]. For asymmetric partitions (e.g., Fig 3F and 3G), we 
used the whole set of entries to construct the vectors.

In Results Section “The network model generates attractor dynamics that explains properties of empirical fMRI 
co-activation patterns” and SM2 of S1 Appendix, we evaluated numerically the similarity between the occupancy proba-
bilities of the basins of attraction by their Spearman correlation, through the function stats.spearmanr() of Scipy [92]. The 
reason for preferring the Spearman correlation over other measures of similarity in the above-described analyses is that 
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it is less sensitive to outliers, and the probability distributions in Fig 4C and 4F all had one outlier, namely the probability 
to observe the network state in any oscillatory basin.

Community detection

The community structure of the functional network shown in Fig 2I was derived using the leading eigenvector method [57], 
implemented in the function community_leading_eigenvector() of the Python library igraph [93].

Attractors detection

We detected the activation state attractors by initializing the network model with a random activation vector. Then we 
allowed the activation state vector to evolve stochastically under the effect of noise for a given number n of time steps 
(typically n = 100, so that the network statistics become stationary). At every time step, the activation state vector was 
updated by solving iteratively Eq. (1) of Methods. After n time steps we turned off the noise sources, so that the activation 
state vector could converge to an attractor of the network without jumping randomly between several attractors. This pro-
cedure was then repeated 100,000 times starting from distinct initial vectors, to detect the largest number of attractors.

Note that the above algorithm is not guaranteed to find the whole set of attractors, especially when the number of 
network repetitions is small compared to the total number of attractors. While this algorithm can fully detect the relatively 
small set of stationary attractors in a few thousands of network repetitions, typically it can reconstruct the prohibitively 
large set of oscillatory attractors only partially.

Attractor mapping algorithm

In Panel C of Fig A of S1 Appendix we sketch the logic of our mapping algorithm. Its main ingredient is a classifier, which 
labels each time frame of the to-be-analyzed (empirical or model) fMRI time series with the index of the basin of attraction 
the data point most likely belongs to. The algorithm takes the z-score of the to-be-analyzed 34-dimensional fMRI signal, 
and compares it (by computing Euclidean distance) with the z-score of the 34-dimensional model fMRI signal, averaged 
over the basin of each model attractor. This provides a measure of distance between fMRI signals at each time point and 
each basin of attraction. At every time instant, the classifier labels each time point of the to-be-analyzed fMRI times series 
with the index of the basin of attraction of the model exhibiting the shortest Euclidean distance (see Panel D of Fig A of S1 
Appendix). By counting the number of data points across the time series that are assigned to each basin of attraction, we 
infer the probability of occupation of the basins (blue bars in Fig 4C and 4F). To provide a measure of the topography of 
each estimated basin of attraction that can be compared with the topography of the basins of the network model, the map-
ping algorithm calculates the mean of the z-score of the to-be-analyzed fMRI signal on all the time points that the classifier 
assigned to each basin of attraction. Example comparisons are shown in Fig 4A and 4D for attractor #17, and in Fig 4B 
and 4E for attractor #13.

Methods to assess non-homotopicity in attractor structure

To assess whether the non-homotopicity in the model attractors had a counterpart in the empirical fMRI data, we used the 
algorithm described in Methods Section “Attractor mapping algorithm” to map the empirical fMRI data either by respecting 
the differences between non-homotopic attractors (that is, as in Fig 4F we mapped each fMRI data point into the basins of 
each of the 32 attractors) or by artificially eliminating the differences between the non-homotopic attractor pairs (this was 
made by pooling the two basins of attraction of two mirror-symmetric model attractors (e.g., attractors #2, 6) into only one 
basin prior to the attractor mapping). To compute the effect of enforcing homotopicity on the probability of occupation of 
the basins of attraction and on the reconstruction of the CAP topography from the model’s attractors, we run the mapping 
algorithm 100 times, and in each run we simulated both the original model with non-homotopic attractors and the model 
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with enforced homotopic attractor structure 100,000 times. In each of the 100 runs, we evaluated against empirical data 
the accuracy of the probability of occupation of the basins by using the Spearman correlation (as in Fig 4F), and the accu-
racy of the CAP reconstructed topography by using the Pearson correlation (as in Fig 5D). Then we performed a Welch’s 
t-test to assess whether the sets of correlations generated by the two models had equal means.

Convolution of the model synaptic activity with a neural-BOLD response function

To quantify how the BOLD signals change in response to synaptic currents, we derived from the simultaneous recordings 
of LFPs and BOLD signals in monkeys [89] a temporal kernel K . Through a discrete time convolution (Eq 4), K  maps the 
synaptic currents into the model BOLD signal, across the 450 points of the simulated time series. In its support, which 
includes six time points (6TR = 7.2s), K  has the numerical values [0.116, 0.461, 0.572, 0.212, 0.067, 0.008]. To facili-
tate the visual comparison between convolved and non-convolved activity in Panel G of Fig G of S1 Appendix we shifted 
back the convolved BOLD signal by τ = 3TR (3.6s) corresponding to the time lag of the maximum of the hemodynamic 
response function [89].

Supporting information

S1 Appendix. Supplementary material. Additional theoretical derivations, additional descriptions of the methods and of 
the simulation specifications, supplementary analyses and Figs.
(PDF)
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