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Supplementary Note 1 
 
Sanz Perl et al1 implemented an exact mean-field whole-brain model based on inhibitory and 
excitatory integrate-and-fire neurons; when they explicitly endowed the model with 
oscillatory dynamics, they found that this much more biologically detailed model was also 
poised just below the critical Hopf bifurcation. Moreover, this exact mean-field model and 
the Hopf model were equally good at fitting static and dynamic empirical data from resting-
state fMRI recordings of healthy participants1. Likewise, Piccinini and colleagues 2 
demonstrated that among a wide range of possible connectome-based models, human fMRI 
data is most accurately represented by a Hopf model poised just below the bifurcation point. 
Similar conclusions were also reached by Sip et al.3 who set out to independently validate the 
methodologies used in traditional connectome-based modelling approaches. They developed 
a framework to learn the functional form of the neural mass model in a data-driven fashion 
from the observed dynamics in resting-state fMRI. Crucially, they found that the regional and 
network-level dynamics can be described as noisy fluctuations around a single fixed point, 
which is accurately captured by a Hopf bifurcation operating just below the bifurcation3 – just 
like the one used here. 
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Supplementary Note 2 
 
The fact that we work with generative connectivity enables us to draw inferences about the role 
of competitive interactions for generating the kinds of dynamics observed in empirical fMRI 
data. However, it is important to emphasise that our present modelling framework does not 
incorporate the level of biological detail that would be required to derive specific hypotheses 
about the underlying neurobiology though which competitive interactions are implemented in 
the brain. The mapping from excitatory or inhibitory synaptic polarity of a long-range neuronal 
projection to its overall macroscale functional effect is not one-to-one. Rather, it depends on 
circuit context, synaptic integration, and neuromodulatory regime (among other factors). A 
long-range excitatory projection could yield an overall suppressive/competitive effect if it were 
exciting a local inhibitory circuit at its target location, as suggested by the recent model of 4. In 
the same vein, an overall cooperative functional effect could arise from a long-range inhibitory 
projection that provides dis-inhibition at the target site. Thus, we reiterate that macroscale 
competitive interaction between regions does not equate with synaptic inhibition. The converse 
also holds: inhibition need not imply competition, since depending on circuit context, circuits 
of inhibitory connections may also have cooperative effects5,6. Altogether, more biologically 
detailed models that explicitly incorporate such alternative circuits will be necessary, to 
distinguish between these options - in combination with experimental work and approaches 
such as MR spectroscopy 7,8.  
 
By definition, every model is an abstraction and a simplification of the true biology, and ours 
is no exception. Models exist on a continuum of biological realism and ensuing complexity, 
and a balance between the two needs to be struck9–11. Indeed, it is important to bear in mind 
that even today’s most detailed models that incorporate different neuronal populations fall 
drastically short of accounting for the full diversity of over 260 cell types of the primate cortex 
12. Here we chose the Hopf model on the edge of bifurcation because of its capacity to 
reproduce many dynamical behaviours of macroscopic fMRI signals, including both 
asynchronous and synchronous (oscillatory) dynamics, with performance comparable to more 
complex exact mean-field models1–3, while also remaining computationally feasible to optimise 
using our framework. The Hopf model is less detailed and arguably less realistic than a dynamic 
mean-field or neural mass model, or Jansen-Rit, or a Wilson-Cowan models; and arguably 
more realistic than the Kuramoto, Ising, cellular-automata, or random-walker models - all of 
which have found fruitful use in the published neuroscience literature (e.g., 9–11,13–26). We 
expect that future work will be able to build on our modelling framework by incorporating 
competitive interactions into more detailed models that explicitly implement distinct excitatory 
and inhibitory circuits, to provide additional insight about the potential neurobiological 
circuitry. 
 
In particular, it is important to note that our present approach is distinct from the dynamic 
causal modelling (DCM) framework for inferring effective connectivity27–31.  Whereas our 
model with Hopf oscillators at the edge of bifurcation provides the advantage of reflecting both 
oscillatory and non-oscillatory dynamics, DCM employs more biologically realistic modelling 
of regional neuronal dynamics, which can then be interpreted in terms of excitation and 
inhibition27–29. DCM also incorporates an explicit haemodynamic response function to link the 
neural activity to the measured BOLD signals 28,32 : an advance that we hope to incorporate in 
future developments of our model to increase its realism. However, the additional biological 
realism of DCM comes with additional complexity, meaning that until recently DCM was 
limited to a small number of pre-selected regions. Additionally, in most implementations of 
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DCM the underlying brain anatomy is not used to constrain the results, such that a long-range 
inhibitory connection could be inferred between two regions that are not known to have a direct 
anatomical connections (although structurally-informed versions of DCM are now also 
available33,34). Finally, our model and DCM use different approaches for fitting. Here we used 
a pseudo-gradient descent whereby network connections are tuned individually (but not 
independently)35,36. While the more principled estimation schemes such as Bayesian model 
inversion or variational approaches favoured by DCM offer advantages in terms of uncertainty 
quantification and incorporation of priors beyond SC, these methods are currently not 
computationally scalable to the kind of whole-brain model considered here. Bringing the two 
types of models closer to a convergence is a topic of ongoing work. 
 
In turn, our generative modelling approach is also fundamentally distinct from methods for 
quantifying direct (as opposed to indirect) functional connectivity, such as partial correlation; 
or directed (as opposed to undirected) functional connectivity, such as transfer entropy and 
Granger causality, or multiple regression models 27,37,38. In particular, although these methods 
are also sometimes referred to as ‘effective connectivity’ (and can converge under specific 
assumptions37), it is important to note that they do not seek to infer a full generative causal 
model of the observed BOLD time-series data. Rather, they infer a statistical form of causality 
from the lag structure of the timeseries. This is distinct from DCM, and also from our present 
approach, which does take the lag structure into account, but embodies a generative form of 
causality and involves anatomical constraints and explicit simulation of time-series. 
 
 In light of the vastness of the space of possible models, it is worth remarking that our 
observation of a role of competitive/suppressive interactions in explaining macroscale brain 
activity (whatever their ultimate biological origin) is corroborated by two recent reports, which 
used different modelling strategies. Ruffini and colleagues 39 fitted Ising models to binarised 
fMRI data, recovering a signed approximation to the structural connectome that included 
negative connections. Tanner and colleagues 38 used a multi-linear regression framework to 
predict the future of a region’s activity from the weighted histories of its structurally-connected 
neighbours, allowing them to infer the sign, weight, and direction of structural interactions. 
When subsequently used as the wiring diagram for a generative neural mass model, the signed 
SC of 38 outperformed the original SC at reproducing the empirical FC. Overall, both 
approaches converged with our own, in suggesting that our best statistical and generative 
accounts of structure-function relationships in the brain should incorporate negatively-signed 
structural connections. Identifying their neurobiological origins remains an exciting challenge 
for computational and systems neuroscience. 
 
A major strength of the present study is the consistent replication of results across three 
independent datasets pertaining to three different mammalian species. This approach is in line 
with a recent call for greater validation of modelling results across different methods for 
connectome reconstruction (in vivo diffusion tractography and the gold standard of ex vivo 
tract-tracing)27. However, our species-specific datasets also inevitably come with numerous 
differences. For the functional MRI data, differences include scanner and acquisition 
parameters. For the structural connectome data, the mouse SC was entirely obtained from 
axonal tract-tracing, which is considered the current gold-standard 40, whereas the macaque 
connectome was reconstructed by augmenting diffusion MRI tractography with existing tract-
tracing data, and the human structural connectomes were reconstructed entirely from diffusion 
MRI tractography, as the only technique that can be applied in vivo. However, tractography-
derived connectomes can exhibit both false positives and false negatives 41–44. The superiority 
of tract-tracing may account for the higher quality of fitting observed in mice than in humans 
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and macaques (indeed, the mouse tract-tracing connectome – and resulting generative 
connectivity – display clear inter-hemispheric connections, which are notoriously difficult to 
resolve with diffusion tractography). On the other hand, a single macaque and mouse 
connectome were used for all animals, whereas for the human data we were able to use subject-
specific structural connectomes, demonstrating that our modelling framework is fully 
applicable to the single-subject case. Overall, the differences between datasets could represent 
a limitation, if the present study were focused on inter-species differences. However, our 
interest is rather in the consistencies across these species, which demonstrate the replicability 
and generalisability of our results. In this context, differences in how the various datasets were 
acquired may even be seen as an asset: they are evidence that our discoveries do not critically 
depend on the specific sampling rate or MRI parameters used, nor on the specific technique 
that is used to reconstruct the structural connectome, but rather reflect more fundamental 
properties of mammalian brain organisation. 
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Supplementary Note 3 
Partial information decomposition 
We begin with Shannon’s Mutual information (MI), which quantifies the interdependence 
between two random variables X and Y. It is calculated as  
 

I(X;Y)	=H(X)−H(X|Y)	=	H(X)+H(Y)−H(X,Y)	
(S1) 

 
where H(X) stands for the Shannon entropy of a variable X. Above, the first equality states that 
the mutual information is equal to the reduction in entropy (i.e., uncertainty) about X after Y is 
known. Put simply, the mutual information quantifies the information that one variable 
provides about another 45. 
 
Crucially, Williams and Beer 46 observed that the information that two source variables X and 
Y give about a third target variable Z, I(X,Y ; Z), should be decomposable in terms of different 
types of information: information provided by one source but not the other (unique 
information), by both sources separately (redundant information), or jointly by their 
combination (synergistic information). Following this intuition, they developed the Partial 
Information Decomposition (PID; 46) framework, which leads to the following fundamental 
decomposition: 
 

I(X,Y;Z)	=	Red(X,Y;Z)	+	Un(X;Z\Y)	+	Un(Y;Z\X)	+	Syn(X,Y;Z).	
(S2) 

 
Above, Un corresponds to the unique information one source but the other doesn’t, Red is the 
redundancy between both sources, and Syn is their synergy: information that neither X nor Y 
alone can provide, but that can be obtained by considering X and Y together.  
 
The simplest example of a purely synergistic system is one in which X and Y are independent 
fair coins, and Z is determined by the exclusive-OR function Z = XOR(X,Y): i.e., Z=0 whenever 
X and Y have the same value, and Z=1 otherwise. It can be shown that X and Y are both 
statistically independent of Z, which implies that neither of them provide - by themselves - 
information about Z. However, X and Y together fully determine Z, hence the relationship 
between Z with X and Y is purely synergistic.  
 
As another example for the case of Gaussian variables (as employed here), consider a 2-node 
coupled autoregressive process with two parameters: a noise correlation c and a coupling 
parameter a. As c increases, the system is flooded by “common noise”, making the system 
increasingly redundant because the common noise “swamps” the signal of each node. As a 
increases, each node has a stronger influence both on the other and on the system as a whole, 
and we expect synergy to increase. Therefore, synergy reflects the joint contribution of parts 
of the system to the whole that is not driven by common noise. This can be demonstrated 
empirically 47,48. 
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Supplementary Methods 

Human FMRI data 
The dataset of functional and structural neuroimaging data used in this work came from the 
Human Connectome Project (HCP, http://www.humanconnectome.org/), Release Q3 49,50. Per 
HCP protocol, all subjects gave written informed consent to the HCP consortium. These data 
contained fMRI and diffusion weighted imaging (DWI) acquisitions from 100 unrelated 
subjects (54 females and 46 males, mean age = 29.1 + 3.7 years) of the HCP 900 data 
release49,50. All HCP scanning protocols were approved by the local Institutional Review Board 
at Washington University in St. Louis, and participants were compensated for their time. 
Detailed information about the acquisition and imaging is provided in the dedicated HCP 
publications. Briefly: anatomical (T1-weighted) images were acquired in axial orientation, with 
FOV = 224 × 224 mm, voxel size 0.7 mm3 (isotropic), TR 2,400ms, TE 2.14ms, flip angle 8°. 
Functional MRI data (1200 volumes) were acquired with EPI sequence, 2 mm isotropic voxel 
size, TR 720ms, TE 33.1ms, flip angle 52°, 72 slices.      

Functional  MRI  preprocessing  and denoising 

We used the minimally preprocessed fMRI data from the HCP, which includes  bias field 
correction, functional realignment, motion correction, and spatial normalisation to Montreal  
Neurological Institute (MNI-152) standard space with 2mm isotropic resampling  resolution. 
We also removed the first 10 volumes, to allow magnetisation to reach  steady state.  Additional 
denoising steps were performed using the CONN toolbox  
(http://www.nitrc.org/projects/conn),  version  17f 51.  

To  reduce  noise  due  to  cardiac  and  motion  artifacts,  we  applied  the  anatomical  CompCor  
method  of  denoising  the  functional  data.  The  anatomical  CompCor  method  (also  
implemented  within  the  CONN  toolbox)  involves  regressing  out of each individual’s 
functional data the first 5 principal components corresponding to white matter signal, and the 
first 5 components corresponding to cerebrospinal fluid signal, as well as six subject-specific 
realignment parameters (three translations and three rotations) and their first- order temporal 
derivatives, and nuisance regressors identified by the artifact detection software art 52. The 
subject-specific denoised BOLD signal time-series were linearly detrended and band-pass 
filtered between 0.008 and 0.09 Hz to eliminate both low-frequency drift effects and high-
frequency noise. 

Human brains were parcellated into 100 regions of interest (ROIs) covering the entire cortex. 
The 100 cortical ROIs were obtained from the scale-100 version of the recent local-global 
functional parcellation of Schaefer et al (2018) 53. We replicated our main results using the 
scale-200 Schaefer cortical atlas, augmented with augmented with 32 subcortical ROIs from a 
recent subcortical functional parcellation 54. We refer to this 232-ROI parcellation as the 
augmented “Schaefer-232” parcellation. The timecourses of denoised BOLD signals were 
averaged between all voxels belonging to a given atlas-derived ROI, using the CONN toolbox.  
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Macaque FMRI data  
The non-human primate MRI data were made available as part of the Primate neuroimaging 
Data-Exchange (PRIME-DE) monkey MRI data sharing initiative, a recently introduced open 
resource for non-human primate imaging 55. 

Macaque dataset description 

We used fMRI data from rhesus macaques (Macaca mulatta) scanned at Newcastle University. 
This samples includes 14 exemplars (12 male, 2 female); Age distribution: 3.9-13.14 years; 
Weight distribution: 7.2-18 kg (full sample description available online: 
http://fcon_1000.projects.nitrc.org/indi/PRIME/files/newcastle.csv and 
http://fcon_1000.projects.nitrc.org/indi/PRIME/newcastle.html). 

Out of the 14 total animals present in the Newcastle sample, 10 had awake resting-state fMRI 
data; of these 10, all except the first had two scanning sessions available: to maximise our 
statistical power, these repeated sessions were included in the analysis. Thus, the total was 19 
distinct sessions across 10 individual macaques, as in our previous publication 56. 

 Ethics approval: All of the animal procedures performed were approved by the UK Home 
Office and comply with the Animal Scientific Procedures Act (1986) on the care and use of 
animals in research and with the European Directive on the protection of animals used in 
research (2010/63/EU). We support the Animal Research Reporting of In Vivo Experiments 
(ARRIVE) principles on reporting animal research. All persons involved in this project were 
Home Office certified and the work was strictly regulated by the U.K. Home Office. Local 
Animal Welfare Review Body (AWERB) approval was obtained. The 3Rs principles 
compliance and assessment was conducted by National Centre for 3Rs (NC3Rs). Animal in 
Sciences Committee (UK) approval was obtained as part of the Home Office Project License 
approval. 

Animal care and housing: All animals were housed and cared for in a group-housed colony, 
and animals performed behavioural training on various tasks for auditory and visual 
neuroscience. No training took place prior to MRI scanning. 

Macaque MRI acquisition 

Animals were scanned in a vertical Bruker 4.7T primate dedicated scanner, with single channel 
or 4-8 channel parallel imaging coils used. No contrast agent was used. Optimization of the 
magnetic field prior to data acquisition was performed by means of 2nd order shim, Bruker and 
custom scanning sequence optimisation. 

Animals were scanned upright, with MRI compatible head-post or non-invasive head 
immobilisation, and working on tasks or at rest (here, only resting-state scans were included). 
Eye tracking, video and audio monitoring were employed during scanning. 

Resting-state scanning was performed for 21.6 minutes, with a TR of 2600ms, 17ms TE, 
Effective Echo Spacing of 0.63ms, voxels size 1.22 x 1.22 x 1.24. Phase Encoding Direction: 
Encoded in columns. Structural scans comprised a T1 structural, MDEFT sequence with the 
following parameters: TE: 6ms; TR: 750 ms; Inversion delay: 700ms; Number of slices: 22; 
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In-plane field of view: 12.8 x 9.6cm2 on a grid of 256 x 192 voxels; Voxel resolution: 0.5 x 
0.5 x 2mm; Number of segments: 8. 

Macaque functional MRI preprocessing and denoising 

The macaque MRI data were preprocessed using the recently developed pipeline for non-
human primate MRI analysis, Pypreclin (https://github.com/neurospin/pypreclin), which 
addresses several specificities of monkey research. The pipeline is described in detail in the 
associated publication 57. Briefly, it includes the following steps: (i) Slice-timing correction. 
(ii) Correction for the motion-induced, time-dependent B0 inhomogeneities. (iii) Reorientation 
from acquisition position to template; here, we used the recently developed National Institute 
of Mental Health Macaque Template (NMT): a high-resolution template of the average 
macaque brain generated from in vivo MRI of 31 rhesus macaques (Macaca mulatta) 58. (iv) 
Realignment to the middle volume using FSL MCFLIRT function. (v) Normalisation and 
masking using Joe’s Image Program (JIP) -align routine (http://www.nmr.mgh 
.harvard.edu/~jbm/jip/, Joe Mandeville, Massachusetts General Hospital, Harvard University, 
MA, USA), which is specifically designed for preclinical studies: the normalization step aligns 
(affine) and warps (non-linear alignment using distortion field) the anatomical data into a 
generic template space. (vi) B1 field correction for low-frequency intensity non-uniformities 
present in the data. (vii) Coregistration of functional and anatomical images, using JIP -align 
to register the mean functional image (moving image) to the anatomical image (fixed image) 
by applying a rigid transformation. The anatomical brain mask was obtained by warping the 
template brain mask using the deformation field previously computed during the normalization 
step. Then, the functional images were aligned with the template space by composing the 
normalization and coregistration spatial transformations. 

Denoising: The aCompCor denoising method implemented in the CONN toolbox was used to 
denoise the macaque functional MRI data, to ensure consistency with the human data analysis 
pipeline. White matter and CSF masks were obtained from the corresponding probabilistic 
tissue maps of the high-resolution NMT template (eroded by 1 voxel); their first five principal 
components were regressed out of the functional data, as well as linear trends and 6 motion 
parameters (3 translations and 3 rotations) and their first derivatives. Finally, data were 
bandpass-filtered in the range of 0.008-0.09Hz Hz, as in our previous work with these data 56. 
Macaque functional data were parcellated according to the 82-ROI “Regional Mapping” 
cortical atlas of Kotter and Wanke 59, nonlinearly registered to the NMT template used for 
preprocessing. 

 

Mouse FMRI data 

The mouse fMRI data used here have been previously reported 60. For clarity and consistency 
of reporting, where possible we use the same wording as in the original publication 60. 
 

Animals and ethics 
In vivo experiments were conducted in accordance with the Italian law (DL 26/214, EU 
63/2010, Ministero della Sanita, Roma) and with the National Institute of Health 
recommendations for the care and use of laboratory animals 60. The animal research protocols 
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for this study were reviewed and approved by the Italian Ministry of Health and the animal 
care committee of Istituto Italiano di Tecnologia (IIT). All surgeries were performed under 
anesthesia. 
 
Adult (< 6 months old) male C57BL/6J mice were used throughout the study. Mice were group 
housed in a 12:12 hours light-dark cycle in individually ventilated cages with access to food 
and water ad libitum and with temperature maintained at 21 ± 1 degrees centigrade and 
humidity at 60 ± 10%. All the imaged mice were bred in the same vivarium and scanned with 
the same MRI scanner and imaging protocol employed for the awake scans (see below). 
 
 

Experimental groups and datasets 
A group of mice (n = 10, awake dataset) underwent head-post surgery, scanner habituation  and 
fMRI image acquisitions as described below. See 60 for the full surgical, habituation, and 
scanner protocol. The scans so obtained constitute the awake rsfMRI dataset we used 
throughout our study.  

MRI data acquisition 
For awake scanning, the mouse was secured using an implanted headpost the custom-made 
MRI-compatible animal cradle and the body of the mouse was gently restrained (for details of 
the headpost implantation and habituation protocol, see the original publication 60).  
 
All scans were acquired at the IIT laboratory in Rovereto (Italy) on a 7.0 Tesla MRI scanner 
(Bruker Biospin, Ettlingen) with a BGA-9 gradient set, a 72 mm birdcage transmit coil, and a 
four-channel  solenoid receive coil. Awake rsfMRI scans were acquired using a single-shot 
echo planar imaging (EPI) sequence with the following parameters: TR/TE=1000/15 ms, flip 
angle=60 degrees, matrix=100 x 100, FOV=2.3 x 2.3 cm, 18 coronal slices (voxel-size 230 x 
230 x 600 mm), slice thickness=600 mm and 1920 time points, for a total time of 32 minutes.  

Functional MRI preprocessing, denoising, and timeseries extraction 
Preprocessing of fMRI images was carried out as described in previous work 60. Briefly, the 
first 2 minutes of the time series were removed to account for thermal gradient equilibration. 
RsfMRI timeseries were then time despiked (3dDespike, AFNI), motion corrected (MCFLIRT, 
FSL), skull stripped (FAST, FSL) and spatially registered (ANTs registration suite) to an in-
house mouse brain template with a spatial resolution of 0.23 x 0.23 x 0.6mm3. Denoising 
involved the regression of 25 nuisance parameters. These were: average cerebral spinal fluid 
signal plus 24 motion parameters determined from the 3 translation and rotation parameters 
estimated during motion correction, their temporal derivatives and corresponding squared 
regressors. No global signal regression was employed. In-scanner head motion was quantified 
via calculations of frame-wise displacement (FD). Average FD levels in awake conditions were 
comparable to those obtained in anesthetized animals (halothane) under artificial ventilation (p 
= 0.13, t-test) 60. To rule out a contribution of residual head-motion, we further introduced 
frame-wise fMRI scrubbing (FD > 0.075 mm). The resulting time series were band-pass filtered 
(0.01-0.1 Hz band) and then spatially smoothed with a Gaussian kernel of 0.5 mm full width 
at half maximum. The timeseries were trimmed to ensure that the same number of timepoints 
were included for all animals, resulting in 1414 volumes per animal. Finally data were 
parcellated into 72 cortical symmetric regions from the Allen Mouse Brain Atlas (CCFv3).  
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Species-specific connectomes 

Human structural connectome  

We used diffusion-weighted imaging (DWI) MRI data from the Human Connectome Project. 
The DWI acquisition protocol is covered in detail elsewhere 50. The diffusion MRI scan was 
conducted on a Siemens 3T Skyra scanner using a 2D spin-echo single-shot multiband EPI 
sequence with a multi-band factor of 3 and monopolar gradient pulse. The spatial resolution 
was 1.25 mm isotropic. TR = 5500 ms, TE = 89.50 ms. The b-values were 1000, 2000, and 
3000 s/mm2. The total number of diffusion sampling directions was 90, 90, and 90 for each of 
the shells in addition to 6 b0 images. We used the version of the data made available in DSI 
Studio-compatible format at http://brain.labsolver.org/diffusion-mri-templates/hcp-842-hcp-
1021 61. 

We adopted previously reported procedures to reconstruct the human connectome from DWI 
data. The minimally-preprocessed DWI HCP data were corrected for eddy current and 
susceptibility artifact. After preprocessing, the DTI data were reconstructed using the model-
free q-space diffeomorphic reconstruction algorithm (QSDR) implemented in DSI Studio 
(www.dsi-studio.labsolver.org) 62, following our previous work 63. QSDR initially reconstructs 
DWI data in native space, and subsequently computes values of quantitative anisotropy (QA) 
in each voxel, based on which DSI Studio performs a nonlinear warp from native space to a 
template QA volume in Montreal Neurological Institute (MNI) space. Once in MNI standard 
space, spin density functions are reconstructed, with a mean diffusion distance of 1.25 mm with 
three fiber orientations per voxel 62. Finally, fiber tracking was carried out by means of DSI 
Studio’s own “FACT” deterministic tractography algorithm, requesting 1,000,000 streamlines 
according to widely adopted parameters  63: angular cutoff = 55◦, step size = 1.0 mm, tract 
length between 10mm (minimum) and 400mm (maximum), no spin density function 
smoothing, and QA threshold determined by DWI signal in the cerebro-spinal fluid. 
Streamlines were automatically rejected if they presented improper termination locations, 
based on a white matter mask automatically generated by applying a default anisotropy 
threshold of 0.6 Otsu's threshold to the anisotropy values of the spin density function  63.  

For each individual, their structural connectome was reconstructed by drawing an edge between 
each pair of regions i and j if there were white matter tracts connecting the corresponding brain 
regions end-to-end; edge weights were quantified as the number of streamlines connecting each 
pair of regions.  

  

Macaque structural connectome 
Anatomical (structural) connectivity data were derived from the recent macaque connectome 
of 64, which combines diffusion MRI tractrography with axonal tract-tracing studies from the 
CoCoMac database 65, representing the most complete representation of the macaque 
connectome currently available. Structural connectivity data are expressed as a matrix in which 
the 82 cortical regions of interest are displayed in x-axis and y-axis. Each cell of the matrix 
represents the strength of the anatomical connection between any pair of cortical areas. For 
consistency with the human structural connectome, a symmetrised connectome was used, as in 
our previous work 66. 
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Mouse structural connectome 
For the mouse structural connectome, we used a parcellated version of the high-resolution 
mouse connectome of Coletta et al. 67. Below, we summarise how Coletta and colleagues 
obtained the high-resolution mouse structural connectome. 
 
The present mouse structural connectome is based on “high-resolution models of the mouse 
brain connectome (100 μm3) previously released by Knox and colleagues 68. The Knox 
connectome is based on 428 viral microinjection experiments in C57BL/6J male mice obtained 
from the Allen Mouse Brain Connectivity Atlas (http://connectivity.brain-map.org/). The 
connectome data were derived from imaging enhanced green fluorescent protein (eGFP)–
labeled axonal projections that were then registered to the Allen Mouse Brain Atlas and 
aggregated according to a voxel-wise interpolation model  68”.  
 
Before constructing the SC matrix, Coletta et al. ensured symmetry along the right-left axis for 
all the major macrostructures of the mouse brain. To this purpose, they “flipped each 
macrostructure (isocortex, hippocampal formation, subcortical plate, pallidum, striatum, pons, 
medulla, midbrain, thalamus, hypothalamus, cerebellum, and olfactory bulb) along the sagittal 
midline (once for the right hemisphere and once for the left hemisphere) and took the 
intersection with the respective nonflipped macrostructure. This procedure resulted in the 
removal of a set of nonsymmetric voxel (total fraction, 8.6%), the vast majority of which reside 
in fringe white/gray matter or cerebrospinal fluid/gray matter interfaces. The removal of these 
nonsymmetric voxels did not substantially affect the network structure of the resampled 
connectome, as assessed with a spatial correlation analysis between the symmetrized and 
nonsymmetrized right ipsilateral (i.e., squared) connectome”. Coletta et al. then filtered out 
fiber tracts and ventricular spaces, and estimated SC using a resampled version of the recently 
published voxel scale model of the mouse structural connectome  68, to make the original matrix 
computationally tractable. Resampling of the Knox et al. connectome was carried out by 
aggregating neighboring voxels according to a Voronoi diagram based on Euclidean distance 
between neighboring voxels, preserving the intrinsic architectural foundation of the 
connectome while minimizing spatial blurring and boundary effects between ontogenically 
distinct neuroanatomical divisions of the mouse brain, or white/gray matter, and 
parenchymal/ventricular interfaces (see Coletta et al. for details of the Voronoi aggregation 
scheme  68). By averaging the connectivity profile of neighboring voxels based on their relative 
spatial arrangement, this strategy has also the advantage of mitigating limitations related to the 
enforced smoothness of source space used by the original kernel interpolation used by  68. 
 
A whole-brain connectome was then built under the assumption of brain symmetry  67. Forty-
four dangling nodes (i.e., nodes with no outgoing connectivity) were next removed from the 
resulting matrix, resulting in a final weighted and directed 15,314 × 15,314 matrix composed 
of 0.027-mm3 aggregate Voronoi voxels. The obtained Voronoi diagram made it possible to 
map the results back into the original 100-μm three-dimensional coordinate system of the Allen 
Institute mouse brain connectome [CCFv3]. For each pair of the 72 Allen Atlas cortical regions 
that we employed, their structural connectivity was obtained by averaging the connectivity of 
the respective constituent voxels.  
 
To facilitate comparison of results between human and other species, the structural 
connectomes of macaque and mouse were symmetrised, to avoid imposing structural 
asymmetries and instead allow the model itself to determine the most suitable level of 
asymmetry (if any). Similarly, since the human and macaque structural connectomes are sparse, 
whereas the mouse connectome is provided as fully dense, the latter was thresholded to 50% 
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density. However, we demonstrate that our results are not dependent on either of these 
methodological choices, as shown in the Supplementary Information where we vary both 
density and symmetry in each species. 
 

Biological annotations 

Covariance of gene expression 

Human gene expression from microarray probes 
Human gene expression profiles were obtained using microarray data from the Allen Human 
Brain Atlas (AHBA) 69. We followed the same preprocessing as recently described 70. Briefly, 
the Allen Human Brain Atlas (AHBA) is a publicly available transcriptional atlas containing 
gene expression data measured with DNA microarrays and sampled from hundreds of 
histologically validated neuroanatomical structures across six (five male and one female) 
normal postmortem human brains. We extracted and mapped gene expression data to the 100 
cortical ROIs of the Schaefer parcellation using the abagen toolbox 71. Data was pooled 
between homologous cortical regions to ensure adequate coverage of both left (data from six 
donors) and right hemisphere (data from two donors). Distances between samples were 
evaluated on the cortical surface with a 2 mm distance threshold. Only probes where expression 
measures were above a background threshold in more than 50% of samples were selected. A 
representative probe for a gene was selected based on highest intensity. 15,633 genes survived 
these preprocessing and quality assurance steps.  
 

Macaque gene expression from high-resolution spatial transcriptomics  
We used cortex-wide macaque gene expression data recently made available by 12, who 
combined single-nucleus RNA sequencing (“snRNA-seq”) with high-resolution, large-field-of 
view spatial transcriptomics from spatiotemporal enhanced resolution omics sequencing 
(“stereo-seq”) 12. Specifically, the authors made available (https://macaque.digital-brain.cn/ 
spatial-omics) post-mortem gene expression data covering 143 regions of the left cortical 
hemisphere of one 6yo male cynomolgus macaque (Macaca fascicularis). We refer the reader 
to 12 for details. Briefly, Chen and colleagues obtained 119 coronal sections at 500-µm spacing, 
covering the entire cortex of the left hemisphere, which were used for stereo-seq 
transcriptomics 12. Adjacent 50-µm thick sections were also acquired for regional 
microdissection and snRNAseq analysis, as well as 10-µm sections adjacent to each stereo-seq 
section, which were used for the anatomical parcellation of brain regions via immunostaining 
12. Stereo-seq is a DNA nanoball (DNB) barcoded solid-phase RNA capture method that 
involves reverse transcription of RNAs released from frozen tissue sections fixated onto the 
stereo-seq chip, and subsequent PCR amplification. The resulting “amplified barcoded 
complementary DNA (cDNA) is used as template for library preparation, and sequenced” to 
obtain high-resolution spatially resolved transcriptomics 12. Gene expression data were made 
available by 12 for 143 cortical regions of the left hemisphere, including “prefrontal, frontal, 
cingulate, somatosensory, insular, auditory, temporal, parietal, occipital and piriform areas”. 
As reported in 12, “for each coronal section, the cortical region and layer parcellation were 
manually delineated on Stereo-seq data background, based on cytoarchitectual pattern (e.g. cell 
density, cell size) revealed by total mRNA expression, nucleic acid staining, and NeuN staing 
of adjacent sections.” Since the original parcellation used by 12 is different from the “Regional 
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Mapping” macaque cortical atlas 59 that was used for our macaque functional MRI data, here  
we used the version of the macaque gene expression data that was mirrored between 
hemispheres and mapped onto the “Regional Mapping” macaque cortical atlas, as made 
available by 72.  
 

Mouse gene expression from in situ hybridization 
Mouse gene expression profiles were obtained using in situ hybridization data from the Allen 
Mouse Brain Atlas 73. We followed the same preprocessing as recently described 74. Briefly, 
the Allen Mouse Brain Atlas consists of data acquired from a pipeline that includes semi-
automated riboprobe generation, tissue preparation and sectioning, in-situ hybridization (ISH), 
imaging, and data post-processing. These data were acquired both sagittally and (for a smaller 
set of genes) coronally, and were further processed, aligned by the Allen Institute to their 
Common Coordinate Framework version 3 (CCFv3) reference atlas 75 and summarized 
voxelwise through a measure termed gene expression energy (defined as the sum of expressing 
pixel intensity divided by the sum of all pixels in a division), resulting in 3D gene expression 
images at a 200 μm isotropic resolution. This gene expression energy increases in regions of 
high expression, and is bounded by zero in regions of no expression. For our study, we used 
gene expression energy data from the coronal dataset (4345 gene expression images 
corresponding to 4082 unique genes), because of its whole-brain coverage and data quality. 
Voxelwise gene expression data were further summarized as normalized mean expression 
within regions of interest as defined by the CCFv3 reference atlas. For each ROI and each gene, 
voxelwise expression energy data were averaged over voxels containing valid expression 
signal.  
 
For each species, we consider a list of evolutionary-conserved brain-related genes pertaining 
to neurotransmitter receptors and cell type markers 76,77. These human genes have orthologs in 
both mouse and macaque, making them comparable across species. From the genes in this list, 
a total of 81 genes are available and pass our quality control criteria in each of the three species 
(human, macaque, and mouse). To obtain inter-regional covariance of gene expression, each 
gene expression pattern was z-scored and then genes were correlated across regions, thereby 
obtaining a regions-by-regions matrix. 

Similarity of position along the PV-SST axis 
For each species, we used the transcriptomic data to obtain a proxy for the axis from output-
modulating parvalbumin-positive interneurons, to input-modulating somatostatin-positive 
interneurons (PV-SST axis) identified by Kim, Young and colleagues, 78 as follows. First, we 
ranked the regional distribution of the PVALB/Pvalb gene across cortical regions, and we ranked 
the regional distribution of the SST/Sst gene across cortical regions. Second, we subtracted the 
PVALB/Pvalb rank from the SST/Sst rank, obtaining a vector of regional differences in ranks 56, 
which therefore indicates the relative prevalence in expression of one gene over the other. 
Finally, we turned this vector into a region-by-region matrix by taking its outer product with 
itself. In this matrix, negative entries indicate that the corresponding regions are situated on 
opposite ends of the PV-SST axis, whereas positive entries indicate that the corresponding 
regions are situated the same end (PV-dominated or SST-dominated) of the PV-SST axis. 
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Similarity of position along the anatomical hierarchy 
For each species, we used maps of intracortical myelination (from T1w:T2w ratio) as an in vivo 
marker of the anatomical cortical hierarchy 76,79,80. For the human, we used the map available 
in the neuromaps toolbox81. For the macaque, we used the map originally shared by 82 and 
translated to the Regional Mapping macaque cortical parcellation of Kötter and Wanke 59 by 
77. As above, the z-scored vector  of regional intracortical myelination was turned into a region-
by-region matrix by taking its outer product with itself. In this matrix, negative entries indicate 
that the corresponding regions are situated on opposite ends of the anatomical hierarchy, 
whereas positive entries indicate that the corresponding regions are situated the same end of 
the anatomical hierarchy. 
 

Covariance of cytoarchitectonic composition 

Human cell type composition 
We obtained cortical maps of 24 cellular classes made available by 83, comprising nine 
GABAergic inhibitory interneurons (PAX6, SNCG, VIP, LAMP5, LAMP5 LHX6, Chandelier, 
PVALB, SST CHODL and SST), nine glutamatergic excitatory neurons (L2/3 IT, L4 IT, L5 
IT, L6 IT, L5 ET, L5/6 NP, L6 CT, L6b and L6 IT Car3), and six non-neuronal cells (Astro, 
Endo, VLMC, Oligo, OPC and Micro/PVM). These cell classes were identified in the Allen 
Institute’s bulk sample data 69 based on transcriptional signatures from cortical snRNA-seq 
data from different cortical areas 84. From these transcriptional signatures, the regional 
abundance of each cell type was estimated in available AHBA bulk samples, for each region 
of the Schaefer atlas 84. To obtain inter-regional covariance of cytoarchitecture, each cortical 
cell type pattern was z-scored and then cell types were correlated across regions, thereby 
obtaining a regions-by-regions matrix of cell type similarity. 
 

Macaque cell type composition 
We obtained maps of 23 transcriptomically derived cell types for the macaque cortex, based 
on data-driven clustering of snRNA-seq gene expression data12. They comprise 10 subclasses 
of excitatory (glutamatergic) neurons, 7 subclasses of GABA-ergic neurons, and 6 subclasses 
of nonneuronal cells. The 10 glutamatergic neuron subclasses were annotated by their layer 
preferences (L for layer: L2, L2/3, L2/3/4, L3/4, L3/4/5, L4, L4/5, L4/5/6, L5/6, and L6). The 
7 GABAergic neuron subclasses were divided into chandelier cells (CHC) and cells 
preferentially expressing lysosome-associated membrane protein 5 (labelled LAMP5), 
vasoactive intestinal peptide (VIP), reelin (RELN), VIP and reelin (VIP-RELN), parvalbumin 
(PV), somatostatin (SST). The 6 non-neuronal subclasses included astrocytes (ASC), 
oligodendrocyte precursor cells (OPC), oligodendrocytes (OLG), microglia (MG), endothelial 
cells (EC), and vascular leptomeningeal cells (VLMC). Since the original parcellation used by 
12 is different from the “Regional Mapping” macaque cortical atlas 59 that was used for our 
macaque functional MRI data, here  we used the version of the macaque cell type data that was 
mapped onto the “Regional Mapping” macaque cortical atlas, as made available by 72. To 
obtain inter-regional covariance of cytoarchitecture, each cortical cell type pattern was z-scored 
and then cell types were correlated across regions, thereby obtaining a regions-by-regions 
matrix of cell type similarity. 
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Mouse cell type composition 
We obtained maps of mouse cell types from 85 who combined whole brain Nissl and gene 
expression stains to provide literature-validated estimates of the regional densities of 
excitatory, inhibitory, and modulatory neurons, astrocytes, oligodendrocytes, and microglia 
across regions of the Allen Mouse Brain Atlas. To obtain inter-regional covariance of 
cytoarchitecture, each cortical cell type pattern was z-scored and then cell types were correlated 
across regions, thereby obtaining a regions-by-regions matrix of cell type similarity. 
 
 

Covariance of receptor expression 

Human receptor density from in vivo Postitron Emission Tomography 
Receptor densities were estimated using PET tracer studies for a total of 19 receptors and 
transporters, across 9 neurotransmitter systems, recently made available by Hansen and 
colleagues at https://github.com/netneurolab/hansen_receptors86. These include dopamine 
(D187, D288–91, DAT92), norepinephrine (NET93–96), serotonin (5-HT1A97, 5-HT1B97–100,100–102, 
5-HT2A103, 5-HT4103, 5-HT6104,105, 5-HTT103), acetylcholine (α4β2106,107, M1108, 
VAChT109,110), glutamate (mGluR5111,112, NMDA113,114), GABA (GABA-A115), histamine 
(H3116), cannabinoid (CB1117–120), and opioid (MOR121). Volumetric PET images were 
registered to the MNI-ICBM 152 nonlinear 2009 (version c, asymmetric) template, averaged 
across participants within each study, then parcellated and receptors/transporters with more 
than one mean image of the same tracer (5-HT1b, D2, VAChT) were combined using a 
weighted average. See the dedicated article by Hansen et al86 for detailed information about 
each PET dataset and their respective acquisition and limitations. The matrix of similarity of 
regional gene expression was obtained by correlating the z-scored receptor density patterns. 
 

Macaque receptor density from in vitro autoradiography 

In vitro autoradiography data for 14 neurotransmitter receptors were obtained from 82: AMPA, 
kainate, NMDA, GABAA, GABAB, GABAA/BZ, M1, M2, M3, 𝛼1, 𝛼2, 5HT1A, 5HT2A, D1. The 
authors applied quantitative in vitro receptor autoradiography to label 14 neurotransmitter 
receptors in three male Macaca fascicularis brains (7.3 ± 0.6 years old; body weight 6 ± 0.8 
kg) obtained from Covance Preclinical Services, where they were housed and used as control 
animals for pharmaceutical studies performed in compliance with legal requirements. Animal 
experimental procedures and husbandry had the approval of the respective Institutional Animal 
Care and Use Committee and were carried out in accordance with the European Council 
Directive of 2010  82. We refer the reader to the original paper for details  82. 

Briefly, the data of density of receptors per neuron were made available for 109 cortical areas 
of the macaque brain, which were identified based on their cytoarchitecture and receptor-
architecture characteristics  82. Here we used the version of the macaque receptor density data 
that was mapped onto the “Regional Mapping” macaque cortical atlas, as made available by 72. 
The matrix of similarity of regional gene expression was obtained by correlating the z-scored 
receptor density patterns. 
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Human laminar similarity 
Laminar similarity is estimated from histological data and aims to uncover how similar pairs 
of cortical regions are in terms of cellular distributions across the cortical layers 122. Here we 
followed the same procedure as 122. Laminar similarity was first introduced in Paquola et al. 123 
and has also been referred to as “microstructure profile covariance”. Specifically, we use data 
from the BigBrain, a high-resolution (20 μm) histological reconstruction of a post-mortem 
brain from a 65 year old male 123,124. Cell-staining intensity profiles were sampled across 50 
equivolumetric surfaces from the pial surface to the white mater surface to estimate laminar 
variation in neuronal density and soma size. Intensity profiles at various cortical depths can be 
used to approximately identify boundaries of cortical layers that separate supragranular 
(cortical layers I–III) granular (cortical layer IV), and infragranular (cortical layers V-VI) 
layers122. The data were obtained on fsaverage surface (164k vertices) from the BigBrainWarp 
toolbox (https://bigbrainwarp.readthedocs.io) and were parcellated into 100 cortical regions 
according to the Schaefer atlas, as per 122. The regions-by-regions laminar similarity matrix 
was calculated as the partial correlation of cell intensities between pairs of cortical regions, 
after correcting for the mean intensity across cortical regions.  
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Supplementary Figures 
 

 
Figure S1. Competitive interactions improve fit to mutual information between regions. Matrices show 
group-average mutual information (MI) between pairs of regions for empirical data (left half) and simulated data 
(right half), for the cooperative-only model (first column) and cooperative-competitive model (second column). 
(a) Cooperative-only model. (b) Cooperative-competitive model. (c) Violin plots show individual-level fit 
(correlation between empirical and simulated MI matrices). ***, p < 0.001 from paired-samples t-tests (two-
sided). Box plots: the central lines indicate median values, the bounds of the boxes indicate the 25th and 75th 
percentiles, the whiskers indicate 1.5× the interquartile range. Each data-point represents one individual scan. 
Human: n=100 individuals; macaque: n=19 data-points from 10 animals; mouse: n=10 animals. 
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Figure S2. Removing negative generative weights deteriorates model fit | (a) Similarity between empirical 
and simulated FC. (b) Difference between empirical and simulated metastability. (c) Cognitive matching from 
NeuroSynth. Violin plots: the central dot indicate median values, the bounds of the boxes indicate the 25th and 
75th percentiles, the whiskers indicate 1.5× the interquartile range. Each data-point represents one individual 
scan (n=100 human individuals). 
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Figure S3 Competitive interactions link regions with opposite biological annotations significantly more than 
chance | (a) Axis from output-modulating parvalbumin-positive interneurons, to input-modulating somatostatin-
positive interneurons, quantified as the difference in rank between PVALB/Pvalb and SST/Sst gene expression in 
each species (‘PV-SST axis)’. (b) Anatomical hierarchy quantified by intracortical myelination from T1w:T2w 
MRI. Matrix displays the similarity between regions’ locations along the anatomical hierarchy, obtained as the 
outer product of the z-scored T1w:T2w vectors, such that regions at opposite ends of the hierarchy will have a 
negative link between them. Mouse: p = 0.012. (c) Cytoarchitectonic covariance. (d) Covariance of regional gene 
expression. (e) Covariance of regional receptor density (only available for human and macaque). (f) Covariance 
of regional laminar profiles from the BigBrain human dataset. Violin plots indicate the prevalence of overlaps 
between negative connections in the inferred connectivity matrix and in the biological networks; or if connection 
signs were random. (a-f) ***, p < 0.001 from paired-samples t-tests (two-sided). Box plots: the central lines 
indicate median values, the bounds of the boxes indicate the 25th and 75th percentiles, the whiskers indicate 1.5× 
the interquartile range. Each data-point represents one individual scan. Human: n=100 individuals; macaque: n=19 
data-points from 10 animals; mouse: n=10 animals. 
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Figure S4. Model with competitive interactions provides superior match to the original individual’s FC, 
and superior generalisation to other individuals’ FC. (Top) Correlation between the empirical and simulated 
FC of each subject is significantly higher for the model with competitive interactions. (Bottom) FC generated 
from the model with competitive interactions is significantly more correlated with the FC of other individuals, 
indicating superior generalisation. Note that this increase in generalisability does not come at the expense of 
subject-specificity, because the self-self increase (diagonal entries in the identifiability matrix) is significantly 
larger than the self-other increase in correlation (off-diagonal entries in the identifiability matrix), resulting in an 
overall increase in differential identifiability, as shown in the main text. ***, p < 0.001 from paired-samples t-
tests (two-sided). Box plots: the central lines indicate median values, the bounds of the boxes indicate the 25th 
and 75th percentiles, the whiskers indicate 1.5× the interquartile range. Each data-point represents one individual 
scan. Human: n=100 individuals; macaque: n=19 data-points from 10 animals; mouse: n=10 animals. 
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Figure S5. Greater hierarchy of temporal irreversibility is observed in the presence of competitive 
interactions. Level of hierarchy is given by the level of asymmetry of interactions between brain regions arising 
from the breaking of the detailed balance. A non-hierarchical system is depicted, being in full detailed balance 
and thus fully reversible over time. In contrast, asymmetry of the interactions results in a hierarchical organisation. 
**, p < 0.01 from paired-samples t-tests (two-sided). See Supplementary Tables 1-3 for full statistical reporting. 
Box plots: the central lines indicate median values, the bounds of the boxes indicate the 25th and 75th percentiles, 
the whiskers indicate 1.5× the interquartile range. Each data-point represents one individual scan. Human: n=100 
individuals; macaque: n=19 data-points from 10 animals; mouse: n=10 animals. 
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Figure S6. Alternative fitting measure with SSIM. In each species, the model with cooperative and competitive 
interactions achieves superior subject-level fit with the empirical FC, as measured by the structural similarity 
index (SSIM). ***, p < 0.001 from paired-samples t-tests (two-sided). Box plots: the central lines indicate median 
values, the bounds of the boxes indicate the 25th and 75th percentiles, the whiskers indicate 1.5× the interquartile 
range. Each data-point represents one individual scan. Human: n=100 individuals; macaque: n=19 data-points 
from 10 animals; mouse: n=10 animals. See Supplementary Tables 1-3 for full statistical reporting. 
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Figure S7. Replication of human results with global signal regression. (a) Group-wise empirical and simulated 
FC. (b) Correlation between group-wise empirical and simulated FC (Spearman rho = 0.95, p < 0.001; n=9,900 
edges). (c) Subject-wise correlations between empirical and simulated FC are significantly higher for the model 
including both cooperative and competitive interactions in the generative connectivity. (d) Subject-wise difference 
between empirical and simulated metastability is significantly lower (reflecting greater similarity) for the model 
including both cooperative and competitive interactions in the generative connectivity. (e) Subject-wise cognitive 
matching to NeuroSynth meta-analytic maps is significantly higher for the model including both cooperative and 
competitive interactions in the generative connectivity. ***, p < 0.001 from paired-samples t-tests (two-sided). 
Box plots: the central lines indicate median values, the bounds of the boxes indicate the 25th and 75th percentiles, 
the whiskers indicate 1.5× the interquartile range. Each data-point represents one individual scan; n=100 
individuals. 
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Figure S8. Replication of human results with a different cortical parcellation including subcortex (Schaefer-
232). (a) Group-wise empirical and simulated FC. (b) Correlation between group-wise empirical and simulated 
FC (Spearman rho = 0.85, p < 0.001, n = 53,592 edges). (c) Subject-wise correlations between empirical and 
simulated FC are significantly higher for the model including both cooperative and competitive interactions in the 
generative connectivity. (d) Subject-wise difference between empirical and simulated metastability is significantly 
lower (reflecting greater similarity) for the model including both cooperative and competitive interactions in the 
generative connectivity. (e) Subject-wise cognitive matching to NeuroSynth meta-analytic maps is significantly 
higher for the model including both cooperative and competitive interactions in the generative connectivity. ***, 
p < 0.001 from paired-samples t-tests (two-sided). Box plots: the central lines indicate median values, the bounds 
of the boxes indicate the 25th and 75th percentiles, the whiskers indicate 1.5× the interquartile range. Each data-
point represents one individual scan; n=100 individuals. 
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Figure S9. Replication of human results with homotopic connections added to the SC. (a) Group-wise 
empirical and simulated FC. (b) Correlation between group-wise empirical and simulated FC (Spearman rho = 
0.89, p < 0.001, n = 9900 edges). (c) Subject-wise correlations between empirical and simulated FC are 
significantly higher for the model including both cooperative and competitive interactions in the generative 
connectivity. (d) Subject-wise difference between empirical and simulated metastability is significantly lower 
(reflecting greater similarity) for the model including both cooperative and competitive interactions in the 
generative connectivity. (e) Subject-wise cognitive matching to NeuroSynth meta-analytic maps is significantly 
higher for the model including both cooperative and competitive interactions in the generative connectivity. ***, 
p < 0.001 from paired-samples t-tests (two-sided). Box plots: the central lines indicate median values, the bounds 
of the boxes indicate the 25th and 75th percentiles, the whiskers indicate 1.5× the interquartile range. Each data-
point represents one individual scan; n=100 individuals. 
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Figure S10. Replication of macaque results with asymmetric connectome. (a) Group-wise empirical and 
simulated FC. (b) Correlation between group-wise empirical and simulated FC (Spearman rho = 0.87, p < 0.001, 
n = 6642 edges). (c) Subject-wise correlations between empirical and simulated FC are significantly higher for 
the model including both cooperative and competitive interactions in the generative connectivity. (d) Subject-
wise difference between empirical and simulated metastability is significantly lower (reflecting greater similarity) 
for the model including both cooperative and competitive interactions in the generative connectivity. ***, p < 
0.001 from paired-samples t-tests (two-sided). Box plots: the central lines indicate median values, the bounds of 
the boxes indicate the 25th and 75th percentiles, the whiskers indicate 1.5× the interquartile range. Each data-
point represents one individual scan; n=19 scans from 10 individual animals. 
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Figure S11. Replication of mouse results with asymmetric, fully dense connectome. (a) Group-wise empirical 
and simulated FC. (b) Correlation between group-wise empirical and simulated FC (Spearman rho = 0.96, p < 
0.001, n = 5112 edges). (c) Subject-wise correlations between empirical and simulated FC are significantly higher 
for the model including both cooperative and competitive interactions in the generative connectivity. (d) Subject-
wise difference between empirical and simulated metastability is significantly lower (reflecting greater similarity) 
for the model including both cooperative and competitive interactions in the generative connectivity. ***, p < 
0.001 from paired-samples t-tests (two-sided). Box plots: the central lines indicate median values, the bounds of 
the boxes indicate the 25th and 75th percentiles, the whiskers indicate 1.5× the interquartile range. Each data-
point represents one individual scan; n= 10 animals. 
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Figure S12. Turning competitive interactions into cooperative degrades performance of human model. (a) 
Group-wise empirical and simulated FC. (b) Correlation between group-wise empirical and simulated FC 
(Spearman rho = 0.26, n = 9900 edges). (c) Subject-wise correlations between empirical and simulated FC are 
significantly higher for the model including both cooperative and competitive interactions in the generative 
connectivity, than for the model where competitive interactions are turned into cooperative. (d) Subject-wise 
difference between empirical and simulated metastability is significantly lower (reflecting greater similarity) for 
the model including both cooperative and competitive interactions in the generative connectivity, than for the 
model where competitive interactions are turned into cooperative. (e) Subject-wise cognitive matching to 
NeuroSynth meta-analytic maps is significantly higher for the model including both cooperative and competitive 
interactions in the generative connectivity, than for the model where competitive interactions are turned into 
cooperative. ***, p < 0.001 from paired-samples t-tests (two-sided). Box plots: the central lines indicate median 
values, the bounds of the boxes indicate the 25th and 75th percentiles, the whiskers indicate 1.5× the interquartile 
range. Each data-point represents one individual scan; n=100 individuals. 
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Figure S13. Turning competitive interactions into cooperative degrades performance of macaque model. 
(a) Group-wise empirical and simulated FC. (b) Correlation between group-wise empirical and simulated FC 
(Spearman rho = 0.43, n = 6642 edges). (c) Subject-wise correlations between empirical and simulated FC are 
significantly higher for the model including both cooperative and competitive interactions in the generative 
connectivity, than for the model where competitive interactions are turned into cooperative. (d) Subject-wise 
difference between empirical and simulated metastability is significantly lower (reflecting greater similarity) for 
the model including both cooperative and competitive interactions in the generative connectivity, than for the 
model where competitive interactions are turned into cooperative. ***, p < 0.001 from paired-samples t-tests (two-
sided). Box plots: the central lines indicate median values, the bounds of the boxes indicate the 25th and 75th 
percentiles, the whiskers indicate 1.5× the interquartile range. Each data-point represents one individual scan; 
n=19 scans from 10 individual animals. 
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Figure S14. Turning competitive interactions into cooperative degrades performance of mouse model. (a) 
Group-wise empirical and simulated FC. (b) Correlation between group-wise empirical and simulated FC 
(Spearman rho = 0.52, n = 5112 edges). (c) Subject-wise correlations between empirical and simulated FC are 
significantly higher for the model including both cooperative and competitive interactions in the generative 
connectivity, than for the model where competitive interactions are turned into cooperative. (d) Subject-wise 
difference between empirical and simulated metastability is significantly lower (reflecting greater similarity) for 
the model including both cooperative and competitive interactions in the generative connectivity, than for the 
model where competitive interactions are turned into cooperative. ***, p < 0.001 from paired-samples t-tests (two-
sided). Box plots: the central lines indicate median values, the bounds of the boxes indicate the 25th and 75th 
percentiles, the whiskers indicate 1.5× the interquartile range. Each data-point represents one individual scan; n= 
10 animals. 
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Figure S15. Generative competitive interactions lead to superior model fit beyond the role of increased 
weight range | (a) Correlation between empirical and simulated FC at the level of individual subjects is 
significantly higher  for the model with competitive interactions. (b) Correlation between empirical and simulated 
mutual information (MI) at the level of individual subjects is significantly higher  for the model with competitive 
interactions. Human: p = 0.003; Mouse: p = 0.063. (c) Difference between empirical and simulated metastability 
is significantly lower for the model with competitive interactions. Mouse: p = 0.042. (a-c) ** p < 0.01; ***, p < 
0.001 from paired-samples t-tests (two-sided). Box plots: the central lines indicate median values, the bounds of 
the boxes indicate the 25th and 75th percentiles, the whiskers indicate 1.5× the interquartile range. Each data-
point represents one individual scan. Human: n=100 individuals; macaque: n=19 data-points from 10 animals; 
mouse: n=10 animals. 
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Figure S16. Generative competitive interactions lead to superior model fit even after L1 regularisation | (a) 
Correlation between empirical and simulated FC at the level of individual subjects is significantly higher for the 
L1-regularised model with competitive interactions. (b) Correlation between empirical and simulated mutual 
information (MI) at the level of individual subjects is significantly higher  for the L1-regularised model with 
competitive interactions. Macaque: p = 0.010. (c) Difference between empirical and simulated metastability is 
significantly lower for the L1-regularised model with competitive interactions. Human: p = 0.738. (a-d) *, p < 
0.05; ***, p < 0.001 from paired-samples t-tests (two-sided). Box plots: the central lines indicate median values, 
the bounds of the boxes indicate the 25th and 75th percentiles, the whiskers indicate 1.5× the interquartile range. 
Each data-point represents one individual scan. Human: n=100 individuals; macaque: n=19 data-points from 10 
animals; mouse: n=10 animals. 
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Figure S17. Superior performance of cooperative-competitive model trained on empirical than null 
(circular-shifted) data | (a) Correlation between empirical and simulated FC at the level of individual subjects is 
significantly higher when fitting empirical than null data. (b) Correlation between empirical and simulated mutual 
information (MI) at the level of individual subjects is significantly higher when fitting empirical than null data. 
(c) Difference between empirical and simulated metastability is significantly lower when fitting empirical than 
null data. Human: p = 0.501. Mouse: p = 0.022. (d) Cognitive matching from NeuroSynth at the level of individual 
subjects is significantly higher when fitting empirical than null data. (a-d) ***, p < 0.001 from paired-samples t-
tests (two-sided). Box plots: the central lines indicate median values, the bounds of the boxes indicate the 25th 
and 75th percentiles, the whiskers indicate 1.5× the interquartile range. Each data-point represents one individual 
scan. Human: n=100 individuals; macaque: n=19 data-points from 10 animals; mouse: n=10 animals. 
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Figure S18. Cooperative-competitive model systematically recovers weight and sign of ground-truth 
generative connectivity | (top) Correlation between group-level ground-truth and inferred generative 
connectivity. (bottom) The proportion of negative weights in the inferred generative connectivity is highly 
correlated with the proportion of negative weights in the ground-truth generative connectivity. All correlations 
are from Spearman rho, two-sided. Shading indicates 95% confidence intervals (CI). Each data-point represents 
one individual scan. Human: n=100 individuals; macaque: n=19 data-points from 10 animals; mouse: n=10 
animals. 
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Figure S19. Model fit degrades if biological information about structural connection weights is removed by 
binarisation | (a) Binary vs weighted structural connectome used to initialise the cooperative-competitive model. 
(b) Correlation between empirical and simulated FC at the level of individual subjects is significantly higher for 
the model based on weighted than binary SC. (c) Correlation between empirical and simulated mutual information 
(MI) at the level of individual subjects is significantly higher for the model based on weighted than binary SC. 
(d) Difference between empirical and simulated metastability is significantly lower for the model based on 
weighted than binary SC. Mouse: p = 0.479. (e) Cognitive matching from NeuroSynth at the level of individual 
subjects is significantly higher for the model based on weighted than binary SC. (b-e) ***, p < 0.001 from paired-
samples t-tests (two-sided). Box plots: the central lines indicate median values, the bounds of the boxes indicate 
the 25th and 75th percentiles, the whiskers indicate 1.5× the interquartile range. Each data-point represents one 
individual scan. Human: n=100 individuals; macaque: n=19 data-points from 10 animals; mouse: n=10 animals. 
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Figure S20. Fit of the cooperative-competitive model degrades if existing anatomical connections are 
replaced with non-existing connections of equal weight | (a) Correlation between empirical and simulated FC 
at the level of individual subjects for the empirical SC vs weight-preserving randomisation. Human: p = 0.001. 
Macaque: p = 0.082. Mouse: p = 0.026. (b) Correlation between empirical and simulated mutual information (MI) 
at the level of individual subjects for the empirical SC vs weight-preserving randomisation.  Macaque: p = 0.002. 
Mouse: p = 0.002. (c) Difference between empirical and simulated metastability for the empirical SC vs weight-
preserving randomisation. Macaque: p = 0.657. Mouse: p = 0.595. (d) Cognitive matching from NeuroSynth at 
the level of individual subjects for the empirical SC vs weight-preserving randomisation. Human: p = 0.008. (a-
d) ***, p < 0.001 from paired-samples t-tests (two-sided). Box plots: the central lines indicate median values, the 
bounds of the boxes indicate the 25th and 75th percentiles, the whiskers indicate 1.5× the interquartile range. Each 
data-point represents one individual scan. Human: n=100 individuals; macaque: n=19 data-points from 10 
animals; mouse: n=10 animals. 
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Figure S21. Fit of the cooperative-competitive model degrades if existing anatomical connections are 
replaced with non-existing connections while preserving degree sequence and weight distribution | (a) 
Correlation between empirical and simulated FC at the level of individual subjects for the empirical SC vs degree- 
and weight-preserving randomisation. Human: p = 0.059.  Mouse: p = 0.031. (b) Correlation between empirical 
and simulated mutual information (MI) at the level of individual subjects for the empirical SC vs degree- and 
weight-preserving randomisation. (c) Difference between empirical and simulated metastability for the empirical 
SC vs degree- and weight-preserving randomisation. Macaque: p = 0.734. Mouse: p = 0.240. (d) Cognitive 
matching from NeuroSynth at the level of individual subjects for the empirical SC vs degree- and weight-
preserving randomisation. Human: p = 0.003. (a-d) ***, p < 0.001 from paired-samples t-tests (two-sided). Box 
plots: the central lines indicate median values, the bounds of the boxes indicate the 25th and 75th percentiles, the 
whiskers indicate 1.5× the interquartile range. Each data-point represents one individual scan. Human: n=100 
individuals; macaque: n=19 data-points from 10 animals; mouse: n=10 animals. 
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Figure S22. Computational task performance of the cooperative-competitive model vs alternative 
instantiations | (a) Comparison between the cooperative-competitive model, and the cooperative-only model 
having twice as many parameters (denser structural connectome). Macaque: p = 0.009. Mouse: p = 0.008. (b) 
Comparison between the cooperative-competitive model, and a cooperative-competitive model based on a binary 
SC that disregards biological information about connection weight. Mouse: p = 0.018. (c) Comparison between 
the cooperative-competitive model, and cooperative-competitive model based on randomised SC whereby 
existing anatomical connections are replaced with non-existing connections. Macaque: p = 0.011. Mouse: p = 
0.036. (d) Comparison between the cooperative-competitive model, and cooperative-competitive model based on 
degree- and weight-preserving randomised SC. Macaque: p = 0.034. Mouse: p = 0.080. (a-d) ***, p < 0.001 from 
paired-samples t-tests (two-sided). Box plots: the central lines indicate median values, the bounds of the boxes 
indicate the 25th and 75th percentiles, the whiskers indicate 1.5× the interquartile range. Each data-point 
represents one individual scan. Human: n=100 individuals; macaque: n=19 data-points from 10 animals; mouse: 
n=10 animals. 
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Figure S23. Maximum synchrony. Instantaneous synchrony is quantified by the Kuramoto order parameter of 
the narrowband signal; for each individual, we show its maximum observed value. The maximum synchrony is 
significantly higher in the model without competitive interactions. See Supplementary Tables 1-3 for full 
statistical reporting. ***, p < 0.001 from paired-samples t-tests (two-sided). Box plots: the central lines indicate 
median values, the bounds of the boxes indicate the 25th and 75th percentiles, the whiskers indicate 1.5× the 
interquartile range. Each data-point represents one individual scan. Human: n=100 individuals; macaque: n=19 
data-points from 10 animals; mouse: n=10 animals. 
 
 
  



40 

 

 
 
Figure S24. NeuroSynth terms. | Terms that overlapped between the NeuroSynth database 125 and the Cognitive 
Atlas 126 were included in the analysis. 
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