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How does brain network architecture balance cooperation and competition
between distributed circuits? Here we use computational whole-brain
modeling to examine the dynamical and computational relevance of
cooperative and competitive interactions in the mammalian connectome.
Across human, macaque and mouse, we show that to faithfully reproduce
brain activity, model architecture consistently combines modular
cooperative interactions with diffuse, long-range competitive interactions.
Across species, competitive interactions preferentially link regions
characterized by opposite profiles of cytoarchitecture, gene expression

and receptor expression. The model with competitive interactions

provides superior subject specificity, consistently outperforming the
cooperative-only model and exhibiting excellent fit to the spatiotemporal
properties of the living brain. These properties were not explicitly optimized,
instead emerging spontaneously. Competitive interactions in the generative
connectivity produce more synergistic and hierarchical dynamics, leading
to enhanced performance for neuromorphic computing. Altogether, this
work provides a generative link among network architecture, dynamical
properties and computational performance in the mammalian brain.

A central goal of neuroscience is to understand how the architecture
of the brain governs information processing. To support cognition,
the brain must orchestrate the constant competition between spe-
cialized functional circuits, each arising from the cooperation of
anatomically distributed regions'™*. At the macroscale, spontaneous
hemodynamics and electrodynamics provide evidence for both coope-
rative and antagonistic processes in the mammalian brain, exhibiting
systematic and recurrent patterns of coordinated and anticoordinated
activity””’. Although the behavioral and physiological relevance of
functional anticorrelationsis well established, their mechanistic origin
remains unclear’. How does the brain orchestrate its cooperative and
antagonistic tendencies?

Interactions betweenbrainregions unfold dynamically overacom-
plex network of anatomical connections: the structural connectome® ™.

To obtain mechanistic insight about how brain structure gives rise to
function, connectome-based computational models of brain activity
integrate neurobiological theory and data across scales and across
imaging modalities’>**. Such generative models have provided growing
insights about therole of regionally heterogeneous cytoarchitecture,
myeloarchitecture and chemoarchitecture in shaping brain connec-
tivity and dynamics, as well as the role of local and global network
organization of the connectome and its variations related to evolution,
development and disease® *2.

The vast majority of connectome-based generative models of brain
activity—ranging from simple percolation models* to Kuramoto and
Hopf oscillators®****** and more detailed Wilson-Cowan, Jansen—-Rit
or mean-field models***—assume that the long-range connectivity
between brain regions represents cooperative interactions: that is,
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ifregion A is connected to region B, and A’s activity increases, then
B’s activity will also increase. This longstanding assumption arguably
arises because the main methods of reconstructing anatomical con-
nectivity between regions (tract tracing and diffusion tractography)
produce positively signed connectivity (but see the recent work of
Tanneretal.”).

However, competitive interactions (whereby greater activity in
unit A has a suppressive or ‘net-negative’ effect on unit B, leading to a
decrease in B’s activity) are a ubiquitous principle of organization in
dynamical systems, whether biological, social or artificial®’ **. They
serve fundamental purposes such as stabilization, feedback control
and segregating processes to avoid interference. Indeed, it is well
established that the brain makes extensive use of competitive interac-
tions at the microscale—for example, in the form of inhibitory synapses
governing the computational and dynamical properties of neuronal
circuits®*~* (but please note that inhibition and competitive inter-
actions are not synonymous: inhibition may be one way toimplement
competitive dynamics, but here we do not claim that every competi-
tive interaction requires inhibition, nor that all inhibitory circuits are
implementing competitive dynamics).

Here, we ask whether competitive interactions could also be pre-
sent in the mammalian brain at the macroscale—and, if so, how do
they shape brain dynamics? We investigate this question by develop-
ing a species-specific generative model of brain dynamics that allows
both cooperative and competitive interactions in its generative
connectivity. This enables us to quantitatively compare models with
versus without competitive interactions in terms of their faithfulness
to empirical recordings of functional magnetic resonance imaging
(fMRI). Does the best-fitting account of brain activity involve competi-
tive interactions? Subsequently, we directly compare the dynamical
and computational properties of cooperative-only and cooperative-
competitive models.

Because humanin vivo diffusion tractography has known limita-
tions thatmay, in turn, limit the validity of connectome-based models®®,
we follow arecent call for action and ‘assess the cross-species validity
[of our modeling framework] in animal models for which structural
connectivity has been obtained via invasive methods®®. Namely, we
integrate species-specific f/MRIwith gold-standard tract-tracing datato
generalize our findings about the humanbrain to macaque and mouse:
two fundamental model organisms in translational neuroscience.

To foreshadow our results, we find that across human, macaque
and mouse, the architecture of our best-fitting models consistently
combines modular cooperative interactions with long-range com-
petitive interactions, achieving up to a two-fold improvement in the
fit between simulated and empirical functional connectivity. Across
species, the resulting dynamics are also more synergistic and hierar-
chical, in line with empirical observations, and exhibit more realistic
values of metastability, alternating between periods of integration and
segregation. Although such properties are not explicitly optimized for,
they emerge spontaneously as a consequence of including competitive
interactions. Ineach ofthe three species, our framework demonstrates
high reliability at both individual and group levels and also results in
models that are significantly more subject specific. We conclude that
our best model of how brain structure gives rise to brain function
should include competitive interactions.

Results

We set out to investigate the presence and dynamical role of
competitive interactions between regions of the mammalian brain.
To obtaininsight about the potential generative mechanisms, we use
computational whole-brain models of brain activity. At their core, such
generative models comprise two key ingredients: (i) a mathematical
representation of local dynamics and (ii) a wiring diagram of interre-
gional coupling'®*. Specifically, to achieve abalanced tradeoff between
simplicity and computational tractability on one hand, and realism and

richness of the generated activity on the other hand, our model of local
dynamics consists of nonlinear Stuart-Landau oscillators poised near
(but just below) the critical Hopf bifurcation® (Fig. 1).

Hopfmodels are widely used in neuroscience because when these
models are expressly set on the edge of the bifurcation pointand cou-
pled according to the anatomical network wiring of the connectome,
they have demonstrated excellent ability to reproduce key features
of macroscale brain dynamics observed in electrophysiology’®”,
magnetoencephalography’ and fMRI****7>” In particular, the Hopf
model poised on the edge of bifurcation is the simplest model capa-
ble of exhibiting both asynchronous and synchronous (oscillatory)
dynamics. Inthis regime, the Hopf model generates neither the single
sustained oscillation of Wilson-Cowan and Kuramoto models nor the
fully asynchronous activity of spiking and standard mean-field models,
which lack oscillatory couplings, but, rather, a fluctuating stochasti-
cally structured signal with oscillatory components that matches the
infra-slow fluctuations typically observed in fMRI signals™ . Indeed,
both direct comparisons with more biologically detailed biophysical
models of excitatory and inhibitory neurons as well as data-driven
inference of model parameters converge to indicate that the Hopf
model at the edge of the critical bifurcation provides a suitable repre-
sentation of resting-state fMRI signals’"® (Supplementary Note 1).

To obtain species-specific models, we couple these oscillators
according to distinct sources of data: subject-specific in vivo diffu-
sion tractography (human), axonal tract tracing (mouse; ref. 77) and
diffusion tractography augmented with axonal tract tracing from the
CoCoMac database (macaque; ref. 78) (Supplementary Methods).
Eachmodelis fitted to species-specific fMRIrecordings (Supplemen-
tary Methods) at the single-subject level (human: n=100; macaque:
n=19 (ref.79); mouse: n =10 (ref. 80)) (Methods). Inwhole-brain mod-
eling studies, it is common to optimize the model by tuning global or
regional free parameters (for example, a global scaling factor for the
entire structural connectivity). However, here we adopt amore recent
approach introduced by refs. 43,44,81, which allows the connection
weights themselves to vary individually (see Methods for full details).
Thismethod is more powerful because, rather than simply identifying
thebest-fitting value of asingle global free parameter, itidentifies the
effective weighting of the existing anatomical connections that most
faithfully reproduces the observed functional connectivity between
them. Inthis way, thisapproach turns theinitial structural connectivity
into agenerative coupling matrix (referred to as a‘generative effective
connectivity’ (GEC) inthe original publications**, althoughit should
be distinguished from the ‘effective connectivity’ produced by dynamic
causal modeling®®5>%3),

Crucially, we emphasize that the algorithm does not tune all pos-
sible connectionsbetweenregions. Rather, asiscommoninthe genera-
tive whole-brain modeling literature®®, the model is based on empirical
anatomical connectivity for each species. Anatomical connectivity
is widely used to inform and constrain computational brain models,
because ‘itis not unreasonable to assume that neural elements will tend
tointeract viaprominent nerve tracts detectable at the macroscale™®.
Concretely, the model is initialized from a structural connectivity
matrix, anditis only allowed to update connections that are non-zeroin
theinitial structural connectivity. Therefore, the anatomical connectiv-
ityimposes abiological constraint onthe sparsity of the model-inferred
generative connectivity: the model has to explain the spatiotempo-
ral functional connectivity structure using the existing connections
only**®, Indeed, evidence suggests that integrating structural con-
nectivity as a feature selector by allowing only certain connections
to be included (such that non-zero functional connectivity between
two regions is contingent on a corresponding non-zero structural
connection) substantially improves connectivity models**+688184-86
Note also that we do notuse the structural connectivity justas abinary
mask (as done, for example, in ref. 50). Rather, to preserve the rich
biological information provided by the anatomical connectivity, the
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Fig.1| Whole-brain models generate brain activity from species-specific
structural connectivity. a, We developed dedicated computational models of
the human, macaque and mouse brains, based on species-specific structural
connectivity: from eachindividual’s diffusion tractography (human); from
diffusion tractography augmented with tract tracing from the CoCoMac
database (macaque); and from full tract tracing (mouse). To facilitate
comparison of results between human and other species, the structural
connectomes of macaque and mouse were symmetrized, to avoid imposing
structural asymmetries. Each model is fitted to species-specific fMRI recordings
at the single-subject level (human: n =100; macaque: n =19; mouse: n =10).

b, Overview of modeling procedure. Each brain region is modeled as a Hopf
oscillator poised near (but just below) the critical bifurcation, and regions
areinterconnected according to the wiring diagram specified by the species-

b Generative connectivity from whole-brain modeling
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specific SC. Connection weights are theniteratively and individually updated
toimprove the fit between empirical and simulated FC of each individual (both
with and without lag). For the model that allows competitive interactions, the
sign of connections is also allowed to vary. This means that competitive (that

is, negative-signed) generative connectivity is allowed but notimposed. After
convergence, the recovered weightsindicate the level of coupling between
regions that most faithfully reproduces the empirical FC, thereby representing
the best estimate of how SC generates FC (hence the term ‘generative’
connectivity). ¢, After convergence, the generative connectivity obtained from
the cooperative-only and cooperative-competitive models of each individual is
used to generate brain activity, whose dynamical and computational properties
are compared between the two models. DWI, diffusion-weighted imaging;

FC, functional connectivity; SC, structural connectivity.

modelisinitialized from the original structural connectivity weights,
such that the structural connectivity also provides abiological ‘prior’
on the weight of inferred generative connections**"%,

Competitive interactions in the generative connectivity lead
to more realistic structure-function relationships

Equipped with species-specific fMRI recordings and species-specific
structural connectomes, we begin by asking: Does the most faithful
account of brain activity involve competitive interactions? To
allow competitive interactions in the model, we allow connections in
the generative connectivity matrix to take both positive and negative
values, whereas the cooperative-only model is obtained by allowing
only positive values of generative connectivity.

Werefer to positive-valuedinteractions inthe generative connec-
tivity as ‘cooperative’, because their net effect is that the more region
Ais active, the more its downstream neighbor B will have its activity
increased, proportionally to the strength of the connection between
AandB. Consequently, we refer to negative-valued interactionsinthe
generative connectivity as ‘competitive’ (or suppressive), because
greater activity inregion A leads to lower activity in B, proportionally
to the strength of the negative connection between them and vice
versa, meaning that activity in one region acts to suppress the other.
We emphasize that we do not equate competitive (that is, net-negative)
interactions with neuronal inhibition, and our model is not meant
to recover the excitatory or inhibitory synaptic polarity of neuronal
projections®: the sign of the generative connections assigned by our
modelis functional in nature, and it reflects overall cooperative or
competitive (suppressive) macroscopic interaction between two
regions but not how such interaction is biologically implemented at
the microscopic level. Forexample, antagonistic influence between two
regions could conceivably be implemented by long-range inhibitory
projections or by long-range excitation of alocal inhibitory circuit, or
more complex circuitry still>**°°, However, competitive interactions

couldalso arise through phenomenathat need notinvoke the concept
of synapticinhibitionatall, including conduction delays or the relative
contributions of cerebral blood volume and flow to the hemodynamic
signal, among others*>”*?, or a combination of differentimplementa-
tion mechanisms in different regions. Our model is agnostic to how
competitiveinteractionisimplemented biologically and only reflects
its ‘net-negative’ outcome of one region’s activity over another.

Crucially, we do not specify a priori which connections (if any)
should be competitive rather than cooperative. Rather, the sign and
weight are determined in a fully data-driven manner by the model.
Therefore, we start by assessing whether, given the opportunity to use
competitive interactions, the model will rely on them toimproveits per-
formance. Performance in this context refers to the degree towhich the
spatial organization of empirical functional connectivity is reproduced.
Thus, the generative connectivity produced by the model represents our
bestinference of how structure generates function. Ifany competitive
interactions are observed in the generative connectivity, it means that
they contribute to accounting for the relationship between structure
and function. The null hypothesis is, therefore, that the proportion of
competitive interactions will not differ significantly from zero.

Our results show that we can conclusively reject this null hypoth-
esis. When generative connectivity is allowed to take negative values
(that is, the model is allowed to include competitive interactions),
the model consistently takes advantage of this possibility (Extended
Data Fig. 1 and Supplementary Tables 1-3). Across species,
approximately 25-40% of edges in the generative connectivity are
negative (human: 25 + 8%; macaque: 38 + 7%; mouse: 28 + 4%)
(Extended Data Fig. 1a). Notably, we find negative-valued connec-
tionsintheinferred generative connectivity of every single individual
(Extended Data Fig. 1a). We emphasize that this is not trivial: the
model is allowed to have negative generative connectivity but it is
not obligated to do so, if doing so would decrease the fit. It is entirely
plausible that the models with and without competitive interactions
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Fig.2| Generative competitive interactionslead to superior model fit across
mammalianbrains. a, Species-specific matrix showing the group-average
empirical (left half) and simulated (right half) FC, for the model with only
positive interactions. b, Species-specific matrix showing the group-average
empirical (left half) and simulated (right half) FC, for the model allowing both
cooperative and competitive interactions. The correlation coefficient between
empirical and simulated groupwise FC is shown underneath each matrix.

¢, Fitting quality (correlation between empirical and simulated FC) at the level
ofindividual subjects is significantly higher when competitive interactions

b Group FC fit with competition €

Subjectwise FC fit d Generative connectivity

0.9
0.8

: iy

QAR

Real-sim correlation

Real-sim correlation

Real-sim correlation

are allowed. ***P < 0.001 from paired-sample t-tests (two-sided). Box plots: the
central lines indicate median values; the bounds of the boxes indicate the 25th
and 75th percentiles; and the whiskers indicate 1.5x 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. d, Species-
specific matrix of GC averaged across subjects, for the model allowing negative
interactions. Source data are provided as a Source Data file. FC, functional
connectivity; GC, generative connectivity.

could haveended up producingidentical-looking networks of inferred
generative connectivity, ifit had been the case that competitive inter-
actions serve no useful role for fitting the zero-lag and lagged func-
tional connectivity. However, thisis not what we observed empirically.
Instead, the model consistently settles on having negatively valued
generative connectivity, in its effort to best capture the empirical
functional connectivity.

This modelinversion procedure suggests that within the present
modeling framework, our best-fitting account of how function arises
from structure should incorporate competitive interactions. Crucially,
note that the modelis optimized by updating each (existing) structural
connectionindividually, to reduce the discrepancy between the value
of the corresponding entry in the simulated functional connectivity
versus the empirical functional connectivity. However, each generative
connectionalso playsamore global role, because A’sinputs to B spread
toB’sneighborsinturn. Conceivably, updating the generative connec-
tion between A and B could have detrimental effects on the functional
connectivity between Aand athird region C thatis connected to B, such

that optimization of individual structural connections could lead to a
globally suboptimal solution.

To dispel this possibility, we directly compare the outputs of two
models: one that allows both cooperative and competitiveinteractions,
and one that allows only cooperative interactions (corresponding to
the traditional Hopf whole-brainmodel). Both models (with or without
competitiveinteractions) are optimized to reproduce empirical func-
tional connectivity and lagged functional connectivity and are allowed
to run until no further improvement is observed. Note that allowing
competitive interactionsis notan additional free parameter but, rather,
an expansion of the range of an existing parameter of the model.

Acrossall three species, we find that the improvement in model fit
from competitive interactionsis notjustlocal but also global. Specifi-
cally, we observe asignificant increase in the model’s ability to repro-
duce empirical functional connectivity (quantified as the correlation
coefficient between simulated and empirical functional connectivity,
whichis commonly used in whole-brain modeling studies): bothat the
group level (Fig.2a,b) and even at thelevel of individual subjects (Fig. 2c;
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human: mean (s.d.) = 0.51 + 0.041for cooperative-only; 0.74 + 0.08 for
cooperative-competitive; ¢y, = —26.40; P< 0.001; Hedge’s g = -3.33;
macaque: mean (s.d.) = 0.61 + 0.032 for cooperative-only; 0.75 + 0.05
for cooperative-competitive; t;s =-9.06; P< 0.001; Hedge'sg = -3.04;
mouse: mean (s.d.) = 0.70 £ 0.044 for cooperative-only; 0.89 + 0.03
for cooperative-competitive; t, = —5.92; P < 0.001; Hedge’s g = —3.06).

This improvement in global fit is so remarkable as to be visible
with the naked eye: for both the mouse and macaque, the groupwise
functional connectivity generated by the model with both coopera-
tive and competitive interactions in the generative connectivity is
visually indistinguishable from the empirical functional connec-
tivity (Fig. 2b). This is confirmed numerically, with empirical and
simulated groupwise functional connectivity exhibiting correlations
of 0.87 (macaque) and 0.95 (mouse). By contrast, clear differences
between real and simulated functional connectivity are noticeable
for the model with positive-only generative connectivity (Fig. 2a).
Although less visually striking, the human results are remarkable
because they show the largest improvement: the model with com-
petitive interactions more than doubles the group-level correlation
between empirical and simulated functional connectivity, going from
0.42 (traditional Hopf model with cooperative-only interactions)
to 0.87 (cooperative-competitive). This high correlation between
empiricaland predicted functional connectivity compares favorably
to other generative, statistical and communication models for linking
structure and function™.

Inturn, the presence of competitive interactions inthe generative
connectivity (Fig. 2d) translates to a substantially higher prevalence
of negative edges (anticorrelations) in the functional connectivity,
muchcloser to the level observed in empirical functional connectivity
across species (Extended Data Fig. 1a,b; see Supplementary Tables1-3
for full statistical reporting). To be clear, the model with exclusively
positive generative connectivity canalso produce negative functional
connectivity values (Extended Data Fig. 1b), up to 30% in our experi-
ence, although it remains unclear whether a theoretical upper bound
exists. However, the prevalence of negative functional connectivity is
substantially higher (and close to empirically observed levels) in the
model that also allows competitive interactions (Extended Data Fig. 1
and Supplementary Tables 1-3).

Notably, the model with competitive interactions is also better
able to capture interregional coordination in terms of the mutual
information between pairs of regions (Supplementary Fig. 1). Unlike
functional connectivity, mutual information is strictly non-negative.
Thus, itis not the case that allowing negative weights in the generative
connectivity improves the fit simply because the fitting targetincludes
negative values. Rather, adding competitive interactions improves
quantification of interregional interactions.

Consistent organization of competitive interactions in the
mammalian brain

Do positive and negative edges in the generative connectivity differ only
interms of sign, or are there systematic differences in their organiza-
tion? We find high consistency across all three species, despite making
use of different methods for reconstructing anatomical connecti-
vity (subject-specific in vivo diffusion MRI tractography in humans;
exvivotracttracinginmouse;and acombination of thetwoinmacaque).
Across species, competitive (negative) connections are weaker in
magnitude and less prevalent than cooperative connections, but
their placement is consistent across individuals, because they can be
observed eveninthe group-average generative connectivity (Fig.2d).
Furthermore, the topological arrangement of competitive connec-
tions exhibits consistent features across all three species: (1) competi-
tive connections are, on average, longer than cooperative ones (that
is, they connect regions that are farther apart than the regions con-
nected by positive weights) (Fig. 3c,d and Supplementary Tables1-3);
(2) negative generative connections are less modular than positive

connections (Fig. 3b and Supplementary Tables 1-3); and (3) com-
petitive connections exhibit a lower clustering coefficient (Fig. 3a
and Supplementary Tables 1-3)—in other words, it is less likely that
competitively interacting neighbors of anode will themselves be com-
petitively interacting. This finding of lower clustering for the negative
as compared to the positive connections echoes recent results by
Tanner et al.’°, who used a multiple-regression framework to assign
sign and weight to anatomical connections and reported that positive
connectionstend toform dense triangles and cliques around nodes at
agreater rate than negative connections.

Overall, the picture emerges of amodular network of strong posi-
tive ties alongside long-range, diffuse negative ties. However, the lower
magnitude of negative generative weights should not be mistaken for
lowimportance. Todemonstrate this, we start from the fitted genera-
tive connectivity and selectively remove an increasing proportion of
negative weights, to assess their role on the model fit. We find that nega-
tive weights, although weaker in magnitude, are key for boosting the
model’s ability to reproduce biological fMRI signals, and their removal
quickly deteriorates model fit (Supplementary Fig. 2).

The cross-species consistency of the competitive generative con-
nections’ arrangement raises the possibility that they may coincide
with biological principles of large-scale cortical organization. Spe-
cifically, cortical regions are heterogeneous and can exhibit similar
or different patterns of many biological properties® . Among them,
we include (1) gene expression (from human microarray, macaque
Stereo-seqand mouseinsitu hybridization); (2) cytoarchitecture (data
about celltype compositionavailablein all three species); (3) receptor
expression (from in vivo positron emission tomography in humans®®
and from in vitro receptor autoradiography in macaques”); and (4)
laminar structure (also known as ‘microstructure profile covariance’),
obtained from ex vivo histology of a human brain®. See Supplemen-
tary Methods for details of the original studies. Additionally, for each
species we consider (5) the anatomical hierarchy from in vivo myelo-
architecture (T1-weighted/T2-weighted (T1w/T2w) MRI ratio?*'°°)
and (6) the transcriptomically derived gradient of parvalbumin (PV)
to somatostatin (SST) distribution, which delineates a gradient from
sensory motor areas dominated by output-modulating PV-positive
interneurons to association areas dominated by input-modulating
SST-positive interneurons'.

For each of these modalities of biological cortical organization,
we can obtain a matrix of similarity (covariance) between pairs of
regions, indicating whether their biological annotations are similar
(positive covariance) or opposite (negative covariance). We can then
askwhether negative entriesin the generative connectivity co-localize
with negative entries in each dimension of cortical covariance more
often than we should expect if the sign assigned to generative con-
nectivity edges were random. That is, the null hypothesis is that
there is no systematic pattern concerning the location of negative
generative connectivity values in the matrix, with respect to that of
biological annotations.

We find that we can consistently reject this null hypothesis, imple-
mented by counting how often negative edges co-occurinthe genera-
tive connectivity matrix and each biological annotation matrix, against
anullmodel of randomly swapped edge signs. Across species, competi-
tive connections preferentially occur between regions that belong to
opposite ends of the anatomical cortical hierarchy and to opposite
ends of the PV-SST (that is, output-modulating to input-modulating)
hierarchy (Fig. 4). Likewise, for each modality of biological annota-
tion considered here, we systematically find that negative generative
connections preferentially link regions that have opposite (anticor-
related) cytoarchitectonic, transcriptomic, laminar and receptor pro-
files (Fig. 4). This cross-species, cross-modal consistency provides
robust evidence that the placement of competitive interactionsin the
generative connectivity inferred by our model is both systematic and
biologically meaningful.
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Fig. 3| Network properties of the cooperative and competitive interactions
inthe generative connectivity. Competitive connections are significantly
less clustered (a) and modular (b) than cooperative connections. Competitive
connections are also longer, connecting regions that are further apart from
each otherin space (c) but tend to be weaker in weight (d). For ¢, length is the
Euclidean distance between region centroids; for ease of comparison across
species, length is normalized by the maximum distance within each species.

See Supplementary Tables 1-3 for full statistical reporting. Ina-d, box plots: the
central linesindicate median values; the bounds of the boxes indicate the 25th
and 75th percentiles; and 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. All statistics come
from paired-sample ¢-tests (two-sided). *P< 0.05, ***P< 0.001 from independent-
sample t-tests (two-sided). Source data are provided as a Source Datafile.

Competitive interactions lead to models with superior
generalizability and superior subject specificity

Additionally, we find that the model with competitive interactions is
not only better able to reflect the empirical functional connectivity
thatitisintended to model, butisalso better at distinguishing between
the functional connectivity patterns of different individuals (Fig. 5).
Arguably, a model could be very good, but also very unspecific, if
it exhibited equally good fit to the functional connectivity of every

individual—for example, by only capturing elements that are com-
mon across all brains while disregarding subject-specific ones. This
concern may be especially prominent for our macaque and mouse
models, which are based on species-specific connectomesrather than
individual-specific ones (whereas the human models were fitted using
individualized structural connectomes).

To investigate this question, we turn to the literature on ‘brain
fingerprinting”°'°* and produce, for each species’s dataset, an
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identifiability matrix, quantifying the similarity (correlation) between
the functional connectivity of each empirical subject and each simu-
lated subject. We find that with the addition of competitive interac-
tions, the model improvesits ability to fit the individual who provided
the data (self-self similarity) but also its ability to generalize to other
individuals (self-other similarity) (Supplementary Fig. 4). Increased
self-other correlation indicates that the cooperative-competitive
model is better able to generalize to other individuals (that is, other
biological brains). This should not be observed if the model were just
overfitting to the idiosyncrasies of each individual and, therefore,
improving its performance just by learning noise, instead of learning
about brain organization. Crucially, however, the improvement in
self-self similarity outstrips the improvement in self-other similar-
ity, meaning that the cooperative-competitive model is overall more
subject specific. We formally quantify this phenomenon using the
measure of ‘differential identifiability’ from the literature on brain
fingerprinting, whichis defined as the mean difference between self-
self and self-other similarity of functional connectivity'*’. In other
words, this measure quantifies the cost of mismatching individuals
in terms of loss of model fit. For both models (with and without com-
petitive interactions), we find that differential identifiability is always
positive (Fig. 5a): the model reproducing an individual’s functional
connectivity exhibits greater affinity for the empirical functional
connectivity of that individual than for the functional connectivity
of other individuals. Crucially, however, we also find that the model
with competitive interactions exhibits significantly larger differences
between self-self and self-other functional connectivity fit (Fig. 5b;
human: mean (s.d.) = 0.16 + 0.06 for cooperative-only; 0.31+ 0.09 for
cooperative-competitive; t, = -15.05; P < 0.001; Hedge’s g = -1.76;
macaque: mean (s.d.) = 0.19 + 0.063 for cooperative-only; 0.41+ 0.07
for cooperative-competitive; t;s =-12.29; P< 0.001; Hedge’s g = -3.12;
mouse: mean (s.d.) = 0.31+ 0.045 for cooperative-only; 0.47 + 0.05
for cooperative-competitive; t, = -9.99; P < 0.001; Hedge's g = -3.19).
In other words, there is a larger drop in similarity between simulated
and empirical functional connectivity, when amodelis matched tothe
wrong individual. This effect is consistently observed across species.
Note that, for the human data, both the cooperative-only model and
the cooperative-competitive model are based onindividual structural
connectivity; therefore, the use of individual structural connectivity
cannot be driving differences in the two models’ performance. Thus,
observingincreased self-other correlationandincreased differential
identifiability allows us to conclude that the model with competitive
interactionsis both significantly more generalizable and significantly
moreindividual specific.

Dynamical consequences of competitive interactions in the
generative connectivity

We have shown that competitive interactions in the generative con-
nectivity shape the ‘spatial’ organization of functional connectivity.
However, mammalian brains also exhibit rich dynamics, giving rise to
prominent patterns of ‘temporal’ signal coordination®’. Therefore, the
questionarises: Do competitive interactions also shape brain dynamics?

Notably, we find that, in addition to achieving substantially better
spatial similarity with the empirical functional connectivity, the model
with competitive interactions also exhibits more realistic dynamics,
which it was not explicitly optimized for. To demonstrate this, we
use the generative connectivity recovered by each model (with and
without competitive interactions) to simulate regional brain activity
(hence, switching from inverse modeling to forward modeling").
One aspect of brain dynamics that is often studied is metastability,
which, at the macroscale, is typically operationalized as the temporal
standard deviation of the Kuramoto order parameter (KOP”>'%; see
ref.106 for an extensive discussion of metastability and its alternative
signatures in the literature). Because the KOP quantifies instantane-
ous synchrony, its variability over time quantifies the tendency of the
braintoalternate between periods of synchronization and desynchro-
nization, reflecting the co-existence of integrative and segregative
tendencies'®. Results show that metastability (std(KOP)) exhibits
unrealistically high values for the model with positive-only interac-
tions in the generative connectivity (Fig. 4a). By contrast, including
competitive interactions leads to amore balanced level of metastabil-
ity, closer to empirical values (Fig. 6a; see Supplementary Tables 1-3
for full statistical reporting).

Our results also show that the model with competitive interactions
inits generative connectivity exhibits amore hierarchical organisation.
‘Intrinsic-driven ignition’ (IDI) refers to the capacity of local events of
unusually high activity to propagate globally throughout the brain,
which is thought to be necessary for allowing integration and dif-
ferentiation to co-exist in the brain'®'°%, Building on this principle, a
measure of local-global hierarchy can then be obtained by comparing
thevariability of regions’ capacity toignite global activity: the brainis
more hierarchical when there is greater disparity across regions for
thesize of elicited intrinsic neural events. In other words, local-global
hierarchy is operationalized in terms of covering a broader range
from local to global size of intrinsically originated events (Fig. 6b):
when event sizes are all near equal (whether all very localized or all
very global), there is low hierarchy, whereas, when there are wide
differences in event size across regions, then there is a high level of
local-global hierarchy in the brain'®'°%, We find that this measure is

Fig. 4| Competitive interactions link regions with opposite biological
anneotations. a, Brain plots depict species-specific axis from output-modulating
PV-positive interneurons to input-modulating SST-positive interneurons,
quantified as the difference in rank between PVALB/Pvalb and SST/Sst gene
expression in each species (‘PV-SST axis)’. Matrix displays the similarity between
regions’ locations along the PV-SST axis, obtained as the outer product of

the z-scored PV-SST vectors, such that regions at opposite ends of the axis

will have a negative link between them. b, Brain plots depict species-specific
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. ¢, Cytoarchitectonic covariance. See Supplementary
Methods for details of transcriptomically derived maps of regional cell type
composition. Normalized patterns of cell composition were correlated across
regions to obtain a covariance matrix. d, Covariance of regional gene expression
from the Allen Institute for Brain Science microarray (human); Stereo-seq gene
expression (macaque) from the Brain Science Data Center, Chinese Academy

of Sciences (macaque); and in situ hybridization from the Allen Institute for
Brain Science (mouse). To ensure consistency, we included 81 genes that are
availablein all three species (Supplementary Methods). Normalized patterns of

gene expression were correlated across regions to obtain a covariance matrix.
e, Covariance of regional receptor density: across 19 receptors and transporters
fromin vivo positron emission tomography (human) and across 13 receptors
from ex vivo autoradiography (macaque). Note that not all regions of the
macaque cortex have available data. Normalized patterns of receptor density
were correlated across regions to obtain a covariance matrix. f, Covariance of
regional laminar profiles (also known as microstructure profile covariance).

Ex vivo laminar structure is estimated from the BigBrain, a high-resolution
(20-um) histological reconstruction of a postmortem human brain. The region-
by-region laminar covariance matrix was calculated as the partial correlation

of cellintensities between pairs of cortical regions, after correcting for the
mean intensity across cortical regions. Adapted from ref. 98. For visualization
purposes, all matrices are sorted according to the PV-SST axis to highlight
consistency. See Supplementary Methods for details of each data modality
ineach species. Bar plots indicate the t-score obtained from comparing

the prevalence of overlaps between negative connectionsin the inferred
connectivity matrix, and in each of the biological networks, against the overlap
observed if the connection sign were random. See Supplementary Fig. 3 for
individual violin plots and Supplementary Tables 1-3 for full statistical reporting.
Source data are provided as a Source Data file.
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consistently increased for the model with versus without competitive
interactions (Fig. 6b and Supplementary Tables 1-3). We obtain analo-
gous results using an alternative way of conceptualizing hierarchical
organization in the brain, related to the temporal (ir)reversibility of
brain activity, which gives rise to asymmetric interactions between
brain regions*'°°. When interactions are symmetric, then sending
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Fig. 5| Competitive interactions produce models with greater subject
specificity. a, Matrix of FC similarity (correlation) between each empirical
subject (columns) and each simulated subject (rows). Brighter diagonal
therefore reflects greater success of the commonly used model-fitting criterion
of similarity between a subject’s own empirical and simulated FC (as reported in
Fig. 2).b, Differential identifiability is defined as the difference between self-self
similarity of FC (diagonal elements ina) and mean self-other similarity of FC
(off-diagonal elements), such that greater difference implies more individual
specificity. In other words, it quantifies the cost of mismatching individuals.
When this cost is low, there is low subject specificity. In the ‘brain fingerprinting’
literature, differential identifiability quantifies the ease of telling apart different

individuals based on their FC; here, we apply it to quantify the individual
specificity of brain models, such that greater differential identifiability indicates
that thereis alarger drop in similarity between simulated and empirical FC
when amodelis matched to the wrong individual. We find that models with
both cooperative and competitive interactions are significantly more individual
specific. **P < 0.001 from paired-sample t-tests (two-sided). Box plots: the
central linesindicate median values; the bounds of the boxes indicate the 25th
and 75th percentiles; and the whiskers indicate 1.5x the interquartile range. Each
data point represents one individual. Human: n =100 individuals; macaque:
n=19 data points from 10 animals; mouse: n =10 animals. Source dataare
provided as a Source Datafile. FC, functional connectivity.

from the balance of a flat organization®. Our results show that the
presence of competitive interactions in the generative connectivity
induces more hierarchical organization of asymmetry, with greater
divergence in regions’ preference for sending or receiving informa-
tion, being closer to what is observed in empirical brain dynamics
(Supplementary Fig. 5). We note that both the models with and without
competitiveinteractionsinclude lag-1functional connectivity in their
fitting function, thereby incorporating some aspect of directionality
and irreversibility, as previously recommended*****. Nonetheless,
we see that the model with competitive interactions is better capable
of reflecting variability of send-receive asymmetry across regions
compared to the model that allows only positive values of generative
connectivity (Supplementary Fig.5; see Supplementary Tables1-3 for
full statistical reporting).

Finally, as a further assessment of brain dynamics, we consider
the prevalence of synergistic information in the intrinsic dynamics

of the brain''°. In a dynamical system such as the brain, activity is not
random: even at rest (that is, in the absence of any explicit task), the
future state of the brain’s spontaneous activity will depend on its past
state. This means that the past trajectory of a region’s activity holds
information about its future state, known as ‘time-delayed” mutual
information. However, brainregions are interconnected and continu-
ously interacting, such that the activity of region Xmay also influence
the futureactivity of region Yand vice versa. Mathematically, the total
information jointly carried by two variables X and Y (here, two brain
regions) can be exhaustively decomposed into information that is
carried redundantly by bothvariables (such thatitis equally available
from each of them); information that is carried uniquely by only one
variable; and, finally, information that is carried by the two variables
synergistically"® ™, Synergisticinformation s available only whenboth
variables are considered jointly but not when considering either vari-
ableinisolation, thereby reflecting the extent to whichinteractionsin
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Fig. 6| Dynamical consequences of competitive interactions in the generative
connectivity. a, Metastability. Metastability (here, operationalized as the
temporal standard deviation of the KOP) reflects the temporal alternation

of synchronization and desynchronization across the brain. Human: n =100
individuals; macaque: n =19 data points from 10 animals; mouse: n =10

animals. b, Local-global hierarchy. Intrinsic-driven ignition (IDI) is obtained

by identifying ‘driver events’ (unusually high fMRI spontaneous activity) and
measuring the number of co-occurring events. A measure of local-global
hierarchy is obtained by calculating the variability across regions of their average
IDIsize over time, such that the brain is more hierarchical when there is greater
disparity across the size of elicited intrinsic neural events. Human: n =100
individuals; macaque: n =19 data points from 10 animals; mouse: n =10 animals.
¢, Synergistic information. The total information jointly carried by two variables

Xand Y (for example, two brain regions) can be exhaustively decomposed into
information that is redundantly carried by both variables (blue) or uniquely

by each (violet and orange) or synergistically by considering the two variables
together (red).Ina-c, human: n=100 individuals; macaque: n =19 data points
from 10 animals; mouse: n =10 animals. Each column displays results for a
different species. *P < 0.05, **P < 0.01and ***P < 0.001 from paired-sample ¢-tests
(two-sided). Box plots: the central lines indicate median values; the bounds

of the boxes indicate the 25th and 75th percentiles; and the whiskers indicate
1.5x the interquartile range. Each data point represents one individual scan.

Full statistical reporting for the comparisons between cooperative-only and
cooperative-competitive models is provided in Supplementary Tables 1-3.
Source dataare provided as a Source Data file. KOP, Kuramoto order parameter.

thesystemare ‘greater thanthe sum of their parts’. It was recently shown
that synergy is associated with higher-order cognitive operations and
evolutionary expansion of the human brain, being also diminished
when consciousness is lost due to pharmacological or pathological
conditions"%"™, Our results show that although both models fall
short of the level of synergy observed in empirical brains, the model
with competitive interactions produces significantly higher values
of synergy in its dynamics, consistently exceeding the model with
positive-only interactions, across all three mammalian species con-
sidered (Fig. 6c and Supplementary Tables1-3).

Competitive interactions increase the match between
simulated brain activity and canonical cognitive operations of
the humanbrain

Up to this point, we have found that allowing the generative connec-
tivity to include competitive (negative-valued) interactions leads to
significantly greater fidelity to the spatial and temporal organization
of the mammalian brain. Ultimately, the goal of spatial and temporal
coordination betweenbrainregionsis to support cognition. To support
different cognitive roles, brain regions co-activate together to form
specialized functional circuits. Such coherent patterns of co-activation

canbeobserved eveninthe spontaneousactivity of the brain, suggest-
ing that they are an intrinsic feature of brain functional organization™®.
Does the cooperative-competitive model also exhibit the spontaneous
emergence of coherent functional circuits?

To quantify how well the instantaneous patterns of brain acti-
vity match the brain patterns associated with canonical cognitive
operations, we use our recently introduced ‘cognitive matching’
procedure'®, The cognitive matching score is computed as the
best spatial correlation between brain activity and 123 brain maps
obtained by meta-analytic aggregation of thousands of human neuro-
imaging studies from the NeuroSynth engine and the Cognitive Atlas
(Fig.7a)'**"_For eachindividual (real or simulated), an overallindex of
the quality of cognitive matchingis obtained by averaging the cogni-
tive matching scores across the entire scan duration. Higher match
to NeuroSynth meta-analytic maps indicates greater alignment of
spontaneous brain activity with brain maps from the cognitive neu-
roimaging literature. In somewhat poetic terms, cognitive matching
quantifies how ‘mind-like’ the observed brain patterns are. Indeed,
we recently showed that the quality of cognitive matching declines
sharplyinresponse to anesthesia when consciousness and cognition
are suppressed'®.
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Fig. 7| Competitive interactions increase the match between simulated
brain activity and canonical cognitive operations of the human brain.

a, Ateach pointintime, the cognitive matching score is computed as the best
spatial correlation between instantaneous brain activity and 123 NeuroSynth
meta-analytic brain maps. For eachindividual (real or simulated), an overall
index of the quality of cognitive matchingis then obtained by averaging the
cognitive matching scores across the entire scan duration. Higher NeuroSynth
matching indicates greater alignment of spontaneous brain activity with brain
maps from the cognitive neuroimaging literature. b, Model with negative

generative connectivity produces patterns of brain activity that are significantly
more realistic than when only positive generative connectivity is allowed.

***P < 0.001from paired-sample ¢-tests (two-sided) between cooperative-only
and cooperative-competitive. Box plots: the central lines indicate median
values; the bounds of the boxes indicate the 25th and 75th percentiles; and the
whiskersindicate 1.5x the interquartile range. Each data point represents one
individual (n =100 simulations corresponding to 100 human individuals, for
each condition). Source data are provided as a Source Datafile.

Thus, through cognitive matching, we can assess whether our
computational models co-activate regions that we know belong to the
same cognitive circuit in the real brain (as indicated by meta-analytic
co-activation). Our results show that the cognitive matching index
of the model with competitive interactions is significantly higher
than the one of the model with only cooperative interactions (mean
(s.d.)=0.29 £ 0.01 for cooperative-only; 0.35 + 0.05 for cooperative-
competitive; t,, = -14.12; P< 0.001; Hedge’s g = —1.68), eliciting a sub-
stantial shift toward the levels of cognitive matching observed for the
realhumanbrain (Fig. 7b). In other words, the model with competitive
interactions is more capable to co-activate regions that belong to
the same functional circuit, as defined in a data-driven manner from
thousands of cognitive neuroscience experiments. (Note that, at pre-
sent, NeuroSynth is only available for human neuroimaging studies,
making this assessment of model quality possible only for the case of
human brain activity.)

Competitive interactions increase computational capacity
Despite being termed ‘functional’, the functional connectivity need
not reflect any genuine function, in the sense of ongoing cognition",
Our cognitive matching procedure improves on this shortcoming,
by associating specific patterns of brain activity with specific cog-
nitive operations. An alternative, complementary strategy is the
recently introduced approach of connectome-based neuromorphic
computing®?, Under this framework, a connectome is used as the
network wiring diagram in a reservoir computing artificial neural
network performing a specific task, such as memorizing some time
series (note that thisis anartificial neural network, not aneuromorphic
hardware). Notably, the taskis performed insilico by the connectome
rather thaninvivobyapersonorananimalinthe scanner.Insilico task
performance canthenbe used asareadout for the reservoir network’s
capacity to entertain rich dynamics and, arguably, its ‘computational
capacity’ (suitability for performing useful computation) as introduced
inrefs.119-121. This meaning of ‘computation’ should not be confused
with the kind of computation performed by the living brain during
cognitive tasks (but see ref. 122 for recent evidence of a correlation
between the two).

Concretely, the reservoir computing architecture consists of an
input layer followed by areservoir (nonlinear recurrent neural network)

and a linear readout module. Here, following the workflow estab-
lishedinrefs.120,121, we use the reservoir to perform amemory task.
In this task, the readout module is trained to reproduce a time-
delayed version of a random input signal, measuring the reservoir’s
ability to encode past stimuli. For each species, the size of the reser-
voir (number of nodes) coincides with the number of regions in that
species’s parcellation; input nodes are defined as the visual regions
of the cortex, and output nodes are defined as the motor regions,
reflecting their biological roles (Fig. 8a). However, we introduce a
key distinction from previous work on connectome-based reservoir
computing: whereas these previous works used the structural connec-
tome as the wiring diagram between nodes of the reservoir network,
here we use instead the generative connectivity matrix produced
by our model, which corresponds to a re-weighted and signed ver-
sion of the input structural connectivity optimized to best reflect
the coupling between regions for each individual. Thus, we can now
develop reservoir networks that are not only species specific but also
individual specific, even when a subject-specific structural connectome
isnotavailable.

Notably, our results reveal that the generative connectivity net-
works obtained from a model with competitive interactions exhibit
superior computational capacity, consistently outperforming the
networks obtained with cooperative-only interactions (Fig. 8b; human:
mean (s.d.) =4.27 + 0.19 for cooperative-only; 4.35 + 0.33 for coopera-
tive-competitive; t,o = -2.62; P=0.010; Hedge’s g =-0.30; macaque:
mean (s.d.) =4.31+ 0.24 for cooperative-only; 4.63 + 0.49 for coop-
erative-competitive; ;s = —2.62; P=0.017; Hedge’s g = —0.81; mouse:
mean (s.d.) =4.15 + 0.13 for cooperative-only; 4.45 + 0.16 for coopera-
tive-competitive; ¢, = —7.72; P< 0.001; Hedge’s g = -1.94). Once again,
this effect is observed consistently across species. In other words, in
additionto better matching the functional patterns of the human brain,
the model with competitive interactions can also be used to execute
anactual task with greater performance.

Robustness and sensitivity

Throughout this work, we consistently replicated our results in three
independent datasets pertaining to three distinct mammalian species
and different methods of connectome reconstruction, demonstrating
their generality. In this section, we summarize the results of several
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Fig. 8| Superior computational performance of connectome-based neuro-
morphic networks with competitive generative interactions. a, The reservoir
computing architecture consists of aninput layer followed by a reservoir
(nonlinear recurrent neural network) and alinear readout module. Here, the
wiring between reservoir units is provided by generative brain connectivity
patterns, allowing us to evaluate the effect of competitive generative interactions
on computational performance using amemory task. In this task, the readout
module s trained to reproduce a time-delayed version of arandom input signal,
measuring the reservoir’s ability to encode past stimuli. We choose visual

cortical regions as input nodes and somatomotor regions as output nodes to

reflect their respective functional roles. b, Memory capacity of the connectome-
based reservoir is significantly higher in the presence of negative generative
connectivity, across all three mammalian species considered. Human: n =100
individuals; macaque: n =19 data points from 10 animals; mouse: n = 10 animals.
*P<0.05and ***P< 0.001 from paired-sample ¢-tests (two-sided). Box plots:

the central lines indicate median values; the bounds of the boxes indicate the
25thand 75th percentiles; and the whiskers indicate 1.5x the interquartile range.
Each data point represents one individual. Source data are provided as aSource
Datafile.

additional control analyses that we performed to ensure the robust-
ness of our findings.

Inaddition to our alternative fitting criterion of the mutual infor-
mation between regions (Supplementary Fig. 1), we show that an
alternative measure of global functional connectivity fit—the struc-
tural similarity index (SSIM), which is commonly used for comparing
images—is also significantly improved for the model with both coop-
erative and competitive interactions in the generative connectivity
(Supplementary Fig. 6 and Supplementary Tables 1-3). We also note
that the presence of anticorrelations in our three empirical datasets
isnotdue to the preprocessing step of global signal regression (GSR).
Indeed, because it is known that this procedure can introduce artifi-
cially high levels of anticorrelations in the functional connectivity’,
we elected not to use GSR for any of our datasets. Therefore, the pres-
ence of empirical anticorrelationsis unrelated to GSR. Nonetheless, in
Supplementary Fig. 7, we show that our main results are successfully
replicated when GSRis used, in fact achieving aneven better fit between
real and simulated human functional connectivity.

We also confirm that the human results can be replicated using a
different, more fine-grained parcellation of the cortex (Schaefer-200)
and also with the addition of subcortical structures from the Mel-
bourne atlas (Supplementary Fig. 8). Because diffusion tractography
is known to have difficulty resolving interhemispheric connections
between homotopicregions, we also replicate our human results after
explicitly adding homotopic connections, which does result in asmall
improvement, further demonstrating the value of the structural con-
nectome asbiological prior (Supplementary Fig. 9). Similarly, although
we symmetrized the macaque and mouse connectomes to facilitate
comparison with the human data, we verify that the macaque and
mouse results can be replicated if the asymmetries (and, for mouse,
the fully dense nature) of the structural connectome are preserved
(Supplementary Figs.10 and 11).

Additionally, we investigate if the results could be driven by a dif-
ferencein overall connectivity between the resulting cooperative-only
and cooperative-competitive models. For this, we consider a different
way of comparing these models: rather than fitting a cooperative-only
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model in the traditional way (whereby updates that would make a
connection negative are disallowed), we, instead, obtain the genera-
tive connectivity from the cooperative-competitive model and then
take the absolute value such that all competitive interactions are now
cooperative. As a result, the magnitude of interregional coupling
between each pair of regions is identical for the cooperative-only
and cooperative-competitive models, which was not guaranteed
when fitting the models separately. Nevertheless, results across all
three species show that if competitive interactions are turned coope-
rative, the resulting functional connectivity loses structure and per-
formance declines dramatically, accompanied by a loss of dynamical
realism (Supplementary Figs. 12-14). Note that this result should not
be surprising: this version of a cooperative-only model could have
been produced by the model optimization but was not, because it did
notleadtogood fit. This analysis confirms that the competitive nature
of the interactionsisimportant, not merely their number and weight.

Role of optimization procedure

Here, we use the same heuristic pseudo-gradient descent optimization
asinthe latest Hopfmodeling literature*** (thatis, the cooperative-only
model), following the procedureintroduced inref. 81. Therefore, asin
these previous works, our model uses the structural connectivity to pro-
vide ananatomical constraint on the sparsity of theinferred generative
connectivity matrix, because the model is not allowed to update any
connections thatare not presentinthe original structural connectivity.
This means that the number of parameters to tune coincides with the
number of non-zero entries in the structural connectome. Although
we do not increase the number of parameters in our model vis-a-vis
the cooperative-only model introduced inref. 43, we do increase the
possible range of values that generative connections can take, by allow-
ing them to be negative. Thus, we provide several control analyses to
demonstrate that anincreased range alone is not sufficient to explain
the improved performance of the cooperative-competitive model.

First, we double the maximum value allowed for connections in
the training of the cooperative-only model (Methods), from 0.1t0 0.2,
whereasthe cooperative-competitive modelis keptat 0.1. Despite the
broader range of available values, the cooperative-only model does
not approach the level of performance observed for the coopera-
tive-competitive model (Supplementary Fig. 15). Second, we pit the
cooperative-competitive model against a cooperative-only model that
has twice as many parameters to tune (that is, structural connections
that can be adjusted: the structural connectivity density determines
the number of parameters in the model, because the model is only
allowed to tune a connectionifitis non-zeroin the starting structural
connectivity). Thisis carried out as follows:

(1) Forthe human case, we advantage the cooperative-only model:
we base it on a group-average connectome (density approximately
65%) instead of the individual connectomes whose density is only
approximately 20-25%, corresponding to more than twice as many
parameters that the cooperative-only model can tune. (2) For the
macaque connectomes, whichis already much denser (approximately
55%), instead of advantaging the cooperative-only model, we handicap
the cooperative-competitive model by basing it on a thresholded
structural connectome that has only 25% density (that is, approximately
half the number of parameters). For the mouse connectome, which,
for consistency, is thresholded at 50% density in our main analysis but
is available as fully dense (see Supplementary Fig. 11 for the coopera-
tive-competitive results with the fully dense mouse model), we adopt
both approaches: (3) we compare a cooperative-only model based on
50% density against a cooperative-competitive model based on 25%
density; (4) we also compare a cooperative-only mouse model based
on 100% density against a cooperative-competitive model based on
50% density. In all cases, even with twice as many degrees of freedom
(connections that can be changed), the cooperative-only model is
unable to match the performance of the cooperative-competitive

model (Extended Data Fig. 2). In other words, allowing competitive
interactions allows us to remove half of the model’s parameters com-
pared to the previous (cooperative-only) Hopf model used in recent
publications**** while still achieving superior fit across a wide range
of criteria.

Arelated concernis that high-dimensional optimization problems
can present a risk of overfitting, whereby the model is matching idio-
syncratic noise in the training data rather than capturing the underly-
ing data-generating process, thereby leading to poor generalization.
As one way to mitigate this concern, we implement L1 regularization
in our model—a widely used approach to mitigate the risk of overfit-
ting by penalizing large model weights (Methods). We compare the
L1-penalized cooperative-competitive model against the original
cooperative-only model, and we show that the penalized coopera-
tive-competitive modelis still superior, across multiple fitting criteria
(Supplementary Fig. 16). This analysis complements the previous
approach that explicitly reduced the number of model parameters
aprioriby usingasparser structural connectivity, suggesting that the
superior performance of the cooperative-competitive model vis-a-vis
the cooperative-only modelis unlikely to be attributable to overfitting.

We also take further steps to mitigate the concern of overfitting.
First, we perform split-half assessment of our model. We divide the
empirical time series intwo equal halves; then we optimize the model
onthefirst half; and, finally, we quantify the correspondence between
the model-simulated functional connectivity based on the first half of
dataand the empirical functional connectivity obtained from the sec-
ond half of data. If the model were overfitting to the noise in the data,
it should produce poor fit for any data that it has not explicitly seen
before. On the contrary, we show that the model trained on the first
half of the empirical fMRI data produces functional connectivity that
is highly correlated with the empirical functional connectivity from the
unseensecond half ofthe fMRIdata (Extended DataFig.3) and displays
significant subject specificity (Extended Data Fig. 4).

Next, we show that the split-half reliability does not hold only for
the simulated functional connectivity but also for the generative con-
nectivity matrices inferred by the model. In each species, generative
connectivity matrices obtained by using as input the first and second
halves of the same fMRIscan are highly similar (mean correlation >0.75
for macaque and >0.80 for human and mouse; Extended Data Fig. 5).
In other words, they consistently converge on the same architecture
with high accuracy. This is what should be expected for a model that
correctly infersthe data-generating process, because the real datawere
generated by the same biological process. Note that this consistency
isall the more noteworthy because such highly similar generative con-
nectivity matrices are not obtained from two repetitions performed on
the same input data but, rather, on different halves of the data.

Conversely, wereasoned thatifthe modelisreflecting abiological
data-generating process, then its performance should be compro-
mised when trying to fit data that are not biological. If, instead, the
model is overfitting, then its performance should be just as high on
biological and non-biological data. To test this, we use a circular-shifted
surrogate model, whereby the time series are shifted by arandom
number of timepoints, thereby preserving univariate time series prop-
erties (mean, amplitude, autocorrelation spectrum, etc.) because
the signals are exactly the same, but the cross-correlation is reduced
to chance levels®*%*, We show that our model is significantly better
at reproducing the real biological data than the circular-shifted null
data (Supplementary Fig. 17). This superior ability for reproducing
biological versus random data should not be observed in amodel that
is overfitting.

Validation and stability of inferred generative connections

Another related concernis degeneracy: for high-dimensional optimi-
zation problems, different combinations of parameters (here, corres-
ponding to different configurations of the generative connectivity)
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could provide equivalent performance. In other words, the final model
output may reflect one of many possible local minima rather than the
true generative connectivity that gave rise to the input time series. To
address this concern, we demonstrate that the model can faithfully
recover the ground truth generative connectivity. Although, of course,
thisis not known for the empirical data, we can use the generative con-
nectivity of each subject (obtained from our model) to generate simu-
lated blood oxygen level-dependent (BOLD) time series. For these time
series, we, therefore, have the ground truth of the underlying generative
connectivity. Then, we provide the simulated time series as inputs to
our model (Extended DataFig. 6a), asking: Can our model recover the
known ground truth?

Wefindthattheanswerisunequivocally yes (Extended DataFig. 6b).
The subjectwise correlations between ground truth generative con-
nectivity (the one used to simulate the time series) and recovered
generative connectivity (the oneinferred by our model, starting from
the simulated timeseries) is approximately 0.85 or more for most indi-
viduals. This is significantly higher than the correlation between the
recovered generative connectivity and the structural connectivity used
forinitialization, indicating that the model-based inferenceis providing
valuable information. We also observe correlations of approximately
0.95 between the prevalence of negative connections in the ground
truthgenerative connectivity and the recovered generative connectiv-
ity (Supplementary Fig.18). These results provide confidence that the
modelis consistently converging toward agenerative connectivity that
is close to the ground truth. In other words, even if the final solution
identified by the modelis alocal minimum, we demonstrate that such
local minima are close to the ground truth.

We further confirm that if the ground truth generative connec-
tivity does not include negative generative connections, then the
cooperative-competitive model is likely to produce a positive-only
generative connectivity matrix, even in the presence of negative
entries in the functional connectivity. To show this, we start from a
cooperative-only generative coupling matrix, which represents our
ground truth. Next, we use it to simulate time series whose functional
connectivity includes approximately 30% negative values. Finally,
we use a cooperative-competitive model to fit the data—that is,
recover the generative connectivity, using the simulated time series
instead of empirical BOLD. We find that the recovered generative
connectivity is indeed achieved without negative values and with
high fidelity to the ground truth coupling matrix that generated the
input data (Extended Data Fig. 7). Thus, we show that our model can
faithfully track the presence or absence of negative weights in the
generative connectivity.

Taken together, these analyses indicate that the model converges
on stable and reproducible configurations. Furthermore, in the case
where the ground truth is known, we have clear evidence that such
stable configurations consistently and with high accuracy arelocated
inthe vicinity of the ground truth connectivity that generateditsinput
time series. On the one hand, this suggests that when competitive
connections truly are present, the model will be able to detect them;
and, on the other hand, it is evidence that when our model identifies
negative connections, they are likely to be indicative of true competi-
tive interactions in the generative connectivity.

Role of anatomical connectivity as biological prior

Our model fitting uses the structural connectome as a source of ana-
tomical constraint on the sparsity and location of connections: only
connections thatare present in the structural connectivity canbe tuned
by the model**. For the connections that do exist, the structural con-
nectivity also acts asabiological prior for the final weight, because the
modelisinitialized from the original structural connectivity weight.
Indeed, we find that this biological information is preserved in the
finalmodel: there is high and significant correlation between the final
generative connectivity matrix and the original structural connectivity

onwhichitisbased (whether obtained from diffusion tractography in
humans or from tract tracing inanimals), at both the group level and the
individual subject level (human meanp = 0.57, macaque meanp = 0.81,
mouse mean p = 0.79; Extended Data Fig. 8). This is evidence that the
structural connectivity is successfully acting as a prior for the model:
stronger structural connectivity edges tend to translate to stronger
generative edges.

Next, we deploy several null models (Methods) to demonstrate
more directly that both the location and weight of the empirical struc-
tural connectivity contribute to the fit of the model to biological data.
Each of these nullmodels is optimized following the same procedure
as the main cooperative-competitive model, thereby disentangling
the improved performance due to presence of competitive inter-
actions from the role of weight heterogeneity and network topol-
ogy of the connectome. Concretely, we find that model fit is broadly
degraded, across criteriaand across species: (1) if the model is initial-
ized using a binarized connectome, thereby removing biological
information about heterogeneity of weights (Supplementary Fig.19),
or (2) if the model is initialized from a network where existing con-
nections have been replaced with randomly placed non-existing
ones of equal weight, whether or not the degree sequence is also
preserved, thereby demonstrating the importance of network topol-
ogy (Supplementary Figs. 20 and 21). Notably, these analyses also
reveal that the benefit in metastability fit provided by the presence
of negative generative weightsis largely independent of their specific
placement but only on node degree (number of connections): once
degree is accounted for, equivalent levels of fit are observed for real
or random topology (Supplementary Figs. 20 and 21). By contrast,
the functional connectivity/mutual information and NeuroSynth
fitting criteria (based on interregional interactions and instantane-
ous activation patterns, respectively) appear to be more sensitive to
the topology of the anatomical network used for initialization, such
that starting from a randomized structural connectivity degrades
model performance vis-a-vis the model based on real connectomes
(Supplementary Figs. 20 and 21).

Similar results are observed for the memory capacity obtained
from using the model-derived generative connectivity as the wiring
diagram for areservoir computing network (Supplementary Fig. 22).
Namely, a reservoir based on the generative connectivity from the
cooperative-competitive model broadly outperforms reservoirs
based on the generative connectivity from (1) the cooperative-only
model with twice the number of connections (except in the case of
the macaque where the denser connectome prevails); (2) coopera-
tive-competitive modelsinitialized from null structural connectomes
that preserve the topology but obliterate weight differences (binary);
(3) cooperative-competitive models initialized from null structural
connectivity with preserved weight distribution but randomized
topology (that is, replacing existing connections with non-existing
ones of equal weight); and (4) cooperative-competitive models initial-
ized from null structural connectivity with preserved weight distribu-
tion and degree sequence (Supplementary Fig. 22). In other words,
a cooperative-competitive generative matrix initialized from real
biological connectivity provides the best basis for a high-performing
reservoir network.

Altogether, the model (1) reproduces unoptimized dynamics of the
data (synergy, metastability, hierarchy and co-activation of cognitive
patterns); (2) isunable to match biologically implausible null data; but
(3) successfully generalizes to unseen real data from the same indi-
vidual. The model-inferred connections are highly stable and subject
specific and can closely match a known ground truth generative con-
nectivity. Performance is consistently degraded when the input time
series orinput connectome are replaced with biologically implausible
surrogates. These are all hallmarks of amodel thatis capturing the true
data-generating process rather than overfitting to the idiosyncratic
noiseinthe training data.

Nature Neuroscience | Volume 29 | April 2026 | 915-933

928


http://www.nature.com/natureneuroscience

Article

https://doi.org/10.1038/s41593-026-02205-3

Discussion

Altogether, we examined the dynamical and computational relevance
of competitive interactions in the mammalian connectome. We used
generative computational modeling to integrate multimodal data
aboutbrainstructure and functionacross human, macaque and mouse
brains. Consistently across species, our best generative account of
how brain network structure givesrise to function combines modular
cooperativeinteractions with diffuse, long-range competitive interac-
tions between regions with opposite biological annotations. Generative
models with competitive interactions are more individual specific and
achieve excellent fidelity to the spatial coordination and temporal
dynamics of the empirical brain, including properties that were not
explicitly optimized but, rather, emerged spontaneously. Below, we
discuss the implications of these findings while also positioning our
modelin the broader space of possible models in the literature and
outlining promising directions for future work.

Our species-specific computational models revealed that allowing
the generative connectivity to include competitive as well as coopera-
tive interactions produces consistently superior fit to the empirical
functional connectivity, at both the group level (with up to 0.95 cor-
relation between real and simulated functional connectivity) and
the level of individual subjects. Notably, upon introducing competi-
tive interactions, the increase in the model’s explicit fitting objective
(spatial organization of functional connectivity) was accompanied by
increased fit to several additional, unoptimized properties, which are
dynamical rather than spatial: metastability, synergy and local-global
hierarchical organization. We found that our signature of metastability
inthe model with cooperative-only interactions is consistently higher
thaninrealbrains (consistent with similar observations from the recent
voxelwise model of ref. 33). Adding competitive interactions bringsiit
closer to empirically observed levels. A possible interpretation of this
observationis that metastability (here, operationalized as the tempo-
ral variability of the KOP, as is common in the fMRI literature”>'°>'°¢)
is intended to quantify a balance between integrative and segrega-
tive tendencies. Temporal variability of the brain’s level of synchrony
(KOP) indicates that high and low synchronization co-exist and alter-
nate over time. If only cooperative interactions are present, this can
lead to periods of excessive synchrony due to regions reciprocally
increasing each other’s activity level in a vicious cycle (we confirm
this in Supplementary Fig. 23, showing that the maximum observed
synchrony is significantly higher for the model without competitive
interactions, often approaching total synchronization). Competitive
interactions may play astabilizing role, because as one region’s activity
grows, activity of its competitively connected neighbors will diminish,
preventing runaway global activity.

Finally, synergy reflects the presence of complementary infor-
mation in different brain regions’ activity, such that there is greater
ability to predict the joint future state of two brain regions when both
regions are considered together rather than in isolation"*", In prac-
tice, synergyis low bothwhentwo regions are fully independent (such
that neither of them has information about the other but only about
itself) but also when two regions are strongly dependent, such that
thesameinformationis presentineach, without need to consider the
other">™, Thus, synergy reflects a balance between dependency and
independence in the system, complementing metastability (which,
in its operationalization as std(KOP), considers only instantaneous
relationships). A system withsynergyis a system whose elementsact as
awholerather than as disjoint parts. We found that by countering the
tendency to extreme synchronization, competitive interactions allow
greater diversity of activity to be present and available for integration,
manifesting as greater synergy.

Altogether, competitive interactions increase synergy and hier-
archical functional organization while exerting a moderating effect
on metastability, bringing the simulated dynamics more in line with
empirical dynamics of the mammalian brain. This increased fidelity

of the model’s dynamics is accompanied by increased realism of the
specific patterns of model-generated brain activity, as revealed by
our recently introduced ‘cognitive matching’ criterion. The cognitive
matchingindexreflects the similarity between spontaneous brain acti-
vity and brain patterns associated with 123 canonical cognitive opera-
tions, as synthesized in a data-driven way from over 14,000 published
neuroimaging studies'®. When applied to recordings fromreal human
brains, cognitive matching may be understood as recovering echoes
of cognitioninthe spontaneousactivity of the brain. When translated
into a criterion of model realism, as introduced in the present report,
cognitive matching measures whether the model co-activates regions
in a manner consistent with their membership of the same cognitive
circuits. Thus, the present results suggest that competitive interac-
tions are crucial for enabling co-activation of regions that belong
to the same cognitive macro-circuit, because we are considerably
less likely to observe appropriate co-activations in the absence of
competitive interactions.

Akey advantage of our model-based approachis that, unlike stud-
ies of functional connectivity, here we can assign a definite meaning
to the negative sign of the competitive generative interactions: they
represent suppression of the target’s activity by the source, justifying
the term ‘competitive’. However, we highlight the caveat that a com-
petitive interactionin our model need not correspond to along-range
inhibitory connection. Suppressive influences of one region over
another could arise from a variety of biological mechanisms, poten-
tially including direct long-range inhibitory projections but also (and
perhaps more likely) long-range excitatory projections onto local
inhibitory circuits, or homeostatic regulation, network-level feed-
back, or even more complex phenomena such as conduction delays
and the relative contributions of cerebral blood volume and flow to
the hemodynamic signal, among others***~°% Indeed, many such bio-
logical mechanisms could even co-exist, implementing competitive
interactions in different parts of the brain or in different species (see
Supplementary Note 2 for a more in-depth discussion of this point
and of the role of computational modeling for biological discovery).

Altogether, our generative model consistently indicates that com-
petitiveinteractions play a pivotal role in explaining the emergence of
functionalinteractions fromthe brain’s structural connectivity, achiev-
ing unprecedented realism. This meaning of ‘functional’ goes beyond
regional co-fluctuations (what is commonly referred to as functional
connectivity), instead also encompassing co-activation of brain regions
inaccordance with membership of the same cognitive macro-circuit,
asdetermined by meta-analytic synthesis with NeuroSynth. The same
competitive interactions also endow brain dynamics with greater syn-
ergy and hierarchical organization and overall greater fidelity to the
empirical dynamics. Note that only functional connectivity and lagged
functional connectivity are explicitly optimized by the algorithm,
yet the remaining criteria are also significantly improved. Along with
the model’s excellent split-half reliability, successful recovery of the
ground truth connectivity, and degraded performance uponreplacing
the biological input data with null surrogates, this evidence suggests
thatthe modelis not overfitting to idiosyncratic noisein the input data
but, rather, genuinely converging toward the data-generating process
across both spatial and dynamical dimensions.

Systematic patterns can also be identified in the organization of
competitiveinteractions, which are consistent across species. Whereas
cooperative (positive-valued) interactionsin the generative connectiv-
ity tend to be strong, modular and relatively short range, competitive
interactions are weaker but more long range, more diffuse and less
clustered:itisless likely that competitively interacting neighbors of a
node willthemselves be interacting competitively. Corroborating these
results, lower clustering for negatively weighted connections than for
positively weighted connections was also recently reported by Tanner
et al.”. Crucially, we found that competitive generative connections
consistently link regions characterized by opposite (anticorrelated)
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patterns of biological annotations and situated at opposite ends of the
cortical hierarchy. This observation was highly consistent across all
three species and across multiple modalities of biological organization,
including cytoarchitecture, microstructural profile, myeloarchitec-
ture, gene expression and receptor expression. It stands to reason that
if macroscale competition exists in the brain, it should preferentially
occurbetweenregions with opposite biological profiles. For example, if
tworegions express opposite patterns of receptors, thenthey are likely
torespondinopposite ways to the same input signal. The consistency
of these observations across species and modalities, therefore, hints
at possible phylogenetically conserved biological origins for the com-
petitive interactions observed here, grounded in systematic patterns
of regional heterogeneity in the mammalian cortex.

The phenomenon of strong modular connections complemented
by diffuse weaker ones is reminiscent of the ‘strength of weak ties’,
observed in social and neuronal networks alike'>. Our present results
suggest that, in the mammalian brain, many such weak ties may be
of a predominantly competitive nature. The resulting architecture
balances local cooperation (within specialized modules) and global
competition, reminiscent of the ‘global workspace’ architecture**. We
have shownthat suchacooperative-competitive architecture achieves
agreater range of local-to-global responses and greater synergy inits
dynamics. In the real human brain, synergy is especially prevalent in
integrative regions of association cortex that support higher-order
cognitive functions"%",

Convergent evidence for an association between synergy and
cognitive capacity was recently provided, showing that synergy sup-
ports flexible and efficient learning in artificial neural networks'.
This evidence is further corroborated by our own present results:
across humans, macaques and mice, we found that connectome-based
neuromorphic networks reach the highest performance on amemory
task (recently introduced as a measure of in silico ‘computational
capacity”'**) when both cooperative and competitive interactions
are present, especially when connection placement and heterogeneity
respect empirical biological organization. Itisintriguing that, in addi-
tion to matching spatiotemporal properties and dynamical richness
of the real brain, competitive interactions also endow the generative
connectivity with greater computational capacity to support memory
processes—arguably a key building block of cognition. To be clear:
there are countless possible types of ‘computation’, and our artificial
measure of computation (memory capacity) is qualitatively different
and more abstract than the kind of computation performed by the
living brain during cognitive tasks. Cognitive tasks can themselves
be modeled at multiple levels of abstraction. At one end are attractor
and drift-diffusion models. At the other end are detailed biophysi-
cal models that incorporate anatomical constraints such as cell type
composition or NMDA, AMPA and dopamine receptors, including
recent work showing that biologically plausible gradients of feedfor-
ward excitation and feedback inhibition between different cell types
contribute to more realistic spatiotemporal patterns of propagation
and persistence of sensory information (that is, stimulus detection
and working memory)*'2*$, Our connectome-based reservoir using
generative connectivity arguably lies in between these two extremes.
Notably, a recent study showed that, across hundreds of human par-
ticipants, computational memory capacity estimated from structural
connectome-based reservoir computing is associated with cognitive
performance in several domains, notably including memory itself'*.
Altogether, connectome-based reservoir computing provides a valu-
able complement for existing methods of assessing the functional
relevance of macroscale brain networks'>*'?, which we leverage here
to provide convergent evidence about the dynamical consequences
of competitive interactions.

Altogether, the present work provides a generative link between
network architecture and dynamical properties in the mammalian
brain, expanding understanding of how structure can give rise to

function. At the same time, this work represents a major advance in
the developmentofinsilico brainmodels—atopic of intense research .
Generative modelssuch asoursare particularly desirable fromaclinical
perspective, to develop virtual screening tools for potential interven-
tions*'. Compared with state-of-the-art cooperative-only models of
this kind****, our cooperative-competitive model achieves markedly
superior fidelity across diverse dimensions of brain connectivity and
dynamics. Thisis observed not only at the group level: our models are
fitted toindividualhuman brains using their own structural and func-
tional data. Inaddition to providing a superior match to the empirical
brain of each individual, our improved model exhibits also greater
subject specificity. Inother words, we do not simply have abetter model
of human brain function; we have a better model of the brain of each
individual. This represents a critical advance toward the development
of personalized computational models of individual patients’ brains,
based on their own data. The success of our modeling framework
is not limited to the human brain, but, rather, it extends to mouse
and macaque, highlighting the similarities between humans and two
fundamental model organisms in neuroscience. Invasive therapeutic
interventions are typically assessed in animal models prior to human
trials”, adding translational potential to our working model of the
mammalian brain.
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Methods

See Supplementary Methods for species-specific details of fMRI
data acquisition and processing; species-specific structural connec-
tome reconstruction; and species-specific gene expression, recep-
tor density, cell type composition, myeloarchitecture and other
biological annotations.

Generative whole-brain modeling

Thelocal dynamics of eachindividual nodeis described by the normal
form of a supercritical Hopf bifurcation with stochastic input, which
is able to describe the transition from asynchronous noisy behavior
to full oscillations.

Oscillators have been widely used to model many physical sys-
tems, going from the simplest linear, harmonic oscillator to nonlin-
ear oscillators™"°, Small perturbations to linear oscillators lead to
changesinoscillation amplitudes, whereas perturbations to nonlinear
oscillators lead to self-regulating relaxation and a return to the same
regionin phase space. Withanordinary differential equation of acom-
plex order parameter, the Stuart-Landau model of a single oscilla-
tor provides the simplest nonlinear extension of a linear oscillator
that mathematically describes the onset of spontaneous oscillations
(thatis, bifurcation from fixed-point dynamics toward a limit cycle)™.
Specifically, in the regime at the edge (but just below) the Hopf bifurca-
tion, the Hopf model generates neither mere noise nor the single sus-
tained oscillation of Wilson-Cowan and Kuramoto models but, rather,
afluctuating stochastically structured signal with oscillatory compo-
nents that matches the infra-slow fluctuations typically observed in
fMRI signal™ 7!,

Thus, each node nis represented by the following set of coupled
stochastic differential equations in Cartesian coordinates:

dx,
d: = (an _x’21 _yfr)xn - wnyn"’ﬂnn(t)
d
% = (@p — X} = Y2) Yn + @nXn+P0,, () @

In these equations, i represents additive Gaussian noise with a
standard deviation . The system undergoes a supercritical bifurcation
at a, = 0. When a,, > 0, the system engages in a stable limit cycle with
afrequency f, = ‘;’—” whereas, for a, < 0, the dynamics stabilize at a
fixed point, representing a low-activity noisy state dominated by the
Gaussian noise. In this model, each node has an intrinsic frequency
w, within the range of the empirical fMRI range, determined by the
averaged peak frequency of the narrowband BOLD signals in each
brainregion. We set a,, = —0.02, consistent with previous studies***.

Tomodel whole-braindynamics, we incorporate couplingbetween
regions using a diffusive coupling term. This term represents theinput
received by region n from every other region p, weighted by the cor-
responding connection from the adjacency matrix G,,, representing
empirical structural connectivity. The input is modeled using a com-
mondifference coupling, approximating the simplest (linear) compo-
nent of a general coupling function. The equations governing the
whole-brain dynamics are as follows:

dx, N

d_: = (an —X% _ygz)xn — WpYn + Z an(xp_xn)+ﬂ’ln(t)
p=1

4y, 2 2 N

dar (@n = X3 = Y5) Yn + @pXy + Z Grp(Vp=Y)+B1,(© 2)
p=1

Inthese equations, the noise standard deviationis setto = 0.01.
This coupled oscillator model effectively captures the transition
between different dynamical states of the brain and provides a

framework for understanding how brain regions interact to produce
complex patterns of activity.

Updating the generative connectivity
We optimized the generative connectivity (GC) between brain regions
by aligning the model’s output with empirical measures, specifically
forward and reverse time-shifted correlations and empirical functional
connectivity (FC). The same heuristic gradient algorithm previously
introduced in the Hopf modeling literature**** was then employed to
iteratively update the GC, refining the fit:

GCpp = GCpy +£(FCip® —FCoy™) + (FCi® —FCER® ) €))

The model was iteratively run with the updated generative con-
nectivity until the fit converged to astable value. As per previous work,
the maximum weight is capped at a value of 0.1. However, for one of our
control analyses, the maximum weight of the cooperative-only model
was, instead, allowed to reach a value of 0.2.

Crucially, the algorithm does not tune all possible connections
between regions. Rather, following the current Hopf modeling
literature****, and in line with recent developments more broadly***!,
initialization is based on empirical anatomical connectivity, and the
model is only allowed to update non-zero connections within the
matrix, which, therefore, provides a biological constraint on the
sparsity of the model-inferred generative connectivity. The struc-
tural connectivity also provides abiological prior on the weight of the
generative connectivity, because model weights are initialized from
the structural connectivity weights*. Following previous work®, the
algorithm was runwith £ = 0.0002 and &’ = 0.00004, continuing until
convergence was achieved. Two versions of the algorithm were con-
sidered: cooperative-only, whereby connection updates that reached
negative values were not allowed (note that this is not a new type of
model introduced here but, rather, matches the current literature
on Hopf modeling***) and cooperative-competitive, whereby the
algorithm is allowed to update the connections to negative values.
In both cases, however, the model is only allowed to update connec-
tions that are present in the structural connectivity matrix provided
atinitialization.

We also implemented an optional step of L1 regularization. L1
regularizationis applied to promote sparsity in the estimated genera-
tive connectivity matrix, by adding a penalty term proportional to the
absolute magnitude of each connection weight. Specifically, during
each optimizationiteration, the term «,; x sign(GEC(i,j)) is subtracted
from the connection update. Here, o, represents the regularization
strength, and the sign function provides the gradient of the L1 pen-
alty term with respect to the connection weight. This regularization
technique encourages the optimization algorithm to drive weak or
redundant connections toward zero, thereby identifying a relevant
subset of the most functionally relevant effective connections while
maintaining the model’s ability to reproduce empirical functional
connectivity patterns.

Differential identifiability for model evaluation

‘Brain fingerprinting’ refers to using brain-derived metrics (here, the
functional connectivity obtained from resting-state fMRI) to discrimi-
nate individuals from each other, analogously to how the grooves on
one’sfingertips may be used to discern one’s identity'**'*, This requires
brain fingerprints (just like conventional fingerprints) to be different
across different people (to avoid confusing distinct individuals) but
consistent within the same individual (to track identity).

Let Abe the ‘identifiability matrix’—that s, the similarity between
individuals’ test and retest scans (or, in this case, individuals’ empirical
and simulated functional connectivity), such that the size of Ais S x S
(with Sbeing the number of individualsin the dataset). Each entry of A
isobtained as the correlation between the corresponding individuals’
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vectorized matrices of functional connectivity. Let /= (4;) represent
the average of the main diagonal elements of A, which consist of the
Pearson’s correlation values between scans of the same individual:
from now on, we will refer to this quantity as self-identifiability or /..
Similarly, let/,4.s = (A;) define the average of the off-diagonal elements
of matrix A—that is, the correlation between models and scans of dif-
ferentindividualsiandj. Then, we define the differential identifiability

(I4) of the sample as the difference between both terms'*%:

Laife = Useir — lothers) 4)

which quantifies the difference between the average functional
connectivity’s similarity using the matched model and the average
functional connectivity’s similarity when model and empirical data
are mismatched. The higher the value of /;, the higher the model’s
individual specificity'®>'%,

Dynamical measures
Synchrony and metastability. Metastability was quantified using
a widely used signature: the standard deviation of the KOP across
time (std(KOP))7>19519¢,

Inturn, the KOP is defined by the following equation:

n
KOP, = e®O|/n (5)
k=1

where @,(¢) is the instantaneous phase of each bandpass-filtered BOLD
signal at node k.

Followingref. 73: ‘We computed the instantaneous phase ¢,(t) of
eachbandpass-filtered signal kusing the Hilbert transform. The Hilbert
transformyields the associated analytical signals. The analytic signal
represents a narrowband signal, s(t), in the time domain as a rotating
vector withaninstantaneous phase, ¢(t), and aninstantaneous ampli-
tude, A(£). Thus, s(¢) = A (t)cos(¢(t)). The phase and the amplitude
are given by the argument and the modulus, respectively, of the com-
plex signal z(£), given by z(¢)=s(¢)+iH[s(t)], where i is the imaginary
unit and H[s(t)] is the Hilbert transform of s(t)’. At each point in time,
the KOP measures the global level of synchronization across these
oscillating signals. Under complete independence, the phases
are uniformly distributed, and, thus, KOP is nearly zero, whereas
KOP =1ifall phases are equal (full synchronization)'®.

The variability (standard deviation) of the KOP over time is com-
monly used as asignature of metastability, first proposed by Shanahan
et al.”” and also adopted by others'**'**, See ref. 106 for a detailed
discussion of the difference between metastability and its various
signatures. Intuitively, if std(KOP) is high, it indicates that the system
alternates between high and low synchronization, thereby combining
tendencies forintegration (high synchrony) and segregation (low syn-
chrony). For eachindividual (and simulation), we obtain the std(KOP)
signature of metastability as well as the maximum observed value of
global synchrony.

Local-global hierarchy from intrinsic-driven ignition.
Intrinsic-driven ignition (IDI)'® quantifies the extent to which spon-
taneously occurring (‘intrinsic’) neural events elicit activation across
the rest of the brain (‘ignition’). The fMRI signal time series are trans-
formedintoz-scores and subsequently thresholded to obtainabinary
sequence o based on the combined mean and standard deviation of
theregional transformed signal, such that o(¢) = 1if z(¢) > 1and s cross-
ing the threshold from below, indicating that a local event has been
triggered; otherwise, o(t) = 0. Subsequently, for each brain region,
when that region triggers a local event (o(t) =1), the resulting global
ignitionis computed within a time window of 4 time-points (note that
the threshold of 1s.d. and window of 4 time-points for defining an
event are chosen for consistency with previous work**'%, but it has

been demonstrated that the results of this procedure are robust to the
specific threshold chosen®*).

AnN x Nbinary matrix Mis then constructed, indicating whether,
inthe period of time under consideration, tworegionsiandjboth trig-
geredanevent (M;=1). Thesize of the largest connected component of
this binary matrix M defines the breadth of the global ignition gener-
ated by the driver region at time ¢, termed IDI. To obtain a measure of
local-global hierarchy, the variability (standard deviation) across event
sizesis then computed®*'°%, Consequently, higher standard deviation
reflects more heterogeneity with respect to regions’ capability to
induceignition, which suggests, in turn, amore elaborate hierarchical
organization between them.

Hierarchy from temporalirreversibility. We estimate pairwise interac-
tions between brain regions by computing time-shifted correlations
between both the forward and the reversed fMRI BOLD time series
of any two regions*'%’, This method effectively quantifies the asym-
metry in interactions between region pairs, thereby indicating how
one region influences another. This approach is inspired by thermo-
dynamics, where the breaking of detailed balance is associated with
non-reversibility, often referred to as the ‘arrow of time”. Irreversibility
is captured as the difference between the time-shifted correlations of
forward and reverse time series*'*’,

Toillustrate, consider the detection of irreversibility between two
time series, x(t) and y(t). The causal dependency between x(¢) and y(¢)
is measured using time-shifted correlations. For forward evolution,
the time-shifted correlation is given by:

Crorward (AL =< X(6), (¢ + AL) > (6)

Similarly, we create a reversed version of x(¢) (or y(t)), denoted
xO(0 (or y(p)), by inverting the time sequence. The time-shifted cor-
relation for the reversed evolutionis then:

Creversed (A) =< X(')(f),y(’)(f + At) > 7)

The pairwise level of irreversibility, representing the degree of
temporal asymmetry or the arrow of time, is quantified as the absolute
difference between the forward and reversed time-shifted correla-
tions at a given shift At =T (here, for consistency across species, we
set T=1TR):

IX,y(T) = |Cforw3rd(T) - Creversed(T)l (8)

To compute the whole-brain level of non-reversibility, we defined
forward and reversal matrices of time-shifted correlations for the
forward version x,(¢) and the reversed backward version x,({)(t) ofa
multidimensional time series, where the subscript nrepresents differ-
entbrainregions. These matrices capture the functional causal depend-
encies between the variablesin the forward and artificially generated
reversed timeseries, respectively. The forward and reversed matrices
are expressed as:

1
storward,np(At) = _E Iog[l— < Xn(t),Xp(t + At) >Z]

1
FSreversedp(Af) = =5 log[1— < x.(0).5, (¢ + ) >2] ©

These matrices, representing the functional temporal depen-
dencies, are based onthe mutual information derived fromthe respec-
tive time-shifted correlations*'*’,

FSaife,np iS @ matrix containing the squared differences of the ele-
ments between the forward and reversed matrices:

Fsdiff,np = (storward,np(T) - FSreversed,np(T))2 (10)
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where eachelementreflects theirreversibility level for thatregion
pair. We describe the level of hierarchy as the standard deviation of the
elements of the matrix FS g, **'*".

Irreversibility between two regions occurs when the interaction
betweenthemisasymmetric, such that oneregion sends more informa-
tion to the other thanit receives fromit**'”. For each region, its mean
irreversibility with the rest of the brain, therefore, quantifies how far
itis from equilibrium between sending and receiving. The variability
across regions of this send-receive imbalance provides a measure of
hierarchical organization, analogous to the ignition-based hierarchy.
Ifthis variability is high, it means that regions vary widely in their prefe-
rence for sending or receiving signals, reflecting greater hierarchical
character (in terms of directedness rather than local-global ignition)

of the functional organization**'°,

Synergistic information. The framework of integrated information
decomposition unifies integrated information theory (IIT) and partial
information decomposition (PID) to decompose information flow
into interpretable, disjoint parts. For a brief introduction to PID, see
Supplementary Note 3; see alsorefs. 111,112 for detailed explanations.
Inthis section, we provide abrief description of integrated information
decomposition and formulas required to compute the results.

In a dynamical system such as the brain, one can calculate the
amount of information flowing from the system’s past to its future,
known as time-delayed mutual information (TDMI). Specifically, by
denoting the past of variables as X, , and Y, , and treating them as
sources, and their joint future state (X,, ¥;) as target, one can apply the
PID framework and decompose the information flowing from past to
future as

IXe—r, Ye—r; Xo, Vo) = Red(Xe_, Vs X, Vo) + UNXis X, Vel V)
+Un(Ye_ Xe, YelX, ) + Syn(Xo—o, Vs X, Vo)

(11)

Above, Un corresponds to the unique information that one source
provides but the other does not; Red is the redundancy between both
sources; and Synistheir synergy: information that neither Xnor Yalone
can provide but that can be obtained by considering Xand Ytogether.
Applyingintegrated information decomposition to this quantity allows
ustodistinguishamong redundant, unique and synergisticinformation
shared withrespectto the future variables X,, Y, (refs.111,112). Notably,
this framework has identified a stronger notion of redundancy, inwhich
informationisshared by Xand Yin both past and future'. Accordingly,
using the MMI-®ID decomposition for Gaussian variables, we use

Red(X, V) = min{l(Xe_; X0), (Xe—; YO, I(Y e X), (Ve YO}, (12)

Equivalently, this measure corresponds to the information that
was redundantly carried by Xand Yin the past andis also redundantly
carried redundantly by the two sources in the future. Using this defini-
tion of redundancy, we can then solve the system of equations and
recover how each type of information (synergistic, unique and redun-
dant) evolves over time. Of these, we focus on the temporally persistent
synergy (denoted by ,212}4{12} in standard PID notation): information
that was synergistic in the past and remains synergistic in the future.

Although thereis ongoingresearch onthe advantages of different
information decompositions for discrete data, several decompositions
convergeinto the same simple form for the case of univariate Gaussian
variables™. Known as minimum mutual information PID (MMI-PID),
this decomposition quantifies redundancy in terms of the minimum
mutualinformation of eachindividual source with the target; synergy,
then, becomes identified with the additional information provided
by the weaker source once the stronger source is known. Because
linear Gaussian models are sufficiently good descriptors of fMRI
time series (and more complex, nonlinear models have been shown
to offer no significant advantage*'’), here we adopt the MMI-PID

decomposition, following our own and others’ previous applications
of PID to neuroscientific data'>. MATLAB/Octave and Python code to
compute measures of integrated information decomposition of time
series with the Gaussian MMl solver is available at https://github.com/
Imperial-MIND-lab/integrated-info-decomp.

Cognitive matching from NeuroSynth

We recently introduced ‘cognitive matching’ in ref. 103. For consist-
ency, we report this procedure using the same wording as in ref. 103:
‘Continuous measures of the association between voxels and cognitive
categories were obtained from NeuroSynth, anautomated term-based
meta-analytic tool that synthesizes results from more than 14,000
published fMRI studies by searching for high-frequency key words
(suchas‘pain’and ‘attention’ terms) that are systematically mentioned
in the papers alongside fMRI voxel coordinates (https://github.com/
neurosynth/neurosynth), using the volumetric association test maps'".
Thismeasure of association strengthis the tendency thata giventerm
isreported in the functional neuroimaging study if there is activation
observed at a given voxel. Note that NeuroSynth does not distinguish
between areas thatare activated or deactivated inrelation to the term
of interest, nor the degree of activation, only that certain brain areas
are frequently reported in conjunction with certain words.

Althoughmorethan1,000 termsare catalogued inthe NeuroSynth
engine, we refine our analysis by focusing on cognitive function, and,
therefore, we limit the terms of interest to cognitive and behavioral
terms. To avoid introducing a selection bias, we opted for selecting
terms in a data-driven fashion instead of selecting terms manually.
Therefore, terms were selected from the Cognitive Atlas, a public onto-
logy of cognitive science™®, which includes acomprehensive list of neu-
rocognitive terms. This approach totaled to ¢ =123 terms, ranging from
umbrellaterms (‘attention’,‘emotion’) to specific cognitive processes
(‘visual attention’, ‘episodic memory’), behaviors (‘eating’, ‘sleep’)
and emotional states (‘fear’, ‘anxiety’) (note that the 123 term-based
meta-analytic maps from NeuroSynth do not explicitly exclude patient
studies). The Cognitive Atlas subdivision was previously used in con-
junctionwith NeuroSynth'®>**7*! so we opted for the same approach to
make our results comparable to previous reports. The full list of terms
includedinthe presentanalysis is shownin Supplementary Fig. 24. The
probabilistic measure reported by NeuroSynth can be interpreted as
a quantitative representation of how regional fluctuations in activity
arerelated to psychological processes. As with the resting-state BOLD
data, voxelwise NeuroSynth maps were parcellated into 100 cortical
regionsaccordingto the Schaefer atlas (or 232 cortical and subcortical
regions for the replication with subcortexincluded).

For eachindividual, their parcellated BOLD signals at each point
in time were spatially correlated against each of the 123 NeuroSynth
maps, producing one value of correlation per NeuroSynth map per
BOLD volume. We refer to this operation as ‘cognitive matching’. For
each volume, the quality of cognitive matching was quantified as the
highest value of (positive) correlation across all 123 NeuroSynth maps.
These values were subsequently averaged across all volumes to obtain
asingle value per condition per participant/simulation.

Computational memory capacity from reservoir computing
The reservoir computing architecture used in this study consists of a
nonlinear recurrent neural network (RNN; reservoir) complemented
byalinearreadout module that approximates atarget signal by means
of alinear combination of the signals of output nodes selected from
the reservoir'*>, Only the readout module is trained, allowing us to
build thereservoir fromagenerative connectivity matrix that remains
unchanged throughout learning.

Inthis study, the reservoir network’s size (number of nodes) coin-
cideswith the number of nodesin each species’ parcellation. For each
individual of each species, input nodes were chosen to coincide with
visual cortical regions, and the somatomotor regions were used as
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output nodes, to reflect their respective functional roles'*'*, A key
departure from previous work'®"® is that the reservoir network’s
topology (how nodes are wired) is not provided directly by the
structural connectome but, rather, by the generative connectivity
matrices produced by our generative whole-brain model (that is, a
re-weighted and signed version of the structural connectivity, whichis
not only species specificbut also individual specific). Concretely, each
individual-specific reservoir wiring matrix Wis obtained by normali-
zing the generative connectivity matrix by its spectral radius:

13)

where W, is the original generative connectivity matrix and p(W,)
isits spectral radius.

Then, the connection weights are uniformly scaled, so as to pro-
duce different W matrices with a range of spectral radii « € [0.1,1.6]
in0.lincrements. This allows us to parametrically tune the reservoir’s
global dynamics'*"'**. The same approach is used for generative con-
nectivity matrices obtained from both cooperative and cooperative—
competitive models.

Inthis study, thereservoir states obey the following discrete-time
update equation:

X(t+1)=f(Wiau(t+1)+ Wx(t) (14)

where x(¢) is the vector of nodal reservoir activation states at time
t; u(t) is the input signal at time ¢; W, is the input matrix mapping
the input signal to the input nodes; W is the reservoir weight matrix;
and f is the hyperbolic tangent. An input gain of 0.0001 was used
for w;, following ref. 121.

Thereadout moduleis trained following ridge regression asimple-
mented in sklearn using the default « = 0.5L2 regularization parameter
from the freely available conn2res package (note that this parameter
is distinct from the spectral radius parameter above) (https://github.
com/netneurolab/conn2res)™°.

To evaluate computational capacity, we chose the widely used
memory capacity task, which measures the reservoir’s ability to encode
past stimuli"*?"*>7¢_In this task, the readout module is trained to
reproduce a time-delayed version of a random uniformly distributed
input signal u(¢) ~ U(-1, 1). Specifically, y(¢) = u(t — ), where y(¢) is
the target signal at time ¢ and 7 is the time lag considered. For each
time lag, performance at the task was evaluated as the absolute value
of the Pearson’s correlation coefficient between the target signal y (£)
and the predicted signal y(¢) obtained from the trained readout
module. Memory capacity (MC) was then evaluated as the sum of the
performance scores across all time lags:

MC =}’ 1p(.Y)] s

In other words, we let the input signal propagate between nodes
of the artificial neural network (representing brain regions) through
the reservoir (network of connections between regions), and a linear
unit was trained to reproduce a delayed representation of the input
signal, based on activation of the output nodes'*'?,

We generated 4,050 input signal timepoints and used a 70:30
train:test split ratio. Reservoir states were then simulated separately
for the training and testing input time series. The first 50 timepoints
ofbothresulting reservoir states’ time series were discarded to account
for initial transients. Memory capacity was evaluated only in the test
time series across 20 time lags, monotonically increased in one-
timepoint steps in the range [1,20]. To increase the robustness of our
estimates, we repeated this procedure and evaluated memory capacity
across 10 simulations, selecting half of the visual regions (K) as input

nodes atrandom each time and subsequently averaging performance
across simulations. Finally, this assessment was repeated across each
spectralradius, and we retained the best performance across all spec-
tral radii considered for each generative connectivity matrix, such that
each input matrix was endowed with dynamics that maximize its per-
formance. Altogether, withineachspecies, we obtainindividual-specific
reservoirs based on the input wiring matrix W, corresponding to the
generative connectivity matrix of each individual produced by the
optimized Hopf model.

Network properties

Modularity. The network modularity function quantifies the extent
to which a network can be partitioned such that the number of
within-group edges is maximized and the density of between-group
edges is minimized. We employed an implementation of Newman'’s
spectral modularity algorithm available in the Brain Connectivity
Toolbox (BCT™9),

Clustering coefficient. The clustering coefficient of node i (C) is a
node-specific measure of how well connected anode’s neighborhood
is; itis calculated as the fraction of neighbors of the node that are also
neighbors of each other:

2

C,'=—

kitk; — 1) ae
where t;isthe number of triangles around node i, and k; is the number
of edges connected tonode i. An overall measure of clustering for the
entire network is obtained by averaging the nodes’ clustering coeffi-
cients. We used the implementation of clustering coefficient available
inthe BCT""15,

Surrogate models

Toassess theimportance of biological organization for our model, we
tested the main cooperative-competitive model (thatis, the oneinitia-
lized from empirical structural connectivity) against several surrogate
models, each removing different features of biological organisation.

« Binarized null model: This model preserves the network topology
of the input structural connectome but erases biological informa-
tion about weight heterogeneity, setting all to the same uniform
value.

» Topology-rewired null model: In this model, existing connec-
tions in the input structural connectome are replaced with
randomly placed non-existing connections of equal weight.
Therefore, this model preserves weight heterogeneity but
assesses the relevance of network topology™*’.

» Wealsoimplement an alternative version of the
topology-rewired null model, where the randomization is
constrained to preserve the degree of each node, such that each
node makes the same number of connections as in the original
structural connectome®. This second model, therefore, evalu-
ates the role of biological network topology beyond what is
conferred by degree alone.

Each of these models is optimized following the same procedure
asthe main model, thereby disentangling the improved performance
due to presence of competitive interactions from the role of weight
heterogeneity and network topology of the connectome.

Circular-shifted surrogates

To assess whether model performance is sensitive to disrupting the
biological relationships between input time series, we use a circular-
shifted surrogate. For each BOLD dataset, a surrogate is generated
by circularly shifting regional time series by a random (integer)
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number of timepoints®**. This procedure exactly preserves time series
properties that are invariant to the order of timepoints, such as the
mean and standard deviation. Properties such as autocorrelation
and power spectrum are also approximately preserved on average.
However, the synchrony (co-fluctuation) between different regions
observed in the biological datais disrupted®®**.

Statistical reporting

Statistical significance of comparisons between the cooperative-only
model and the cooperative-competitive model was assessed using a
resampling-based, paired-sample ¢-test. This non-parametric imple-
mentation of the test ensures robustness to violations of the normality
assumption, which was not formally tested. Effect sizes are provided
as Hedge’s measure of standardized difference, g, which is analogous
to Cohen’s d but recommended for smaller sample sizes, such as the
ones available in the present study.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The Human Connectome Project functional and structural datasets are
freely available from http://www.humanconnectome.org/. Macaque
fMRI data are available from the PRIMatE Data Exchange (PRIME-DE)
through the Neuroimaging Informatics Tools and Resources Clearing-
house (NITRC; http://fcon_1000.projects.nitrc.org/indi/indiPRIME.
html). The macaque connectome is available on Zenodo at https://
doi.org/10.5281/zenodo.1471588. The CoCoMac database on which it
is based is also available online at http://cocomac.g-node.org/main/
index.php?. Mouse functional and structural connectome data are
available from author A.G. NeuroSynth is available at https://neuro-
synth.org/. The original macaque cortical gene expression and cell type
density datafromref. 151 areavailable at https://macaque.digital-brain.
cn/spatial-omics. The dataset is provided by the Brain Science Data
Center, Chinese Academy of Sciences (https://braindatacenter.cn/).
Theoriginal macaquereceptor density datafromautoradiography are
available from https://balsa.wustl.edu/study/P2Nqland https://search.
kg.ebrains.eu/instances/de62abc1-7252-4774-9965-5040f5e8fb6b97.
The original map of macaque intracortical myelination from T1lw/T2w
ratio fromref. 97 is available at https://balsa.wustl.edu/study/P2Nql.
Mouse cell type dataare available as described inref.152. Human gene
expression data'> are available from the Allen Human Brain Atlas at
http://human.brain-map.org/static/download. Mouse gene expres-
siondata®*are available at https://mouse.brain-map.org/. Human cell
typedataareavailable as described inref.155. Human receptor density
dataareavailable online fromthe neuromapstoolbox.Source dataare
provided with this paper.

Code availability

MATLAB and C++ code for the Hopf model with cooperative and
competitive interactionsis provided at https://github.com/Hana-Ali/
competitive-cooperative-hopf.git.

MATLAB/Octave and Python code (version 1.0) to compute meas-
ures of integrated information decomposition of time series with the
Gaussian MMI solver is available at https://github.com/Imperial-
MIND-lab/integrated-info-decomp. The conn2res Python toolbox for
reservoir computing (version1.0.0) is available at https://github.com/
netneurolab/conn2res. The Brain Connectivity Toolbox code (version
2019-03-03) used for graph-theoretical analyses and network randomi-
zationisfreely available online (https://sites.google.com/site/bctnet/).
The Python processing for PreClinical data pipeline, Pypreclin version
1.0.1, is freely available at https://github.com/neurospin/pypreclin.
The FMRIB Software Library (FSL) is freely available online (http://
www.fmrib.ox.ac.uk/fsl/; version accessed on 4 February 2018). CONN

toolbox version17fis freely available at http://www.nitrc.org/projects/
conn/. DSI Studio is freely available at https://dsi-studio.labsolver.
org/.Java Information Dynamics Toolbox version 1.5 is freely avail-
able online (https://github.com/jlizier/jidt). The latest version of the
BigBrainWarp toolbox s freely available online (https://bigbrainwarp.
readthedocs.io). The abagen toolbox (version 0.1.4) for processing of
the AHBA human transcriptomic dataset is available at https://abagen.
readthedocs.io/. The neuromaps toolbox (version 0.0.5) is available at
https://netneurolab.github.io/neuromaps/.
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Extended Data Fig. 1| Prevalence of competitive interactionsin the
generative connectivity and negative functional connectivity. Prevalence
of competitive interactions in the generative connectivity and negative
functional connectivity | (a) As expected, the model that only allows cooperative
interactions in the generative connectivity does not have any competitive
interactions. In contrast, when the model is allowed to have both cooperative
and competitive generative connectivity, we observe anon-zero proportion
of competitive generative connections, in each individual of each species.
Human: n =100 individuals; macaque: n =19 data-points from 10 animals;
mouse: n =10 animals. 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. (b) Individual brains vary in the prevalence
of anti-correlations in the empirical FC (though always non-zero). Even the
model that only allows cooperative generative connectivity can produce some
negative functional connectivity. However, the proportion of negative edges

in the simulated FCis significantly higher, and closer to the empirical, when
competitive generative connectivity is also allowed in the model. 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. Box plots: the central
lines indicate median values, the bounds of the boxes indicate the 25th and 75th
percentiles, the whiskers indicate 1.5x the interquartile range. Source dataare
provided as a Source Datafile.
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Extended DataFig. 2 | Generative competitive interactions lead to mouse: n =10 animals. (c) Correlation between empirical and simulated mutual
superior model fit over a cooperative-only model with twice as many information (MI) at the level of individual subjects is significantly higher for the
parameters. Generative competitive interactions lead to superior model fit model with competitive interactions. Human: n =100 individuals; macaque:
over a cooperative-only model with twice as many parameters | (a) Structural n =19 data-points from 10 animals; mouse: n =10 animals. Mouse 50% vs 25%
connectomes used for the cooperative-only model (denser, first column) or density: p=0.005. (d) Difference between empirical and simulated metastability
cooperative-competitive model (sparser, second column). For the human, is significantly lower for the model with competitive interactions. Human:
the denser (-65%) connectome is obtained as a group-average of all individual n=100individuals; macaque: n =19 data-points from 10 animals; mouse: n =10
connectomes. For the macaque, we reduced the density of the SC used for animals. Mouse 50% vs 25% density: p = 0.002. (e) Cognitive matching from
the cooperative-competitive to 25%. For the mouse, two strategies are used: NeuroSynth at the level of individual subjects is significantly higher for the
additional thresholding of the SC for the cooperative-competitive model (25% model with competitive interactions. n =100 human individuals. (b-e) Box plots:
vs 50% density), or using the fully dense SC for the cooperative-only model. the central lines indicate median values, the bounds of the boxes indicate the
(b) Correlation between empirical and simulated FC at the level of individual 25thand 75th percentiles, the whiskers indicate 1.5x the interquartile range.
subjectsis significantly higher for the model with competitive interactions. ** p<0.01;** p<0.001from paired-samples t-tests (two-sided). Source data are
Human: n =100 individuals; macaque: n =19 data-points from 10 animals; provided asaSource Datafile.
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a | overview of split-half reliability analysis
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Extended Data Fig. 3 | Split-half generalisability of the cooperative-
competitive model. Split-half generalisability of the cooperative-competitive
model | (a) Overview of split-half reliability analysis. We cut the empirical
timeseries of each individual in two equal halves; then we fitted a cooperative-
competitive model on the first half of the data; and finally, we quantified the
correspondence between the model-simulated FC based on the first half of
data, and the empirical FC obtained from only the second half of data. (b) The
FC simulated by the model fitted to the first half of the data is significantly and

simulated FC
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highly correlated with the empirical FC obtained from the second half of the
empirical data, which the model has never seen. ***, p < 0.001 from one-sample
t-tests (two-sided) against the null hypothesis of a distribution with zero mean.
Human: n=100 individuals; macaque: n = 19 data-points from 10 animals; mouse:
n=10 animals. Box plots: the central lines indicate median values, the bounds of
the boxes indicate the 25th and 75th percentiles, the whiskers indicate 1.5x the
interquartile range. Source data are provided as a Source Datafile.
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a | individual-specificity of model generalisation (split-half correlation) to unseen data
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Extended Data Fig. 4 | FC simulated from model fitted to the first half ofa
subject’s data is subject-specific. FC simulated from model fitted to the first half
of asubject’s data is subject-specific | (a) Identifiability matrices (FC correlation)
between each subject’s simulated FC from the first half of data (rows) and
empirical FC from the second half of data (columns). Differential identifiability

(b) Differential identifiability across split-halves is significantly greater than
zero, and significantly higher for the cooperative-competitive model than the
cooperative-only model. Human: n =100 individuals; macaque: n =19 data-
points from 10 animals; mouse: n =10 animals. ***, p < 0.001 from paired-samples
t-tests (two-sided). Box plots: the central lines indicate median values, the

is defined as the difference between self-self similarity of FC (diagonal elements
in panel (a)) and mean self-other similarity of FC (off-diagonal elements), such

that greater distinctiveness of the diagonal implies more individual-specificity.

bounds of the boxes indicate the 25th and 75th percentiles, the whiskers indicate
1.5x the interquartile range. Source data are provided as a Source Data file.

Nature Neuroscience


http://www.nature.com/natureneuroscience

Article

https://doi.org/10.1038/s41593-026-02205-3

a | assessing reliability of inference
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Extended DataFig. 5| Generative connectivity recovered from different
halves of the same empirical f/MRI data consistently converge on the same
architecture with high accuracy. Generative connectivity recovered from
different halves of the same empirical fMRI data consistently converge on the
same architecture with high accuracy | (a) Overview of split-half reliability
analysis. We cut the empirical timeseries of each individual in two equal halves;
then we fitted a separate cooperative-competitive model to each half of the data;
and finally, we quantified the reliability of the inference as the correspondence
between the generative connectivity matrices inferred by the two models.

generative connectivity
inferred from second half
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(b) The generative connectivity inferred by the two models are significantly
and highly correlated, indicating reliable convergence on the same generative
architecture. ***, p < 0.001 from one-sample t-tests (two-sided) against the
null hypothesis of a distribution with zero mean. Human: n =100 individuals;
macaque: n =19 data-points from 10 animals; mouse: n = 10 animals. Box plots:
the central lines indicate median values, the bounds of the boxes indicate the
25thand 75th percentiles, the whiskers indicate 1.5x the interquartile range.
Source dataare provided as a Source Datafile.
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a | using simulation to assess model fidelity to ground truth
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Extended Data Fig. 6 | Cooperative-competitive model systematically
recovers ground-truth generative connectivity. Cooperative-competitive
model systematically recovers ground-truth generative connectivity | (a) We
used a Hopfmodel to simulate time-series based on a generative connectivity
matrix with both cooperative and competitive connections (one per subject).
Thenwe used aLl-regularised cooperative-competitive model to fit the data,
thatis recover the generative connectivity, and we quantified the correlation
between the ground-truth and inferred generative connectivity. (b) The inferred

generative connectivity displays high fidelity to the ground-truth generative
connectivity, across individuals and across species, significantly outperforming
the structural connectivity. ***, p < 0.001 from paired-samples t-tests (two-sided).
Human: n=100 individuals; macaque: n =19 data-points from 10 animals; mouse:
n=10 animals. Box plots: the central lines indicate median values, the bounds of
the boxes indicate the 25th and 75th percentiles, the whiskers indicate 1.5x the
interquartile range. Source data are provided as a Source Datafile.
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Extended Data Fig. 7| Cooperative-competitive model can recover positive-
only ground-truth weights in the presence of negative FC. Cooperative-
competitive model can recover positive-only ground-truth weights in the
presence of negative FC | (Left) We used a cooperative-only Hopf model to
simulate time-series whose functional connectivity included ~-30% of negative
values. Then we used the L1-regularised cooperative-competitive model to fit the

0 002 004 0068 0.8 0.1
ground-truth (positive-only) generative connectivity

data, thatis recover the generative connectivity. (Right) Despite the presence of
negative FC, the recovered generative connectivity features no negative values,
and displays high fidelity to the true generative connectivity that generated the
input data (Spearman’srho = 0.77, p < 0.001, two-sided). Shading indicates 95%
confidence intervals (CI). Source data are provided as a Source Data file.
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a | group- and individual-level correlation between SC and cooperative-competitive model weights
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Extended Data Fig. 8| Similarity between generative connectivity inferred
using cooperative-competitive model, and anatomical connectivity across
species. Similarity between generative connectivity inferred using cooperative-
competitive model, and anatomical connectivity across species | (a) Scatterplots
indicate significant Spearman correlation (two-sided) between group-level
generative connectivity inferred from the cooperative-competitive model,

and structural connectivity. Shading indicates 95% confidence intervals (CI).
Insets: violin plots of individual-level correlation between SC and generative
connectivity. At both group-level and individual-level, stronger SC edges

weight weight

translate to stronger edges in the generative connectivity. Human: n =100
individuals; macaque: n =19 data-points from 10 animals; mouse: n =10 animals.
Box plots: the central lines indicate median values, the bounds of the boxes
indicate the 25th and 75th percentiles, the whiskers indicate 1.5x the interquartile
range. (b) Histograms of weights for the model-inferred generative connectivity,
and the anatomical connectivity, revealing distributions with a pronounced right
tailin all three species (human: diffusion tractography; macaque and mouse:
tract-tracing). Source data are provided as a Source Datafile.
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For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
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The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes
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Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  NeuroSynth is available at https://neurosynth.org/.

Data analysis MATLAB and C++ code for the Hopf model with cooperative and competitive interactions is provided at https://github.com/Hana-Ali/
competitive-cooperative-hopf.git. MATLAB/Octave and Python code (v1.0) to compute measures of Integrated Information Decomposition of
timeseries with the Gaussian MM I solver, is available at https://github.com/Imperial-MIND-lab/integrated-info-decomp. The conn2res Python
toolbox for reservoir computing (v1.0.0) is available at: https://github.com/netneurolab/conn2res. The Brain Connectivity Toolbox code
(version 2019-03-03) used for graph-theoretical analyses and network randomisation is freely available online (https://sites.google.com/site/
bctnet/). The Python processing for PreClinical data pipeline, Pypreclin version 1.0.1, is freely available at https://github.com/neurospin/
pypreclin. FMRIB Software Library (FSL) is freely available online (http://www.fmrib.ox.ac.uk/fsl/; version accessed February 4, 2018). The
CONN toolbox version 17f is freely available at http://www.nitrc.org/projects/conn/. DSI Studio is freely available at https://dsi-
studio.labsolver.org/. The Java Information Dynamics Toolbox v1.5 is freely available online: (https://github.com/jlizier/jidt). The latest version
of BigBrainWarp toolbox is freely available online (https://bigbrainwarp.readthedocs.io). The abagen toolbox (v0.1.4) for processing of the
AHBA human transcriptomic dataset is available at https://abagen.readthedocs.io/. The neuromaps toolbox (v0.0.5) is available at https://
netneurolab.github.io/neuromaps/.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The Human Connectome Project functional and structural datasets are freely available from http://www.humanconnectome.org/. Macaque functional MRI data
are available from the PRIMatE Data Exchange (PRIME-DE) through the Neuroimaging Informatics Tools and Resources Clearinghouse (NITRC; http://
fcon_1000.projects.nitrc.org/indi/indiPRIME.html). The macaque connectome is available on Zenodo at https://doi.org/10.5281/zenodo.1471588. The CoCoMac
database on which it is based, is also available online at http://cocomac.g-node.org/main/index.php?. Mouse functional and structural connectome data are
available from author A.G. NeuroSynth is available at https://neurosynth.org/. The original macaque cortical gene expression and cell type density data from 111 are
available at https://macaque.digital-brain.cn/spatial-omics. The dataset is provided by Brain Science Data Center, Chinese Academy of Sciences (https://
braindatacenter.cn/). The original macaque receptor density data from autoradiography are available from https://balsa.wustl.edu/study/P2Ngl and https://
search.kg.ebrains.eu/instances/de62abc1-7252-4774-9965-5040f5e8fb6b 116. The original map of macaque intracortical myelination from T1w:T2w ratio from 116
is available at https://balsa.wustl.edu/study/P2Ngl. Mouse cell type data are available as described in 114. Human gene expression data 112 are available from the
Allen Human Brain Atlas at http://human.brain-map.org/static/download. Mouse gene expression data 110 are available at https://mouse.brain-map.org/. .Human
cell type data are available as described in 113. Human receptor density data are available online from the neuroimaps toolbox. Source data are provided as Source
Data files.

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender Gender data were not collected separately from biological sex data. Analyses included invididuals of both sexes, as sex-
related differences were not among the research hypotheses.

Reporting on race, ethnicity, or No groupings by race, ethnicity, or socieconomic status were performed. For the HCP dataset, recruiting efforts were used by

other socially relevant the HCP consortium to ensure that participants broadly reflect the ethnic and racial composition of the U.S. population as
groupings represented in the 2000 decennial census.

Population characteristics HCP data: 100 healthy participants (54 females and 46 males), mean age = 29.1 + 3.7 years.

Recruitment No new data were collected for this study. See Van Essen et al., 2012 for recruitment of HCP subjects.

Ethics oversight The Institutional Review Board at Washington University in St. Louis approved the study protocol.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

|X| Life sciences |:| Behavioural & social sciences |:| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size We used previously collected data. The set of 100 unelated human participants from HCP is widely used, and he sample sizes for each non-
human species (n=14 macaques; n=10 mice) are in line with field standards and our own and others’ previous publications.

Data exclusions  No exclusions among the HCP 100 unrelated subjects. Also no animals from the mouse dataset were excluded. For the macaque dataset, we
only used the n=10 animals who had awake scans. Only Neurosynth terms inthe intersection with the Cognitive Atlas were retained, since
Neurosynth terms include a very wide variety of terms including regions("dorsolateral") and clinical terms {"ADHD"), many of which are not
relevant to the research question of defining cognitive topographies.

Replication We replicated all our results in three distinct mammalian species (human, macaque, mouse). For the human data, we replicated results with
vs without Global Singal Regression. We also replicated results using a different, more fine-grained parcellation of the cortex (Schaefer-200
with addition of subcortical structures from the Tian atlas). We also replicate our results using asymmetric versions of the macaque and
mouse connectomes. This is a computational study so replications did not involve acquisition of new data, but rather re-running of the
analysis with different parameters.

Randomization  Not applicable: no experimental groups.
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Blinding Not applicable. Human, macaques, and mice were all scanned at rest, without any experimental manipulation to be blinded to. There was no
group allocation.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
[ ] Antibodies [ ] chip-seq
[] Eukaryotic cell lines [] Flow cytometry
|:| Palaeontology and archaeology |:| |X| MRI-based neuroimaging
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Animals and other organisms
[] Clinical data

[ ] Dual use research of concern

[] Plants

XNXXOXXX s

Animals and other research organisms

Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research, and Sex and Gender in
Research

Laboratory animals Macaque data: Functional MRI data were obtained from 10 exemplars of Macaca Mulatta, out of 14 (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).
Mouse data: Adult (< 6 months old) male C57BL/6J mice were used throughout the study.

Wild animals No wild animals were used.

Reporting on sex The macaque dataset included both male and female animals. The mouse data included only male animals.

Field-collected samples  Not used.

Ethics oversight Macaque dataset: 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).

Mouse dataset: 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

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Plants

Seed stocks Plants were not used.

Novel plant genotypes  Plants were not used.

Authentication Plants were not used.

Magnetic resonance imaging
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Experimental design

Design type Resting-state for each species.




Design specifications HCP dataset: Two sessions of 15 min resting-state fMRI were acquired (here, we only used data acquired in the LR
encoding direction)

Macaque dataset: Resting-state scanning was performed for 21.6 minutes, with awake animals.
Mouse dataset: awake resting-state scanning for a total time of 32 minutes.

Behavioral performance measures No behavioural measures were collected during scanning in any of the three species. HCP also involved separate task-
based scans that are not analysed in the present study.
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Acquisition

Imaging type(s) HCP dataset: fMRI and diffusion MRI.
Macaque and mouse datasets: fMRI

Field strength HCP datasets: 3T. Macaque dataset: 4.7T. Mouse dataset: 7T.

Sequence & imaging parameters HCP dataset: resting-state fMRI: gradient-echo EPI, TR= 720 ms, TE= 33.1 ms, flip angle = 52°, FOV= 208 x 180, voxel size
=2 mm isotropic.
Macaque dataset: TR of 2600ms, 17ms TE, voxels size 1.22 x 1.22 x 1.24. Effective Echo Spacing of 0.63ms. Phase
Encoding Direction: Encoded in columns.
Mouse: 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.

Area of acquisition Whole brain

Diffusion MRI |Z| Used |:| Not used

Parameters The spatial resolution was 1.25 mm isotropic. TR=5500ms, TE=89.50ms. 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.

Preprocessing

Preprocessing software HCP dataset fMRI: the minimally preprocessed HCP functional data were used, with further denoising using the CONN
toolbox V17f (please see Glasser et al., 2013 (Neurolmage) for details on HCP minimal preprocessing pipelines).

HCP dataset diffusion MRI: DSI Studio was used on the minimally preprocessed HCP diffusion data.

Macaque fMRI: Pypreclin pipelines for preprocessing (lease see Grigis et al., 2020 (Neurolmage) for details). Briefly, it
includes the following steps: (i) Slice-timing correction. (ii) Correction for the motion-induced, time-dependent BO
inhomogeneities. (iii) Reorientation from acquisition position to template; here, we used the recently developed National
Institute of Mental Health Macaque Template (NMT). (iv) Realignment to the middle volume using FSL MCFLIRT function.
Subsequent denoising was performed using the CONN toolbox V17f.

Mouse dataset: RsfMRI timeseries were then time despiked (3dDespike, AFNI), motion corrected (MCFLIRT, FSL), skull
stripped (FAST, FSL) and spatially registered (ANTSs registration suite).

Normalization HCP dataset FMRI: please see Glasser et al., 2013 (Neurolmage) for details on HCP minimal preprocessing pipelines.

HCP dataset diffusion MRI: DWI data were then reconstructed using g-space diffeomorphic reconstruction (QSDR), as
implemented in DSI Studio (www.dsi-studio.labsolver.org). QSDR first reconstructs diffusion-weighted images in native space
and computes the quantitative anisotropy (QA) in each voxel. These QA values are used to warp the brain to a template QA
volume in Montreal Neurological Institute (MNI) space using the statistical parametric mapping (SPM) nonlinear registration
algorithm. A diffusion sampling length ratio of 2.5 was used, and the output resolution was 1 mm.

Macaque dataset: as part of the Pypreclin pipeline, the following steps were performed: (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.

Mouse dataset: data were spatially registered (ANTs registration suite) to an in-house mouse brain template with a spatial
resolution of 0.23 x 0.23 x 0.6mma3.
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Normalization template HCP dataset: MNI152 template. Please see original study for details. Human brains were parcellated into 100 cortical regions
of interest from the Schaefer atlas.




Noise and artifact removal

Volume censoring

Macaque data: we used the 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). Macaque functional data were
parcellated according to the 82-ROI “Regional Mapping” cortical atlas of Kotter and Wanke 158, nonlinearly registered to the
NMT template used for preprocessing.

Mouse data: in-house mouse brain template; data were parcellated into 72 cortical symmetric regions from the Allen Mouse
Brain Atlas (CCFv3).

The anatomica CompCor (aCompCor) method was used for denoising of both human and macaque fMRI data.

The aCompCor method involves regressing out of the functional data the following confounding effects: the first five
principal components attributable to each individual's white matter signal, and the first five components attributable
to individual cerebrospinal fluid (CSF) signal; six subject-specific realignment parameters (three translations and three
rotations) as well as their first- order temporal derivatives . Linear detrending was also applied, and the subject-
specific denoised BOLD signal timeseries were band-pass filtered to eliminate both low-frequency drift effects and
high-frequency noise, thus retaining frequencies between 0.008 and 0.09 Hz.

For macaques, 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. Following
previous work on macaque functional MRI (see e.g. Barttfeld et al., 2015 (PNAS)), data were bandpass-filtered in the range of
0.0025-0.05 Hz. When comparing directly between human and macaque data, results were also replicated using the same
bandpass filter of 0.008-0.09Hz used for human data.

Mouse: 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) 85. 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.

Scrubbing of mouse data (FD > 0.075).

Statistical modeling & inference

Model type and settings

Effect(s) tested

We obtained two model-derived matrices of effective connectivity for each subject in each dataset: one with negative
weights, and one without. Statistical significance was assessed using a resampling-based, paired-samples t-test. This non-
parametric implementation of the test ensures robustness to violations of the normality assumption, which was not formally
tested. Effect sizes are provided as Hedge’s measure of standardised difference g, which is analogous to Cohen’s d, but
recommended for smaller sample sizes such as the ones available in the present study. For the comparison of goodness-of-fit
of the model, we used the correlation between the empirical and simulated vectorised FC matrices.

We compared effective connectivity and activity generated from computational models with or without negative weights.

Specify type of analysis:  [X| Whole brain || ROI-based [ ] Both

Statistic type for inference

(See Eklund et al. 2016)
Correction

Models & analysis

n/a | Involved in the study

Whole-brain analyses were used

Not applicable: no mass-univariate analysis was performed.

|:| El Functional and/or effective connectivity

|:| |X| Graph analysis

|X| |:| Multivariate modeling or predictive analysis

Functional and/or effective connectivity Functional connectivity was computed as the pearson correlation between regional time-series of activity,

Graph analysis

for both the real and simulated data. Effective connectivity was inferred from a connectome-based Hopf
model (with or without negative weights). The model was iteratively run with the updated GEC until the fit
converged to a stable value.

The model is a network-based model, so all data are network-based. However, we also explicitly ce
computed a single value of mean clustering coefficient for each effective connectivity amtrix (one per subject
in each dataset), both with and without negative weights. We also computed the modularity.
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