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An outstanding open problem in neuroscience is to understand how neural systems are capable of producing and sustain-
ing complex spatiotemporal dynamics. Computational models that combine local dynamics with in vivo measurements
of anatomical and functional connectivity can be used to test potential mechanisms underlying this complexity. We
compared two conceptually different mechanisms: noise-driven switching between equilibrium solutions (modeled by
coupled Stuart-Landau oscillators) and deterministic chaos (modeled by coupled Rossler oscillators). We found that
both models struggled to simultaneously reproduce multiple observables computed from the empirical data. This is-
sue was especially manifest in the case of noise-driven dynamics close to a bifurcation, which imposed overly strong
constraints on the optimal model parameters. In contrast, the chaotic model could produce complex behavior over a
range of parameters, thus being capable of capturing multiple observables at the same time with good performance.
Our observations support the view of the brain as a non-equilibrium system able to produce endogenous variability.
We presented a simple model capable of jointly reproducing functional connectivity computed at different temporal
scales. Besides adding to our conceptual understanding of brain complexity, our results inform and constraint the
future development of biophysically realistic large-scale models.

The quote “What I cannot create, I do not understand”
was found written in the blackboard of celebrated physi-
cist Richard Feynman at the time of his death. This sen-
tence suggests a way forward for neuroscientists inter-
ested in unravelling the principles behind the richness and
complexity of spontaneous brain dynamics. Over the last
decades, tremendous advances in neuroimaging enabled
the construction of whole-brain activity models with real
predictive power in the statistical sense. It is now possible
to create realistic complex dynamics, instead of passively
screening for their presence in neuroimaging data. We
contrasted two different types of building blocks (i.e. two
choices of local dynamics) and tested their capacity to re-
produce the empirical data, with the purpose of increasing
our conceptual understanding of the mechanisms behind
large-scale spontaneous activity in the human brain.

I. INTRODUCTION

Since the mid 1990s, the spontaneous large-scale1 dynam-
ics of the human brain have attracted a growing body of
research2. Previously disregarded as experimental noise, it
became increasingly clear that the fluctuating dynamics of en-
dogenous brain activity were not random, but highly struc-
tured in the spatial and temporal domains3,4. During rest, this
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activity self-organizes into recurrent patterns that overlap with
different functional systems of the brain, known as resting
state networks (RSN)5. Since the activity patterns evoked by
cognitive tasks and sensory stimulation can be put into corre-
spondence with the RSN6, it has been proposed that the spon-
taneous dynamics of the brain reflect a metastable exploration
of states that facilitate rapid reactivity upon environmental
demands3,7–9. According to this view, evolution has shaped
the brain as an itinerant dynamical system which is always
close to configurations associated with sensory, cognitive or
motor functions10.

The complex spatiotemporal organization of large-scale
neural activity is a robust finding demonstrated across several
mammalian species11–16 using imaging tools covering an am-
ple range of spatial and temporal scales, including functional
magnetic resonance imaging (fMRI)5, electroencephalogra-
phy (EEG)17, magnetoencephalography (MEG)18, electrocor-
ticography (ECoG)19, functional near-infrared spectroscopy
(fNIRS)20, as well as some of their combinations21–23. The
spatial and temporal properties of resting brain activity de-
pend on the global state of consciousness24–27, and present
alterations specific to several neurological and psychiatric
conditions28, suggesting their potential application as disease
biomarkers in precision medicine29. In spite of their obvi-
ous relevance for basic and clinical neuroscience, the mecha-
nisms supporting the emergence of complexly patterned spon-
taneous brain activity remain, to a large extent, unknown.

Computational models show promise to identify some of
these mechanisms8. Modern neuroimaging techniques are ca-
pable of mapping large-scale anatomical and functional con-
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nectivity with unprecedented breadth and accuracy30, which
can be leveraged to construct whole-brain activity models that
reproduce statistical features of empirical data31. In these
models, local dynamics are coupled by the anatomical con-
nectivity of the brain, and model parameters are then opti-
mized to reproduce certain observables of interest computed
from neuroimaging recordings32. By exploring the conse-
quences of changing the local dynamics and global coupling,
these semi-empirical33 models can inform the mechanisms
underlying the features of spontaneous brain activity repre-
sented in the chosen observable. Models of whole-brain activ-
ity thus constructed have been intensively explored in the past
few years to investigate the mechanisms underlying healthy
and pathological brain states, to simulate the consequences of
externally induced brain stimulation, and with the purpose of
data augmentation for machine learning classification of neu-
roimaging data34–45.

The choice of local dynamics determines the range of qual-
itatively distinct behaviors of the model, its complexity (i.e.
number of free parameters), and in turn depends on the de-
sired level of biophysical realism32,46. When it comes to
modeling the features of spontaneous brain activity recorded
with techniques such as fMRI, EEG and MEG, whole-brain
models emerge as the natural choice. A common property of
phenomenological47 models is the inclusion of noise-driven
dynamics near a bifurcation to reproduce certain key features
of spontaneous brain activity (e.g. metastability, organization
into RSN)7,39,48,49. For deterministic models attracted to sta-
ble or periodic solutions, noise is fundamental to avoid that
dynamics become stuck in a state of equilibrium. Thus, the
ad hoc introduction of noise in a dynamical system near a
bifurcation ensures stochastic switching between different at-
tractors, endowing the simulation with the kind of variability
seen in the empirical data.

Another key choice to be made when constructing a whole-
brain model is the observable to be reproduced. Since the tem-
poral evolution of complex systems such as the human brain is
considered difficult or outright impossible to predict, a mean-
ingful observable should encode the behavior of the system
in a statistical sense. Two well-known examples are the func-
tional connectivity (FC) matrix, containing all pairwise cor-
relations between the local activity time series43,50, and the
functional connectivity dynamics (FCD), which represents the
similarity between FC matrices computed over short windows
at different times39,49. The first of these two observables is
useful to represent functional coupling over long or "static"
time scales, while the second aims to capture the dynamic
switching between metastable states9. Other observables can
be defined, either assessing static or dynamic characteristics
of brain activity.

The possibility of defining multiple meaningful observables
raises a problem in the process of constructing a whole-brain
activity models based on noise-driven equilibrium dynamics.
If a noise-driven system must be poised at a particular com-
bination of parameters (i.e. bifurcation) to ensure the repro-
duction of a certain statistical observable, does it follow that
the same combination of parameters will successfully repro-
duce other equally meaningful statistical observables? An af-

firmative answer seems unlikely. Since a systematic evalua-
tion of how noise-driven equilibrium models perform when
simultaneously reproducing multiple observables is lacking,
severe limitations could exist for this class of models to ex-
plore mechanisms involving more than one feature of spon-
taneous brain activity. These potential limitations prompt the
need to investigate models that are capable of producing com-
plex brain dynamics over a wide range of parameter values.

In this work we explore deterministic chaos as an alter-
native to noise-induced multistability to reproduce statisti-
cal observables computed from resting state fMRI recordings.
Chaotic dynamics unfold in the proximity of strange attrac-
tors, i.e. complicated fractal sets that give rise to bounded
but non-periodic trajectories that are highly dependent on the
initial conditions51. Among others, mechanisms such as het-
eroclinic cycling52 and chaotic itineracy53 endow networked
chaotic dynamical systems with complex metastable dynam-
ics in the absence of noise. While the possibility of intrin-
sically chaotic brain dynamics has been explored in neural
recordings acquired from several model organisms investi-
gated at an ample range of spatial and temporal scales54–58,
the consequences of including deterministic chaos in the lo-
cal dynamics of semi-empirical whole-brain activity models
remains comparatively unexplored. Our purpose is not to en-
gage in the long-standing discussion of deterministic chaos
as a fundamental property of brain activity59,60. Instead, we
are interested in the more pragmatic question of whether de-
terministic chaos results in models capable of avoiding some
limitations intrinsic to noise-driven equilibrium dynamics. In
particular, we are interested in how both types of models per-
form when attempting to simultaneously reproduce multiple
empirical observables. Our main motivation is to identify the
simplest dynamics capable of reproducing several key features
of spontaneous brain activity at the same time, with the pur-
pose of informing the future development of more biophysi-
cally realistic models61.

For this purpose, we investigated the dynamics of Stuart-
Landau39 and Rossler62,63 oscillators coupled by an anatomi-
cal connectivity network obtained in vivo from diffusion ten-
sor imaging (DTI)64. These dynamical systems constitute
simple examples capable of exhibiting noise-driven multi-
stability and deterministic chaos, respectively. The Stuart-
Landau oscillator undergoes a supercritical Hopf bifurcation,
thus capturing the dichotomy between fixed-point noisy dy-
namics and harmonic oscillatory activity39. Due to its con-
ceptual simplicity, it has been used as the basis of phenomeno-
logical models in several recent publications37,38,40,42–44. For
certain parameters, the Rossler system gives rise to a strange
attractor with a single manifold, and is considered one of
the simplest examples of chaotic dynamics62. We explored
and compared how well these two models reproduced several
common observables computed from fMRI recordings.
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II. METHODS

A. Participants and EEG-fMRI data acquisition

A cohort of 63 healthy subjects participated in the origi-
nal experiment (36 females, mean ± SD age of 23.4 ± 3.3
years). Written informed consent was obtained from all sub-
jects. The experimental protocol was approved by the lo-
cal ethics committee (Goethe-Universität Frankfurt, Germany,
protocol number: 305/07). The subjects were reimbursed for
their participation. All experiments were conducted in accor-
dance with the relevant guidelines and regulations, and the
Declaration of Helsinki.

Participants were scanned for 50 minutes using previously
published acquisition parameters26. From the group of 63
subjects we selected a subgroup of 9 participants who re-
mained awake throughout the complete duration of the scan
(confirmed by assessment of the simultaneous EEG65). In this
way, we obtained unusually long fMRI recordings with the
purpose of robustly estimating observables related to FC dy-
namics.

B. fMRI data preprocessing

Using Statistical Parametric Mapping (SPM8, www.fil.
ion.ucl.ac.uk/spm), raw fMRI data were realigned, nor-
malized and spatially smoothed using a Gaussian kernel with
8 mm3 full width at half maximum. Data was then re-
sampled to 4 × 4 × 4 mm resolution. Note that re-sampling
introduced local averaging of blood-oxygen-level-dependent
(BOLD) signals, which were eventually averaged over larger
cortical and sub-cortical regions of interest as determined by
the automatic anatomic labeling (AAL) atlas66. Data was de-
noised by regressing out cardiac, respiratory and residual mo-
tion time series67, and then band-pass filtered in the 0.01–0.1
Hz range using a sixth order Butterworth filter68.

C. Anatomical connectivity matrix

The anatomical connectivity matrix was obtained applying
diffusion tensor imaging (DTI) to diffusion weighted imaging
(DWI) recordings from 16 healthy right-handed participants
(11 men and 5 women, mean age: 24.75 ± 2.54 years) re-
cruited online at Aarhus University, Denmark. Subjects with
psychiatric or neurological disorders (or a history thereof)
were excluded from participation. We refer to a previous pub-
lication for details of the MRI acquisition parameters43.

Anatomical connectivity networks were constructed fol-
lowing a three-step process. First, the regions of the whole-
brain network were defined using the AAL atlas. Second, the
connections between nodes in the whole-brain network (i.e.
edges) were estimated applying probabilistic tractography to
the DTI data obtained for each participant. Third, results were
averaged across participants.

DTI preprocessing was performed using the probtrackx
tool of the FSL diffusion imaging toolbox (Fdt) (www.fsl.

fmrib.ox.ac.uk/fsl/fslwiki/FDT) with default parame-
ters. Next, the local probability distributions of fiber direc-
tions were estimated at each voxel. The connectivity proba-
bility from a seed voxel i to another voxel j was defined as
the proportion of fibers passing through voxel i that reached
voxel j, sampling a total of 5000 streamlines per voxel. This
was extended from the voxel to the region level, i.e. in a re-
gion of interest consisting of n voxels, 5000 × n fibers were
sampled. The connectivity probability from region i to re-
gion j was calculated as the number of sampled fibers in re-
gion i that connected the two regions, divided by 5000 × n,
where n represents the number of voxels in region i. The re-
sulting anatomical connectivity matrices were thresholded at
0.1% (i.e. a minimum of five streamlines), resulting in the
anatomical connectivity matrices Ci, j used in the models.

D. Whole-brain model construction

The general procedure to construct whole-brain models is
presented in Fig.1. Following previous work, we constructed
computational models of whole-brain activity by assigning lo-
cal dynamical rules to 90 nodes spanning the whole cortical
and subcortical grey matter. These nodes were coupled using
an anatomical connectivity matrix Ci j which contained in its
i, j entry an estimate of the number of white matter tracts con-
necting nodes i and j (see previous section). We introduced a
parameter G to globally scale the Ci j, thus modeling changes
in the overall strength of inter-areal coupling.

To determine the natural frequency of the local dynam-
ics, we estimated the most dominant frequency at each node
(ω j) as the peak of the Fourier-transformed fMRI time series
(averaged across all participants). Consistent with previous
reports39,68, these frequencies were in the 0.04-0.07 Hz range.

The fMRI signal corresponding to node j was simulated by
the variable x j of the differential equation modeling the lo-
cal dynamics, integrated using a second-order Runge–Kutta
algorithm with a time step of 0.1. For each model and each
parameter combination we produced a number of simulations
matching the number of subjects in the dataset. Simulated
time series were downsampled to match the sampling fre-
quency of the fMRI data.

1. Hopf model

For noise-driven multistability we considered local dynam-
ics given by the Stuart-Landau oscillator, which is equivalent
to the normal form of a supercritical Hopf bifurcation. The
differential equations for node j are given by,

dx j

dt
=
[
a− x2

j − y2
j
]
x j −ω jy j +G∑

i
Ci j(xi − x j)+βη j(t)

dy j

dt
=
[
a− x2

j − y2
j
]
y j +ω jx j +G∑

i
Ci j(yi − y j)+βη j(t)

(1)

where η j(t) represents additive Gaussian noise, β is the noise
scaling parameter, G is the anatomical connectivity scaling
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FIG. 1. Schematic of the process followed to construct the whole-brain models. The 90 nodes spanning the whole cortical and subcortical grey
matter were coupled by the anatomical connectivity matrix Ci, j estimated using probabilistic tractography applied to DTI data. We constructed
two models differing in the choice of local dynamics: a model presenting noise-driven multistability (Stuart-Landau oscillators, red), and a
model presenting local deterministic chaos (Rossler oscillators, green). In both cases, local dynamics were coupled according to the Ci, j matrix
scaled by a factor G. On the right, we illustrate typical 2D phase space projections and time series for the Stuart-Landau oscillator near the
Hopf bifurcation, and for the Rossler oscillator at the chaotic regime. In the first case, dynamics present complex amplitude modulations due
to noise-induced switching between the fixed-point and the limit cycle attractors. In the second case dynamics present aperiodic behavior
unfolding in the proximity of a strange attractor with a single manifold.

parameter, and a is the bifurcation parameter. For an uncou-
pled Hopf bifurcation, a < 0 results in a fixed-point attractor
and a > 0 in an attracting limit cycle, leading to harmonic os-
cillations at the natural frequency of the node ω j (estimated
from the empirical data). For a ≈ 0 the system switches be-
tween both solutions as a consequence of the additive noise
term, as shown in Fig. 1 and Eq. 1 .

2. Rossler model

For deterministic chaos we considered local dynamics
given by the Rossler oscillator, which is a system of three
non-linear ordinary differential equations exhibiting chaotic
dynamics for certain parameter combinations. The differen-
tial equations for node j are given by,

dx j

dt
=−ω jy j − z j +G∑

i
Ci j(xi − x j)

dy j

dt
= ω jx j −ay j

dz j

dt
= b+ z j(x j − c)

(2)

where a, b and c are free model parameters and G is the global
scaling factor of the anatomical connectivity. We fixed param-
eters b= 0.01 and c= 13.44 using a genetic algorithm (see the
following section). Since the natural frequencies of brain ac-
tivity are ω0 ∼ 0.3 , the equations were rescaled using a factor
γ = 0.3 to match the empirical frequencies, while preserving
the dynamics of the oscillators. We note that the chosen pa-
rameters lead to chaotic dynamics (see Figure 1).

E. Rossler parameter selection

Since there is a mismatch in the number of free parameters
between models, we applied a stochastic optimization proce-
dure (genetic algorithm) to fix two of the three parameters of
the Rossler model. Following previous work43, we used 1 mi-
nus the structural similarity index (1-SSIM) as the distance
metric between simulated and empirical FC matrices69. The
SSIM is defined as (

2µxµy+0.01
µ2

x +µ2
y +0.01 )(

2σxσy+0.03
σ2

x +σ2
y +0.03 )(

σxy+0.015
σxσy+0.015 ),

where x and y stand for the simulated and average empirical
FC, and µx, µy, σx, σy and σxy correspond to the local means,
standard deviations, and co-variances of FC matrices x and y,
respectively70. The SSIM simultaneously factors the corre-
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lation and Frobenius distances between matrices, and can be
intuitively understood as an intermediate between both69.

The genetic algorithm started with a generation of 10 sets
of parameters (“individuals”) chosen randomly in the range
[0.0,0.3], [0.0,0.3], [0.0,14] and [0.0,3.0] for a, b, c and G, re-
spectively. A score proportional to the target function was as-
signed to each individual. Afterwards, a group of individuals
was chosen based on their score (“parents”), and operations of
crossover, mutation and elite selection were applied to them
to create the next generation. These three operations can be
briefly described as follows: 1) elite selection occurs when an
individual of a generation shows an extraordinarily low target
function in comparison to the other individuals, thus this so-
lution is replicated without changes in the next generation; 2)
the crossover operator consists of combining two selected par-
ents to obtain a new individual that carries information from
each parent to the next generation; 3) the mutation operator
can change one selected individual to induce a random alter-
ation.

Following our previous work, 20 % of each new genera-
tion was created by elite selection and 80 % by crossover of
the parents, with a 5 % chance of possible mutations within
this last group. A new population was thus generated (“off-
spring”) and used iteratively as the next generation until the
halting criteria were met, consisting of either reaching an av-
erage target function less than 10−5 across the last 50 gen-
erations, or obtaining a constant value for the target function
during 50 generations. After applying the optimization algo-
rithm, the parameter values corresponding to the best fit were
a = 0.3, b = 0.01, c = 13.44 and G = 1.5. This procedure was
used to fix parameters b and c. This procedure was used to fix
parameters b and c. Exploration of parameters a and G was
done exhaustively (see section II H).

F. Phase synchrony and metastability.

We extracted the phases of the band-pass filtered fMRI sig-
nals for each of the 90 brain regions and for each subject. The
phases were obtained by applying the Hilbert transform to the
filtered time series, which resulted in the associated analytic
narrowband signal, a(t). The analytic signal a(t) of a signal
x(t) is defined as a(t) = x(t)+ iH[x(t)], where i is the imagi-
nary unit and H[x(t)] denotes the Hilbert transform of x(t).

We quantified the global degree of synchrony between the
nodes across time with the Kuramoto order parameter, R(t), a
measure of phase locking given by:

R(t) =
1
n

∣∣∣∣∑
j

eiφ j

∣∣∣∣ (3)

where n is the total number of nodes and φ j(t) the instanta-
neous phase of the narrowband signal at node j44. Thus, the
Kuramoto order parameter measures the modulus of the aver-
age phase of the system at each time point and takes values
from 0 to 1. Here, 0 represents complete absence of phase
synchrony and 1 indicates full synchronization.

We calculated the temporal average and standard deviation
of the Kuramoto order parameter per subject and subsequently

averaged these measures across subjects. We termed these ob-
servables synchrony and metastability, respectively. The syn-
chrony represents the global, temporally averaged degree of
synchronization between all the nodes in the system, whereas
the metastability gives information about temporal variability
in the level of synchronization.

G. Quantifying the global Lyapunov exponent

Establishing whether a system behaves as chaotic depends
on the computation of the Lyapunov exponent. In particu-
lar, a Maximal Lyapunov exponent (MLE) greater than zero
is widely used as an indicator of chaos71. To assess the
chaotic behavior of the network of coupled Rossler oscillators
we calculated the MLE from trajectories in the full variable
space, following a standard numerical method published by
Sprott72,73.

H. Model fitting

For each distance metric to be optimized, we performed an
exhaustive parameter space exploration by varying the two
free parameters of the models, corresponding to the global
coupling parameter G and the free model parameter a, where
a was changed homogeneously across all nodes. The global
coupling strength G was varied from 0 to 3 in steps of 0.05, the
Hopf bifurcation parameter a from 0.15 to 0.15 (range chosen
to include the bifurcation point), and the Rossler parameter a
from 0.01 to 0.31 (range chosen to ensure positive Lyapunov
exponents of the local dynamics), both in steps of 0.005. For
each parameter combination we computed multiple observ-
ables to be defined in the next section; subsequently, we used
different distance metrics to compare the empirical and simu-
lated observables. This procedure was performed nine times
under exactly the same conditions, and the resulting distance
metrics were then averaged, selecting the optimal parameters
as those that yielded the lowest value of the averaged distance
metric.

1. Functional connectivity matrix

We estimated the functional connectivity (FC) matrix for
each parameter combination by computing the Pearson cor-
relation coefficient between fMRI signals from all pairs of
regions of interest. Subsequently, we calculated the dis-
tance between the empirical and simulated FC matrices us-
ing three different metrics: Frobenius distance (normalized
by the norm of the empirical FC matrix), correlation distance
(1-Correlation) and 1-SSIM (defined in a previous section).
This resulted in one distance metric value for each parameter
combination and per each simulation.



6

2. Comparison between empirical and simulated synchrony
and metastability

The phase synchrony and metastability were computed for
each choice of parameters from the filtered simulated time se-
ries by applying the same procedure as for the empirical data.
We computed the difference between the simulated and em-
pirical observables, and then normalized the results dividing
by the empirical value:

M =
Osimulated −Oempirical

Oempirical
(4)

where M represents the distance metric, Osimulated denotes the
synchrony or metastability obtained from the simulated data,
and Oempirical denotes the empirical values.

3. Functional connectivity dynamics

In order to characterize the time-dependent structure of the
resting state fluctuations, we computed the FCD matrices46,49.
Each full-length BOLD signal of 50 minutes was split up into
M = 148 sliding windows of 60 seconds, overlapping by 40
seconds. For each sliding window centered at time t, we cal-
culated an FC matrix, FC(t). The FCD is a M×M symmetric
matrix whose (t1, t2) entry is defined by the Pearson correla-
tion coefficient between the upper triangular parts of the two
matrices FC(t1) and FC(t2). FCD matrices were computed for
each of the nine participants and simulations, also exhaus-
tively exploring the model parameters. In order to capture
fluctuations in correlations across the whole signal spectrum,
the time series were not filtered when evaluating this observ-
able.

To compare FCD matrices we collected their upper triangu-
lar elements (across all participants) and compared the result-
ing empirical distribution with that obtained across all simu-
lations using the Kolmogorov-Smirnov (KS) statistic as a dis-
tance metric. This metric quantifies the maximum difference
between the cumulative distribution functions of the two sam-
ples.

III. RESULTS

A. Group-averaged empirical observables

We computed a set of statistical observables from empir-
ical resting state fMRI data acquired during long scanning
sessions (50 minutes) for 9 healthy awake participants. For
this purpose, the blood-oxygen-level-dependent (BOLD) sig-
nals corresponding to each voxel were averaged over 90 cor-
tical and sub-cortical regions of interest, determined by the
automatic anatomic labeling (AAL) atlas66. We obtained the
group-level functional connectivity (FC) matrix by comput-
ing all pairwise correlations between the BOLD signals cor-
responding to the 90 regions of interest, averaging afterwards
the FC matrices across participants (Fig. 2).

FCD matrices were obtained by computing the correlation
between FC matrices corresponding to sliding windows of 60
seconds with a 40 seconds overlap. Fig.2 displays the FCD
matrix and the histogram obtained from the upper-diagonal
part of the matrix (pooled across all participants). Other em-
pirical observables related to the dynamics of brain activity,
such as phase synchrony and metastability44 were computed
for each participant and then averaged across the whole sam-
ple, following the procedure outlined in the Methods section.

FIG. 2. Average empirical static and dynamic observables. The av-
erage FC matrix (top), an example FCD matrix (center), and the his-
togram of FCD values (bottom) computed from the empirical fMRI
data.
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B. Fitting whole-brain models to empirical FC matrices

We performed an exhaustive exploration of the parameter
space for the Hopf and Rossler models, computing each of
the three different metrics outlined in the Methods section (1-
Correlation, 1-SSIM, and Frobenius distance) for each com-
bination of parameter values. The results (averaged across all
realizations) are shown in Fig.3A.

As expected from previous work44 we observed that for the
Hopf model the best fit occurred close to the bifurcation point
(a = 0) for all metrics. For the Rossler model, instead, com-
paratively good fits were obtained for the three metrics across
a widespread range of parameter values. The global dynam-
ics of the Rossler model presented null and positive Lyapunov
exponents across the explored range of parameters (shown as
the red curve superimposed over the 1-Correlation panel).

We note that results shown in Fig. 3 were obtained by ex-
ploring the Rossler parameter a. Figure 1 of the supplemen-
tary material contains a reproduction of this figure exploring
parameter b instead, showing converging results.

Figure 3B shows the FC matrices obtained for the optimal
parameter combinations using each metric as target function.
We observed higher consistency in the FC matrices simulated
with the Rossler model. Further characterization of these re-
sults is shown in Fig. 3C, presenting a comparison of the nor-
malized distance (1 minus the goodness-of-fit, 1-GoF) of the
metrics for the model parameter a optimized according to the
Frobenius distance, as a function of the scaling parameter G.
An optimal coupling parameter could be found for all metrics,
with the exception of the Frobenius distance and 1-SSIM in
the Hopf model. For the Rossler model, all metrics presented
a clearly defined optimal G value, which was also compara-
tively similar between them.

C. Fitting whole-brain models to dynamic observables

Next, we performed the same analysis but with the purpose
of reproducing three dynamic observables: the distribution of
FCD values, the synchrony, and the metastability. The left
panel of Fig. 4A shows the KS distance between the distribu-
tion of simulated and empirical FCD values for all parameter
combinations. Once more, we can see that the Rossler model
presented an widespread region of optimal values. The right
panel of the figure shows the histograms of FCD values ob-
tained for the optimal parameters optimized using the KS dis-
tance, along with the empirical distribution in blue. We can
see that the optimal FCD distribution for the Rossler model
appears to be skewed towards the right, while optimal distri-
bution for the Hopf model follows a normal distribution cen-
tered around the empirical mean.

Figure 4B shows for both models examples of simulated
FCD matrices that minimized the KS distance to the empirical
FCD. For the Rossler model, positive correlations were more
widespread; in particular, the observation of positive correla-
tions far from the main diagonal implied similar FC matrices
for temporal windows at distant times. A similar pattern was

observed in the example of the empirical FCD matrix pro-
vided in Fig. 2.

We computed the distance between simulated and empiri-
cal metastability and synchrony by subtracting the simulated
values and normalizing, as explained in the Methods section.
Fig. 4C shows how the KS distance, the metastability (K)
and the synchrony (C) distance change as a function of G for
the best parameter a obtained using the KS statistic. Neither
model presented a minimum of the KS distance curve match-
ing those of the other two metrics.

D. Comparison of the optimal distance metric values
between models

Figure 5 presents a comparison of 1-GoF for all the metrics
and empirical observables reproduced by both models. These
values were obtained from the exhaustive optimization proce-
dures presented in Figs. 3 and 4, i.e., we extracted the min-
imum of each exhaustive exploration plot and condensed all
of them in Fig. 5, top panel. We assessed the effect size for
the difference between the distributions of optimal distance
metrics by means of Cohen’s d (Fig. 5, bottom panel)74, find-
ing that all distance metrics had similar values for both mod-
els, with the exception of the Frobenius distance computed
between simulated and empirical FC matrices, for which the
Hopf model presented a significantly higher goodness of fit.

E. Fitting multiple simultaneous observables

We investigated the capacity of each model to simultane-
ously reproduce multiple observables. For this purpose, we
obtained the optimal parameters that reproduced a certain ob-
servable (following the exhaustive exploration procedure de-
picted in Figs. 3 and 4) and then compared how well the dy-
namics using those parameters could reproduce all other ob-
servables.

The results obtained from this analysis are presented in Fig.
6A. The value in a given matrix entry corresponds to the dis-
tance metric indicated in the column evaluated using the pa-
rameters that optimize the distance metric indicated in the row.
For example, the value 0.28 in the second row and third col-
umn of the Hopf model matrix corresponds to the Frobenius
distance between the empirical and simulated FC matrices ob-
tained by simulating the Hopf model using the parameters that
optimized the 1-SSIM. The bars on the right side of the matri-
ces indicate the sum of values across columns, thus visualiz-
ing how well the parameters that optimize the distance metric
in each row are capable of reproducing all other observables.

Figure 6B presents a graph representation of the general-
ization matrices in Fig. 6A. Each node represents a distance
metric, and an arrow from one node to another indicates that
the parameters optimizing the source metric result in low val-
ues for the target metric. For a given pair of metrics A and
B, we computed the Cohen’s d between the optimal distance
metric A values obtained after exhaustive exploration of the
parameter space, and the distance metric B values obtained
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FIG. 3. Whole-brain models fitted to static FC metrics. (a) Exhaustive exploration of the 2D parameter space for the Hopf and Rossler models.
The color-coded matrices display the distance between simulated and empirical FC matrices according to three different metrics: 1-Correlation,
1-SSIM, and Frobenius distance. The Lyapunov exponent for the global dynamics of the Rossler model is shown as a red curve superimposed
over the 1-Correlation matrix as a function of parameter a. (b) The FC matrices computed using the optimal parameter combinations obtained
from each distance metric. (c) The three different metrics computed for both models as a function of the coupling parameter G, using the best
parameter a obtained from optimizing the Frobenius distance.

using the same parameters. A low Cohen’s d implies that both
metrics yield similar values for the same model parameters;
in other words, that those parameters simultaneously repro-
duce both observables. We computed the Cohen’s d for all
pairs of metrics and then applied a threshold to display only
the lowest 25 % Cohen’s d values as connections between the
corresponding nodes.

We can observe that the Hopf model optimized to repro-
duce K and C performed better than the Rossler model across
all other metrics. On the other hand, for FC matrices com-
pared using the 1-Correlation distance, and for FCD distri-
butions compared using the KS distance, the Rossler model
outperformed the Hopf model across all other metrics.

An important observation is that, in spite of its compara-
tively poor performance for C and K, the Rossler model op-
timized to reproduce the empirical dynamics encoded in the
FCD matrix resulted in model parameters that also reproduced
the "static" FC matrix, according to the three distance criteria
(1-Correlation, 1-SSIM and Frobenius distance). Conversely,

fitting the Rossler model to the "static" FC resulted in model
parameters that approximated the empirical FCD distribution.
This behavior was not seen for the Hopf model, for which the
optimization of FCD resulted in parameters that failed to ap-
proximate the static FC, and vice-versa. In other words, the
Rossler model did not force a choice between reproducing the
FC over long temporal scales (FC matrix) and reproducing the
FCD.

F. Comparison of generalization performance between
models fitted to FC and FCD

Figure 7 illustrates how the Rossler model is capable of
simultaneously approximating static and dynamic FC, while
the Hopf model produces inconsistent results when optimized
to reproduce one of them and is then tested to reproduce the
other. The first row of both left and right panels shows the
optimal FC matrix (using the Frobenius distance) and the dis-
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FIG. 4. Whole-brain models fitted to dynamic observables. (a) KS distance between the distribution of simulated and empirical FCD values
computed for all parameter combinations and for both models. Note that the best fit was obtained for a ≈ 0 for the Hopf model and for high
a values for the Rossler model. The right panel displays the optimal distribution of FCD values for both models, together with the empirical
distribution. (b) Examples of FCD matrices for both models computed using the optimal parameters obtained from the optimization of the KS
distance. (c) KS distance, metastability (K) and synchrony (C) distance between simulated and empirical data as a function of G, computed
for the best a obtained using the KS statistic.

FIG. 5. Comparison of 1 minus the goodness-of-fit (1−GoF) for
all metrics and observables between both models. The bottom panel
presents the effect size for the difference in terms of Cohen’s d.

tribution of FCD values for the parameters that optimize the
reproduction of the FC matrix. Conversely, the second row

shows the FC matrix computed using the parameters that min-
imize the KS distance between empirical and FCD distribu-
tions, and then the distribution of FCD values using those pa-
rameters.

From the left panel, it is clear that the Hopf model tuned
to reproduce the FC matrix grossly misrepresented the distri-
bution of FCD values and vice-versa. As expected from the
results presented in Fig. 6, the Rossler model simultaneously
approximated the FC matrix and the distribution of FCD val-
ues with the same combination of parameters.

IV. DISCUSSION

Speaking of Newton’s second law, the British astronomer
Arthur Eddington once said: "A force is whatever we need to
put on left side of the equation to obtain results that agree with
the observed motions"75. In this view, physics is interpreted as
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FIG. 6. Generalization between empirical observables. (a) Matrix containing the distance metrics indicated in the columns evaluated using
the parameters that optimize the distance metrics indicated in the rows. The bars on the right side of the matrix indicate the average across all
columns. (b) Each distance metric is represented as a node in a graph where arrows indicate that the parameters optimizing the source metric
result in low values for the target metric as well. For metrics A and B (represented by two nodes in the graph), we computed the Cohen’s d
between the optimal distance metric A values obtained after exhaustive exploration of the parameter space, and the distance metric B values
obtained using those same parameters. We applied a threshold to keep 25 % of the connections with the lowest Cohen’s d.

an effort to produce increasingly more accurate models capa-
ble of describing the dynamics found in nature. Contemporary
physics has become entangled with abstract mathematics to
the point that formal structures are by themselves considered
an important guide for theory building. In comparison, the-
oretical neuroscience is a much younger field still in need of
exploring different mechanisms to explain the dynamics ob-
served in experimental data61, a project having much in com-
mon with Eddington’s interpretation of Newton’s second law.

Ever since the discoveries of Hodgkin and Huxley, com-
putational models of neural activity can be formulated with
a high degree of biophysical realism76. Advances in mi-
croscopy and related technologies have contributed to un-
veil intricate networks of synaptic connections at the scale
of single neurons, allowing to reconstruct the wiring of com-

plete cortical columns77. Large collaborative efforts, such
as the Human Brain Project, strive to combine this informa-
tion to produce highly detailed simulations of small corti-
cal regions78. As computational power is increased and the
available maps of synaptic connectivity are expanded, it is
expected that realistic models based on multi-objective op-
timization over a large parameter space will begin to furnish
predictions at the macroscopic scale, i.e. the scale investigated
with neuroimaging tools such as fMRI, EEG and MEG. These
predictions will have to be consistent with the phenomeno-
logical models that successfully described the dynamics and
functional connectivity of large-scale brain activity. Thus, our
investigation of the potential mechanisms underlying dynam-
ics at this scale is motivated by the need to inform and con-
straint the development of more biophysically realistic mod-
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FIG. 7. The Rossler model is capable of simultaneously approximating the empirical FC matrix and the distribution of FCD values. Each
panel (left and right) contains in its first row the best reproduction of the FC matrix (using the Frobenius distance) and the distribution of FCD
values for the parameters that optimize the reproduction of the FC matrix; conversely, the second row shows the FC matrix computed using
the parameters that minimize the KS distance between empirical and FCD distributions, and then the distribution of FCD values using those
parameters. The left panel illustrates the failure of the Hopf model to simultaneously reproduce both observables, which is achieved by the
Rossler model, as shown in the right panel.

els.

We explored two different mechanisms behind the complex
spatiotemporal dynamics of resting state brain activity. As
shown in Figs. 3 and 4, a model based on noise-driven multi-
stability between equilibrium solutions (Hopf model) required
fine-tuning of the bifurcation parameter to adequately repro-
duce different empirical observables. Conversely, a model
based on deterministic chaos (Rossler model) reproduced
these observables over a range of the model parameter, for
which the global dynamics also exhibited positive Lyapunov
exponents. However, it must be noted that due to the different
nature of both models, the parameters do not play the same
role in determining the dynamics of the systems, and hence
they are not directly comparable. This is limitation is inher-
ent to the comparison between models presenting qualitatively
different dynamics.

Computational models are developed and implemented
with the purpose of capturing certain features of brain activity,
which depend on the scientific question and its associated hy-
potheses. However, models can be difficult to interpret if they
are inconsistent when attempting to reproduce multiple fea-
tures at the same time. As shown in the left panel of Fig. 7, the
optimal fit of the Hopf model to the FCD distribution results
in parameters that produce a meaningless FC matrix, which
is perhaps the most widespread summary statistic computed
from resting state fMRI data4. The failure of noise-driven
equilibrium models to reproduce multiple observables at the
same time is also highlighted by the recent work of Courtiol
and colleagues79, who performed exhaustive explorations of
the parameter space to reveal the presence of very different
optimal working points in systems of coupled oscillators. Ide-
ally, phenomenological models of whole-brain activity should

be capable of approximating both the "static" and dynamic
FC; however, this could be difficult for noise-driven equilib-
rium models which require fine-tuning to dynamical critical-
ity to produce rich temporal FC fluctuations. In the Rossler
model we found a widespread range of model parameters that
simultaneously fitted multiple empirical observables. This re-
sult suggests that the dichotomy between reproducing static or
dynamic FC features could be avoided by the introduction of
deterministic chaos in the local dynamics. Another possibility
to avoid this issue is to construct models to directly reproduce
the temporal evolution of neural activity time series; however,
these models require as an input some type of empirical signal
adequately sampled in the temporal domain80.

Models based on noise-driven multistability have found
widespread applications in computational neuroscience81.
Since their dynamics can be understood in terms of attrac-
tors connected by noise-induced transitions, these models are
easier to interpret and construct with the purpose of produc-
ing certain predefined behaviors. Within the specific con-
text of whole-brain models, the interplay between noise and
deterministic equilibrium dynamics is sufficient to generate
ongoing dynamics capable of exploring the repertoire of po-
tential brain configurations7. The noise-driven exploration of
this repertoire produces the dynamic fluctuations in functional
connectivity that have been robustly established using several
imaging modalities23,49,82. In general, the qualitative global
behavior of whole-brain models can be understood in terms
of the bifurcation diagrams of the local dynamics, at least in
the case of weak coupling. Conversely, while coupled chaotic
systems can exhibit multistable swiching by mechanisms such
as chaotic itineracy53 and heteroclinic cycling52, local dynam-
ics cannot be easily understood by bifurcation analysis due to
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the presence of strange attractors.
The inclusion of noise should not be disregarded as an

ad hoc mechanism required to produce interesting dynamics.
Instead, it should be considered as the potential manifesta-
tion of biological and physical processes occurring at mul-
tiple spatial and temporal scales. Neural systems are sub-
ject to a number of noise sources: the activity of a popu-
lation of neurons embodied in the brain inevitably occurs in
the presence of stochastic fluctuations due to thermal energy,
ion channel chattering, intermittent neurotransmitter release,
and irregular synaptic inputs from other neurons, among other
sources of noise81,83. However, the biological interpretation
of additive noise terms in large-scale models of whole-brain
activity remains unclear. Following the principle of econ-
omy of explanation84, unknown sources of variability should
be considered less satisfactory than endogenous variability
produced by intrinsically non-equilibrium dynamics. Even
though deterministic chaos may be appealing for large-scale
phenomenological models, it is less clear how to systemati-
cally construct biophysically realistic models whose variabil-
ity stems from chaotic dynamics, and whose output is consis-
tent with experimental data.

Another relevant point is whether empirical data supports
the presence of chaos in brain dynamics. This is a contentious
issue, possibly because current experimental tools are insuffi-
cient to produce evidence that can be considered as definitive.
Over the past decades, several studies reported the presence
of chaotic dynamics in time series obtained from an ample
variety of neural systems59,60; however, an equally large liter-
ature has been published arguing against this possibility85,86.
Theoretically, it is accepted that the inherent instability of
chaotic dynamics facilitates the extraordinary ability of neu-
ral systems to respond quickly to changes in their external
inputs87, to flexibly transition between behavioral patterns as
a consequence of environmental changes, and to explore the
large repertoire of dynamical states that endows neural cir-
cuits with remarkable computational capabilities88. Chaotic
dynamics in the brain could emerge in several ways, such
as from intrinsic mechanisms within individual neurons89, or
from the collective dynamics of neural networks90–92. While
our results do not demonstrate the presence of deterministic
chaos in large-scale brain activity, they illustrate how even
the simplest model of coupled chaotic oscillators is capable
simultaneously reproducing "static" and dynamic FC observ-
ables. This result should be taken into consideration by future
model building efforts, independently of the deeper question
of whether chaotic dynamics represents an intrinsic feature of
brain activity.

It must be stressed that noise and deterministic chaos are
not mutually exclusive mechanisms to produce multistable
brain dynamic. As recently shown by Orio et al.93, mod-
erate noise can enhance the multistable behavior of chaotic
neural networks, resulting in an ampler exploration of the
synchronization repertoire, with very high levels of noise
eventually abolishing multistability. While this study inves-
tigated a conductance-based neural model wired with a small-
world network topology, presumably noise-enhanced multi-
stable chaotic dynamics can also be found in Rossler oscilla-

tors coupled by realistic anatomical connectivity, a possibility
that should be addressed by future studies.

Our study presents some limitations pointing the way to-
wards future improvements. First, while we considered in-
stantaneous interactions between the network nodes, the in-
terplay between noise and conduction delay is a key fac-
tor to reproduce the dynamics of spontaneous brain activ-
ity fluctuations94. However, the combination of slow tem-
poral sampling by fMRI and fast conduction speeds through
long-range myelinated axons likely attenuates the effects of
omitting delays in our models. As shown by Petkoski et al.
(2018)95 and Petkoski and Jirsa (2019)63, transmission de-
lays can impact on the frequency-specific dynamics of sim-
ulated brain activity; also, as shown by Cabral et al. (2014)96,
the inclusion of transmission delays is important to reproduce
empirical correlations between narrow band MEG frequency
envelopes. However, this information is not obtainable from
fMRI recordings and thus cannot be reproduced by our mod-
els. Second, we did not obtain the anatomical connectivity
networks from the same subjects who were recorded with
fMRI. Instead, DTI recordings were obtained from another
group of healthy participants who can be considered as repre-
sentative of an adult population. However, individual connec-
tivity matrices should be used when modeling the large-scale
dynamics of individuals who could present structural abnor-
malities as a consequence of neurological or psychiatric im-
pairments. Third, the output of our model was interpreted as
the fMRI signals, from which we constructed the simulated
observables. This approach neglects the possibility of multi-
scale interactions shaping the results; i.e. the modeling of
faster time-scales which, in turn, determine the slower BOLD
fluctuations80,96. Future studies based on empirical data with
better temporal resolution (e.g. MEG) should explore this
possibility in the context of chaotic vs. stochastic dynamics.
Finally, we focused on modeling unusually long recordings
(50 minutes) of awake subjects, which contributed towards
more robust estimates of dynamic FC measures. However,
the biological implications of our findings should be explored
by investigating subjects during other states of consciousness,
e.g. states of such as deep sleep, general anaesthesia, or in
patients diagnosed with disorders of consciousness97. It is
tempting to speculate that the level of consciousness will be
paralleled by the degree of chaoticity in the best fitting model,
a possibility that will be explored in future studies.

In conclusion, we showed that chaotic dynamics give rise to
some interesting features in whole-brain activity models, out-
performing noise-driven equilibrium models in the simulta-
neous reproduction of multiple empirical observables. While
simplified phenomenological models may appear to be overly
detached from the intricate details of the human brain, they are
nevertheless important to propose conceptually simple mech-
anisms that more realistic models should eventually strive to
reproduce. Our results identified some attractive features of
deterministic chaos that should not be neglected by future
modeling efforts, even in the simultaneous presence of noisy
inputs. Facing up to the challenge of imprinting and interpret-
ing deterministic chaos in more realistic whole-brain models
could be a key to understand how the human brain is capa-
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ble of producing an ever-changing stream of complex activity
patterns.

SUPPLEMENTARY MATERIAL

The supplementary material contains a reproduction of Fig.
3 exploring other parameters of the Rossler system and a fig-
ure displaying the Cohen’s d values of the arrows drawn in
Fig. 6B.
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