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A B S T R A C T

The simulation of whole-brain dynamics should reproduce realistic spontaneous and evoked neural activity across 

different scales, including emergent rhythms, spatio-temporal activation patterns, and macroscale complexity. 

Once a mathematical model is selected, its configuration must be determined by properly setting its parameters. 

A critical preliminary step in this process is defining an appropriate set of observables to guide the selection of 

model configurations (parameter tuning), laying the groundwork for quantitative calibration of accurate whole-

brain models. Here, we address this challenge by presenting a framework that integrates two complementary 

tools: The Virtual Brain (TVB) platform for simulating whole-brain dynamics, and the Collaborative Brain Wave 

Analysis Pipeline (Cobrawap) for analyzing simulation outputs using a set of standardized metrics. We apply 

this framework to a 998-node human connectome, using two configurations of the Larter-Breakspear neural 

mass model: one with the TVB default parameters, the other tuned using Cobrawap. The results reveal that the 

tuned configuration exhibits several biologically relevant features, absent in the default model for both sponta­

neous and evoked dynamics. In response to external perturbations, the tuned model generates non-stereotyped, 

complex spatio-temporal activity, as measured by the perturbational complexity index. In spontaneous activity, it 

exhibits robust alpha-band oscillations, infra-slow rhythms, scale-free characteristics, greater spatio-temporal het­

erogeneity, and asymmetric functional connectivity. This work demonstrates how combining TVB and Cobrawap 

can guide parameter tuning and lays the groundwork for data-driven calibration and validation of accurate 

whole-brain models.

1 . Introduction

Whole-brain computational models based on the neural mass ap­

proximation provide a framework for investigating the fundamental 

mechanisms underlying large-scale neural dynamics [5,47]. However, a 

crucial challenge remains: how to configure and adjust such a model so 

that it simultaneously captures key features of spontaneous and evoked 
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\begin {align}\begin {split} \frac {1}{t_{{\textrm {scale}}}} \, \frac {dV}{dt} &= -\left [g_{{\textrm {Ca}}} + (1 - C) r_{{\textrm {NMDA}}} \, a_{e \to e} \, Q_{{\textrm {V}}} + C \, r_{{\textrm {NMDA}}} \, a_{e \to e} \, Q_{{\textrm {V}},{\textrm {network}}}\right ] \, \\ &\quad m_{{\textrm {Ca}}}(V - V_{{\textrm {Ca}}})- \left [g_{{\textrm {Na}}} \, m_{{\textrm {Na}}} + (1 - C) \, a_{e \to e} \, Q_{{\textrm {V}}} \right .\\ &\quad \left .+~C \, a_{e \to e} \, Q_{{\textrm {V}},{\textrm {network}}}\right ] (V - V_{{\textrm {Na}}})- g_{{\textrm {K}}} \, W(V - V_{{\textrm {K}}}) \\ &\quad - g_{{\textrm {L}}} (V - V_{{\textrm {L}}})- a_{i \to e} \, Z \, Q_{{\textrm {Z}}} + a_{n \to e} \, I + \xi _{{\textrm {V}}} \, , \end {split} \label {eq:node_dynamics:V}\\ \begin {split} \frac {1}{t_{{\textrm {scale}}}} \, \frac {dZ}{dt} &= b \, \left (a_{n \to i} \, I + a_{i \to e} \, Q_{{\textrm {V}}} \, V\right ) + \xi _{{\textrm {Z}}} \, , \end {split} \label {eq:node_dynamics:Z}\\ \quad \nonumber \\ \begin {split} \frac {1}{t_{{\textrm {scale}}}} \, \frac {dW}{dt} &= \frac {\phi \, (m_{{\textrm {K}}} - W)}{\tau _{{\textrm {K}}}} + \xi _{{\textrm {W}}} \, , \end {split} \label {eq:node_dynamics:W}\\ \quad \nonumber \end {align}


\begin {align}\begin {split} Q_{{\textrm {V}}}(t) &= \frac {1}{2}\, Q_{{\textrm {V}}_{{\textrm {max}}}} \left [1 + \tanh \left (\frac {V(t) - V_{{\textrm {T}}}}{\delta _{{\textrm {V}}}}\right )\right ] \, , \end {split} \label {eq:activation_functions:QV}\\ \quad \nonumber \\ \begin {split} Q_{{\textrm {Z}}}(t) &= \frac {1}{2}\, Q_{{\textrm {Z}}_{{\textrm {max}}}} \left [1 + \tanh \left (\frac {Z(t) - Z_{{\textrm {T}}}}{\delta _{{\textrm {Z}}}}\right )\right ] \, , \end {split} \label {eq:activation_functions:QZ}\\ \quad \nonumber \end {align}


\begin {align}\begin {split} Q_{{\textrm {V}}}(t) &= \frac {1}{2}\, Q_{{\textrm {V}}_{{\textrm {max}}}} \left [1 + \tanh \left (\frac {V(t) - V_{{\textrm {T}}}}{\delta _{{\textrm {V}}}}\right )\right ] \, , \end {split} \label {eq:activation_functions:QV}\\ \quad \nonumber \\ \begin {split} Q_{{\textrm {Z}}}(t) &= \frac {1}{2}\, Q_{{\textrm {Z}}_{{\textrm {max}}}} \left [1 + \tanh \left (\frac {Z(t) - Z_{{\textrm {T}}}}{\delta _{{\textrm {Z}}}}\right )\right ] \, , \end {split} \label {eq:activation_functions:QZ}\\ \quad \nonumber \end {align}


\begin {align}\label {ieq4} \mathbb {A}_{{\textrm {i}}} = \sum _{j} \mathbb {FC}_{{\textrm {asym}},ij} \, ,\end {align}
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brain activity, and ultimately matches empirical data. Among the es­

sential features that a biologically realistic whole-brain model should 

reproduce, the alpha rhythm (8–12Hz) stands out as a fundamental os­

cillation in large-scale brain dynamics. First described by Berger [4], it 

is closely associated with states of relaxed wakefulness and is thought to 

play a role in cognitive processes [60,63]. While alpha oscillations are 

a hallmark of resting-state dynamics, their fluctuating and multistable 

nature reflects the inherent variability and the transient state shifts of 

the brain [38,39]. In addition, they do not act in isolation but rather co­

exist with fluctuations occurring across multiple timescales [36,81]. At 

rest, brain activity fluctuates over time, exhibiting complex patterns of 

spontaneous variation in neuronal signals shaping the functional orga­

nization of the brain [26]. Fluctuations also exhibit significant regional 

heterogeneity, with varying degrees of signal variability influenced by 

anatomical connectivity and functional roles [24]. High-fluctuation re­

gions act as integrative hubs, crucial for coordinating information flow 

across the network [56,83]. These regions may contribute to infra-

slow fluctuations (< 0.1Hz), which shape large-scale brain dynamics 

[48,81,83,99] and drive dynamic functional connectivity and brain state 

reconfiguration [48,95]. Beyond this spontaneous dynamics, the awake 

brain also exhibits sustained and spatially complex responses evoked 

by external focal perturbations, a phenomenon that has been exten­

sively studied in experimental settings, such as in transcranial magnetic 

stimulation combined with simultaneous electroencephalography (TMS-

EEG) experiments, where the spatio-temporal complexity of the evoked 

cortical response has been shown to correlate with the level of con­

sciousness [12,13,86]. In this context, various forms of external brain 

stimulation, including non-invasive neuromodulatory techniques, are 

capable of directly modulating these spontaneous and evoked features, 

producing measurable changes in both the periodic and aperiodic com­

ponents of neural activity, as well as in functional connectivity patterns 

[42,62,70,75,78,102–104].

These features – multistability, scale-free and infra-slow fluctuations, 

dynamic reconfiguration, and complex evoked responses – have been 

increasingly linked to critical dynamics in the brain [23,80]. The hy­

pothesis of brain criticality posits that neural systems operate near a 

critical point between order and disorder, a regime that supports max­

imal variability, long-range correlations, and optimal responsiveness to 

external inputs [3,15,16,74,82,91].

As anticipated, a key question emerging from these considerations 

is whether a single, unified model can simultaneously reproduce both 

features of spontaneous and evoked brain activity. Indeed, tradition­

ally, these two have been treated as separate problems in compu­

tational modeling. However, a relationship is expected between the 

richness of spontaneous activity patterns and the ability of the brain 

to sustain complex responses to external perturbations through its net­

work dynamics. Therefore, capturing the interplay of spontaneous and 

evoked dynamics, while assessing their consistency with empirical data, 

should be considered as a non-trivial requirement for the simulated

network.

This assessment process is grounded on an initial parameter tuning, 

aimed at addressing the correct sub-region in the parameter space, and 

exploring how changes in model settings influence target observables. 

The set of quantitative observables – defined in the tuning to assess 

the quality of the model – will be referred to from now on as metrics. 

Tuning is followed by a calibration, which adjusts the model parame­

ters – ideally using an automated optimization process – by leveraging 

the metrics defined during the tuning to match a specific/personal­

ized dataset. When discrepancies occur, these metrics offer feedback 

for refining the model and identifying its region of applicability, en­

suring that the model reproduces not only isolated features, but also 

the brain broader dynamical landscape. It is worth noting that the 

identification of the starting parameter domain performed during the 

tuning is an essential ingredient for any automated calibration pro­

cess that explores a high dimensional parameter space. Finally, a more 

thorough validation should be performed against a range of statistical 

features to establish their agreement with respect to independent ex­

perimental data [e.g.,52,96], leveraging the wealth of heterogeneous 

data available and facilitating cross-study comparisons. This tuning/cal­

ibration/validation procedure should rely on a processing of simulation 

outputs that is methodologically consistent with the analysis of exper­

imental outcomes, especially when aiming to embrace a wider range 

of case studies for a more precise alignment between theoretical pre­

dictions and experimental observations. In addition, to enhance the 

reproducibility and the scope of application of the simulations, the 

model setup and the metrics used for data analysis should be accessible 

to the broader neuroscientific community, standardized across the cali­

bration/validation loops and carried out by a robust simulation/analysis

workflow.

A number of frameworks address these needs for standardization, 

both for simulation and data analytics. Platforms like The Virtual Brain 

(TVB) [87,88], the Brain Dynamics Toolbox [55], and Neurolib [9] facil­

itate and standardize whole-brain simulations using neural mass models, 

which describe large-scale neural interactions via phenomenological or 

mean-field approaches [5]. Among the advantages of these solutions, the 

prebuilt, validated models offered by these platforms streamline calibra­

tion against empirical data, allowing researchers to focus on scientific 

questions rather than custom coding. Active user communities further 

enhance reproducibility and collaboration. Tools like MNE [46] for 

EEG/MEG, FreeSurfer [34] for Magnetic Resonance Imaging (MRI), fM­

RIPrep [32] and CPAC [72] for functional MRI (fMRI), and Elephant [28] 

for electrophysiological data already provide reproducible analyses. To 

varying extents, such methodologies integrate heterogeneous data, min­

imize inconsistencies, and enhance comparability, which are crucial for 

addressing the challenges of multimodal neuroscience. However, tools 

like the above are usually designed to address specific experimental 

cases, resulting in highly tailored solutions but also potentially reduced 

generalizability, which may require separate approaches when perform­

ing data versus model comparisons. Extending this principle to complete 

analytics workflows, the Collaborative Brain Wave Analysis Pipeline 

(Cobrawap) [49,50] has been developed as an open-source tool provid­

ing standardized and quantitative descriptions of brain wave phenomena 

in both experimental recordings and in silico data [11], addressing 

the growing need for shared and agreed metrics and methodologies 

in the field. Complementing this ecosystem of tools, broad initia­

tives like the Human Connectome Project [98], the Allen Brain Atlas 

[94], and EBRAINS [30] provide publicly available curated data and

frameworks.

In this study, we take the first steps toward the calibration of a 

whole-brain model able to simultaneously reproduce key features of 

both spontaneous and evoked brain dynamics. To this end, we employ 

a recently developed whole-brain model implemented in TVB [41] and 

identify the most relevant parameters to be tuned. Because the visual­

ization and analysis tools included with TVB neither support systematic 

evaluation of metrics in response to changes in model parameters, nor 

allow quantitative comparison with experimental data, we set up an 

iterative approach (Fig. 1(A)) that leverages analysis methods already 

implemented in Cobrawap (adding new ones suitably developed, when 

necessary). Specifically, we identify the features that are relevant for de­

scribing both spontaneous and evoked activity of the whole-brain model: 

alpha-band oscillations, infra-slow fluctuations, and the spatio-temporal 

complexity of evoked responses. By recognizing and varying the related 

parameters, we can drive the model simulations into activity regimes 

that show more similarities to the heterogeneous, multiscale features of 

large-scale brain activity. The approach we propose aims at offering a 

first tackle to the above depicted process of tuning/calibration/valida­

tion of TVB-based brain models, a process that is not trivial, as discussed 

in [90,97], especially when aiming at personalized models. Our results 

show that an accurately tuned model can account for both the vari­

ability of resting-state activity and the complexity of stimulus-evoked 
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Fig. 1. TVB simulations and analysis with Cobrawap. A) The TVB-Cobrawap workflow (center) facilitates tuning, calibration and validation of TVB model 

parameters; left and right diagrams sketch the sequence of actions requested, respectively, for launching TVB simulations and for processing TVB output with 

Cobrawap. The latter is adapted from [49] and illustrates the sequence of stages and blocks arranged along the pipeline for the study of brain dynamics; text in 

red highlights methods and metrics specifically implemented for addressing the TVB-tuning use-case, like cross correlations, parcellation reduction, complexity, 

in addition to what already provided by the Cobrawap pipeline – such as trace statistics, spectral analysis, event detection. Plots are included in the diagrams as 

exemplary for illustration purposes; detailed discussion is given later in the manuscript. B) Illustrative examples of three spontaneous activity traces from three 

cortical regions of the tuned (TUN) configuration (BI). These represent proxies of synaptic activity, obtained by convolving the voltage traces with a bi-exponential 

kernel (see Section 2.5.2) at the single-node level, and subsequently averaging the resulting signals across nodes belonging to each region. From top to bottom, the 

traces correspond to the average synaptic activity across left-hemisphere nodes belonging to the IP, IT, and PARC regions, respectively (see Suppl. Table A.1). The 

average Power Spectral Density (PSD) across all regions displays a clear peak in the alpha band, at approximately 12Hz, together with an enriched infra-slow spectral 

component (BII). C) Same as B), referred to the default (DEF) configuration. In this case, the dominant peak in the PSD is observed within the beta frequency band, 

centered around 21.6Hz, with no relevant infra-slow activity. D-E) A brief stimulus (2ms) was applied to the same nodes of the TUN and DEF configurations, to assess 

the spatio-temporal propagation of evoked activity. The post-stimulus power (see Section 2.5.3) of three subsets of nodes (specifically, the subset of stimulated nodes, 

a subset of far nodes connected to the stimulated nodes but in the same hemisphere where stimulation occurred, and the farthest set of nodes – in terms of connectome 

tracts – connected to the stimulated nodes), averaged across the same subset, displayed a consistent increase in all subsets in the TUN configuration with respect 

to DEF, together with a higher heterogeneity in the temporal evolution (compare DI with EI). The extent of significant post-stimulus activity (see Section 2.5.5), 

computed by summing the significant activations of each node between 10 and 500ms, was mapped onto the brain map for TUN (DII) and DEF (EII). The panels 

indicate a more widespread propagation in TUN compared to DEF.

responses, thus bridging a gap between traditionally separate model­

ing efforts for the two conditions. Moreover, we lay the groundwork 

for generalizable calibration/validation metrics that provide a robust 

foundation for future empirical testing and integration into automated 

workflows.

2 . Materials and methods

In the following, we first detail the TVB implementation of the whole-

brain model to be later tuned, followed by a description of the analysis 

steps used for measuring model features and performance.

2.1 . Model equations

We use the Larter-Breakspear (LB) model [6–8,66], a voltage-based 

phenomenological neural mass model commonly used to simulate 

whole-brain activity [2,31,41,44,45,57–59,84], implemented within the 

TVB simulator.

Connectivity is implemented by means of a 998-node bi-

hemispherical connectome [53], where each node represents a source of 

signals reproducing the spontaneous dynamics of a neural mass model in 

the resting state. The connectome specifies the strength of connections 

between nodes and the corresponding time delays, globally modulated 
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by the coupling parameter 𝐺. Time delays between nodes can be globally 

rescaled by adjusting the global conduction velocity parameter 𝑐𝑣.
The dynamics of a given node in the brain network are described by 

the following set of ordinary differential equations:

1
𝑡scale

𝑑𝑉
𝑑𝑡

= −
[

𝑔Ca + (1 − 𝐶)𝑟NMDA 𝑎𝑒→𝑒 𝑄V + 𝐶 𝑟NMDA 𝑎𝑒→𝑒 𝑄V,network

]

𝑚Ca(𝑉 − 𝑉Ca) −
[

𝑔Na 𝑚Na + (1 − 𝐶) 𝑎𝑒→𝑒 𝑄V

+ 𝐶 𝑎𝑒→𝑒 𝑄V,network

]

(𝑉 − 𝑉Na) − 𝑔K 𝑊 (𝑉 − 𝑉K)

− 𝑔L(𝑉 − 𝑉L) − 𝑎𝑖→𝑒 𝑍 𝑄Z + 𝑎𝑛→𝑒 𝐼 + 𝜉V ,
(1a)

1
𝑡scale

𝑑𝑍
𝑑𝑡

= 𝑏
(

𝑎𝑛→𝑖 𝐼 + 𝑎𝑖→𝑒 𝑄V 𝑉
)

+ 𝜉Z , (1b)

1
𝑡scale

𝑑𝑊
𝑑𝑡

=
𝜙 (𝑚K −𝑊 )

𝜏K

+ 𝜉W , (1c)

where 𝑉  and 𝑍 are the mean membrane potentials of the excitatory 

pyramidal neurons and inhibitory interneurons for that node, respec­

tively, while 𝑊  corresponds to the average number of open potassium 

(K) channels. The term 𝑡scale is a dimensionless time-scaling factor that 

rescales the temporal dynamics of all state variables. The ratio of NMDA 

receptors to AMPA receptors is captured by 𝑟NMDA, and 𝑎𝑥→𝑦 defines the 

synaptic strength between the source population 𝑥 (where 𝑥 is one of 𝑒: 
excitatory, 𝑖: inhibitory, or 𝑛: nonspecific input) and the target popula­

tion 𝑦 (where 𝑦 is 𝑒 or 𝑖). 𝐼  represents an external input current, modeling 

nonspecific excitatory drive, such as subcortical or thalamic inputs, that 

influence the activity of excitatory (𝑉 ) and inhibitory (𝑍) populations. 

The dynamics of 𝑍 and 𝑊  are governed by the constant rate terms 𝑏, 
𝜏K and 𝜙, which respectively represent a time constant for inhibitory ac­

tivity (𝑍), a time constant for 𝑊  relaxation, and a temperature scaling 

factor for the evolution of 𝑊 .

For each ion species, 𝑔ion (where ion is one of Ca: calcium, Na: 

sodium, or K: potassium) represents the maximum ion conductance 

and 𝑉ion represents its reversal potential. Similarly, 𝑔L and 𝑉L represent 

the maximum leakage conductance and reversal potential, respectively. 

The voltage-dependent fraction of open channels is governed by 𝑚ion, 

following a sigmoidal shape function for each node:

𝑚ion(𝑡) =
1
2

[

1 + tanh
(

𝑉 (𝑡) − 𝑇ion

𝛿ion

)]

, (2)

where 𝑇ion term represents the mean threshold membrane potential for a 

given ion channel population, while 𝛿ion denotes its standard deviation. 

The mean firing rates of the excitatory and inhibitory node populations 

are governed by the voltage-dependent activation functions 𝑄V and 𝑄Z, 

respectively, which are modeled as sigmoidal as well:

𝑄V(𝑡) =
1
2
𝑄Vmax

[

1 + tanh
(

𝑉 (𝑡) − 𝑉T

𝛿V

)]

, (3a)

𝑄Z(𝑡) =
1
2
𝑄Zmax

[

1 + tanh
(

𝑍(𝑡) −𝑍T

𝛿Z

)]

, (3b)

where the terms 𝑄Vmax
 and 𝑄Zmax

 are the maximum firing rates of the 

excitatory and inhibitory populations, respectively. The thresholds for 

action potential generation for these populations are given by 𝑉T and 𝑍T, 

with corresponding standard deviations 𝛿V and 𝛿Z, respectively. Finally, 

the input to a node 𝑘 coming from the rest of the network, 𝑄(𝑘)
V,network

, is 

defined as: 

𝑄(𝑘)
V,network

(𝑡) = 𝐺
∑

{𝑗}
𝑢𝑗→𝑘 𝑄

(𝑗)
V
(𝑡 − 𝜏𝑗→𝑘) , (4)

with the sum running over all the nodes {𝑗} connected to 𝑘 with connec­

tion weight 𝑢𝑗→𝑘, and 𝜏𝑗→𝑘 denoting the related input delay time. 𝐺 is the 

aforementioned global coupling that scales all the connection weights. 

The parameter 𝐶 in Eq. (1) varies between 0 and 1 and controls the bal­

ance between the strength of self-connections and the connections with 

the rest of the network. Finally, an additive Gaussian noise 𝜉 enters into 

Eq. (1) through the stochastic Heun integration method of TVB.

2.2 . Model configurations and parameters

We implement two parameter configurations for the LB model, with 

their values fully listed in Suppl. Table A.2. The first configuration, re­

ferred to as the tuned configuration (TUN) from here on, is based on the 

work by Gaglioti et al. [41], with some further refinements here. The sec­

ond configuration, derived from the default parameters in TVB, follows 

the work of [2] and will be referred to as the default configuration (DEF). 

The TUN configuration is capable of generating complex evoked patterns 

following external stimulation [41], resembling empirical results from 

the healthy awake brain. In this study, we focus on resting-state activity 

and, to better align with empirical data, we adjust the timescale 𝑡scale

of the TUN configuration from 1.0 to 0.6 to reproduce the alpha-band 

location of the experimentally observed peak in the power spectrum of 

the global resting state activity [4,60,63]. Notice that a time rescaling in 

Eq. (1) implies a coherent rescaling of the connectome conduction ve­

locity 𝑐𝑣 and of the additive Gaussian noise 𝜉 in the TVB integrator (see 

Suppl. Table A.2). Consistently, the TUN configuration exhibits a peak 

at 11.7Hz in the resting condition Fig. 1(B) and displays complex dy­

namics following perturbation (Fig. 1(D); see the following section for 

further details on the simulation of resting-state and evoked activity). 

The corresponding measures for the DEF configuration are depicted in 

Fig. 1(C) and (E), respectively.

2.3 . Model activity simulation in TVB

Each simulation is run in TVB (RRID: SCR_002249) with an inte­

gration time step of 𝛿𝑡 = 0.1𝑚𝑠 using the stochastic Heun integration 

method. A Gaussian white noise is added to the state variables to em­

ulate an additional background input to the node (standard deviation 

𝜎𝜉 = 10−7 for the DEF configuration, then rescaled by 𝑡scale for TUN). 

The signal is then resampled to a temporal resolution of 1ms (i.e., av­

eraging over 1ms time windows with the temporal average monitor of 

TVB).

For resting state, five minutes of continuous brain activity are sim­

ulated. Initial conditions are randomly assigned, with the values of the 

state variables (𝑉 , 𝑍, 𝑊 ) drawn from a uniform distribution between 

−0.1 and 0.1. A conservative choice is made based on the observation 

that the initial transient phenomenon concludes after roughly 5s, hence 

an initial period of 10s is excluded.

For evoked activity, 200 trials are simulated. A stimulus of 1 arbitrary 

unit (a.u.) in amplitude and 2ms in duration is applied to the 27 nodes 

belonging to the right superior parietal (rSP) cortex region. Each trial 

begins with random initial conditions. The onset timing of the stimulus 

is randomized within a window between 10s and 12s, thus allowing 

for a long enough thermalization period after the random initialization. 

Finally, we retain 400ms of pre-stimulus activity (baseline) and 700ms 

of post-stimulus activity.

2.4 . Tuning TVB model parameters with cobrawap

We use the Cobrawap framework (RRID: SCR_022966; [50,51]) to 

implement the tuning process of TVB-simulated models. Cobrawap is 

an open-source Python-based modular analysis workflow that gener­

ates standardized quantitative descriptions of brain wave phenomena, 

so far used for heterogeneous murine datasets of both experimental [49] 

and simulated [11] origins. Cobrawap extensibility to a wider variety of 

use-cases – among which, notably, the analysis of human data – stems 

from its modular design: it consists of a series of workflow components 
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implemented as scripts, each representing an elementary analysis or vi­

sualization operation; these blocks are then organized into a series of 

sequential stages, the selection and execution order of blocks in each 

stage being suitably configurable to fit the requirements of the input 

data and the analysis goal.

In this work we lay the foundations for the interoperability of TVB 

and Cobrawap – acting on single blocks and on the Cobrawap structure 

itself – as an integrated use-case for the complete calibration and the 

validation of TVB-simulated models. Intrinsically, Cobrawap operates 

on matrices, reflecting the regular organization of sensors: each matrix 

element represents a channel associated with the spatial position corre­

sponding to an elementary source of experimental or simulated activity 

– e.g., a camera pixel or an electrode – sampled at discrete points in 

time. To map TVB output to the Cobrawap framework, the individual 

neural mass of a particular node in the model is hence associated with a 

channel. In more detail, the 3D spatial arrangement of the N connectome 

nodes is reorganized as a 1D vector containing the same number of chan­

nels, arranged following the connectome ordering [53]. This simplified 

computational solution is sufficient for our analysis, since the focus is on 

node cross-correlations, for which only the distance among nodes in the 

connectome is relevant, together with TVB-encoded temporal delays.

New processing and visualization blocks are designed for this specific 

TVB-tuning use-case (see following section), improving and expanding 

what is already available within the latest Cobrawap release [51]; these 

new features are currently implemented in a dedicated development 

software branch, and will be fully integrated into the official Cobrawap 

software release 0.3.0.

2.5 . Metrics employed for data analysis

The following metrics are employed to comprehensively analyze 

the dynamics of simulated brain activity across both spontaneous and 

evoked conditions in the TUN and DEF configurations, unless otherwise 

specified.

2.5.1 . Events

To characterize the node dynamics at the channel level, we identify 

the timestamps of transitions from low to high levels of activity in the 

signal evolution. Hereafter, we refer to such transitions as events. Events 

are detected for each node by applying a threshold to the phase signal 

derived as the angle of the complex-valued analytic signal of the node 

(obtained via a Hilbert transform operation). In this study, a threshold 

of −𝜋∕2 is chosen, corresponding to the start of the upstroke. To ensure 

robustness, the algorithm selects only the time points where the thresh­

old is crossed in an upward direction (from smaller to larger values), 

reaching a clearly identifiable peak (phase = 0) before the next thresh­

old downward crossing. We obtain the average event rate by counting 

the total number of events during the simulation divided by the time 

length of the simulation itself. Additionally, we define the time inter­

val between events as inter-event-time (IET), and calculate the related 

coefficient of variation CVIET (see details in the following).

2.5.2 . Power spectral density analysis

According to the cortical organization principles summarized in 

Larkum [65], superficial layers of the cortex are reached mainly by non-

specific thalamic nuclei projections and inter-areal cortical association 

fibers, and the apical tuft of pyramidal neurons is functionally enriched 

for NMDA-dependent regenerative integration of these long-range paths. 

However, 𝑄V,network and 𝑄V excitatory contributions in Eq. (1a) are not 

endowed with the slow injection times that are associated with NMDA 

receptors. To create a better proxy for the EEG signal and investigate it 

in the frequency domain, we convolve 𝑉  with a bi-exponential kernel 

aimed at mimicking synaptic currents. Also, this approach enables di­

rect compatibility with the output of TVB simulations representing the 

average membrane potential of the pyramidal population and not the 

impinging currents on that population. We select NMDA-like parameters 

to emulate the synaptic activity profile in the high-activation regime rise 

time constant 𝜏rise = 5𝑚𝑠 and decay time constant 𝜏decay = 20𝑚𝑠, follow­

ing [43]. Then, to obtain the synaptic activity profile of each cortical 

region, we average the convolved signal across all nodes correspond­

ing to a given region (see Suppl. Table A.1), thus producing 66 regional 

synaptic activity profiles. The power spectral density (PSD) of this synap­

tic activity proxy is then computed using the Welch method with time 

segments of 70s and a 50% overlap.

As an additional measure, the PSD is computed on the hemispheric 

event data, obtained by cumulating the number of events that occur at 

any node of each hemisphere using temporal bins of 5ms; this results in 

two aggregated signals (one per hemisphere) with a sampling resolution 

of 200Hz. To detect infra-slow frequencies, the Welch method is applied 

with time segments of 140s and a 50% overlap. On the resulting PSDs, 

the 1∕𝑓  background scaling is estimated by fitting a linear function in 

log-log space to obtain the PSD slope, following [19].

2.5.3 . Time-frequency analysis

Time-frequency decomposition is performed using a continuous 

wavelet transform with complex Morlet wavelets, implemented via the

PyWavelets package [67]. In the resting state, scales (i.e., the temporal 

span of wavelets) are computed for frequencies around the main peak in 

the frequency spectrum (8–12Hz for TUN and 18–22Hz for DEF configu­

rations) in 1Hz steps; for the evoked activity, scales range instead within 

8–100Hz, still in 1Hz steps, to account for a potentially wider evoked 

spectrum. Each wavelet is parameterized with a normalized bandwidth 

of 1 and a normalized center frequency of 1; normalization depends on 

the sampling frequency (1kHz). The transformation is applied using a 

Fast Fourier Transform (FFT)-based method, yielding complex wavelet 

coefficients.

The time-frequency power representation is then obtained as the 

squared magnitude of the complex coefficients for each frequency, then 

averaged over the frequency range. Only for the analysis of the evoked 

activity, power is also averaged across all trials, to obtain the temporal 

evolution of broadband post-stimulus power. To account for baseline 

variability, the trial-averaged power time-course  is normalized using 

a decibel (dB) transformation with respect to the pre-stimulus mean: 

̃ ≡ 10 log10
(

post∕⟨pre⟩

)

, (5)

where post represents the post-stimulus power at each time point, while 

⟨pre⟩ is the time average from −350ms to −50ms with respect to the 

stimulus onset.

To assess long-range temporal correlations in resting-state neural 

dynamics, we apply the Detrended Fluctuation Analysis (DFA) to the 

amplitude envelope from the wavelet transform (i.e., the frequency aver­

age of the magnitude of complex coefficients). DFA quantifies long-range 

temporal correlations – a hallmark of critical dynamics [69] – by mea­

suring how fluctuations persist over increasing time window sizes. We 

use the implementation provided in the neurodsp package [18], which 

first detrends the signal by removing its mean and computes the cumula­

tive sum. The resulting signal is then divided into equal-sized windows, 

and within each, a linear trend is fitted. The fluctuation is computed as 

the mean squared deviation from this trend, and the procedure is re­

peated over multiple window sizes to estimate the scaling exponent. In 

our analysis, we use 50 window sizes, logarithmically spaced between 

0.5 and 50 s.

2.5.4 . Correlation functions

The auto-correlation function quantifies the temporal correlation of 

a signal with itself across varying time lags. In this study, we apply it 

to channel signals from both TUN and DEF configurations, considering 

lags up to ± 120ms, in steps of 1ms. The analysis focuses on identify­

ing the largest auto-correlation peak at lags ≠ 0, and the corresponding 

optimal value of the lag is recorded for further analysis. Analogously, 

the cross-correlation function is employed to quantify the similarity be­

tween signals originating from different brain nodes across varying time 
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lags, also in this case up to ± 120ms in steps of 1ms. This analysis allows 

us to extract two key measures for each ordered pair of nodes: functional 

connectivity FC, defined as the peak value of the cross-correlation func­

tion, and functional lag FL, corresponding to the lag (in ms) at which 

the peak occurred, where the sign of the lag reflects the direction of the 

interaction (e.g., a negative lag between nodes 𝑖 and 𝑗 would indicate a 

directional relation from 𝑖 to 𝑗). In general, this approach results in non-

symmetric FC and FL matrices, thereby capturing the directionality of 

interactions between brain nodes. Hence, we quantify such asymmetry 

as FCasym ≡ FC − FC⊺ and FLasym ≡ FL − FL⊺, where (⋅)⊺ denotes the 

matrix transpose. In particular, the matrix FCasym captures directional 

differences in communication, with positive values FCasym,𝑖𝑗 > 0 indi­

cating that node 𝑖 exerts a stronger influence on node 𝑗 than vice versa, 

and negative values FCasym,𝑖𝑗 < 0 indicating the opposite. To derive a 

nodal asymmetry score, we finally compute the sum of asymmetry val­

ues across each row of FCasym, thus projecting the 2D representation of 

the matrix into 1D vectors, and yielding a single asymmetry score per 

node:

Ai =
∑

𝑗
FCasym,𝑖𝑗 , (6)

where A𝑖 represents the net asymmetry of node 𝑖, with positive values 

indicating a global leading role (parent) in the network, and negative 

values indicating nodes behaving as “followers” (children).

2.5.5 . Complexity metrics: PCI and functional complexity

The Perturbational Complexity Index (PCI), originally introduced by 

Casali et al. [12], provides a quantitative measure of the inherent com­

plexity of spatio-temporal EEG activity patterns evoked by Transcranial 

Magnetic Stimulation (TMS). In this study, we adopt a similar frame­

work, leveraging evoked whole-brain activity simulated using TVB as 

a proxy for the signal reconstructed at the “sources”. To identify the 

significant spatio-temporal patterns of stimulus-evoked responses, we 

apply the non-parametric bootstrap-based statistical analysis of Casali 

et al. [12] on the voltage signal of each node. The procedure, also 

known as the maximal statistic [79], is organized as follows. First, the 

evoked activity is rescaled with respect to the pre-stimulus baseline by 

subtracting the mean and dividing by the standard deviation of the 

pre-stimulus period. Second, for each node, pre-stimulus activities are 

randomly sampled with replacement (bootstrapped) from the original 

distribution across trials and pre-stimulus time samples. Third, for each 

node and time point, the mean across trials of the bootstrapped val­

ues is computed (Jboot). Fourth, for each pre-stimulus time point, the 

maximum absolute value of Jboot across nodes is obtained. This process 

(steps 2, 3 and 4) is repeated 500 times to build a null distribution from 

which the (1 − 𝛼) percentile is used to define a significance threshold 

(we use 𝛼 = 0.05). Finally, a binary spatio-temporal mask is obtained 

by marking samples exceeding this threshold as significant, as in [12]. 

Eventually, PCI is computed by quantifying the Lempel-Ziv complexity 

[68] of the binarized matrix representing significant activations, then 

normalized by the source entropy.

In addition, in order to assess the richness of interactions within 

the functional connectivity matrix FC, functional complexity can be com­

puted, which quantifies the balance between functional integration and 

functional segregation [105]. A low functional complexity is character­

ized by narrow distributions of values in the matrix, indicating either 

near-total statistical independence (⟨FC⟩ ≈ 0, i.e., total functional segre­

gation) or global synchrony (⟨FC⟩ ≈ 1, i.e., total functional integration). 

In contrast, complex interactions arise when the collective activity is 

characterized by intermediate states yielding a broad distribution of the 

FC values. Following this methodology, functional complexity is com­

puted as the sum of the absolute differences over the 𝑚 bins between 

the distribution of FC values and the uniform distribution over the same 

range, as described in [105].

2.5.6 . Statistical metrics

Standard statistical metrics are employed in this study, including the 

standard deviation (SD), representing the dispersion around the mean, 

and the inter-quartile range (IQR), describing the spread of the mid­

dle 50% of the data. The coefficient of variation (CV) is used to assess 

relative variability (defined as the ratio of the standard deviation to the 

mean), while the median is used as a robust measure of central tendency.

3 . Results

We simulate a whole-brain model via TVB, relying on a Larter-

Breakspear neural mass model with a 998-node human connectome 

(see Sections 2.1–2.3), considering both the spontaneous activity in the 

resting state and the evoked activity (i.e., in response to an external 

perturbation). To assess the robustness of the approach, we also run 

a subset of the analyses on a smaller scale 74-node human connec­

tome, as detailed in Supplementary Methods. We leverage Cobrawap 

(see Section 2.4) to analyze the simulation output and tune the model 

parameters to match a set of quantitative metrics based on relevant bi­

ological features (see Section 2.5) not expressed by the initial default 

(DEF) model configuration. Specifically: in response to external per­

turbations, the tuned (TUN) model generates non-stereotyped, complex 

spatio-temporal activity, as quantified by the perturbational complexity 

index; in spontaneous activity, it displays robust alpha-band oscillations, 

infra-slow rhythms, scale-free characteristics, greater spatio-temporal 

heterogeneity, and asymmetric functional connectivity.

We focus the tuning procedure essentially on the connectome global 

coupling 𝐺, the connectome conduction velocity 𝑐𝑣, the overall timescale 

factor 𝑡scale, and a subset of parameters in the equations governing 

the single-node dynamics. Refer to Section 2 for details about their 

definition, and to Suppl. Table A.2 for their values in both DEF and TUN 

configurations.

The relevance of properly tuning the global coupling 𝐺 (here in­

creased from 1 to 3) to induce complex, non-stereotyped dynamics in 

this model – resembling the experimentally observed dynamics – has 

been preliminarily demonstrated in [41], where the target is to match 

functional and structural connectivity, along the lines proposed by Deco 

et al. [27]. In the same study [41], the tuning of node parameters is 

instrumental in obtaining evoked responses comparable to TMS-EEG 

experiments, as also discussed hereafter. In addition, here we focus 

on reproducing the previously listed biological features relevant to the 

spontaneous resting-state activity, again acting on single-node equation 

parameters. Among them, concerning the expression of proper rhythms, 

we identify as essential parameters to be tuned the overall timescale fac­

tor 𝑡scale (moved from 1.0 to 0.6) and the conduction velocity 𝑐𝑣 (rescaled 

for coherence by the same amount as 𝑡scale; see Suppl. Table A.2).

In what follows, we quantitatively detail the different behavior of 

the two model configurations, highlighting the importance of accurately 

tuning the model parameters to move from a stereotyped simulation 

toward a more biologically plausible one.

3.1 . Characterizing spontaneous dynamics: divergent temporal and spectral 

patterns in tuned vs. default configurations

We start by examining the membrane potential traces recorded in 

the resting-state condition, shown for three representative nodes (picked 

from FUS, PREC, and RMF regions of the right hemisphere, respec­

tively; see Suppl. Table A.1) in TUN (Fig. 2(A)) and DEF (Fig. 2(C)) 

configurations; the corresponding amplitude distributions are shown in 

Fig. 2(B) and (D), respectively. Qualitatively, the TUN configuration ex­

hibits more diverse activity patterns, with some nodes also displaying 

bursting dynamics (e.g., middle trace in Fig. 2(A)).

To identify the events of our interest, i.e., changes in the neural activ­

ity, we analyze the Hilbert phase of the membrane potential and apply 

a threshold of −𝜋∕2, following the methodology outlined by Gutzen 

et al. [49] (see Section 2.5.1). Fig. 2(E) and (G) show the raster plots 

of upgoing events for the two configurations, whereas Fig. 2(F) and (H) 
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Fig. 2. Comparison of spontaneous dynamics in TUN and DEF configurations: time-domain and frequency-domain analyses. A) Voltage traces from three 

representative nodes from right-hemisphere FUS, PREC, and RMF regions (brown, red, and salmon lines, respectively) in the TUN configuration. B) The probability 

density functions of voltage distributions from nodes in A). C-D) Same as A) and B), respectively, for the DEF configuration. E) Rasterplots of upgoing transition 

events for each node (gray, top panel), alongside the cumulated number of detected events on the right and left hemisphere (orange and cyan, respectively, bottom 

panel), in the TUN configuration. Colored events in the upper panel are relative to the same sample traces shown in A). F) Histograms of the average event rate (red 

filled bars) across all nodes in TUN. G-H) Same as E) and F), respectively, for the DEF configuration. I) Average PSD of synaptic activity proxy across all regions in 

TUN, highlighting a peak frequency at 11.7Hz (black vertical dashed line). J) PSD of synaptic activity proxy of left LOCC (green line) and right LOCC (red line) in 

TUN, with a peak frequency at 11.7Hz. The synaptic activity was averaged over the nodes of right and left LOCC before computing the PSD. K) PSD of the cumulated 

event signals from both hemispheres (right hemisphere: orange line; left hemisphere: cyan line), showing a low-frequency content (∼ 0.01Hz) in TUN. The black 

dashed oblique line represents the spectral slope, obtained by fitting a line to the average PSD in log-log space, in the frequency range 0.01–7Hz. L-N) Same as I), 

J) and K), respectively, for the DEF configuration; notice the peak frequency at 21.6Hz, and the absence of both the low-frequency content and the 1∕𝑓  trend in the 

PSD of the default configuration.

illustrate the histograms of the average event rate across nodes (see 

Section 2.5.1); cyan and orange bars on the left side of the two raster­

grams identify nodes belonging to the two hemispheres (left and right, 

respectively). The same color coding is used in the bottom part of 

Fig. 2(E) and (G), where cyan and orange traces represent the cumulative 

event signal of each hemisphere (see Section 2.5.2). A clear distinction 

emerges in the distribution of the average event rate across nodes: TUN 

shows a more heterogeneous pattern, compared to DEF (mean and stan­

dard deviation across channels: 9.60 ± 7.41Hz for TUN, 18.56 ± 0.91Hz 

for DEF).

The synaptic activity proxy (see Section 2.5.2) is derived from the 

voltage traces to approximate post-synaptic currents and obtain synap­

tic activity profiles for each cortical region (exemplary traces shown in 

Fig. 1(B)-(C)). We compute both the average PSD across all cortical re­

gions (Fig. 2(I) for TUN, and Fig. 2(L) for DEF) and the PSD for specific 

regions of interest (Fig. 2(J) for TUN, and Fig. 2(M) for DEF) – here, 

the left and right lateral occipital cortex (LOCC; see Suppl. Table A.1). 

Additionally, to study the collective dynamics of the network, we com­

pute the PSD from the cumulative event signal of the two hemispheres 

(Fig. 2(K) for TUN, and Fig. 2(N) for DEF; see Section 2.5.2), derived 

from the raster plots of events. By construction of the configurations, 

DEF displays a dominant frequency peak at 21.6Hz, whereas TUN shows 

a peak in the alpha band at 11.7Hz. This shift is primarily driven by the 

change in the timescale parameter 𝑡scale with respect to the default set­

ting (from 1.0 to 0.6; see Suppl. Table A.2 and Section 2). Furthermore, 

TUN reveals a distinct peak at 0.01Hz in the PSD of the cumulative event 

signal – absent in DEF – highlighting infra-slow network fluctuations; 

in contrast to the dominant frequency, this effect cannot be readily at­

tributed to the tuning of a single parameter. Notably, a 1∕𝑓  trend is also 

observed in TUN, but is absent in DEF, suggesting scale-free dynamics 

in the former configuration only.

The spectral features of the TUN configuration, namely alpha-band 

power and 1∕𝑓  scaling, also show a closer correspondence to empirical 

EEG recordings obtained during resting state with eyes closed (Suppl. 

Fig. A.1), further supporting its biological plausibility.

Overall, these findings indicate that the TUN configuration supports 

a richer repertoire of dynamical activity across nodes, characterized by 

more heterogeneous average event rates, prominent infra-slow network 

fluctuations, and a scale-free 1∕𝑓  spectral profile – hallmarks of dynam­

ics closer to a critical regime [15,82].
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Fig. 3. Auto-correlation analysis and spatial distribution of periodicity in TUN and DEF. A-B) Auto-correlation functions of the spontaneous voltage signal from 

three representative nodes (same as in Fig. 2) for TUN (red palette) and DEF (blue palette). The largest peak at lag ≠ 0 is marked by coloured dots. C) Distribution 

of the latencies of the dominant auto-correlation peaks (lag > 0) across brain nodes, revealing a bimodal distribution in TUN (top), while DEF (bottom) exhibits a 

narrow distribution centered around 50ms. D) Relationship between signal periodicity and average event rate in TUN. Boxplots depict the average event rate for 

nodes grouped by short (<46ms) and long (> 46ms) auto-correlation peaks. The nodes exhibiting periodicity in the first mode (i.e., < 46ms) are 17% of the total. The 

vertical and horizontal black dashed lines on the histogram mark the median of the distributions. E) Same as D), but for DEF. Here nodes are considered all together, 

not split into subgroups according to their auto-lag peaks. F-G) Spatial distribution of peak latencies mapped onto brain nodes for TUN and DEF configurations. 

TUN displays structured clustering, with faster periodicities in medial-central regions and a gradient between frontal and posterior regions. DEF exhibits a more 

homogeneous distribution of periodicities across the brain.

3.2 . Signal periodicity analysis reveals spatially organized spectral features 

in the tuned configuration

To better understand the apparent mismatch in TUN between the 

heterogeneous event rates across nodes (Fig. 2(F)) and the spectral peak 

at ∼12Hz that dominates at the global scale (Fig. 2(I)-(K)), we turn to 

auto-correlation analysis of the spontaneous voltage activity to capture 

the degree of temporal regularity of oscillations at each node. We there­

fore compute the auto-correlation function for each node in both TUN 

and DEF configurations.

These functions are illustrated in Fig. 3(A) and (B) for three different 

nodes (the same as in Fig. 2, from right FUS, PREC, and RMF regions). 

By examining the largest auto-correlation peak at lag ≠ 0, we observe a 

median periodicity of 80ms (12.5Hz) in TUN and 47ms (21.3Hz) in DEF. 

This periodicity aligns with the PSD results in Fig. 2(I) and (L), where a 

peak around 12Hz is observed for TUN, and around 22Hz for DEF.

We therefore hypothesize that the median periodicity of 80ms and 

47ms observed in TUN and DEF, respectively, is driven by the temporal 

arrangement of events in the two configurations. Supporting this hypoth­

esis, the node-averaged PSD of the events (see Suppl. Fig. A.2) reveals 

peaks at approximately 12Hz in TUN and 22Hz in DEF. We interpret 

this as a signature of the network periodicity (as also suggested by the 

PSD of the hemispheric signal in Fig. 2(K) and (N), which we suggest is 

predictably influenced by global model parameters, such as conduction 

velocity 𝑐𝑣 and global coupling 𝐺, as detailed in Suppl. Fig. A.3.

In addition to differences in the median peak, TUN also exhibits 

shorter peak latencies of approximately 11ms, as shown for a node of 

the right PREC region in Fig. 3(A) (red line and purple circles).

The distribution across nodes of the latencies of the dominant auto-

correlogram peaks (Fig. 3(C), with lag > 0) highlights a clear difference 

between the TUN (Fig. 3(C), top panel) and the DEF (Fig. 3(C), bottom 

panel) configurations. In DEF the distribution is centered around 50ms 

(median = 47ms) with low variability (SD = 2.15ms), while in TUN a 

bimodal distribution emerges, with a larger standard deviation (SD = 

26.48ms) driven by the presence of two distinct modes centered around 

11ms and 81ms. The underlying cause of this bimodality is the relative 

difference in the strength of the ∼80ms and ∼11ms auto-correlogram 

peaks, varying node by node.

Since the auto-lag at ∼80ms is mainly driven by the model events, we 

hypothesize that nodes expressing a higher strength of ∼11ms peaks are 

those with a low average event rate (i.e., lower number of events), re­

flecting sub-threshold activity typical of nodes with irregular and bursty 

dynamics. An example is shown in the middle trace of Fig. 2(A), corre­

sponding to the node in the right PREC region with a peak at 11ms in 

Fig. 3(A).

To test this, the two modes in the TUN auto-lag peak distribution are 

split considering the minimum of its Kernel Density Estimate function 

(found at 46ms); this allows separation of the nodes into two groups, 

depending on the dominant peak in the auto-correlogram. Relating the 

nodes of either group to their average event rate (Fig. 3(D)), we ob­

serve that the average event rate in TUN is lower for nodes in the group 

with short lags (median=1.38Hz; mean=1.92Hz; SD=1.93Hz) than for 

nodes in the group with long lags (median=9.00Hz; mean=8.66Hz; 

SD=3.35Hz). We repeat the same analysis for DEF in Fig. 3(E): the 

unimodality of DEF in the distribution of the latency is reflected by 

an analogous unimodality in the distribution of the average event rate 

(median=18.78Hz; mean=18.56Hz; SD=0.91Hz). In summary, we in­

terpret these findings such that the broad distribution of events and 

auto-lag peaks in the TUN configuration (vertical and horizontal his­

tograms in Fig. 3(D), respectively) is due to a superposition of regular 

alpha-band activity and a component at 11ms, driven by the irregu­

lar, bursting activity of nodes exhibiting more sub-threshold dynamics 

(i.e., a lower number of events). In comparison, the DEF configu­

ration shows a stereotyped beta oscillation that dominates the lags

(Fig. 3(E)).

To visualize the spatial organization of these differences, we map 

the peak latencies onto a brain map (Fig. 3(F) and (G)), finding that 

TUN exhibits a more spatially organized clustering structure compared 
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to DEF. Indeed, in TUN (Fig. 3(F)) nodes with peak latencies around 

11ms are clustered within central-parietal areas. Additionally, consider­

ing the second mode after 46ms, shorter peak latencies (corresponding 

to faster oscillations in the auto-correlation trace) are observed in 

frontal compared to posterior regions (Fig. 3(F)), an emergent feature of 

the model configuration that trends toward experimental findings [10,

37,85]. Conversely, DEF displays a homogeneous spatial distribution, 

corresponding to more stereotypical simulated dynamics (Fig. 3(G)).

Together, these results demonstrate that the tuned configuration 

generates richer spatio-temporal dynamics characterized by i) a non-

trivial spatial organization of the rhythms (with both frontal-posterior 

latency gradients and distinct central-parietal clusters showing shorter 

latencies and reduced average event rates), and ii) an enhanced 

overall heterogeneity – all contrasting sharply with the homoge­

neous, stereotyped activity patterns in the default configuration of the

model.

3.3 . Spatio-temporal irregularity and scale-free dynamics in the tuned 

configuration

The results presented in Fig. 3 demonstrate that the TUN configu­

ration exhibits spectral heterogeneity which is reflected in a distinctive 

spatial topography of auto-correlation peak latencies. To explore how 

this heterogeneity manifests in the temporal domain, we next com­

pute the coefficient of variation of the inter-event-time (CVIET; see 

Section 2.5.1) across nodes. Fig. 4(A) and (B) show the distribution 

of CVIET for TUN and DEF, respectively, while Fig. 4(C) and (D) map 

these values onto the brain. Once again, we observe a more pronounced 

heterogeneity in TUN, which is also reflected in a non-trivial spatial or­

ganization, in contrast to DEF. Specifically, TUN exhibits more irregular 

(i.e., higher CVIET overall, particularly in central-parietal areas) and spa­

tially heterogeneous events, while DEF shows more regular (i.e., lower 

CVIET) and spatially homogeneous event patterns.

Building on this observation of irregularity and heterogeneity in 

event timing, a complementary and related aspect to consider is the 

temporal fluctuation of the neural signals themselves. To examine these 

dynamics more closely, we perform a time-frequency decomposition us­

ing Morlet wavelet convolution to extract the power time-course within 

the frequency band associated with events, specifically, the 8–12Hz 

range for TUN and the 18–22Hz range for DEF, corresponding to the 

respective dominant frequencies in their PSDs. The power time-courses 

(see Section 2.5.3) of a representative node in TUN and DEF are reported 

in Suppl. Fig. A.4(A). To quantify power fluctuations over time, we 

compute their coefficient of variation (CVpower) across nodes (Fig. 4(E) 

and (F)) and map it onto brain maps (Fig. 4(G) and (H)). Also in this case, 

power exhibits a high temporal and spatial regularity for the DEF config­

uration, resulting in a more homogeneous brain map with low and quite 

concentrated CVpower values. Conversely, we observe a heterogeneous 

distribution for TUN, with central areas displaying high CVpower values, 

indicative of pronounced power fluctuations. Interestingly, the average 

PSD across nodes of the power time-courses for TUN reveals significant 

1∕𝑓  scaling and infra-slow fluctuations (Suppl. Fig. A.4(B)) – mirroring 

the 0.01Hz components observed in the network-level PSD (Fig. 2(K)). 

This pattern of fluctuations in the TUN configuration also aligns with 

empirical EEG recordings: the PSD of the alpha power time-course in 

real EEG data shows a comparable 1∕𝑓  scaling (Suppl. Fig. A.4(B)), and 

the distribution of CVpower across channels is more consistent with the 

TUN configuration than with DEF (Suppl. Fig. A.4(C)).

The dual manifestation of infra-slow rhythms across both nodal 

power time-courses and network-level activity suggests a scale-free 

spatio-temporal organization, where infra-slow fluctuations coherently 

modulate the dominant alpha-band dynamics in TUN. In stark contrast, 

DEF exhibits a flat PSD profile for power time-courses, consistent with 

uncorrelated (white-noise-like) dynamics. Together with the 1∕𝑓  scaling 

(Fig. 2(K)), these findings suggest that TUN may operate near a criti­

cal regime. To test this hypothesis, we perform Detrended Fluctuation 

Analysis (DFA) (see Section 2.5.3 for details) on the 8–12Hz (18–22Hz 

for DEF) amplitude envelope. DFA exponents in TUN (Fig. 4(I)) span 

a broad range (exponent ≈ 0.5–1.2; IQR = 0.6–0.93), encompassing 

uncorrelated signals (≈0.5), weak to strong long-range temporal corre­

lations (≈ 0.6–1.0), and persistent trends (> 1.0). This heterogeneity 

suggests distinct dynamical sub-populations with a specific spatial dis­

tribution (Fig. 4(K)): approximately 30% of nodes fall within the range 

0.8–1.0, often associated with near-critical or critical dynamics and also 

in line with empirical values observed in EEG data (Suppl. Fig. A.4(D)), 

while others exhibit either noise-like (≈0.5; ∼16% of nodes) or more per­

sistent (> 1.0; ∼17% of nodes) behavior. In contrast, DEF consistently 

shows noise-dominated dynamics (exponent ∼ 0.5–0.6) across all nodes 

(Fig. 4(J) and (L)).

3.4 . Emergent complex and asymmetric interactions in the tuned 

configuration

Up to this point, we have analyzed the dynamics of individual nodes, 

without examining their mutual interactions. To this specific aim, by 

leveraging cross-correlation functions one can derive two key metrics: 

the functional connectivity (FC) and the functional lag (FL) between 

each pair of nodes (see Section 2.5.4 for details). This procedure is il­

lustrated in Fig. 5(A), where, for a given pair of nodes 𝑖 and 𝑗, the 

cross-correlation between their time series is computed at different time 

lags.

The distributions of FC and FL values across all node pairs are re­

ported in Fig. 5(B) and (C). Coherently with what has been seen so far, 

TUN exhibits higher and more dispersed FC values than DEF, reflecting 

stronger and richer interactions.

It has been suggested [105] that the richness of FC values can serve 

as an index of functional complexity (see Section 2.5.5), where the coex­

istence of high and low FC values supports a balance between functional 

integration (high FC values) and functional segregation (low FC values). 

We quantify this complexity during spontaneous activity, confirming 

that TUN exhibits higher functional complexity compared to DEF (inset 

of Fig. 5(C)).

The Functional Lag (FL) (absolute values) and the Functional 

Connectivity(FC) matrices are displayed in Fig. 5(D)–(E) and (G)–(H), 

respectively, alongside the corresponding asymmetry values in Fig. 5(F) 

and (I), derived from FCasym (see Suppl. Fig. A.5) and FLasym (see 

Section 2.5.4 for further details). Notably, FC shows a greater asymme­

try in TUN, compared to the DEF configuration (IQR = 0.01 for TUN; 

IQR = 0.006 for DEF), highlighting a prominent emergence of direc­

tional interactions in the tuned configuration. This reflects an emergent 

network phenomenon, because TUN differs from DEF in single-node 

equation parameters, global coupling and global conduction velocity, 

without modifying the relative connection strengths and the time delays 

of the underlying connectome.

In Fig. 5(J) and (K), we then quantify the asymmetry score A for 

each brain node in TUN and DEF, respectively: starting from FCasym, we 

marginalize its values along each row to obtain a single asymmetry score 

per node (see Section 2.5.4 for details). Positive values indicate nodes 

that predominantly exert influence on others (“leading” or “parent” 

nodes), while negative values denote nodes that are primarily influenced 

by others (“following” or “child” nodes). First, we observe differences 

between the left and the right hemisphere, with the right hemisphere 

expressing more “leading” nodes. Then, mapping the asymmetry scores 

of the nodes to brain regions and sorting them (see Suppl. Fig. A.6), 

we find that the posterior cingulate cortex (PC) has the highest positive 

asymmetry value in both the left and right hemispheres for the TUN con­

figuration. This result aligns with experimental literature showing that 

the PC region is a primary driver of the spontaneous brain activity [17]. 

Suppl. Fig. A.6 further highlights the differences between the left and 

the right hemisphere, already illustrated in Fig. 5(J). Once again, DEF 

shows a more homogeneous behavior, with very little asymmetry values 

across the whole brain.
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Fig. 4. Temporal and spatial variability of signal fluctuations in TUN and DEF. Signal processing steps are illustrated in the leftmost panels of each row: 

Top: Example traces show voltage fluctuations and inter-event-time (IET) used to calculate the CVIET. Middle: Example power time courses used to compute the 

CVpower, with shaded regions indicating mean ± standard deviation. Bottom: Example amplitude envelope traces used to estimate the DFA exponent across nodes.

A-B) Histograms showing the coefficient of variation of inter-event-time (CVIET) across nodes for TUN and DEF configurations. C-D) Spatial distribution of the CVIET

mapped onto brain nodes for TUN and DEF configurations. E-F) Histograms showing the coefficient of variation of the power time-courses (CVpower) across nodes, 

computed via Morlet wavelet convolution for TUN and DEF configurations. Power was obtained by summing within the 8–12Hz range for TUN and the 18–22Hz 

range for DEF. G-H) Brain maps displaying the spatial distribution of CVpower in TUN and DEF configurations. I-J) Histograms showing the DFA exponent computed 

for each node on the amplitude envelope in the 8–12Hz range for TUN and the 18–22Hz range for DEF. K-L) Brain maps displaying the spatial distribution of DFA 

exponents for TUN and DEF configurations.

In Fig. 5(L), eventually, we examine the relationship between the 

asymmetry score and power fluctuations, measured by CVpower. Notably, 

we find a significant positive correlation (𝑟 = 0.51, 𝑝 = 10−66), indicating 

that nodes with greater power variability tend to have stronger leading 

roles for the TUN configuration. In contrast, the same analysis for DEF 

reveals a non-significant relationship (𝑟 = 0.009, 𝑝 = 0.77) (see Suppl. 

Fig. A.7).

3.5 . Evoked responses reveal higher spatiotemporal complexity in the tuned 

configuration

To assess the model capacity to sustain complex stimulus-evoked dy­

namics, we apply 200 independent brief (2ms) perturbations to the right 

superior parietal (rSP) nodes in both TUN and DEF configurations. The 

resulting evoked activity reveals striking differences between the two: in 

the TUN configuration, the average post-stimulus voltage exhibits richer 

and less stereotyped dynamics (Fig. 6(A)), compared to the more uni­

form and rapidly decaying responses observed in the DEF configuration 

(Fig. 6(B)).

To characterize the spatio-temporal profile of the evoked activity, 

we derive a binary spatio-temporal matrix of significant activations (see 

Section 2.5.5 for details). In TUN, the evoked activity is sustained over 

a broader temporal and spatial window (Fig. 6(C)), whereas in DEF 

it remains spatio-temporally confined to the immediate post-stimulus 

period and to the surroundings of the perturbed region (Fig. 6(D)). 

The prolonged perturbation effects in the TUN configuration cannot be 

explained solely by the reduction of the timescale parameter: while 𝑡scale

decreases by less than half (from 1.0 to 0.6) compared to DEF, perturba­

tions in TUN persist nearly 2.5 times longer. The broader spatial extent 

of the TUN response becomes especially evident when the number of 

significant activations is reported onto the brain maps, suggesting that 

in TUN the stimulus propagates far from the stimulation site, recruiting 

distant regions of the network (Fig. 6(E)). In contrast, the DEF response 

remains tightly localized around the stimulation site (Fig. 6(F)).

To further explore the spread and heterogeneity of the evoked activ­

ity, we compute the post-stimulus broadband power (see Section 2.5.3) 

in three equal-sized node subsets: the directly stimulated nodes; a set of 

spatially nearby but non-stimulated nodes within the same hemisphere; 

and the most distant nodes connected to the stimulation site, as deter­

mined by structural connectivity (i.e., tract lengths). In all three subsets, 

the TUN configuration exhibits higher power overall, as well as greater 

variability in its temporal dynamics compared to the DEF configuration 

(Fig. 6(G) vs (H)).

Finally, we quantify the overall complexity of the evoked spa­

tiotemporal patterns using the perturbational complexity index (PCI; see 

Section 2.5.5). TUN reaches PCI = 0.54, a substantially higher value 

with respect to PCI = 0.39 observed for DEF, confirming its ability to 

sustain richer, more spatially distributed and temporally diverse pat­

terns of activity in response to brief perturbations. Notwithstanding an 

absolute comparison with PCI values from the literature is not reliable, 

due to strong dependencies on the experimental protocols for the EEG 
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Fig. 5. Functional connectivity, functional lags, and asymmetry in TUN and DEF configurations. A) Illustration of the cross-correlation function applied to 

investigate pairwise interactions between nodes. The correlation between the time series of nodes 𝑖 and 𝑗 is computed at various time lags. Negative lags indicate a 

directional relation from 𝑖 to 𝑗, while positive lags indicate the other way round. The functional connectivity (FC) is defined as the height of the maximum correlation 

peak, with the corresponding lag being the functional lag (FL). B) Distributions of functional lag values across all (ordered) node pairs for the two configurations.

C) Distributions of functional connectivity values across all (ordered) node pairs. TUN exhibits a broader FC distribution compared to DEF, indicating stronger 

and richer interactions. The inset shows the value of functional complexity. D-E) FL matrices (absolute values for the entries) for TUN and DEF configurations. F)

Distributions of asymmetry values in FL matrices, derived from FLasym. G-H) FC matrices for TUN and DEF configurations. I) Distributions of asymmetry values 

in FC matrices, derived from FCasym. J-K) Nodal asymmetry scores A derived from FC for TUN and DEF configurations. L) Linear regression (𝑟 = 0.51, 𝑝 = 10−66) 
between nodal asymmetry scores A and CVpower in TUN. Each point represents a brain node.

recording and on the inverse model employed, the relative difference 

between the two PCI values found here is consistent with experimentally 

observed ones in healthy control individuals and subjects with reduced 

levels of consciousness (either responsive or not) (see, e.g.,[13]).

4 . Discussion

This study is grounded on two fundamental questions: i) How can 

a brain network model be tuned to simultaneously reproduce key char­

acteristics of both spontaneous and externally evoked neural activity? 

ii) How can we systematically evaluate the model consistency with 

expectations from biology and ultimately with empirical data? This 

work contributes to answering these questions by defining physiolog­

ically relevant metrics that are useful in guiding the exploration and the 

initial tuning of model parameters, thus setting up a convenient start­

ing point for the calibration process. The approach is iterative, where 

discrepancies between features exhibited by the model and biological 

datasets provide valuable feedback that helps refine the model parame­

ters and improve its accuracy in reproducing the neural dynamics. These 

metrics could be applied equally to synthetic and experimentally ob­

tained data to yield directly comparable results, thereby strengthening 
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Fig. 6. Stimulus-evoked activity in TUN and DEF configurations. A-B) 200 independent 2ms perturbations (i.e., 200 trials) were applied to the right superior 

parietal nodes (rSP) of the brain model, for both TUN and DEF configurations, to assess the spatio-temporal complexity of the evoked activity. Voltage traces averaged 

across trials in TUN (A, red) and DEF (B, blue) are here reported for each of the 998 nodes. C-D) Binary spatio-temporal matrices of significant activations across 

nodes (y-axis) and time (x-axis), showing more sustained and spatially distributed activity in TUN (C) relative to DEF (D), where activations are sparse and temporally 

constrained. E-F) Brain maps showing the spatial distribution of significant activations (sum over 10–500ms post-stimulus) across nodes. The smaller brain on top of 

the colorbar illustrates the stimulated nodes located on the rSP cortex. In TUN (E), the stimulus spreads across distant cortical areas, while in DEF (F), the activity 

remains localized around the stimulation site. G-H) Post-stimulus broadband power (dB) averaged across three equal-sized node subsets (27 nodes): directly stimulated 

nodes (top), nearby connected but non-stimulated nodes (middle), and distant connected nodes (bottom). Insets indicate node locations. TUN (G) displays higher 

power and greater temporal variability than DEF (H), where responses are weaker and more stereotyped.

the robustness of the model and exploring the boundaries of its ap­

plicability. Additionally, to enhance the reproducibility and facilitate 

cross-study comparisons, these metrics should be accessible to the 

broader neuroscience community and generalizable to accommodate 

diverse experimental contexts.

To achieve this, we leverage TVB, a versatile software framework 

that enables the simulation of large-scale brain network models. In 

this study, we use TVB to simulate whole-brain dynamics in both 

spontaneous and evoked conditions, exploring how different parameter 

configurations of the same model shape the emergent neural activity. 

However, extracting meaningful insights from these simulations and 

quantitatively comparing them to empirical findings requires dedicated 

tools for their processing and analysis, and then back to the model for its 

calibration. Here, we use Cobrawap to process the TVB simulation out­

put for tuning model parameters, aiming at matching expectations from 

empirical neurophysiological patterns. This approach enables meaning­

ful comparisons between the default TVB configuration of the model and 

its tuned counterpart. Cobrawap capabilities for monitoring, analyzing, 

and visualizing dynamic variables are instrumental in ensuring that the 

eventually selected network model configuration captures both spon­

taneous and evoked brain activity. Finally, this approach proves to be 

essential not only for guiding the tuning process, but also for revealing 

significant differences in the inner dynamics of the two model config­

urations, thus allowing for a deeper understanding of the model itself. 

Notably, both TVB and Cobrawap are delivered to the EBRAINS commu­

nity as tools of the EBRAINS Software Distribution (ESD) [29]. Therefore, 

representing a showcase of their integration, this work is also a proof of 

concept toward the construction of integrated workflows in EBRAINS.

In the following, we summarize the main outcomes obtained in this 

work, and we arrive at conclusions complementing their interpretation 

with findings and results from the literature. First, tuning is performed 

such that an alpha-band peak can be observed, consistent with em­

pirical evidence highlighting the prominence of alpha rhythms during 

resting-state brain activity [63]. This effect results from tuning the global 

timescale of the model dynamics, while at variance alpha oscillations are 

absent in the default model.

Second, the tuning also significantly influences both the spectral and 

spatial organization of brain activity. The analysis of the temporal fluc­

tuation of transition events from the baseline to a higher activity regime 

and power spectral content reveals a clear spatial organization in the 

tuned configuration, characterized by marked heterogeneity – a fea­

ture consistent with more realistic brain dynamics [106]. In contrast, 

the default configuration exhibits more homogeneous and stereotyped 

dynamics, with reduced spatio-temporal variability in both events and 

power. Notably, these differences stem from the tuning of the model 

equation parameters, the global coupling strength, and the conduc­

tion velocity (as both configurations are based on the same underlying 

connectome, i.e., structural connectivity: relative weights of synaptic 

connections are not changed).

Mapping the auto-correlation peak latencies onto the brain re­

gions further highlights the non-trivial spatial organization of the 

tuned model, where faster periodicities are observed in frontal regions, 

whereas slower oscillations are present in posterior regions. This spatio-

temporal gradient is consistent with experimental observations [10,37,

85]. Interestingly, centro-parietal regions exhibit auto-correlation peak 

latencies shorter than the median periodicity of other cortical regions, 

thus forming a distinct cluster of cortical nodes. These populations also 

display lower average event rates, indicating fewer periods of neural 

mass synchronization. This pattern corresponds to more differentiated 

and fluctuating dynamics, as reflected by the increased variability in 

their power time-course.
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Furthermore, our study examines the communication between nodes 

using cross-correlation functions. We extract two relevant metrics to an­

alyze nodal interactions: functional connectivity (FC) and functional lag 

(FL). Our analysis reveals that the tuned configuration of the model 

exhibits a wider distribution of functional connectivity (FC) values com­

pared to the default one, suggesting a greater diversity of interactions 

in the former. This reflects a characteristic of complex brain dynamics, 

that maintains a balance between integration and segregation across the 

network [105,107].

The emergence of a greater FC asymmetry in the tuned configu­

ration is another key finding. We find more directional interactions 

in the tuned model with respect to the default behavior, underscor­

ing the effect of parameter tuning in promoting asymmetric network 

dynamics. In turn, this could indicate the presence of emergent net­

work motifs that are crucial for sustaining complex neuronal patterns 

[17,77]. Notably, centro-parietal regions with higher asymmetry scores 

also exhibit greater power fluctuations, as reflected by a significant 

correlation between asymmetry scores and the CVpower. This finding sug­

gests that nodes with stronger leading roles in the network exhibit more 

variable neural activity, potentially enhancing their ability to coordi­

nate information propagation, thus acting as hubs. Such variability may 

drive neuronal cascades – transient bursts of activity that could shape 

communication across large-scale brain networks [35,83]. Notably, this 

asymmetry is particularly pronounced in the posterior cingulate cortex, 

consistent with previous experimental evidence [17].

Also, we observe the emergence of infra-slow rhythms (∼0.01Hz) 

in the tuned configuration, well-documented in experiments [48,81]. A 

particularly interesting question arising from these findings is whether 

the observed spatial heterogeneity in terms of temporal variability in­

fluences these infra-slow fluctuations. Specifically, it remains unclear 

whether centro-parietal regions, already identified as potential hubs be­

cause of their high temporal variability and stronger leading role, act as 

“orchestrators” of these network infra-slow rhythms, or whether they act 

as “gates” that facilitate the propagation of fronto-posterior (or postero-

frontal) waves across the network. This question, which we intend to 

explore in future research, offers a promising direction for investigating 

how specific regions interact with infra-slow dynamics and contribute 

to the reconfiguration of brain states within large-scale networks [83].

Crucially, the results on spontaneous activity are also accompanied 

by evidence that properly tuning the model parameters can generate 

complex, stimulus-evoked dynamics. In line with empirical studies of 

brain activity [12,89], we find that the model is able to sustain complex 

spatio-temporal patterns of activation in response to external pertur­

bations, quantified with the PCI. Notably, in this work we reduce the 

stimulus duration from 5ms to 2ms – compared to the protocol used 

in [41] – to better match experimental conditions, including both intra- 

and extra-cranial stimulations [20]. Despite the shorter stimulus, the 

model still exhibits a realistic complex response, further corroborat­

ing its ability to capture essential features of neural dynamics beyond 

spontaneous fluctuations.

A theoretical framework able to integrate our results on sponta­

neous and evoked dynamics is provided by criticality – a dynamical 

regime emerging near phase transitions, where systems exhibit a unique 

balance between ordered and disordered activity [3,15,80]. In this 

regime, scale-free properties naturally arise, collectively maximizing in­

formation capacity [91]: 1∕𝑓  spectral scaling [54], long-range temporal 

correlations [21,69], infra-slow fluctuations [81,82], and heightened 

sensitivity to external perturbations [80]. In the tuned configuration, 

such signatures emerge naturally in both spontaneous and evoked ac­

tivity. In particular, the heightened sensitivity of TUN to brief external 

stimuli – manifested as prolonged and complex responses, with longer 

relaxation timescales – resembles the amplified perturbation effects typ­

ical of the critical slowing down phenomenon [76]. In addition, the 

richness of spatio-temporal patterns measured with PCI suggests a more 

efficient signal propagation through the network. Together with empiri­

cal links between PCI and criticality [74], these results seem to indicate 

that parameter tuning shifts the model toward a critical-like regime, 

closer to the dynamical richness of biological systems.

4.1 . Limitations and perspective

Our study showcases how to tune models to capture macroscopic fea­

tures of brain dynamics, however it is important to acknowledge some 

limitations. First, we focus on reproducing large-scale characteristics of 

neural activity as resulting from the corpus of experimental evidence. 

As a proof of concept of the comparability with experimental data, we 

propose a close comparison between simulated and empirical features 

in Suppl. Fig. A.8, which also demonstrates the generalizability of our 

approach to other connectomes (specifically, a 74-node connectome). 

Further steps toward an accurate calibration between TVB outputs and 

extra-cortical recordings (like hd-EEG) would require refined forward 

models [46]. Nevertheless, our approach lays the foundation for such 

quantitative calibration by adopting metrics that have proved effec­

tive in assessing experimental features in the Cobrawap framework 

[11,14,22,49].

Secondly, the Larter-Breakspear model has been designed for repro­

ducing the dynamics of cortical columns and does not include detailed 

contributions from subcortical inputs, which conversely are known to 

play a fundamental role in orchestrating brain rhythms and propagat­

ing neural activity. Some recent works [e.g.,71] tackle this task with 

TVB-based simulations, offering indications for incorporating some ad­

vances in the Larter-Breakspear framework. Nevertheless, even if the 

TVB simulation engine leverages simplified representations of cortical 

dynamics as neural mass models that describe synchronization processes 

at a population level, this abstraction still enables the study of several 

physiological and pathological conditions. Indeed, neural mechanisms 

relevant to brain diseases can be modeled even just by acting on eas­

ily interpretable global parameters, such as the conduction speed or the 

global coupling [1,25,33,64,93], once more evidencing the importance 

of an accurate tuning.

Additionally, TVB simulations can serve as the basis for surgical and 

clinical treatments, such as epilepsy: see the experience of EPINOV, 

the world’s first clinical trial on predictive brain modeling in epilepsy 

surgery [61]. Again, careful parameter tuning – including personaliza­

tion, toward a digital twin approach [73,100] – is crucial for achieving 

reliable and effective results.

The Larter-Breakspear model employed here has been extensively 

used for simulating fMRI BOLD signals [2,31,57,59,84]. Neural mass 

activity can be converted into BOLD signals using the nonlinear Balloon-

Windkessel hemodynamic model, which translates neuronal dynamics 

into blood-oxygen-level-dependent responses [40]. This model is readily 

available as a built-in monitor in the TVB platform [88], and its integra­

tion into our modeling framework is straightforward, as demonstrated 

by Gaglioti et al. [41]. Therefore, extending our current framework to 

simulate fMRI data is an easily implementable step in future work, en­

abling direct validation against empirical resting-state fMRI recordings 

and opening new avenues for clinical applications and brain-computer 

interface development [92].

Finally, our analysis primarily focuses on a stationary characteriza­

tion of the model dynamics, identifying fixed patterns of spontaneous ac­

tivity. However, the brain does not operate in a steady state – it exhibits 

transient dynamics, shifting between different functional configurations 

over time. Future studies will aim to extend this work by exploring the 

temporal evolution of network states, classifying these transient states, 

and ultimately comparing them with empirical data. This will further 

improve model calibration and help refine our understanding of how 

large-scale neural networks reconfigure over time.

4.2 . Conclusion

In summary, this study demonstrates the importance of parameter 

tuning in capturing the full complexity of spontaneous and evoked brain 

dynamics. The use of Cobrawap is instrumental in refining the model 
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and ensuring its consistency with empirical expectations, allowing us 

to reproduce key brain activity features such as alpha-band oscilla­

tions, infra-slow rhythms, spatio-temporal heterogeneity in network 

activity and complex evoked responses. The independently developed 

metrics, applicable to any simulation engine, enable a more systematic 

approach that creates opportunities for iterative automatic data-driven 

refinement of model parameters through tools like the Learning-to-

Learn (L2L) framework [101]. Our findings establish a proof of concept 

for a structured methodology that bridges computational simulations 

and experimental data in humans. This paves the way for quantitative 

calibration and validation of accurate, interpretable, reliable and per­

sonalized models of whole-brain dynamics, in both healthy and diseased 

conditions.

Appendix A . Supplementary material

Supplementary data for this article can be found online at doi:10.

1016/j.neucom.2026.132735. 
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