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Abstract 

Whole-brain models are valuable tools for understanding brain dynamics in health and 

disease by enabling the testing of causal mechanisms and identification of therapeutic 

targets through dynamic simulations. Among these models, biophysically inspired neu-

ral mass models have been widely used to simulate electrophysiological recordings, 

such as MEG and EEG. However, traditional models face limitations, including sus-

ceptibility to over-saturation of the sigmoid function by model hyperexcitability, which 

constrains their ability to capture the full richness of neural dynamics. Here, we thor-

oughly characterize a previously introduced multi-frequency Jansen-Rit neural mass 

model with inhibitory synaptic plasticity (ISP) aimed at overcoming these limitations. 

The ISP adjusts inhibitory feedback onto pyramidal neurons to clamp their firing rates 

around a target value. This mechanism allows for fine control of neuronal firing rates, 

preventing over-saturation in whole-brain simulations. In this model, we analyzed 

how different model parameters modulate oscillatory frequency and connectivity. As a 

demonstration, we considered simultaneously fitting EEG and fMRI recordings during 

NREM sleep. Bifurcation analysis showed that ISP widened the range of parameters 

in which the model exhibited sustained oscillations; the target firing rate can modulate 

oscillatory dynamics, producing different oscillatory regimes, from slower (δ, θ and 

α) to faster (β and γ) oscillations. High-frequency activity emerged from low global 
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coupling, high firing rates, and a high proportion of γ versus α subpopulations. The 

ISP was necessary in the multi-frequency model to successfully fit EEG functional 

connectivity across frequency bands. Finally, ISP-controlled reductions in excitability 

reproduced both the slow-wave activity and the reduced connectivity in NREM sleep. 

Altogether, our model is compatible with biological evidence of the effects of excitabil-

ity on modulating brain rhythms and connectivity, as observed in sleep, neurodegen-

eration, and chemical neuromodulation. This biophysical model with ISP provides a 

springboard for realistic brain simulations in health and disease.

Author summary

Macroscale brain activity can be captured using techniques like EEG and fMRI. 
However, the granular or more detailed activity of neurons and localized neural 
masses is inaccessible. A solution is the use of whole-brain models, as they can 
simulate EEG and fMRI recordings from mathematical equations and can be fit 
to empirical data. One limitation in these models is hyperexcitability (over- 
saturation, or runaway excitation). When the coupling between brain areas  
increases, they might become aberrantly hyperexcitable if no compensatory 
mechanisms are considered. To address this, our framework includes a mech-
anism that dynamically modifies feedback inhibition to compensate for this 
excitability increase during simulations. Here, we systematically characterize 
and validate a previously introduced model with inhibitory synaptic plasticity, a 
mechanism that can directly control brain excitability and keep it stable in brain 
simulations. We ran different types of simulations and analyses to fully charac-
terize the model. We observed that controlling system excitability is necessary to 
fully capture EEG connectivity and to simultaneously reproduce the EEG power 
spectrum and fMRI connectivity. Moreover, we showed that reduced/increased 
brain excitability is associated with the emergence of the slow/fast EEG rhythms. 
The model can be used to characterize how connectivity and brain dynamics are 
altered in different types of conditions, such as chemical neuromodulation, drug 
delivery, altered states of consciousness, and neurodegenerative disorders. Our 
model is open access, well-documented, and accompanied by tutorials to make 
it accessible to the whole neuroscience community.

1.  Introduction

Understanding the biophysical mechanisms that give rise to large-scale brain dynam-
ics remains a central topic in neuroscience [1,2]. Generative models of brain activity 
offer a principled approach to bridge empirical observations and underlying mech-
anisms [3–5]. These models are mathematical tools used to simulate neural popu-
lation dynamics and are constrained by anatomical and neurophysiological priors. 
These models are particularly useful in capturing macro-scale patterns observed in 

distribution, and reproduction in any medium, 
provided the original author and source are 
credited.
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functional magnetic resonance imaging (fMRI) and electroencephalography (EEG) 
[2,6–8]. A key challenge, however, lies in setting these models to reflect biologically 
plausible excitation/inhibition (E/I) balance, especially in whole-brain simulations 
where runaway excitation (hereafter ‘hyperexcitability’ or over-saturation) can dislo-
cate realistic network behavior [6,9,10]. This over-saturation, caused by excessive 
excitatory inputs to neuronal populations, can saturate the model input-output func-
tion, disrupting oscillatory activity in biophysical models. Here, we study and validate 
a previously introduced multi-frequency whole-brain model [7,11], from the Jansen-Rit 
equations [12,13], with an inhibitory synaptic plasticity (ISP) mechanism [7,9,10]. We 
characterize its dynamical repertoire, parameter dependence, and empirical fitting 
properties. Our approach allows simultaneous fitting of EEG and fMRI empirical data, 
providing a mechanistic account of neurophysiological changes during different brain 
states, e.g., wakefulness and NREM sleep.

Whole-brain models simulate the interactions of distributed brain regions and 
are commonly employed to explore how anatomical connectivity, neuromodulation, 
and local dynamics shape brain activity [2,3,5,14]. These models vary in their level 
of abstraction; they range from pure abstract phenomenological models [15–17], to 
biophysically grounded models that aim to reproduce underlying neural principles 
[6,18–20]. The latter can be used to propose biophysical mechanisms in healthy and 
pathological brain dynamics [3,7,8,21–24], making them a particularly valuable tool 
in translational neuroscience. When constrained by empirical data, these models 
facilitate the identification of biomarkers, and provide a framework for evaluating the 
potential effects of neuromodulation or pharmacological interventions in silico [25,26]. 
Biophysical models can also serve as testbeds for perturbational strategies aimed at 
restoring pathological brain dynamics [27].

Classical neural mass models, such as the Wilson-Cowan or Jansen-Rit, remain 
some of the workhorses for simulating large-scale brain dynamics, in the form of 
whole-brain models [5]. These models undergo bifurcations, such as Hopf bifurca-
tions [28,29], beyond which node dynamics converge to stable fixed points and cease 
to oscillate. This transition disrupts coherent oscillations and prevents the emergence 
of globally correlated network activity. Both the classical Jansen-Rit model [12], as 
well as multi-frequency extensions [30], can enter hyperexcitable or over-saturated 
regimes in whole-brain simulations. Here, we use the term “model hyperexcitability” 
to refer to this behavior: when the bifurcation occurs with respect to an external input 
parameter, or specifically, when it causes the over-saturation of the input-output func-
tion of the neural mass models. This model hyperexcitability is particularly observed 
in large-scale networks with increased inter-regional coupling, where excessive effec-
tive excitation drives the neural mass input-output sigmoid into saturation, thereby 
collapsing oscillations toward a fixed point [6,9,10,31]. This should not be conflated 
with biological/clinical hyperexcitability, which denotes a pathophysiological increase 
in neuronal excitability and/or E/I imbalance in vivo.

Previous works have suggested that homeostatic inhibitory synaptic plasticity 
(ISP) can counteract model hyperexcitability by implementing activity-dependent 
feedback inhibition. The inhibitory strength is adjusted in an on-line manner to stabi-
lize firing rates (and thus regional operating points), preventing saturation and helping 
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to maintain sustained oscillations and network-wide integration [7,9,10]. The conditions under which a given whole-brain 
model enters this saturated, non-oscillatory regime are model- and fitting-dependent. One advantage of the ISP dynamical 
mechanism, compared to heuristic approaches [21,31], is that it does not require a priori knowledge of how the model’s 
many interacting parameters jointly modulate excitability. Rather than relying on pre-defined parameter tuning, the feed-
back inhibition is adjusted “on-the-run” based on ongoing activity, allowing firing rates to be clamped with relative robust-
ness to changes in the rest of the parameters.

Here, we study a previously introduced multi-frequency neural mass model used in dementia [7,30], based on the  
Jansen-Rit equations [12,30], that includes a biologically motivated ISP mechanism [9,10]. We begin by analyzing the 
local effects of ISP through bifurcation analyses of single-node dynamics, demonstrating how inhibitory control modulates 
the transition between oscillatory and non-oscillatory states. We then explore how key model parameters influence the 
spectral content of simulated EEG signals. Using source-reconstructed EEG data from healthy participants, we fit the 
model to reproduce empirically observed functional connectivity (FC) across multiple frequency bands. Finally, we extend 
the model to simultaneously fit both EEG power spectra and fMRI FC during wakefulness and NREM sleep by modulat-
ing the E/I balance of neural masses. Through this work, we provide a generative framework, grounded in physiological 
mechanisms, that accounts for both spectral and connectivity features of brain dynamics.

2.  Results

We used a modified version of the Jansen-Rit model (Fig 1) [7,11]. The model combines empirical priors (Fig 1A) with a 
dynamical model for simulating neural activity from cortical columns (Fig 1B). Here, we provide a full characterization of 
the model from the single-node to the whole-brain dynamics. At the nodal level, our model consisted of two subpopula-
tions of cortical columns (Fig 1B). The parameters of these subpopulations defined their intrinsic oscillatory frequencies. 
Specifically, the neural gains for excitatory, A, and inhibitory, B, populations, and the inverse of characteristic time con-
stants for excitatory, a, and inhibitory, b, synapses were chosen to control the frequency of oscillations (see Table 2 with 
the model’s parameters). The parameters allow subpopulations to oscillate within the α or γ EEG canonical frequency 
bands [30]. The proportion of α versus γ neurons, rα, controls the contributions of each subpopulation to the EEG-like 
activity [7,30], determining the spectral properties of individual brain areas. The other element of our model is ISP (Fig 
1B), modeled as an additional differential equation for adjusting the feedback inhibition onto pyramidal neurons, C

4
, to 

dynamically set the firing rate of pyramidal neurons around a target value, ρ. A synaptic plasticity time constant, τ, controls 
the speed of convergence to the target firing rate value.

2.1  Analysis of Jansen-Rit single-node dynamics

We characterized the effect of plasticity by studying the model at the single-node level, considering only the α popula-
tion (rα = 1). Without plasticity, this corresponds to the original Jansen-Rit model in its most common implementation and 
parameter set (with a slight modification of neural gains and time constants, as presented in Table 2). Figure 2A shows a 
bifurcation diagram of this model against the p parameter (external input), showing the stability of the fixed point x0 (excit-
atory inputs to pyramidal neurons), the frequency of the detected oscillations, and two examples of output voltage. As it 
has been previously described [29,34], the model presents robust oscillations of ~10 Hz within a suitable range of p.

The addition of ISP into the model dramatically reshapes the bifurcation diagram of the model (Fig 2B, 2C). Now, 
oscillations are sustained robustly in a much wider range of p (note the difference of scale in the X axes of Fig 2B vs 2A). 
The frequency of oscillation is not only dependent on the input p, but also on the target value ρ for the firing rate of the 
pyramidal population. Here, ρ denotes a homeostatic target value for the time-averaged pyramidal firing rate (regulated by 
ISP) and should not be interpreted as a target oscillation frequency; instead, changing ρ shifts the E/I operating point via 
adaptive inhibition, thereby moving the system across dynamical regimes with different emergent oscillation frequencies. 
When ρ is set to 3.5 Hz, oscillations are set very robustly around the α band (10 Hz) (Fig 2C). Also, with p = 220 Hz, the 
modulation of amplitude resembles the behavior of the original model at the same input value [28,29].
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Across the bifurcation diagrams in Fig 2, oscillatory stability is shaped by bifurcation of the limit cycle rather than by a 
saddle-node on invariant circle mechanism. In Fig 2A, the stability change of the limit cycle around p ≈ 140 corresponds 
to a fold of cycles (saddle-node of limit cycles). In Fig 2B, between the saddle-node bifurcation at p = 6.62 and the torus 
bifurcation at p = 111, deterministic simulations do not converge to a stable attractor and instead display persistent oscil-
latory switching between two regions of state space (around x0 ≈ 0.005 and x0 ≈ 0.15). Because this regime is not central 
to the aims of the present work, we only report its consequences in S1 Fig. In Fig 2C, the system always exhibits a stable 
attractor (one or two stable fixed points or a stable limit cycle) for the explored input range, and no divergent behavior is 
observed. We also analyzed bifurcations with respect to the target firing rate ρ (S2 Fig). As in [10], varying ρ shifts the E/I 
operating point and can drive transitions between non-oscillatory (fixed-point) and oscillatory regimes, typically via a Hopf 

Fig 1.  Whole-brain neural mass model. A) The model is constrained with structural connectivity (SC, obtained from DTI), fMRI/EEG functional con-
nectivity (FC), and the EEG power spectrum. Brain areas were parcellated using the AAL90 brain parcellation. B) Each brain area in the whole-brain 
model consisted of a modified version of the Jansen-Rit neural mass model. Each region is modeled using two subpopulations of neural masses with 
a frequency peak of oscillation within the α and γ bands of the EEG spectrum. Both subpopulations include the interactions between pyramidal and 
interneuron populations. The model also included inhibitory synaptic plasticity (ISP), as an additional equation to model the time courses of the feedback 
inhibition onto pyramidal populations, to reach a desired average firing rate. The brain plots in (A) and (B) were generated using BrainNet Viewer for 
MATLAB [32]. The DTI-based network in (A) was generated using FSL-FMRIB [33].

https://doi.org/10.1371/journal.pcbi.1013463.g001
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bifurcation (along with additional bifurcations in some parameter ranges). Consistent with this, ρ also modulates the oscil-
lation frequency, with higher frequencies generally obtained at larger ρ values.

Then, we analyzed the effect of combining the two cortical subpopulations, α and γ, on nodal oscillatory frequency. We 
ran simulations without the ISP to characterize the EEG power spectrum shape (Fig 3A). Using single-node simulations, 
we modified the rα parameter to control the contribution of α versus γ neurons within the cortical columns. For rα < 0.25, the 
single node oscillates within the γ EEG frequency band (> 30 Hz). On the other hand, rα > 0.9 produces mainly α oscilla-
tions (with a frequency peak around 10 Hz). For intermediate values of rα, the model exhibits a richer power spectrum, with 
distributed power around all the possible canonical frequency bands. Using the multi-frequency model, we ran single-node 
simulations with rα = 0.5 to check the model's capability to clamp firing rates to target values. Across different values of 
external stimulation, p, and target firing rates, ρ, the model adjusts the feedback inhibition (the inhibitory-to-excitatory local 
connectivity constant C

4
) to reduce/increase excitability and finally match the desired firing rates ρ (Fig 3B, 3C).

Fig 2.  Bifurcation analysis of the model with and without plasticity. A) Bifurcation diagram, main oscillatory frequency, and two sample activity 
traces at the indicated p input values, for the original Jansen-Rit model without plasticity and consisting only of α population (10 Hz). Below the traces, 
a power spectral density (PSD) plot is shown. In the left panel, red thick lines and black lines represent stable and unstable fixed points, respectively. 
Colored lines represent maxima and minima of stable (green) and unstable (blue) periodic orbits. The colors are maintained in the center panel to show 
the frequency (in Hz) of the associated oscillations. Dots denote the bifurcations encountered: purple = saddle-node bifurcations and saddle-node of limit 
cycles; black = Hopf bifurcation. Simulations include a noise factor added to the p parameter. B) Same as in (A), with the addition of the homeostatic 
plasticity mechanism and a target for pyramidal target firing rate ρ = 2.5 Hz. Blue dots denote a Torus or Neimar-Sacker bifurcation. The shaded rectan-
gle in the left panel denotes the range of p that is plotted in (A). C) Same as in (B), with the target ρ = 3.5 Hz. Red dot denotes a branching or pitchfork 
bifurcation.

https://doi.org/10.1371/journal.pcbi.1013463.g002
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Finally, we examined the “slow” limit-cycle frequencies for each subpopulation, in addition to the fast α/γ regimes. For 
both the α (rα = 1) and γ (rα = 0) subpopulations, the model exhibits two oscillatory regimes depending on external input p 
(Fig 3D–3F). At lower input (p = 120; slow regime), the α subpopulation shows the expected low-frequency limit cycle with 
a peak around ~3 Hz (δ/θ range), consistent with the classical Jansen-Rit slow cycle. The γ subpopulation also presents a 
slow limit cycle, but with a higher peak frequency around ~20 Hz (β range). At higher input (p = 300; fast regime), the α and 
γ subpopulations express their respective fast limit cycles (α ~ 10 Hz; γ > 30 Hz), indicating that the γ tuning shifts both fast 
and slow oscillatory regimes while preserving the presence of a distinct slow cycle.

2.2  Whole-brain multi-frequency model with ISP

Here, we investigated the behavior of the multi-frequency model with ISP when many regions were coupled. In this setting, 
the ISP mechanisms were used to prevent hyperexcitability. Based on the results of the previous section, we first fixed the 
target firing rate ρ to 2.5 Hz and rα = 0.5 [7,35] (Fig 4), as they generated robust oscillatory activity in a wide spectrum of 
frequencies. To connect different regions, we employed structural connectivity (SC) data of 45 healthy controls from the  
ReDLat consortium [36]. Data were parcellated into 90 regions using the AAL90 brain atlas [37] (Table 1), excluding all 
subcortical areas except the amygdala and hippocampus. We swept the global coupling parameter, K, from no coupling 

Fig 3.  Single-node dynamics. A) Modulation of oscillatory frequency in single-node simulations. Normalized PSD as a function of α versus γ subpop-
ulation proportion, rα, in the single-region model. The values shown here are the average of 50 random seeds. Note that PSD estimates are computed 
on a discrete frequency grid (Welch), so narrow-band ridges may appear step-like with rα. B) Noise-free simulations with fixed rα = 0.5, showing the target 
firing rate ρ versus the time-averaged pyramidal firing rate produced by the model. The ISP is “clamping” the ⟨rate⟩ ≈ ρ, which is an indicator of a suc-
cessful feedback inhibition regulation. C) Same simulations as in (B), showing the target firing rate ρ versus the time-averaged feedback inhibition, given 
by the inhibitory-to-excitatory local connectivity parameter C4 (the steady-state value reached by ISP to achieve the clamping in B). D) Peak frequency 
versus external input for the “fast” γ subpopulation (rα = 0) and the “slow” α subpopulation (rα = 1). The dashed vertical lines correspond to the traces in E) 
for rα = 1, and F) for rα = 0.

https://doi.org/10.1371/journal.pcbi.1013463.g003
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(K = 0) to strong coupling (K = 1) (Fig 4A). For K = 0, the local dynamics are constrained to solely γ oscillations. Increasing 
the global coupling to K = 1 generates α and θ rhythms. In the middle, with K = 0.5, a region of coexistence of faster (β, γ) 
and slower (θ, α) oscillations emerged at the whole-brain level. The spread of the frequency of oscillation, for intermediate 
values of rα, might be a consequence of the small stochastic fluctuations in the external input, to mimic background vari-
ability in afferent drive. This does not alter the underlying oscillatory regime, but it broadens PSD peaks and can produce a 
small apparent spread in the dominant frequency estimated from finite-length time series, especially near transitions.

Fig 4.  Modulation of oscillatory frequency in whole-brain simulations. Normalized power spectral density (PSD) as a function of: A) global cou-
pling, K, in the whole-brain model, with a fixed target of ρ = 2.5 Hz. B) target (desired) firing rate in the whole-brain model, with a fixed K = 0.5. C) inhibi-
tory synaptic plasticity (ISP) time constant, τ. The values shown here are the average of 50 random seeds. D) Example of EEG traces for a fixed K = 0.5, 
rα = 0.5, τ = 2 sec, and different values of ρ. E) Relationship between the nodal strength, from the structural connectivity matrix, and the time- 
averaged feedback inhibition (mean C4), for different values of global coupling K. F) Slopes of the linear regressions in (E), as a function of global cou-
pling. 10 random seeds were used for these simulations. G) Convergence time vs ISP timescale. The convergence time (in seconds) was defined as the 
first time the ROI-averaged C4 reached 63.2% of its total change from the initial to the final steady state in a noise-free simulation.

https://doi.org/10.1371/journal.pcbi.1013463.g004
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When fixing global coupling to K = 0.5, rα = 0.5, and then manipulating target firing rates, ρ, we can shift brain dynamics 
from slower (for ρ < 2.5 Hz) to faster (for ρ > 2.5 Hz) regimes of activity (Fig 4B). Remarkably, we found no effect of the 
ISP time constant, τ, on the oscillatory frequency of the model (Fig 4C). Example EEG traces are depicted in Fig 4D, for 
K = 0.5, and rα = 0.5. There, low ρ values produce δ-θ oscillations, intermediate values α rhythms, and the highest values 
produce faster β-γ activity.

Across whole-brain simulations, we examined how the ISP shapes the spatial distribution of feedback inhibition and 
how the ISP timescale affects the adaptation dynamics (Fig 4E–4G). For each value of global coupling K, the time- 
averaged feedback inhibition (mean C

4
) was computed and related to the nodal strength of the structural connectivity 

matrix (Fig 4E). Mean C
4
 increased with nodal strength, and this relationship was well approximated by a linear regres-

sion for each K value. Then the slope of this regression was expressed as a function of K (Fig 4F), showing that feed-
back inhibition changes systematically with global coupling. Importantly, while this mapping could in principle be used to 
pre-compute a set of node-specific C

4
 values for a given K, the regression slope (and thus the inferred C

4
 distribution) 

also depends on other model parameters (e.g., the α/γ mixture rα), limiting the generalizability of any fixed pre-computed 
inhibition across the full parameter space. To assess the role of the ISP time constant, we quantified the convergence 
time of the plasticity variable in noise-free simulations (Fig 4G). Convergence timescale (seconds) was defined as the 
first time at which the ROI-averaged C

4
 reached 63.2% of its total change from the initial value to its final steady-state 

Table 1.  List of brain regions of AAL90 parcellation. The atlas comprises 90 cortical and subcortical brain areas (45 per hemisphere). Regions 
marked by * were included for fMRI simulations, but not for EEG.

Brain Regions

Name Abbreviation Name Abbreviation

Precentral gyrus PreCG Lingual gyrus LING

Superior frontal gyrus (dorsolateral) SFGdor Superior occipital gyrus SOG

Superior frontal gyrus (orbital) ORBsup Middle occipital gyrus MOG

Middle frontal gyrus MFG Inferior occipital gyrus IOG

Middle frontal gyrus (orbital) ORBmid Fusiform gyrus FFG

Inferior frontal gyrus (opercular) IFGoperc Postcentral gyrus PoCG

Inferior frontal gyrus (triangular) IFGtriang Superior parietal gyrus SPG

Inferior frontal gyrus (orbital) ORBinf Inferior parietal gyrus IPG

Rolandic operculum ROL Supramarginal gyrus SMG

Supplementary motor area SMA Angular gyrus ANG

Olfactory cortex OLF Precuneus PCUN

Superior frontal gyrus (medial) SFGmed Paracentral lobule* PCL

Superior frontal gyrus (medial orbital) ORBsupmed Caudate* CAU

Rectus gyrus REC Putamen* PUT

Insula INS Pallidum* PAL

Anterior cingulate gyrus ACG Thalamus* THA

Median cingulate gyrus MCG Heschl gyrus HES

Posterior cingulate gyrus PCG Superior temporal gyrus STG

Hippocampus HIP Temporal pole (superior) TPOsup

Parahippocampal gyrus PHG Middle temporal gyrus MTG

Amygdala AMYG Temporal pole (middle) TPOmid

Calcarine cortex CAL Inferior temporal gyrus ITG

Cuneus CUN

https://doi.org/10.1371/journal.pcbi.1013463.t001



PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013463  May 13, 2026 10 / 28

value. Across the tested time constant values τ, this parameter primarily modulated the convergence timescale, while 
the steady-state oscillatory regime (and the normalized PSD, Fig 4C) remained largely unchanged once the system had 
converged.

In summary, slower oscillatory regimes emerge from a high proportion of α over γ neurons (rα), high global coupling K, 
and low ρ, whereas faster oscillations appear in the opposite direction. In addition, ISP shapes a node-specific inhibition 
profile that scales with nodal strength in a K-dependent manner, while the ISP timescale primarily controls the conver-
gence time of C

4
 to its steady state.

2.3  Fitting to EEG source functional connectivity data

To further validate our model, we assessed its capacity to fit FC across the whole EEG power spectrum (Fig 5). We used 
the same SC data [36] and brain parcellation [37] described in the previous section, and the source-reconstructed EEG 
time series from the same participants [36]. We filtered the simulated and empirical EEG signals in the canonical fre-
quency bands (δ, θ, α, and β). We calculated the signals’ envelopes, which were high-pass filtered (cut-off frequency of 
0.5 Hz), and FCs were computed using the amplitude envelope correlation [38]. We compared the model without (Fig 5A) 
and with (Fig 5B) ISP. The rα and K parameters were modulated to find the best combinations to reproduce the EEG FC. 
Simulated and empirical matrices were contrasted using the structural similarity index (SSIM, with SSIM = 1 being a per-
fect fit, 0 being the opposite) [39]. We aimed to simultaneously maximize SSIM for all EEG frequency bands (maximizing 
the average SSIM across bands).

The model without ISP is characterized by a parameter space with a small region of correlated activity (Fig 5A). The 
model is unable to reach correlated activity before becoming hyperexcited, as no compensatory mechanisms were intro-
duced to avoid that. Further, the model cannot generate correlated activity when mixing α and γ subpopulations in cortical 
columns; that is, near 0 mean FC for rα values around 0.5 suggests model frustration (inability to generate correlated activ-
ity). This limitation reflects the local and global network dynamics of the model without ISP: for large portions of the (K, rα) 
space, increased effective excitation drives the system toward over-saturation and loss of sustained oscillations, which 
prevents the emergence of stable band-limited envelope fluctuations and, consequently, correlated activity. Therefore, the 
restricted parameter region in Fig 5A appears primarily due to the model’s inability to sustain oscillatory dynamics without 
an adaptive inhibitory mechanism, rather than a bias induced by additional fitting targets or anatomical priors. Including 
ISP in the model, with ρ = 2.5 Hz, enriches the parameter landscape with a wider range of parameters where correlations 
can emerge, from hypo to hyperconnectivity patterns, including intermediate connectivity regimes of activity (Fig 5B). 
Interestingly, correlations for intermediate values of rα are now viable. Increasing global coupling in this scenario produced 
multi-frequency EEG FC connectivity, with maximal SSIM values in the proximity of rα = 0.5 and K = 0.5.

We used the optimal parameters to compare the single-frequency model (without ISP, K = 0.425, rα = 1, SSIM = 0.14 aver-
aged across frequency bands) and the multi-frequency model (with ISP, K = 0.675, rα = 0.675, ρ = 2.5 Hz, SSIM = 0.56 aver-
aged across frequency bands) to reproduce EEG FC (Fig 6). The SSIM and Pearson’s correlation values between the two 
models are presented in Fig 6A. Regardless of the chosen metric to compare the goodness of fit, the multi-frequency model 
outperformed the classical single-frequency model across all frequency bands (|D| > 1.2, denoting a huge effect size) (Fig 
6A). Example FCs are presented for the single and multi-frequency models, including the empirical FC matrices (Fig 6B).

To illustrate the qualitative temporal structure of the ISP-fit model beyond FC metrics, we additionally report represen-
tative EEG time series and amplitude envelopes for the best-fitting parameter set (K = 0.675, rα = 0.575, ρ = 2.5 Hz) (Fig 7). 
We show a 10-second segment of simulated EEG, band-pass filtered into canonical frequency bands (δ-γ). We also plot 
the α-band envelope from the same simulation, which captures the slow α-band power fluctuations (amplitude dynamics).

In this way, we demonstrated that ISP preserved E/I balance and enabled correlated activity without hyperexcitability. 
Also, the ISP mechanism combined with the multi-frequency model can generate multiband EEG FC across a wide range 
of parameters.
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Fig 5.  Goodness of fit of the model to empirical EEG FC. A) Model without inhibitory synaptic plasticity (ISP). The first row shows the structural sim-
ilarity index (SSIM; captures the goodness of fit), and the second row represents the mean EEG FC of simulations. The axes correspond to the global 
coupling parameter, K, and the proportion of α versus γ subpopulations, rα. The value of SSIM = 1 indicates a good fit of the model. B) Goodness of fit 
using the model with ISP, and a fixed target firing rate, ρ, of 2.5 Hz. The values shown here are the average of 50 random seeds.

https://doi.org/10.1371/journal.pcbi.1013463.g005

2.4  Dual fitting to EEG and fMRI

As an additional demonstration and validation of our model, we investigated its ability to jointly reproduce fMRI and EEG 
dynamics during NREM sleep. We used simultaneous EEG-fMRI recordings during the transition from wakefulness to dif-
ferent stages of NREM sleep. fMRI recordings were collected from 71 individuals, with sleep stages labeled for each fMRI 
volume based on simultaneously recorded polysomnographic data [40]. Here, we fitted our model to the awake (W) and 
N3 sleep (deep sleep). We fixed rα = 0.5, and systematically explored combinations of K and ρ drawn from a predefined 
parameter grid (41 × 41 parameter grid, with K ranging from 0 to 3 and ρ ranging from 2 to 3). We employed a connectome 
of young healthy participants from another study [41,42]. We simulated EEG-like signals and then used a hemodynamic 
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model [43] to transform the firing rates into fMRI BOLD-like signals. We aimed to fit two different observables, one from 
each recording modality. First, the empirical averaged EEG power spectrum at the sensor level (32 EEG channels), and 
second, the fMRI BOLD FC (considering the AAL90 brain parcellation). From the empirical and simulated power spectrum, 

Fig 6.  Comparison of the single- and multi-frequency models in fitting empirical EEG FC. A) The structural similarity index (SSIM) was used to 
measure the goodness of fit (SSIM = 1, perfect fit). B) Complementary to SSIM, we reported Pearson’s correlation between simulated and empirical 
matrices (r = 1, perfect fit). The columns represent the different EEG frequency bands. C) Simulated EEG FCs from the single-frequency model. D) Sim-
ulated FCs from the multi-frequency model. E) Empirical EEG FC matrices. ***: |Cohen’s D| > 1.2. Each point corresponds to a different model realization 
(50 random seeds).

https://doi.org/10.1371/journal.pcbi.1013463.g006
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we computed the θ, α, and β relative power, concatenated the values into a vector, and then compared the vectors using 
Clarkson’s distance [44]. So, we attempted to reproduce, using whole-brain simulations, the relative contribution of θ, α, 
and β oscillations in EEG. For fMRI BOLD FC, we compared simulated and empirical matrices using the SSIM.

The results presented in Fig 8 suggest that using fMRI FC generates regions of the parameter space with model 
degeneracy in terms of goodness of fit (SSIM). That is, we observed dissimilar combinations of parameters with the same 
goodness of fit, regardless of whether the fitting was focused on W or N3 sleep. However, EEG fitting can be used as a 
mask to delimit the possible combinations of parameters that might reproduce empirical FC. In Fig 8, we used a measure 
of similarity (1 – Clarkson’s distance) as a representation of the goodness of fit for simulated EEG, with values closer to 1 
corresponding to a perfect fit to the empirical EEG relative power across frequency bands. Using a threshold of 0.85 for 
EEG fitting, we obtained a restricted parameter space where just a few parameters can simultaneously generate EEG and 

Fig 7.  Band-limited model time series and relative band power from the ISP-fit (K = 0.675, rα = 0.575, ρ = 2.5 Hz). Representative 10-s segment of 
simulated EEGs, band-pass filtered into canonical frequency bands: δ (0.5-4 Hz), θ (4-8 Hz), α (8-13 Hz), β (13-30 Hz), and γ (30-40 Hz). The bottom 
panel shows the EEG α band envelope (α band power fluctuations).

https://doi.org/10.1371/journal.pcbi.1013463.g007
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fMRI dynamics that closely match empirical data. For wakefulness, the best fit was found for higher coupling and medium 
firing rates (K = 1.44, ρ = 2.56 Hz, SSIM = 0.34, Pearson’s r = 0.45, Fig 8A). In contrast, N3 sleep was better characterized 
by low coupling and low firing rates (K = 0.52, ρ = 2.1 Hz, SSIM = 0.29, Pearson’s r = 0.38, Fig 8B).

Simulation outcomes are displayed in Fig 9. The empirical (Fig 9A) and simulated (Fig 9B) FC matrices showed 
decreased connectivity strength in N3 sleep. The empirical EEG traces (example of one participant) and the group- 
averaged PSDs are shown in Fig 9C. Simulated EEG-like signals showed high amplitude slow oscillations for N3 com-
pared to wakefulness (Fig 9D). Finally, the simulated power spectra presented the typical characteristics of the awake 
condition (peak in α) and deep sleep (power concentrated in the lowest frequency bands).

3.  Discussion

In this work, we systematically characterized and validated a semi-empirical Jansen-Rit whole-brain model able to simulate 
both EEG and fMRI BOLD dynamics, from biologically plausible mechanisms. This model constitutes an improvement over 
previous models, combining an ISP mechanism with a multi-frequency generator of EEG-like dynamics. The ISP control 
loop can be used as a mechanism for testing alterations in E/I balance associated, for example, with neurodegenerative 
disorders or during chemical neuromodulation. When using this version of the Jansen-Rit model, we simultaneously repro-
duced the EEG power spectrum and fMRI FC during wakefulness and sleep. In this way, we provided the computational 
neuroscience community with a model for whole-brain simulations with applications in basic and clinical neuroscience.

The model extends the classical Jansen-Rit model by incorporating the ISP to modulate excitability and control the 
oscillatory regime of each subpopulation. In our framework, the target firing rate is a control/input parameter of the 

Fig 8.  Fitting the EEG and fMRI sleep dataset. A) Fitting to awake condition. The first column corresponds to fMRI FC fitting, assessed using the 
structural similarity index (SSIM). The second column shows the goodness of fit to the EEG power spectrum. The last one corresponds to fMRI FC fitting 
using a threshold of EEG power fitting of 0.85. B) Fitting to EEG and fMRI NREM stage 3 (N3) data. The blue and red dots represent the best parame-
ters (highest SSIMs when applying the EEG-fitting mask) for wakefulness (K = 1.44, ρ = 2.56 Hz) and N3 (K = 0.52, ρ = 2.1 Hz), respectively. The values 
shown here are the average of 50 random seeds.

https://doi.org/10.1371/journal.pcbi.1013463.g008
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closed-loop system (via ISP) that shifts the operating point (mean firing rate / mean inhibitory gain), thereby moving the 
system through parameter space [10]. In this sense, ρ can move the system across bifurcation boundaries (including 
Hopf), although the specific boundary depends on the parameter slice being examined. The model produces slow EEG 
oscillations for low firing rates, in the δ and θ bands. As the firing rate increases, the system transitions toward α oscil-
lations. In the two-subpopulation version of the model, each subpopulation has its own limit cycle, and the nodal oscil-
latory activity becomes a combination of α and γ rhythms. The balance between these rhythms depends on the target 
firing rate: higher values make γ activity more likely to be present, while lower values increase the α activity dominance. 
For very low firing rates, the model predominantly generates slow activity in the δ-θ range. The ISP mechanism also 

Fig 9.  Example simulations for the EEG and fMRI sleep dataset. A) Empirical fMRI FC matrices for wakefulness and N3 sleep stages. B) Best 
simulated matrices. C) Empirical EEG traces (for one representative participant). D) Averaged empirical EEG power spectrum. E) Examples of EEG time 
courses from simulations. F) Simulated EEG power spectrum. The model’s parameters were K = 1.44 and ρ = 2.56 Hz, for wakefulness, and K = 0.52, 
ρ = 2.1 Hz, for N3 sleep. The values shown here are the average of 50 random seeds.

https://doi.org/10.1371/journal.pcbi.1013463.g009
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provides a practical alternative to heuristic procedures that pre-estimate node-wise feedback inhibition to maintain sta-
ble whole-brain dynamics, as implemented, for example, in the Jansen-Rit [21] and Dynamic Mean Field models [31]. In 
these approaches, the inferred feedback inhibition is typically tied to a specific choice of coupling and local parameters 
and therefore becomes sensitive to changes in other model settings, making it impractical to map and fine-tune feedback 
inhibition across the full parameter space. In contrast, ISP adjusts inhibition online based on ongoing activity, which avoids 
repeated recalibration when parameters change and provides direct control of firing rates at the regional level. This allows 
excitability to be set explicitly for individual brain areas through a target firing rate, whereas the mapping between excit-
ability and other model parameters is often indirect and harder to interpret.

Our model is compatible with others, showing how the modulation of excitability, driven by chemical neuromodulation 
[21,45,46], can produce shifts between different regimes, slower and faster, of brain dynamics. By tuning model excitability, 
we were able to reproduce both EEG spectral slowing and reduced fMRI FC observed during NREM sleep [45,46]. These 
results are consistent with established neurophysiological findings, where NREM sleep is accompanied by an overall 
decrease in neural excitability [47], triggered by an increased GABAergic inhibition and decreased levels of excitatory neu-
romodulators such as noradrenaline and acetylcholine [48,49]. In whole-brain models where NREM-like slowing is induced 
by reducing excitability (i.e., decreasing recurrent excitation and/or increasing global coupling), slow-wave-like activity can 
emerge without explicitly modeling bistable up/down states [45,46]. We recover the same qualitative mechanism: oscilla-
tory frequency decreases when lowering the target firing rate (ρ) and/or increasing global coupling (K), consistent with our 
network simulations. By contrast, other Jansen-Rit whole-brain implementations modeling cholinergic/nicotinic effects have 
required parameter changes in the opposite direction (e.g., reduced feedback inhibition together with decreased global 
coupling) to reproduce an increase of cholinergic neuromodulation [21], highlighting that different neuromodulatory hypoth-
eses can be expressed through distinct parameter pathways. Mechanistically, in our model, reduced excitability shifts the 
local operating point toward slower regimes by increasing effective feedback inhibition, biasing activity toward the α sub-
population’s dynamics and, for sufficiently low excitability, toward its slow limit cycle. Increasing K can additionally slow 
down the emergent rhythms through two coupled effects: (i) stronger coupling elicits compensatory increases in ISP-driven 
inhibition to stabilize firing rates, and (ii) collective synchronization can “pull” the macroscopic oscillation toward a lower 
shared frequency even when individual nodes support faster cycles. This qualitative relationship between stronger cou-
pling and slower collective dynamics is also consistent with phenomenological models such as Kuramoto oscillators with 
delays, where slower regimes can arise with higher effective inter-areal coupling [17]. Importantly, this mechanism differs 
from adaptive exponential neuronal models [50], where NREM slow waves arise from noise-driven transitions between 
up and down states governed by slow adaptation; our model does not explicitly implement bistability and instead captures 
sleep-associated slowing via controlled shifts in excitability and coupling within an oscillatory (limit-cycle) regime.

While the classical Jansen-Rit model can reproduce δ/θ/α rhythms, this typically occurs within restricted parameter 
regimes and does not capture the full-band spectral structure. Extending the model to support β/γ dynamics broadens its 
dynamical repertoire, opening the door to study phenomena where higher frequencies are central. For example, the model 
can be used to explore how attention and working memory, as well as perceptual integration/binding, are related to β/γ 
power modulation [51]. In addition, β/γ alterations are consistently reported in brain disorders, including neurodegenerative 
conditions. The ISP mechanism, combined with the multi-frequency model, allows us to simulate regimes of hypo- and 
hyperexcitability linked to E/I imbalance [7,52-54]. Prior studies have used PET-based amyloid and tau deposition to modu-
late local excitability and mimic E/I imbalance [52,26]. Our model can potentially simulate shifts from early-stage hyperexcit-
ability and hyperconnectivity toward later hypoexcitable, spectrally slowed states, reflecting the progression from preclinical 
to symptomatic stages of dementia [55,56]. Further, both EEG and fMRI features can be captured, providing a multimodal 
modeling tool for exploring how brain excitability modulates brain function across diverse contextual and clinical conditions.

This work has several limitations. First, excitability is modulated homogeneously across all brain regions, without 
accounting for known spatial differences in gene expression and neurotransmitter receptor distributions that influence 
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local E/I balance [2,21,24,52]. A more realistic approach would involve modulating excitability in a region-specific manner 
based on empirical gene expression and receptor maps [3,57]. Second, several mechanisms can modulate E/I balance 
beyond ISP that we did not consider in this work, e.g., changes in synaptic time constants or receptor kinetics [8,28,58], 
as well as adaptation-driven bistability (up/down state transitions) as implemented in adaptive exponential-based neuro-
nal models [50]. We used two rhythm-generating subpopulations in every cortical region. Although this is a parsimonious 
abstraction to increase spectral richness [59], it does not aim to provide detailed mechanisms, and alternative choices 
can be used to shape oscillatory frequencies (e.g., E/I loop delays, synaptic time constants/receptor kinetics, and axonal 
transmission delays). They are not explicitly modeled here and could be incorporated into future extensions. Third, the 
model was validated on a relatively small cohort, which may limit generalizability. Larger and more diverse datasets are 
needed to assess robustness, including clinical populations. Fourth, the current implementation is limited to resting-state 
EEG and fMRI. Extending the model to simulate task-evoked activity, e.g., task-evoked β-γ changes, would help explore 
context-dependent changes in connectivity and cognitive processing [19,21]. Fifth, we primarily defined canonical EEG 
bands by their frequency ranges and focused on spectral content and large-scale connectivity validation (EEG functional 
connectivity across bands and fMRI FC). Accordingly, we did not include additional fitting targets from both modalities 
(e.g., simultaneous EEG spectral and FC constraints together with fMRI spectral/temporal constraints), which would 
represent a future extension of the model. While the model can reproduce oscillations across canonical frequency bands 
and captures α-band power fluctuations at the whole-brain level, we did not aim to match additional defining properties of 
canonical rhythms such as absolute amplitudes (e.g., μV scaling), spatial topographies (e.g., occipital dominance of α), 
or the full temporal structure across subjects and conditions. Reproducing these features would require additional cali-
bration steps and potentially further physiological constraints, which are beyond the scope of this study. Also, while the 
model reproduces state-dependent spectra and connectivity, exemplary wake/sleep time series can appear less regular 
than canonical α or highly synchronized δ rhythms. This is partly due to limitations in reproducing the slowest EEG com-
ponents in resting-state simulations, which we did not explicitly optimize. In addition, although EEG-derived features can 
be fitted using only a subset of observed nodes without reducing the size of the simulated system, we adopted a reduced 
fitting setup for computational convenience; this simplification is not expected to qualitatively affect the present results, but 
a full-system fitting strategy should be considered in future work. In the sleep/wake comparison, the external input p was 
fixed; therefore, we do not interpret ρ as the only parameter capable of reproducing these state differences, but rather as 
one sufficient control parameter within the parameterization explored here. For instance, in the original Jansen-Rit model 
[12,13], reducing the value of the input p can produce slow oscillation (increasing δ and θ relative power). Finally, while 
the model is well-suited for testing brain stimulation and drug effects in theory, these applications remain to be validated 
experimentally.

Overall, we presented and characterized a biologically grounded neural mass model capable of simulating realistic 
EEG and fMRI dynamics through a mechanistic modulation of excitability. The model bridges basic and clinical neurosci-
ence, offering a framework to explore brain states, disease mechanisms, and interventions.

4.  Methods

Ethics Statement

ReDLat: Ethical approval was obtained from the institutional ethics committee at each ReDLat-participating center, and all 
participants provided written informed consent in accordance with the Declaration of Helsinki.

Young connectomes: All participants gave written informed consent before taking part, and the study protocol received 
approval from the SWPS University Ethical Committee in accordance with the Declaration of Helsinki.

Sleep data: All participants gave written informed consent. The study was approved by the local ethics committee of 
Goethe University Frankfurt am Main.
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4.1  Participants and datasets

4.1.1  EEG resting state and structural connectivity data (ReDLat).  We used data from 45 healthy participants from 
the ReDLat consortium [36]. Participants’ mean age was 71.2 ± 7.2 years (29 women). We considered both functional and 
structural connectivity data for this group. Full details can be found in our previous works [7,60], but we briefly describe 
data acquisition and preprocessing below.

For EEG, participants were seated in an electromagnetically shielded EEG room and instructed to stay still, awake, 
and with their eyes closed. As in previous works [7], resting-state EEG data were recorded for 10 minutes using a Biosemi 
ActiveTwo 128-channel system, with electrodes placed around the eyes to monitor blinks and movements. The signals 
were sampled at 1024 Hz and referenced to linked mastoids. Offline preprocessing included filtering (0.5 to 40 Hz), 
re-referencing to the average of all channels, and replacing malfunctioning channels using spherical interpolation [61]. 
Independent component analysis [62] and visual inspection were employed to correct blink artifacts and eye movements 
[63–66]. Localized brain areas sources were estimated using standardized low-resolution brain electromagnetic tomog-
raphy (sLORETA) [67], resulting in time series data for 90 brain regions based on the AAL90 parcellation (Table 1). We 
retained only 82 brain areas from the AAL parcellation, including cortical regions and the hippocampus and amygdala. We 
excluded the remaining subcortical regions because source-reconstructed EEG is generally less reliable for deep subcor-
tical structures within this framework, whereas hippocampal and amygdalar sources can be better estimated [68,69].

SC matrices were derived from diffusion tensor imaging (DTI) applied to diffusion-weighted imaging (DWI) data. Prepro-
cessing was conducted using the FSL BEDPOSTX (Bayesian Estimation of Diffusion Parameters Obtained using Sam-
pling Techniques) toolbox [70]. Post-preprocessing, each subject's data yielded a 90 x 90 matrix representing connectivity 
between pairs of regions defined by the AAL parcellation. The final SC matrix was obtained by averaging the individual 
matrices across participants. We used the same 82 brain areas as in the EEG functional data.

4.1.2  Structural connectivity data (connectomes of young participants).  We used SC data of healthy participants 
published in a previous work [71]: 31 participants from the non-video game players group, with a mean age of 24.4 ± 3.0 
years, all males. The SC data acquisition involved MR imaging on a 3-Tesla MRI scanner with a 32-channel phased 
array head coil. DTI data were preprocessed using the Pipeline for Analyzing Brain Diffusion Images software [72]. 
The processing steps included artifact correction, tensor construction, and registration to the MNI space, followed by 
parcellation using the AAL atlas. The 90 x 90 connectivity matrices were generated by calculating the number of fibers 
connecting each pair of brain regions, normalized between 0 and 1, and averaged across participants.

To improve model fitting, connections were added in the SC’s anti-diagonal to account for homotopic (inter- 
hemispheric) connections, which are typically underestimated using DTI [73] (S3 Fig). Further details on data acquisition 
and preprocessing can be found in [72] and [74], and further information about participants and the original studies in 
[71] and [42].

4.1.3  fMRI-EEG co-registering during wakefulness and NREM sleep.  This dataset was originally used in [40]. A 
total of 63 non-sleep-deprived subjects were scanned in the evening (starting from ∼8:00 PM) and preliminarily included 
in the study. A subset of 15 individuals with fMRI volumes in all W, N1, N2, and N3 stages was included in this study. All 
participants were scanned in the evening and instructed to close their eyes while lying still and relaxing. 1505 volumes of 
T2*-weighted echo-planar images were acquired using the following parameters: TR/TE = 2,080/30 msec, matrix 64 × 64, 
voxel size 3 × 3 × 2 mm³, distance factor 50%, field of view [FOV] 192 mm² at 3 T (Siemens Trio). EEG recordings were 
simultaneously acquired with fMRI, using an EEG (modified BrainCapMR; Easycap) cap with 30 channels (sampling 
rate 5 kHz, low pass filter 250 Hz), along with a polysomnographic setup that included electromyography on the chin and 
tibia, electrocardiogram, bipolar electrooculography, and pulse oximetry. MRI artifact correction was performed using 
the average artifact subtraction. The fMRI data were realigned, normalized to MNI space, and spatially smoothed using 
Statistical Parametric Mapping (SPM8) with a Gaussian kernel (8 mm³ full width at half maximum). Sleep staging was 
performed by an expert according to the AASM criteria [75].
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4.2  Functional connectivity estimation

For EEG, we filtered signals in the common EEG frequency bands: δ (0.5-4 Hz), θ (4–8 Hz), α (8–13 Hz), and β (13–30 
Hz) using a 3rd-order passband Bessel filter. We used the Hilbert transform to get the signals’ envelopes, and then we 
filtered the envelopes with a 3rd-order Butterworth high-pass filter (cut-off frequency at 0.5 Hz), and finally, we built the FC 
by computing the Pearson’s correlation between all pairs of areas [38].

For fMRI, we first filtered the signals between 0.01-0.08 Hz using a 3rd-order Bessel filter, and then we built the FC 
matrix using Pearson’s correlation between all pairs of areas.

4.3  Power spectrum analyses

For both empirical and simulated data, the EEG power spectrum was calculated using the Welch method with 2-sec 
length time windows with 50% overlap [76]. The power was extracted for each EEG band and divided by the total power of 
the spectrum between 0.5 and 30 Hz.

4.4  Whole-brain model

Whole-brain activity at the source level was modeled using a modified version of the Jansen-Rit neural mass model 
[7,12,30]. In this model, each brain region consists of two subpopulations of neural masses, each tuned to oscillate in 
either the α (around 10 Hz) or γ (around 45 Hz) frequency bands of the EEG spectrum. The contribution of these subpop-
ulations to the generation of the postsynaptic potential (PSP) of pyramidal neurons is weighted by the parameter rα, which 
reflects the proportion of α versus γ subpopulations within the brain areas, as indicated in [30]. Specifically, rα = 1 indicates 
a full contribution from the α subpopulation, while rα = 0 indicates none. Each subpopulation is composed of pyramidal 
neurons, along with excitatory and inhibitory interneurons.

The PSPs, v, are integrated and transformed into firing rates using a sigmoid function:

	
S(v) =

ζmax

1 + exp
(
–r

(
v – vth

))
	

where ζmax is the maximal firing rate output, r is the slope, and vth is the voltage threshold. The inverse operation is con-
ducted by a PSP block, which convolves the firing rates of the neurons with an impulse response function defined as:

	
hE(t) =

{
Aate–at, t ≥ 0

0, t < 0, 	

for the excitatory PSPs, and

	
hI(t) =

{
Bbte–bt, t ≥ 0

0, t < 0 	

for inhibitory PSPs. Here, A (B) and a (b) correspond to the maximal amplitude and inverse characteristic time con-
stant of the excitatory (inhibitory) PSPs, respectively. On a macroscopic level, brain areas i and j are connected using 
an SC matrix M derived from DTI data. The coupling strength was scaled by a global parameter K and, considering 
that long-range projections are primarily excitatory [77,78], connections between brain regions involved only pyramidal 
neurons [7]. Each region received background input p(t), with values randomly sampled from a normal distribution with 
a mean ⟨p(t)⟩ = 220 Hz and a standard deviation σp = 31 Hz. The complete system of equations for the α subpopulation 
was:
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dxα0,i(t)

dt
= yα0,i(t)	

	

dyα0,i(t)

dt
= AαaαS

(
x1,i(t) – x2,i(t)

)
– 2aαyα0,i(t) – a

α2

xα0,i(t) 	

	

dxα1,i(t)

dt
= yα1,i(t) 	

	

dyα1,i(t)

dt
= Aαaα

(
pi(t) + C2S

(
C1x0,i(t)

))
+ KC

N∑
j=1,j̸=i

MijS
(
x1,j(t) – x2,j(t)

)
– 2aαyα1,i(t) – a

α2

xα1,i(t)

	

	

dxα2,i(t)

dt
= yα2,i(t)	

	

dyα2,i(t)

dt
= Bαbα

(
C4S

(
C3x0,i(t)

))
– 2bαyα2,i(t) – b

α2

xα2,i(t)	

The first pair of equations model the excitatory feedback loop, the second pair models the outputs of pyramidal neu-
rons, and the third represents the inhibitory feedback loop. Neuron populations were connected via constants C1, C2, 
C3 and C4, which are scaled by a local connectivity constant, C = 135, with C1 = C, C2 = 0.8C, C3 = 0.25C, and C4 = 0.25C. 
Identical equations apply to the γ subpopulations, differing only by the γ superscript. The final output of the model pro-
duced EEG-like signals in source space, featuring a richer power spectrum. The model’s parameters are summarized in 
Table 2.

The rationale of combining these two subpopulations is grounded in the organization of cortical layers, where different 
neuronal subpopulations exhibit distinct input-output dynamics and generate frequency-specific rhythms [79]. Superficial 
layers tend to produce faster oscillations, such as β and γ, while deeper and granular layers are associated with slower 
α and θ activity [80]. Here, we use two subpopulations as a parsimonious modeling choice to broaden the nodal spec-
tral repertoire while keeping the whole-brain model tractable for fitting. This does not mean that this approach should 
be treated as an account of the unique origin of each rhythm in every region. Similar multi-timescale approaches have 
been explored previously in whole-brain modeling to increase spectral richness at each node [59]. In our model, the EEG 
reflects a weighted summation of these laminar contributions, and the resulting broadband spectrum emerges from the 
combined activity of spatially and synaptically distinct rhythm-generating circuits. The state variables x0(t), x1(t), and x2(t) 
are defined as a weighted contribution of α and γ subpopulations:

	 x0(t) = rαxα0 (t) – (1 – r
α)xγ0 (t)	

	 x1(t) = rαxα1 (t) – (1 – r
α)xγ1 (t)	

	 x2(t) = rαxα2 (t) – (1 – r
α)xγ2 (t)	
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The model EEG-like signal can be computed as [7,30]:

	 EEG(t) = x1(t) – x2(t)	

Additionally, following [9], we integrated inhibitory synaptic plasticity into the model. This mechanism controls the firing 
rate of pyramidal neurons, preventing hyperexcitability, which can occur when global coupling increases. Synaptic plas-
ticity was introduced as an additional differential equation:

	
τ
dC4(t)
dt

= ζinh(t)
(
ζpyr(t) – ρ

) (
C4(t)/C – C4,min/C

)β
	

This equation dynamically updates feedback inhibition to regulate the firing rate of pyramidal neurons, thus preventing 
saturation of the sigmoid function (hyperexcitability). Here, τ  represents the inverse learning rate, ζinh(t) and ζpyr(t) are the 
firing rates of inhibitory interneurons and pyramidal neurons at time t, respectively, ρ is the target firing rate, and β is a 

Table 2.  Model’s parameters.

Parameter Values Units Meaning

Aα 3.9 mV Maximal amplitude of EPSPs (α population)

Aγ 32.5 aγ /1000 mV Maximal amplitude of EPSPs (γ  population)

Bα 26.4 mV Maximal amplitude of IPSPs (α population)

Bγ 440 bγ /1000 mV Maximal amplitude of IPSPs (γ  population)

aα 120 sec − 1 Inverse characteristic time constant for EPSPs (α population)

aγ 660 sec − 1 Inverse characteristic time constant for EPSPs (γ  population)

bα 60 sec − 1 Inverse characteristic time constant for IPSPs (α population)

bγ 330 sec − 1 Inverse characteristic time constant for IPSPs (γ  population)

rα 0.5, [0,1] Unitless Proportion of α neurons

ξmax 5 sec − 1 Maximum firing rate of the sigmoid function

r 0.56 mV − 1 Slope of sigmoid function

vth 6 mV Threshold of the sigmoid function

M [0,1] Unitless Structural connectivity matrix

C 135 Unitless Local connectivity

C1 C Unitless Excitatory-to-pyramidal neurons connectivity

C2 0.8C Unitless Pyramidal-to-excitatory neurons connectivity

C3 0.25C Unitless Inhibitory-to-pyramidal neurons connectivity

C4 0.25C, variable Unitless Pyramidal-to-inhibitory neurons connectivity

⟨p(t)⟩ 220 sec − 1 External input mean

σp 31 sec − 1 External input standard deviation

ρ 2.5, [2.0,3.0] sec − 1 Target firing rate for plasticity

τ 2, [0.01, 50] sec Inverse of plasticity's learning rate

β 1 Unitless Bounding exponent of plasticity

K [0,3] Unitless Global coupling

∆t 1 msec Integration step

teq 10 sec Discarded simulation time

tsim [180, 660] sec Total simulation time

tmax [120, 600] sec Final time length of simulations

https://doi.org/10.1371/journal.pcbi.1013463.t002
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bounding exponent controlling convergence to C4,min. We used β = 1 (soft bound), though other values are possible [81]. 
The key parameters for plasticity are the learning rate, τ, and the target firing rate, ρ, which were set by default to τ = 2 sec 
and ρ = 2.5 Hz [9,35]. The firing rates are defined as

	 ζinh(t) = S
(
C3x0(t)

)
	

	 ζexc(t) = S
(
C1x0(t)

)
	

	 ζpyr(t) = S
(
x1(t) – x2(t)

)
	

We solved the system of differential equations using the Euler-Maruyama method with a 1 msec integration step. The 
filtering and FC estimation procedures were the same as those used for the empirical signals.

4.5  Hemodynamic model

We simulated fMRI-like signals using the pyramidal firing rates ζpyr,i(t) and a generalized hemodynamic model as pre-
sented by Stephan et al. [43]. In this model, an increase in the firing rate ζpyr,i(t) initiates a vasodilatory response si leading 
to blood inflow fi, and subsequent changes in blood volume vi and deoxyhemoglobin content qi. The system of differential 
equations governing this process is

	

dsi(t)
dt

= ζpyr,i(t) –
si(t)
τs

–
fi(t) – 1

τf 	

	

dfi(t)
dt

= si(t)
	

	

dvi(t)
dt

=
fi (t) – vi(t)

1
κ

τv 	

	

dqi(t)
dt

=

fi(t)
(
1–

(
1–E0

) 1
fi (t)

)

E0
– qi(t)vi(t)

1
κ

vi(t)

τq 	

where the time constants τs = 0.65, τf = 0.41, τv = 0.98, and τq = 0.98 correspond to signal decay, blood inflow, blood vol-
ume, and deoxyhemoglobin content, respectively. The stiffness constant κ (resistance of the veins to blood flow) and the 
resting-state oxygen extraction rate E0 were set to κ = 0.32 and E0 = 0.4. The BOLD-like signal for the node i, denoted as 
Bi(t), is a nonlinear function of qi(t) and vi(t):

	
Bi(t) = V0

[
k1

(
1 – qi(t)

)
+ k2

(
1 –

qi(t)
vi(t)

)
+ k3

(
1 – vi(t)

)]

	

where V₀ = 0.04 represents the fraction of deoxygenated venous blood at rest, and k₁ = 2.77, k₂ = 0.2, k₃ = 0.5 are kinetic 
constants.
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We solved the system of differential equations using the Euler method with a 10-msec integration step. The resulting 
fMRI-like signals were then down-sampled to match the empirical signal's sampling rate (TR = 2.08 sec). The filtering and 
FC estimation followed the same procedures applied to the empirical signals.

4.6  Simulations

We first simulated the activity of an isolated node of the model (K = 0) without plasticity. There, we simulated 180 sec and 
discarded the first 60 sec (for a final length of 120 sec), downsampled the signals to a 200 Hz sampling rate (to reduce 
memory consumption), and calculated the Normalized Power Spectrum (NPS, obtained using the Welch method and 
dividing by the maximum value of spectral density). Simulations were run against variations of rα in 41 equidistant values 
between 0 and 1 (Fig 3).

We then ran a whole-brain simulation, where nodes represent brain areas that are connected using the ReDLat SC 
matrix. We simulated 660 sec, discarded the first 60 sec, and obtained the NPS (averaged across brain areas) against 
variations in different parameters (average of 50 seeds in Fig 4): we varied K over 41 equidistant values between 0 and 1 
(upper right, fixing rα = 0.5, ρ = 2.5 Hz, τ = 2 sec); ρ over 41 equidistant values between 1 and 4 Hz (lower left, fixing rα = 0.5, 
K = 0.5, τ = 2 sec); and τ over 41 equidistant and log spaced values between 0.01 and 50 sec (lower right, fixing rα = 0.5, 
ρ = 2.5 Hz, K = 0.5).

Using the same whole-brain simulations described above (ISP enabled), we quantified how the spatial distribution of 
feedback inhibition relates to the structural connectivity topology. For each simulation, we computed the nodal strength 
of each brain area as the sum of its structural connectivity weights (row-sum of the SC matrix). We then computed the 
time-averaged feedback inhibition (mean C

4
) for each node by averaging C

4
 over time after 20 sec simulations, discarding 

the initial 5 sec transient, using 10 random seeds. For each value of the global coupling K, we fitted a linear regression 
between nodal strength and mean C

4
 across nodes and stored the regression slope (Fig 4). Unless otherwise stated, 

these analyses were performed with rα = 0.5, ρ = 2.5 Hz, and τ = 2 sec.
To quantify how the ISP time constant τ affects adaptation dynamics, we ran noise-free whole-brain simulations (σ = 0) 

with ISP enabled and fixed parameters K = 0.5, rα = 0.5, and ρ = 2.5 Hz, using only one random seed (noise-free simula-
tion). Simulations had a total duration of 120 sec. We swept τ over the values τ ∈ [10-3, 10-2, 10-1, 1,10, 100] sec. For each 
τ, we computed the ROI-averaged C

4
(t) and defined a convergence timescale as the first time at which C

4
(t) reached 

63.2% (1 − 1/e) of its total change from an initial baseline C0
4  to its final steady value C∞

4 , where C0
4  was estimated from 

the first 2 sec and C∞
4  from the last 10 s of the simulation (Fig 4).

We fitted the model to the average FC matrices of healthy individuals in the ReDLat dataset [60], simulating 660 sec and 
discarding the first 60 sec of adaptation. We fixed ρ = 2.5 Hz and τ = 2 sec and simultaneously varied the model’s global cou-
pling K and rα between 0 and 1 (41 values each), first without ISP and then with ISP (Fig 5B). This was carried out by fitting 
the source-EEG envelope FC, after filtering the signal in the different EEG frequency bands, and downsampling to a 100 Hz 
sampling rate.

For the sleep EEG-fMRI dataset (Fig 8) [82], we swept the coupling parameter, K, from 0 to 3 (41 values in total), 
and the target value for ISP, ρ, from 2 to 3 (41 values as well), fixing rα = 0.5 and τ = 2 sec. We simulated 660 seconds 
and discarded the first 60 sec for stabilization. We used the pyramidal neurons’ firing rates to simulate fMRI-like sig-
nals through the Balloon-Windkessel model [43], averaging FCs across the 50 simulation seeds. We used firing rates 
for both α and γ subpopulations scaled by rα. The SC matrix came from the connectome of the young participants 
dataset [11].

4.7  Model fitting

For EEG and fMRI FC matrices, we maximized the SSIM [83], used to compare empirical and simulated FC matrices in 
whole-brain simulations [73].
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For the simultaneous EEG and fMRI dataset, after running the model, we aimed to fit the EEG power spectrum and 
fMRI FC. First, we calculated the relative power of each EEG band using the Welch method, generating a spectral vector 
of three entries (relative θ, α, and β power) for empirical and simulated data. Then, we compared the distance between 
the empirical and simulated relative power using the Clarkson Distance (say, x is the simulated power vector and y the 
empirical power vector):

	
λ(x, y) =

1√
2

∣∣∣∣
x
|x|

–
y
|y|

∣∣∣∣
	

where |x| is the Euclidean norm of x. We took 1 - λ(x, y) as the goodness of fit between spectral vectors x, y.
Finally, we calculated the distance between empirical and simulated spectral vectors for each parameter combination 

and further analyzed only parameter combinations with a goodness of fit ≥ 0.85. From this subset of parameters, we maxi-
mized the SSIM between empirical and simulated FCs.

4.8  Bifurcation analysis

Bifurcation analysis was performed using the XPP-Auto software, and the figures were made using custom code in 
Python.

4.9  Statistical analysis

Given that statistical p-values could be artificially inflated by sample size in computer simulations (varying the number of 
seeds), instead of statistical tests, we report results using Cohen’s D for effect size. Usually, Cohen’s D is interpreted as 
very small (|D| < 0.2), small (0.2 < |D| < 0.5), moderate (0.5 < |D| < 0.8), large (0.8 < |D| < 1.2), very large (1.2 < |D| < 2) [84].

Supporting information

S1 Fig. Extended bifurcation analysis across homeostatic targets. For the Jansen-Rit model with homeostatic plas-
ticity, the bifurcation diagram (left), associated main oscillation frequency (center), and two representative activity traces 
with their corresponding power spectral density (PSD; right) are shown for multiple pyramidal firing-rate targets (rows: 
ρ = 2.5, 2.9, 3.0, 3.2, 3.3 Hz; indicated in each left panel). In the bifurcation diagrams, thick red and black lines denote sta-
ble and unstable fixed points, respectively, while green and blue curves indicate maxima and minima of stable (green) and 
unstable (blue) periodic orbits. The same color convention is used in the center panels to report the oscillation frequency 
(Hz) along the corresponding periodic branches. In the right panels we show sample time series and PSD, at the labeled 
input values p. Dots denote bifurcations: black = Hopf bifurcation; purple = saddle-node (either fixed points or limit cycles); 
blue = Torus or Neimar-Sacker bifurcation; red = branching or pitchfork bifurcation.
(PDF)

S2 Fig. Bifurcation analysis with respect to the target firing rate ρ at fixed input p. For the Jansen-Rit model with 
homeostatic plasticity, bifurcation diagrams are shown as a function of the target ρ for three representative con-
stant input values (top to bottom: p = 100, 200, 240). Left panels show the equilibrium variable x0 (excitatory input to 
pyramidal neurons) and the extrema of periodic orbits as ρ is varied: thick red and black lines indicate stable and unsta-
ble fixed points, respectively, and green/blue curves indicate maxima and minima of stable (green) and unstable (blue) 
periodic orbits. In the right panels we report the main oscillation frequency (Hz) along the corresponding periodic branches 
using the same color convention. Dots denote bifurcations: black = Hopf; purple = saddle-node (of fixed points or limit 
cycles); blue = torus/Neimark-Sacker; red = branching/pitchfork bifurcation.
(PDF)

http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1013463.s001
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S3 Fig. Structural connectivity (SC) matrices used in whole-brain simulations. A) The original SC matrix (young 
connectome). B) Modified SC matrix after reinforcing homotopic inter-hemispheric connections along the anti-diagonal. C) 
Difference matrix (optimized minus original).
(PDF)
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