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Abstract

This thesis explores brain complexity and its structural and functional substrates, linking
theoretical principles, empirical TMS-EEG recordings, and multi-scale computational
modeling. The central question it addresses is how brain networks sustain complex dynamics
and how these dynamics break down in pathology. Across five interconnected studies, it
standardizes experimental TMS-EEG data analysis and whole-brain computational pipelines
to investigate how structural connectivity, network topology, and dynamical regimes jointly
shape brain complexity.

First, a standardized analysis framework (TEPpy) is developed to map the temporal and
spectral signatures of TMS-evoked potentials, operationalizing local circuit differentiation by
characterizing peak-based features and natural frequencies. Second, an integrated
whole-brain modeling workflow (TVB-Cobrawap) is introduced to tune connectome-based
neural mass models toward biologically realistic regimes that jointly reproduce spontaneous
rhythms, features of criticality, and high perturbational complexity in evoked responses,
thereby unifying expectations for spontaneous and evoked activity within a single tuned
model. Third, local virtual manipulations in a whole-brain computational model show that
silencing highly central posterior hubs produces the largest reductions in perturbational
complexity, indicating a central role of posterior network hubs in sustaining complex
dynamics. Fourth, a multiscale computational model demonstrates that structural
disconnection alone is sufficient to generate cortical bistability and slow waves via neuronal
disfacilitation, and further shows that their propagation depends on hierarchical topology and
the temporal coherence of afferent slow wave activity, providing a mechanistic account of
perilesional sleep-like dynamics and large-scale slow wave propagation after focal lesions.
Fifth, a computational analysis across rewired networks indicates that perturbational
complexity peaks in small-world regimes and remains robust to common-driver confounds,
whereas observational measures exhibit systematic biases toward segregation or integration.
This clarifies complexity metric sensitivities and provides a principled basis for interpreting
complexity markers.

Collectively, these contributions provide standardized empirical and computational tools,
establish a mechanistic link between criticality and perturbational complexity, and bridge
abstract information-theoretic constructs with the neurobiology of brain structure and
dynamics. They further delineate translational avenues for assessing brain complexity and
modeling slow wave dynamics following brain injury.
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Introduction

1.1 Brain Complexity: the Integration-Differentiation
Framework

The concept of brain complexity addresses a fundamental dilemma in brain organization: how
does the brain achieve both global coordination (integration) and local specialization
(differentiation) within large-scale distributed networks? This dialectical tension underpins
the brain's capacity for cognition, adaptive behavior, and consciousness. Differentiation refers
to the ability of specialized groups of neurons to extract relevant information from diverse
multisensory inputs, thereby supporting rich information content. Integration, by contrast,
emphasizes the need for these specialized and segregated neurons to interact dynamically in
order to combine this wealth of information and generate unique, coherent cognitive states
that enable appropriate behavior (Sporns et al., 2000). The coexistence and dynamic balance
of these properties is considered a hallmark of healthy brain function and conscious
awareness (Tononi et al, 1994; Sporns, 2013). In the following sections I outline the
conceptual and structural foundations of this framework, its mechanistic relationship to
critical dynamics, and recent empirical and methodological advances.

1.1.1 Conceptual Foundations of Brain complexity

The conceptual foundations of brain complexity can be traced to converging insights from
neuroscience, information theory, and dynamical systems. Early proposals by Tononi and
colleagues formalized the idea that conscious experience is both highly integrated (irreducible
as a whole) and highly differentiated (rich in informational content). They argued that the
brain's capacity for consciousness depends on the repertoire of causal states it can generate
(Tononi et al.,, 1994; Tononi and Edelman, 1998). This framework gave rise to the Dynamic
Core Hypothesis, which posits that conscious experience emerges from distributed,



interacting thalamocortical regions that transiently form a unified, complex functional cluster
(Edelman and Tononi, 2000). The hypothesis emphasized that consciousness is not localized
in a single region but arises from dynamic patterns of large-scale integration, continuously
reconfiguring as neural activity unfolds.

This line of thought was later developed into Integrated Information Theory (IIT), which seeks
to capture both the quantity (®) and quality of experience by formalizing how information is
integrated across a system (Tononi, 2004; Oizumi et al, 2014; Tononi et al., 2016). IIT
provided a principled attempt to link the phenomenology of consciousness to measurable
properties of causal networks. More recently, a “weak” form of IIT has been proposed,
emphasizing empirical measures of information dynamics that are tractable for neuroscience
without committing to the full ontological claims of the original theory (Mediano et al., 2022).
In this framework, integrated information is treated as a family of practical markers that can
be applied to neural data to predict conscious states and contents, sidestepping the
computational intractability and metaphysical commitments of “strong” IIT. Weak IIT thus
operationalizes the core notions of integration and differentiation in terms of implementable
measures that remain faithful to the spirit, if not the letter, of the original theory.

Crucially, these complex dynamics are both enabled and constrained by the brain’s structural
architecture. Several studies have highlighted how the connectome (i.e., the network of
anatomical connections) provides the substrate for balancing integration and differentiation
(Sporns et al,, 2005; Hagmann et al., 2008). Differentiation is grounded in the heterogeneity of
local microcircuits, including variations in cytoarchitecture, gene expression, and
neurotransmitter receptor profiles across cortical and subcortical regions (Economo et al,,
2008; Burt et al, 2018; Hansen et al., 2022). Integration, by contrast, is supported by the
dense web of long-range white-matter tracts that enable efficient communication between
specialized areas, with hub regions rich in connections (e.g., nodes of the default mode
networks) playing a disproportionately important role in large-scale coordination (Heuvel and
Sporns, 2013; Crossley et al, 2014). The architectural requirements underlying complex
dynamics will be further discussed in section 1.3.1.1.

The articles presented in Chapter 2 provide a comprehensive validation and
operationalization of these theoretical principles across multiple scales. Article 1 (section 2.1)
introduces TEPpy, a standardized computational framework that can be used to quantify the
differentiation of stimulated neuronal circuits by analyzing TMS-evoked potential (TEP)
features, such as natural frequencies and early components, establishing systematic and
reproducible methods for probing the mesoscale substrates of brain complexity. Article 2
(section 2.2) advances computational modeling by showing that whole-brain models, when
tuned to critical regimes, naturally exhibit the integration-differentiation balance in their
evoked dynamics. Article 3 (section 2.3) investigates the global impact of local alterations,
demonstrating that disruptions to posterior hub regions produce the largest declines in
perturbational complexity, revealing the architectural dependencies of this balance. Article 4



(section 2.4) employs a multiscale modeling approach to explore mechanisms underlying the
loss of brain complexity. Finally, Article 5 (section 2.5) systematically evaluates how different
complexity measures capture the theoretical integration-differentiation balance.

Together, these five studies establish a comprehensive framework for understanding brain
complexity as a measurable, mechanistically grounded phenomenon that bridges theory,
empirical observation, and clinical application.

1.1.2 Complexity and Critical Dynamics

An influential idea for explaining how the brain generates complex activity is the hypothesis
that neural systems operate close to a state of criticality (Fig 1.1), a dynamical regime poised
between order and disorder (Chialvo, 2010; Shew and Plenz, 2013). At this boundary, the
system achieves a delicate balance: it is ordered enough to sustain coherent communication
across networks, yet sufficiently variable to explore a rich repertoire of states. This is precisely
the balance between integration and differentiation that defines complex neural dynamics.
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Figure 1.1 Computational Regimes at the Edge of Criticality. (A) High-dimensional landscape of
brain dynamics, demarcated by two principal phase transitions: the classical avalanche criticality (AC)
boundary and the edge-of-chaos (EOC) boundary. The AC transition separates regimes where small
perturbations either diminish (subcritical) or amplify uncontrollably (supercritical), while the EOC
transition marks the onset of sensitivity to minute input differences (chaotic) versus convergence of

Subcritical Chaotic



trajectories (stable). (B) Schematic illustrating responses to a brief perturbation under each phase.
Subcritical: Activity rapidly decays, yielding quenched, low-diversity responses. Avalanche critical (AC):
Perturbations propagate broadly without runaway growth, balancing signal spread and containment.
Supercritical: Inputs trigger explosive, high-gain activity. Stable: Trajectories converge, minimizing
variability and encoding specificity. Edge-of-chaos (EOC): Input distinctions are sustained over time,
maximizing both representation fidelity and richness of dynamics. Chaotic: Nearby trajectories diverge
exponentially, creating hypersensitivity to noise. (C-D) Trade-off curves for AC (C) and EOC (D)
showing how computational metrics vary with distance from each critical point. For AC, moving toward
criticality enhances dynamic range, integration-segregation balance, and information transfer at the
expense of specificity and rapid quenching. For EOC, proximity maximizes nonlinear transformation
and storage capacity but risks redundancy or overload in stable and chaotic extremes, respectively.
Figure adapted from O’Byrne and Jerbi (2022).

Critical dynamics are characterized by a number of distinctive signatures. Neuronal activity
unfolds in scale-free cascades, or avalanches, whose size distributions follow power laws
(Beggs and Plenz, 2003). In such a regime, the branching parameter approaches unity,
ensuring that perturbations neither die out too quickly nor grow without bound, but instead
propagate efficiently through the network (Haldeman and Beggs, 2005; Kinouchi and Copelli,
2006). This poised state has profound computational consequences: it maximizes the system’s
dynamic range, information transmission, and responsiveness to inputs of varying amplitude
(Kinouchi and Copelli, 2006; Shew et al., 2009).

A central functional hallmark of criticality is critical slowing down, the tendency of systems
near a phase transition to recover more slowly from perturbations (Meisel et al., 2015). Far
from being a limitation, this slowing enables activity to persist and evolve over time, enriching
the temporal structure of neural dynamics. Theoretically, such a regime confers the twin
advantages of robustness and flexibility: local events can spread widely without destabilizing
the system, while global coherence is preserved. This dual property maps directly onto the
requirements for sustaining integration and differentiation in neural processing (Chialvo,
2010).

The relationship between criticality and complexity is supported by both theoretical models
and empirical observations. Theoretically, scale-free correlations allow local perturbations to
influence activity across multiple spatial scales, creating conditions that optimize the
integration-differentiation balance. Empirically, measures grounded in information theory
demonstrate that neural complexity is maximized near criticality, when the system explores
the broadest repertoire of spatiotemporal activity patterns (Shew and Plenz, 2013; Timme et
al, 2016). Studies of altered states of consciousness further reinforce this connection:
anesthetics such as propofol and xenon push neural networks away from criticality,
concomitantly reducing measures of brain complexity, whereas ketamine, despite altering
perception, preserves near-critical dynamics and maintains high complexity (Maschke et al,,
2024).
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This mechanistic relationship is a central theme of this thesis. In Article 2 (section 2.2),
systematic tuning of whole-brain models reveals that networks exhibiting critical features
(including scale-free dynamics and critical slowing down) naturally generate the complex
evoked activity patterns characteristic of conscious states. Article 5 (section 2.5) provides
complementary evidence, showing that the structural transition toward optimal
integration-differentiation balance coincides with the emergence of critical slowing down in
evoked responses, establishing that the network bases of complexity and criticality are
fundamentally intertwined.

1.1.3 Measuring Brain Complexity

Quantifying the integration-differentiation balance poses a major empirical challenge. By
definition, it requires capturing both the diversity of accessible brain states (differentiation)
and their causal interdependence (integration) (Tononi et al., 1994). Over the past two
decades, a consistent body of evidence has shown that measures linked to brain complexity
serve as robust markers of consciousness across physiological states such as sleep,
pharmacological manipulations with anesthesia, and clinical conditions involving disorders of
consciousness. Remarkably, this convergence has occurred despite the fact that these
measures were derived from diverse analysis approaches (Sarasso et al., 2021).

A wide range of metrics has been developed, which can be roughly grouped according to their
strategy for estimating the state repertoire (differentiation) and integration. Spatial
approaches reconstruct functional brain networks directly from empirical recordings, using
correlations, coherence, or phase synchrony to define edges between regions. Graph-theoretic
analyses of these networks then probe the balance between segregation and integration
through indices such as modularity, clustering coefficient, global efficiency, or characteristic
path length. These analyses consistently reveal a small-world organization, a hallmark of
complex systems that simultaneously supports localized specialization and long-range
integration (Bullmore and Sporns, 2009; Sporns, 2013; Cohen and D’Esposito, 2016).

In contrast, temporal approaches bypass explicit network reconstruction and quantify
complexity directly from the unfolding dynamics of neural signals. Here, activity patterns are
extracted from time series (through binarization, symbolization, or microstate analysis) and
their unpredictability or information content is captured using entropy-based measures,
fractal indices, or empirical approximations of integrated information (Schartner et al.,, 2015;
Andrillon et al., 2016; Mateos et al,, 2018; Nilsen et al., 2024). These measures foreground the
richness of the temporal repertoire itself, rather than the topological structure of interactions.

Both strategies have yielded valuable insights, but they face important limitations. Measures
of spontaneous activity can be confounded by common drivers (e.g., shared sensory inputs or
global neuromodulatory fluctuations) which inflate apparent interactions and lead to
overestimates of integration. Entropy-based metrics, on the other hand, may be
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disproportionately sensitive to local variability and often rest on implicit assumptions about
causal dependencies rather than testing them directly (Sarasso et al., 2021).

Perturbational approaches address these limitations by actively probing causal interactions
through controlled stimuli and measuring the resulting spatiotemporal propagation of activity.
The Perturbational Complexity Index (PCI) exemplifies this strategy, combining TMS with
source-projected EEG responses compressed via the Lempel-Ziv algorithm to quantify the
algorithmic complexity of the brain’s causal repertoire: when a perturbation evokes an
integrated yet highly differentiated response, the resulting spatiotemporal pattern is hard to
compress and PCI is high, whereas responses that lack integration or are stereotyped yield
easily compressible signals and low PCI (Casali et al., 2013; Sarasso et al., 2015; Casarotto et
al, 2016). Despite these advances, important gaps remain. Different measures capture
different structural and dynamical features of neural activity, and it is often unclear whether
they are biased toward integration or differentiation. Bridging these gaps, by clarifying the
scope, assumptions, and complementary strengths of each approach, is essential for a
mechanistic understanding of how complexity supports consciousness.

In chapter 2, particularly in Article 5 (section 2.5), I address these gaps using large-scale
neural mass simulations to systematically relate observational and perturbational complexity
measures to underlying network topology, ranging from lattice-like to random to modular
architectures. By examining spontaneous and evoked dynamics and assessing robustness to
confounds such as common drivers, we disentangle the structural and dynamical
determinants captured by each measure, clarify their complementarity, and provide a
principled basis for interpreting complexity estimates as markers of conscious brain function.
The results indicate that, while observational metrics are often confounded, PCI robustly
identifies the optimal integration-differentiation balance of the underlying network,
establishing it as a rigorous operationalization of brain complexity.

1.2 TMS-EEG as a Causal Perturbational Approach

A major advance in the empirical study of brain complexity has been the development of TMS
combined with EEG (TMS-EEG). Unlike purely observational approaches, TMS-EEG provides a
causal probe of cortical dynamics: a brief magnetic pulse locally excites neuronal populations,
and the subsequent propagation of activity can be tracked across the brain with millisecond
temporal precision. This capacity to actively perturb the system and then observe its
spatiotemporal unfolding makes TMS-EEG suited to assess the brain’s ability to generate
responses that are both integrated and differentiated (Massimini et al., 2005; Casali et al,,
2013). In doing so, it bypasses many confounds of spontaneous activity measures and directly
tests the causal interactions that underlie complex neural dynamics. The following sections
detail the principles of this approach and illustrate how it can be used to probe circuit- and
network-level mechanisms of brain complexity.
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1.2.1 Principles of TMS-EEG

TMS operates through the principle of electromagnetic induction: a very brief (~100 ps) and
high-intensity current (~5 kA) in the coil generates a strong but transient magnetic field
(~1-3 T). This field passes largely unattenuated through the scalp and skull, inducing an
electric field in the underlying cortex. Neuronal elements aligned with this field, most
effectively the axons of pyramidal neurons in superficial layers, can become depolarized.
When the induced current is sufficiently strong, it triggers action potentials that propagate
both orthodromically and antidromically, thereby recruiting local microcircuits as well as
connected regions (Ilmoniemi et al., 1997; Ruohonen and Karhu, 2010; Hernandez-Pavon et
al,, 2023).

The downstream consequence of this perturbation is measurable with EEG. The scalp signal
does not directly reflect action potentials but rather the summed postsynaptic potentials of
large neuronal populations acting in synchrony (Nunez et al., 2006; Hernandez-Pavon et al,,
2023). Averaging the EEG response across many stimulations yields the TMS-evoked potential
(TEP), a characteristic sequence of deflections that capture the temporal evolution of cortical
activation. The early components of the TEP are typically interpreted as indices of local
excitability near the stimulation site, while the later components reflect trans-synaptic
propagation and the recruitment of distributed networks. Thus, the TEP provides a
reproducible physiological signature that encompasses both local cortical reactivity and
large-scale effective connectivity. By combining a controlled external perturbation (TMS) with
whole-scalp recording (EEG), this approach uniquely allows researchers to causally probe the
dynamics of brain networks.

Over the past two decades, methodological refinements have progressively transformed
TMS-EEG from an initial proof-of-concept into a robust and standardized research tool. A
major challenge has been the removal of stimulation-related artifacts while preserving
genuine neural responses. Advanced approaches such as signal-space projection,
source-informed reconstruction, and independent component analysis now allow for effective
suppression of these artifacts (Mutanen et al., 2016; Bertazzoli et al, 2021). In parallel,
advances in source modeling enable increasingly precise localization of TMS-evoked activity
(Gramfort et al., 2014), while the integration of TMS-EEG with structural and functional
imaging provides essential anatomical context for interpreting propagation patterns (Casali et
al,, 2010; Casarotto et al., 2010; Atalay et al., 2025).

More recently, real-time visualization tools have further improved experimental control by
allowing researchers to monitor TEP quality during acquisition and optimize stimulation
parameters online (Casarotto et al, 2022). In addition, brain-state-dependent stimulation
protocols, in which TMS pulses are triggered by specific EEG-defined patterns, have opened
new avenues for investigating how cortical reactivity depends on ongoing brain dynamics
(Zrenner et al.,, 2018; Wischnewski et al.,, 2024). Together, these methodological advances have
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consolidated TMS-EEG as a reproducible, versatile, and uniquely causal approach for probing
brain dynamics (Fig. 1.2).
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Figure 1.2 Schematic of a typical TMS-EEG recording session on a typical PhD student. This
illustration shows the author as the experimental subject, wearing a high-density EEG cap while a
neuronavigation-guided TMS coil targets a specific cortical region. The coil’'s brief magnetic pulse,
visualized on the monitor co-registered to the author’s MRI, induces an electric field that depolarizes
superficial pyramidal neurons. Resulting action potentials propagate locally and to connected areas.
Simultaneously, the EEG records summed postsynaptic potentials across the scalp.

1.2.2 Probing Circuit Differentiation with Site-Specific TMS

The early components of the TMS-evoked potential (TEP) provide a direct readout of local
circuit properties and functional differentiation. These responses are highly focal, with
maximal amplitudes observed at electrodes near the stimulation site, reflecting the intrinsic
excitability and synaptic organization of the underlying cortical microcircuit (Fig. 1.3A-C)
(Ilmoniemi et al., 1997; Komssi and Kdhkonen, 2006). The characteristic waveform, defined by
a sequence of peaks (e.g., P30, N45, P60), serves as an electrophysiological “fingerprint” of the
stimulated neuronal circuit. The latencies and amplitudes of these peaks are sensitive to
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GABAergic neurotransmission (e.g.,, N45 to GABAA, N100 to GABAB; Premoli et al,, 2014), as
well as to brain state (Massimini et al., 2005) and pathology (Ferrarelli et al., 2008).
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Figure 1.3 TMS-Evoked Potentials Reveal Circuit-Specific Properties and Natural Frequencies.
(A) Schematic of the TMS-EEG experimental setup, where a magnetic coil delivers brief pulses to
targeted cortical areas while high-density EEG simultaneously records neural responses across the
scalp. (B) Representative butterfly plot displaying TMS-evoked potentials (TEPs) from all EEG channels
after averaging across repeated stimulations, revealing the characteristic sequence of voltage
deflections that constitute the cortical response signature. (C) Exemplary TEP waveforms from three
distinct cortical regions—occipital (green), parietal (purple),

and premotor (orange)
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areas—demonstrating region-specific peak patterns and amplitudes. (D) Time-frequency analysis of
the same three regions, showing how TMS induces frequency-specific oscillatory responses that
manifest as "natural frequencies" characteristic of each cortical area. The power spectra reveal a
posterior-to-anterior gradient in dominant frequencies, with occipital areas exhibiting lower natural
frequencies than frontal regions, reflecting the intrinsic resonance properties of distinct
cortico-thalamic circuits. Adapted from Article 1.

In the frequency domain, TMS evokes a resonant response at the stimulated area, which can
be characterized by its natural frequency (Rosanova et al.,, 2009). Systematic mapping has
shown that the natural frequency increased along the posterior-to-anterior axis (Fig. 1.3D).
These frequency-specific responses reflect the intrinsic resonance of distinct cortico-thalamic
circuits and provide a robust marker of local functional differentiation. Interestingly, shifts in
natural frequency have been observed in the occipital cortex of blind individuals (Hassan et
al, 2025) and in perilesional stimulations in stroke patients (Sarasso et al., 2020), suggesting
its sensitivity to functional reorganization or disruption.

These circuit-level signatures form the foundation for TEPpy (Article 1; section 2.1), a
standardized computational framework developed during the PhD. TEPpy is a python package
enabling the reproducible extraction of peak amplitudes, latencies, and frequency-specific
responses, providing a systematic method for characterizing circuit-level differentiation
across the cortex.

1.2.3 Probing Large-Scale Integration through Propagation Dynamics

The later components of the TMS-evoked potential (TEP) provide a direct measure of the
brain’s capacity for large-scale integration, complementing early components that primarily
reflect local circuit differentiation (see sec. 1.2.2). Unlike early, focal responses, late TEPs
exhibit widespread spatial distributions dependent on the efficiency of long-range white
matter connections and recurrent network feedback. Source-localized TMS-EEG combined
with connectome-based computational modeling (Momi et al., 2023) demonstrates that early
TEP components are primarily generated by local reverberatory activity, whereas late
components (>100 ms) emerge from activity that propagates through distributed cortical and
subcortical networks and re-converges on the stimulation site, reflecting recurrent, re-entrant
processing essential for integrating information across specialized regions (Llinas et al., 1998;
Lau and Bi, 2005; Edelman and Gally, 2013; Lopez-Gonzalez et al., 2021). Recent optogenetic
and electrophysiological evidence further shows that these late TEPs are causally driven by
thalamo-cortical rebound dynamics—stimulation-evoked thalamic hyperpolarization
de-inactivates low-threshold Ca?" currents and h-currents, triggering thalamic rebound bursts
that precede and drive the widespread late cortical responses (Russo et al., 2025).

The spatiotemporal evolution of late TEPs indexes effective connectivity: activity spreads
through anatomically constrained pathways, producing characteristic sequences of regional
activation consistent with the structural connectome (Atalay et al, 2025). The extent,
complexity, and persistence of these responses indicate the system’s ability to sustain
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coordinated, causally driven interactions, a hallmark of conscious brain function (Casali et al,,
2013; Sarasso et al.,, 2015). This integrative capacity exhibits a hierarchical cortical gradient,
with high-order transmodal regions (e.g, default mode and frontoparietal networks)
producing more complex and sustained responses than unimodal sensory regions (Momi et
al,, 2025). Virtual lesion experiments confirm that silencing long-range feedback connections
selectively reduces late responses in high-order areas, demonstrating their reliance on
distributed network interactions (Momi et al., 2025).

Crucially, integration capacity is strongly state-dependent. In wakefulness, TMS evokes
complex, widespread responses with sustained propagation and rich oscillatory structure. By
contrast, during non-REM sleep, anesthesia, or pathological states such as coma, responses
become simplified, with reduced spatial spread and temporal evolution (Massimini et al,,
2005; Ferrarelli et al.,, 2010; Sarasso et al., 2015). This causal probing of large-scale effective
connectivity thus provides a sensitive means of distinguishing between physiological and
pathological states of consciousness, even when spontaneous EEG activity appears similar
(Rosanova et al.,, 2012; Casarotto et al., 2024).

1.2.4 PCI as a Benchmark for Perturbational Complexity

Building on these empirical insights, the Perturbational Complexity Index (PCI) has emerged
as a benchmark measure for quantifying the integration-differentiation balance using
TMS-EEG (Casali et al., 2013). PCI captures the spatiotemporal richness of TMS-evoked
responses by assessing their algorithmic compressibility, thereby providing a principled
readout of the brain’s capacity for complex dynamics. High PCI values reflect responses that
are both spatially extensive (integration) and temporally diverse (differentiation), whereas
low values reflect either fragmented local responses or globally stereotyped activity.

PCI has been validated across a range of contexts, including sleep (Casali et al., 2013),
anesthesia (Sarasso et al,, 2015), and disorders of consciousness (Casarotto et al., 2016). Its
strength lies in three key features: first, by relying on controlled perturbations, PCI bypasses
confounds inherent to resting-state analyses, such as spurious correlations driven by common
inputs. Second, PCI forces the cortex to engage its endogenous causal interactions, providing a
direct readout of the network's capacity for generating complex dynamics rather than
inferring it from observations of ongoing fluctuations (Cattani et al, 2023). Third, the
TMS-EEG methodology underpinning PCI directly stimulates and records cortical activity,
entirely bypassing sensory transduction pathways, subcortical structures, and the motor
system. This unique feature ensures that the measure is independent of the functional
integrity of sensory and motor pathways, allowing for its reliable application in severely
compromised patient populations (e.g., paralyzed, deafferented, or unconscious individuals)
and enabling the assessment of any cortical region, from primary to associative areas
(Rosanova et al., 2009).
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The computational studies in chapter 2 substantiate PCI's theoretical foundations. Article 2
shows that whole-brain models exhibiting criticality also generate high PCI values in
responses to perturbation, confirming the linkage between criticality and perturbational
complexity (see section 1.1.2). Article 3 demonstrates that PCI is most sensitive to lesions of
posterior structural hubs, highlighting its dependence on integration. Finally, Article 5
systematically compares PCI against observational measures across networks rewired from
segregated to integrated architectures, demonstrating that PCI identifies the optimal
integration-differentiation balance and remains robust under common driver confounds.

1.3 Mechanisms Underlying Brain Complexity and Its Loss

Brain complexity emerges from the interaction of architectural and dynamical mechanisms
that balance integration and differentiation. Disruptions at multiple scales, structural or
functional, can compromise this balance, leading to reduced complexity and impaired brain
function. This section examines the fundamental mechanisms that govern brain complexity
and their disruption across physiological conditions (sleep and anesthesia) and pathological
states (brain injury), with particular emphasis on how these mechanisms contribute to
alterations in consciousness and cognitive function.

1.3.1 Mechanisms for Complex Dynamics
1.3.1.1 Architecture Level

At the macroscale, the brain’s structural topology provides the substrate for generating
complex dynamics. The emergence of such dynamics is thought to directly reflect the
anatomical arrangement of neuronal circuitry (Sporns et al., 2000, 2005; Honey et al., 2009;
Betzel and Bassett, 2017; Fukushima and Sporns, 2020). Long-range connections link
distributed regions to support global integration, while dense local clustering enables
specialized processing and functional differentiation (Bullmore and Sporns, 2009; Bullmore
and Sporns, 2012; Sporns, 2013; Cohen and D’Esposito, 2016). This balance is implemented
through several canonical organizing principles. Small-world organization combines high
clustering, which supports local specialization, with short path lengths that enable efficient
global communication (Fig. 1.4A) (Watts and Strogatz, 1998; Bassett and Bullmore, 2017).
Modularity provides functional segregation across subnetworks, allowing distributed
specialization (Bertolero et al., 2015; Sporns and Betzel, 2016). Hierarchical organization
allows interactions across multiple levels of processing, from local to global scales (Meunier et
al,, 2010; Hilgetag and Goulas, 2020; Pathak et al., 2024).

Crucially, this architecture is supported by highly connected hub regions that form a rich-club
organization, acting as convergence points for distributed information and supporting global
integration (Heuvel and Sporns, 2011, 2013; Senden et al, 2014; Gollo et al, 2015;
Zamora-Lopez et al,, 2016; Griffa and Van den Heuvel, 2018). Conversely, spatial constraints
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imposed by wiring cost favor local connectivity and metabolic efficiency, reinforcing functional
segregation (Boucsein et al., 2011; Ercsey-Ravasz et al, 2013; Horvat et al,, 2016). Within
these densely connected clusters, recurrent connections and feedback loops form triangular
motifs that sustain reverberatory activity (Kaiser et al, 2007; Hilgetag and Hiitt, 2014),
supporting both criticality and increased responsiveness to external perturbation (Fig. 1.4B)
(Spiegler et al., 2016). The ubiquity of such recurrence across scales provides the structural
basis for re-entrant signaling (Tononi et al, 1992; Edelman and Gally, 2013), whereby
bidirectional, recursive exchanges between distributed regions enable spatiotemporal
synchronization.
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Fig. 1.4 Integration-Segregation Continuum: Network Construction and Signal Propagation. (A)
Construction of network families spanning integration to segregation. Starting from a regular ring
lattice (C1, top left), edges are gradually rewired to produce small-world architectures (B1) and
ultimately a fully random network (R, top right). From R, a degree-preserving reclustering algorithm
incrementally enhances community structure, yielding a modular intermediate (B2) and a highly
segregated network (C2, bottom right). The resulting continuum captures regimes dominated by global
integration (warm colors), local segregation (cool colors), or a balance of both (neutral shading). Each
node is instantiated as a Wilson-Cowan unit (inset), comprising excitatory (E) and inhibitory (I)
populations. (B) Spatiotemporal activation profiles following a single excitatory pulse to one node
(schematized inset). Raster-style matrices show the times at which each node exhibits significant
excitatory responses across network types along the randomization (C1—-B1—R) and reclustering
(R—B2—C2) axes. Below, averaged E activity across stimulation trials for three exemplar
nodes—selected by highest area-under-curve in the first 20 ms—illustrate how network topology
shapes the extent of signal propagation. C1 networks rapidly fail to recruit distant nodes, whereas R and
C2 topologies support broader and more sustained activations. Adapted from Article 5.

At the microscale, the cerebral cortex is organized into minicolumns and local circuits that
often display grid-like arrangements, particularly in posterior regions (Salin and Bullier, 1995;
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Mountcastle, 1997; Buzsaki and Draguhn, 2004; Haun and Tononi, 2019). Such architectures
are thought to provide an optimal balance between integration and differentiation, unlike
strictly modular systems such as the cerebellum, whose feedforward, largely independent
microzones appear ill-suited for sustaining high levels of complexity (Tononi, 2004). In
posterior cortical areas, neurons are not only locally clustered but also interconnected in a
convergent-divergent manner across areas, generating systematic overlap that supports
strong integration and reentrant activity. These grid-like circuits, characterized by dense
short-range connectivity, patchy long-range projections, and high overlap among connections,
have been proposed as structural substrates of both brain complexity and conscious
experience (Haun and Tononi, 2019). Empirical evidence supports this view: macroscopic
measures such as EEG and fMRI indicate that loss and recovery of consciousness in sleep,
anesthesia, or brain injury are closely tied to changes in posterior cortical complexity (King et
al, 2013; Sitt et al., 2014; Luppi et al., 2019). Moreover, the topographic organization of
grid-like areas ensures that variations in sensory space map systematically onto neural
activity, such that lesions, disconnections, or stimulations of these circuits directly alter the
structure of subjective experience, for example, producing hemianopia, neglect, or spatially
localized phosphenes (Haun and Tononi, 2019). Thus, grid-like local architectures not only
provide a mechanistic foundation for neural integration but may also underlie the
phenomenology of extended space in conscious perception.

In Article 5 (section 2.5), I quantitatively linked these architectural principles to complexity by
systematically rewiring networks from segregated to integrated regimes and benchmarking
multiple complexity metrics; I showed that perturbational complexity peaks in small-world
regimes where clustering and efficiency are jointly optimized, whereas observational metrics
are biased toward either segregation or integration and are more vulnerable to
common-driver confounds. I further demonstrated that recurrent motifs bolster late
reverberation without sacrificing early propagation only when embedded in architectures that
preserve short paths, thereby providing a structural explanation for the coexistence of
integration and differentiation captured by PCI in balanced networks.

1.3.1.2 Dynamics: Criticality and the Order-Disorder Balance

Beyond architecture, complex dynamics require the brain to operate in an appropriate
dynamical regime. As detailed in Section 1.1.2, the brain functions near critical points between
order and disorder, a state that maximizes information processing capacities while avoiding
pathological synchronization or uncorrelated noise (Beggs and Plenz, 2003; Chialvo, 2010).
This criticality is not a uniform property across the brain. This architecture-dependent
criticality suggests that heterogeneity across brain networks may support functional
specialization. Different regions need not operate at the same point along the criticality
continuum: variations in connectivity, for example, between sensory and association cortices,
may place regions in distinct dynamical regimes. Recent electrophysiological analyses confirm
this view: higher-order regions of the mouse visual cortex were found to be positioned closer
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to criticality than primary sensory regions, consistent with their longer integration timescales
and increased computational demands (Harris et al, 2024). Complementary large-scale
neuronal recordings further reveal that signatures of near-critical scaling are widespread
across the brain, with each area operating to a greater or lesser degree near the edge of
instability (Morales et al., 2023).

In Article 2, I tuned whole-brain models to regimes exhibiting hallmarks of
criticality—scale-free temporal fluctuations, long-range temporal correlations, infra-slow
rhythms, and critical slowing down—and showed that only near these regimes do
perturbations elicit widespread yet non-stereotyped responses with high PCI, mirroring
conscious-state dynamics in empirical data. In Article 5, I provided complementary evidence
by demonstrating that the architectural transition toward an optimal integration-segregation
balance coincides with critical slowing down in evoked responses and yields an inverted-U
relationship between PCI and network topology, thereby linking structural small-worldness,
critical dynamics, and perturbational complexity within a unified framework.

1.3.2 Mechanisms Underlying Loss of Complexity in Physiological and
Pathological Conditions

1.3.2.1 Graph-Level Disruption

Targeted alterations to brain network topology, including lesions or hub disruption,
compromise global integration and the brain’s capacity for long-range information
propagation. Network theory demonstrates that removal of high-degree or high-betweenness
nodes in scale-free networks produces rapid fragmentation and marked reductions in global
efficiency, whereas random failures have limited impact (Albert et al., 2000). Extending these
principles to human connectomes, Alstott et al., (2009) showed that lesions to high-centrality
nodes induce nonlinear collapses in communication efficiency, yielding network “blackouts”
far exceeding random node removal. Graph-theoretical metrics formalize this vulnerability:
removal of critical nodes increases characteristic path length and reduces clustering,
impairing both integration and segregation (Crucitti et al., 2004). Functional MRI studies
corroborate these predictions, showing that hub lesions reduce small-worldness and
modularity, diminishing the network’s dynamic repertoire (Achard and Bullmore, 2007).
Targeted disruption of rich-club hubs further compromises long-range communication,
shifting processing toward local, less efficient pathways and triggering cascading connectivity
failures (Rubinov and Sporns, 2010). Collectively, these findings establish that the loss of
central nodes transforms networks from globally integrated, small-world architectures into
fragmented, locally clustered states, mechanistically explaining reductions in brain complexity
and the brain’s capacity for coordinated, causally driven activity.

In Article 3, I addressed this principle of targeted hub disruption directly by implementing a
large-scale computational model to systematically silence local nodes and quantify the
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ensuing impact on brain complexity (Gaglioti et al, 2024). My findings confirmed that
silencing highly central posterior hubs induced the most severe reductions in PCI,
demonstrating a direct link between the disconnection of critical network nodes and the
collapse of integrated, complex brain dynamics.

1.3.2.2 Electrophysiological Mechanisms: Cortical Bistability

A central mechanism underlying the loss of complexity is cortical bistability—the alternation
between depolarized Up-states (ON-periods) with sustained firing and hyperpolarized
Down-states (OFF-periods) of silence (Fig. 1.5) (Steriade et al., 1993). This bistability is the
fundamental cellular mechanism underlying the large-scale, high-amplitude slow-wave
activity observed in the EEG during deep NREM sleep and in pathological conditions such as
coma and severe brain injury. It has been described as the “default activity pattern of cortical
networks” (Sanchez-Vives et al, 2017) and arises from local circuit dynamics: recurrent
excitatory reverberation sustains firing during the Up-state, but activity-dependent
adaptation, such as the buildup of hyperpolarizing K+ currents, progressively destabilizes it,
leading the network into a silent Down-state. Recovery is enabled by the relaxation of
adaptation and stochastic fluctuations that can trigger reactivation.
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Fig. 1.5 Cortical Bistability During Slow-Wave Sleep. This figure illustrates the hallmark alternation
between active (Up) and silent (Down) states in cortical neurons underlying slow-wave sleep. The top
panels show a long-duration intracellular recording (Cell) alongside the corresponding local field
potential (LFP) trace during deep NREM sleep (left) and wakefulness (right). Dashed boxes highlight
segments expanded below. In the sleep inset, the cell trace alternates between depolarized
Up-states—with sustained, high-frequency spiking—and hyperpolarized Down-states—marked by
near-silence—reflected in the LFP as large-amplitude slow waves. Up-states (shaded pink) arise from
recurrent excitatory feedback, while Down-states (shaded blue) result from activity-dependent
adaptation (e.g, K current buildup). The wake inset shows continuous depolarization and
desynchronized LFP activity, indicating the absence of bistable switching. Adapted from Mukovski et al.,
(2007)

During NREM sleep and anesthesia, neuromodulatory changes (e.g., reduced acetylcholine)
enhance adaptation, making cortical networks more prone to bistability (Fig. 1.6A).
Functionally, this disrupts large-scale interactions: when a cortical module falls into a
Down-state after activation, it becomes transiently unresponsive, breaking chains of causal
propagation (Cattani et al., 2023). TMS-EEG studies capture this contrast directly: while a TMS
pulse during wakefulness evokes complex, distributed activity, the same perturbation in sleep
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or anesthesia produces a local, stereotypical slow wave—an evoked OFF-period—that halts
propagation and reduces measures of complexity such as PCI (Casali et al., 2013).

Importantly, sleep-like bistability can also intrude during pathological wakefulness, though its
spatial distribution and underlying causes differ between diffuse and focal injuries. In severe,
multifocal brain damage leading to Unresponsive Wakefulness Syndrome (UWS), bistability
manifests as a global phenomenon: TMS-EEG reveals stereotypical OFF-period-like responses
across widespread cortical regions, including structurally intact areas. This suggests a
systemic failure of neuromodulatory regulation or a critical degree of network disconnection
that reveals the default bistable mode of the cortex, severely impairing large-scale integration
and correlating with the absence of behavioral responsiveness (Rosanova et al, 2012;
Casarotto et al, 2016). By contrast, after focal ischemic stroke, bistability emerges locally
within perilesional zones, extending beyond the structural lesion core, where altered
connectivity, neuromodulation, or inflammatory processes bias cortical circuits toward
bistability (Massimini et al, 2024). Intracranial recordings demonstrate that this local
bistability is not confined to the perilesional region but propagates along long-range axonal
pathways, generating sleep-like slow waves in distant, connected cortical sites and producing
a functional alteration that exceeds the structural damage (Russo et al., 2021). In both diffuse
and focal cases, cortical bistability diminishes in parallel with clinical recovery, underscoring
its role as a dynamic and reversible mechanism at the core of the breakdown, and restoration,
of brain complexity.

In Article 4, I addressed the mechanisms of slow wave generation and propagation by
developing a multiscale computational model of cortical circuits following a focal lesion. My
work demonstrated that structural disconnection alone is a sufficient driver of local cortical
bistability through a mechanism of disfacilitation. Furthermore, I identified that the
propagation of these slow waves to distant areas is governed by both the hierarchical network
structure and, crucially, the temporal coherence of slow oscillations from multiple afferent
nodes, providing a mechanistic explanation for the percolation of sleep-like activity in the
awake injured brain.
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Fig. 1.6 Cortical bistability in a neural mass model. (A) Single-population dynamics as adaptation
strength (g) increases. At low g (e.g.,, g = 5), the population exhibits a persistent Up-state with ~10 Hz
oscillations and ~7 mV amplitude, mimicking wake-like cortical activity. Intermediate g yields slow
oscillations with alternating Up (=7 mV) and Down (=4 mV) states and increased 6-band power,
characteristic of slow-wave sleep. At high g (e.g., g = 50), Down-states dominate. The panels on the right
show corresponding power spectral densities highlighting the shift from alpha to delta peaks. (B) Two
symmetrically coupled neural masses (a and b) with fixed adaptation and varying excitatory coupling
strength (C). Strong coupling (C = 30) produces alpha-band Up-states. Reducing C drives a transition to
slow waves with enhanced 6 power and intermittent Down-states, reflecting increased “disfacilitation”
(i.e., reduced excitatory input). When decoupled (C = 0), each mass enters frequent, regular slow
oscillations but loses synchrony due to the absence of coupling. Model details and further analyses are
presented in Article 4. Adapter from article 4.
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1.3.2.3 Complementary Neural Mechanisms

The balance between excitatory and inhibitory neural activity (E/I balance) represents
another crucial mechanism affecting brain complexity. This balance is fundamental to cortical
function, determining network dynamics, computational capacity, and information processing
capabilities (van Vreeswijk and Sompolinsky, 1996; Brunel, 2000). Disruption of E/I balance in
either direction can lead to convergence toward bistability as a default cortical state, since
bistability represents the natural attractor for cortical networks when normal activation
patterns are perturbed (Sanchez-Vives et al., 2017). An optimal E/I balance is thought to be
necessary for maintaining networks near a critical point, maximizing dynamic range and
information processing (Shew et al., 2009; Shew and Plenz, 2013). Alterations to this balance
can push networks toward pathological states. For instance, a strong shift toward inhibition
(e.g, via enhanced GABAAergic tone by propofol) can promote bistability and
unconsciousness (Colombo et al., 2019). A similar inhibitory shift may also arise from
structural lesions, where the disruption of excitatory fibers alters the E/I balance (Massimini
et al., 2024), resulting in cortical bistability (Fig. 1.6B). Conversely, a shift toward excitation
can lead to hyper-synchronized, epileptiform activity, also incompatible with complex
dynamics.

Another candidate mechanism for the breakdown of complexity involves the decoupling of
apical and basal dendritic compartments in layer 5 pyramidal neurons (Takahashi et al., 2016;
Aru et al,, 2020; Suzuki and Larkum, 2020). These neurons integrate bottom-up and top-down
signals through backpropagation-activated calcium firing, whereby coincident somatic and
dendritic inputs elicit dendritic calcium spikes that convert single spikes into bursts (Larkum
et al., 2004; Larkum, 2013). Anatomically, basal dendrites predominantly receive feedforward
inputs from lower hierarchical areas, while apical dendrites, extending into layer 1, receive
feedback from corticocortical and thalamocortical loops, making apical-basal coupling a
critical substrate for large-scale integration (Larkum, 2013). During anesthesia and other
states of reduced consciousness, this coupling is disrupted: apical and basal compartments
operate independently, selectively impairing feedback while preserving feedforward
processing (Suzuki and Larkum, 2020). Experimental work shows that diverse anesthetics
(isoflurane, ketamine, propofol) converge on this mechanism, blocking apical integration and
thereby preventing the reverberant interactions required for complex dynamics (Suzuki and
Larkum, 2020). In vivo imaging further demonstrates compartment-specific effects: under
anesthesia, both apical and basal dendrites show internal synchrony, but only basal dendrites
remain coupled to somatic activity, indicating selective apical decoupling (Bharioke et al,,
2022). This disruption effectively blocks cortico-thalamic feedback loops while sparing
feedforward transmission, breaking the balance of integration and segregation that sustains
complexity. Importantly, higher-order thalamic nuclei may regulate this gating of apical inputs,
positioning the thalamus as a key modulator of dendritic computation and cortical integration.
Thus, dendritic decoupling provides a unifying cellular-level mechanism through which
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distinct anesthetics, and potentially sleep or brain injury, converge to impair large-scale
effective connectivity and reduce the complexity of cortical dynamics.

1.4 Computational Modeling of Large-scale Complex Brain
Dynamics

Computational modeling provides a complementary framework to empirical measures for
investigating the mechanisms underlying brain complexity. While techniques like TMS-EEG
and PCI offer direct causal probes of the brain's capacity for integrated and differentiated
dynamics, models enable controlled causal inference through systematic parameter
manipulation, network reconfiguration, and simulation of perturbations that are ethically or
technically infeasible in vivo. This approach bridges scales from subcellular processes to
whole-brain networks, revealing how local biophysics, connectivity topology, and emergent
dynamics contribute to the emergent complexity. By reproducing empirical observables, such
as spectral signatures, functional connectivity patterns, and perturbational responses, models
furnish testable predictions about the structural and dynamical substrates of consciousness,
cognition, and pathology (Deco et al., 2008; Breakspear, 2017). This section will briefly
introduce the main modeling approaches and the types of questions they allow us to address,
while more detailed methodological descriptions are deferred to the methods sections of the
articles presented in Chapter 2.

1.4.1 Modeling Approaches: From Single Neurons to Neural Masses to
Whole-Brain Networks

The computational modeling of brain dynamics operates across multiple spatial and temporal
scales, each associated with distinct mathematical frameworks, assumptions, and applications.
These levels of abstraction are not isolated but complementary, allowing researchers to bridge
detailed biophysical mechanisms with large-scale emergent phenomena such as rhythms,
synchronization, and complexity.

Microscale models. At the cellular level, the gold standard is the Hodgkin-Huxley type model
(Hodgkin and Huxley, 1952), which provides a biophysically detailed description of how ionic
currents give rise to action potentials. The dynamics of the membrane potential V(t) of a
single neuron are governed by the balance between capacitive and ionic currents:

av

Cm% = — ZI:II(‘/, t) + Iext(t)a

where Cn, is the membrane capacitance, I; are ionic currents (e.g., sodium, potassium, leak),
and Iext is an externally applied current. Each ionic current is typically controlled by gating
variables that follow voltage-dependent kinetics of the form:
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where = represents the open probability of a channel gate. Such models reproduce the full
richness of neuronal excitability, including spike initiation, refractoriness, bursting, and
adaptation, but their complexity makes them computationally expensive when simulating
large networks of interacting neurons (Herz et al., 2006).

To address this limitation, simplified spiking models have been developed. The leaky
integrate-and-fire (LIF) model, for example, abstracts the neuron as a linear RC circuit with a
threshold mechanism:

av
Tm% == _(V - ‘/rest) + RIsyn(t)a

where Tm is the membrane time constant, Vrest is the resting potential, and Isyn is the total
synaptic input. When the potential reaches a threshold Vin, the neuron emits a spike and is
reset. While highly reductive, LIF models permit the simulation of large neuronal networks
and still capture important collective phenomena such as oscillations and synchronization.
More refined spiking models, such as the adaptive exponential integrate-and-fire (AdEx)
model (Brette and Gerstner, 2005), introduce nonlinear spike initiation dynamics and
adaptation currents, striking a balance between realism and efficiency. Importantly, it has
been shown that networks of AdEx neurons can reproduce fundamental aspects of cortical
dynamics, including the transition from wake-like asynchronous irregular firing to sleep-like
synchronous slow oscillations (Destexhe, 2009; Zerlaut et al, 2018). In these models,
activity-dependent adaptation currents promote alternating phases of high (Up-state) and low
(Down-state) activity, thereby generating the bistability that characterizes cortical slow waves,
as described in Section 1.3.2.2. This line of work shows how relatively simple neuron models,
when embedded in recurrent networks, can account for macroscopic state changes such as the
onset of sleep, bridging single-cell properties with emergent large-scale bistable dynamics.

Mesoscale models. At the level of local populations or cortical columns, neural mass models
provide a natural abstraction by describing average activity (e.g., mean firing rate or mean
membrane potential) rather than tracking individual spikes. This approach relies on
assumptions of homogeneity and large numbers, effectively smoothing out microscopic
fluctuations.

One of the canonical frameworks is the Wilson-Cowan model (Wilson and Cowan, 1972,
1973), which captures the interaction between excitatory (£) and inhibitory (/)
subpopulations:
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where Wab denote coupling weights between populations, Pz and Fr are external inputs, S
are nonlinear sigmoidal transfer functions, and 71 represents fluctuations. Despite its
simplicity, this model reproduces essential dynamical features such as oscillations, bistability,
and traveling waves (Harris and Ermentrout, 2018), and it provides an interpretable link
between physiology and network-level phenomena. An implementation of the Wilson-Cowan
model was employed in Article 5 (Section 2.5) to assess the structural determinants of
complexity metrics.

Another widely used mesoscale model is the Jansen-Rit neural mass model (Jansen and Rit,
1995), originally designed to model the generation of EEG rhythms in a cortical column. It
comprises three interacting populations (i.e., pyramidal cells, inhibitory interneurons, and
excitatory interneurons) connected in a loop through synaptic kernels and nonlinear firing
rate functions. This model naturally generates oscillatory rhythms in the alpha band and has
been applied extensively in the study of evoked responses (David et al., 2005; Momi et al,,
2023, 2025). In Article 4 (Section 2.4), I extended the Jansen-Rit model with a spike-frequency
adaptation mechanism to investigate how local and external circuit properties shape
slow-wave dynamics.

Macroscale models. At the whole-brain level, population models are embedded in
anatomically informed networks derived from structural connectivity (e.g., diffusion MRI
tractography). These large-scale network models integrate local population dynamics with
long-range axonal connections and conduction delays, thereby simulating brain-wide activity.
A general formulation takes the form:

dXi
dt

= F(x;) + Z CijG(Xia Xj(t - Tij)) + &i(t),

j=1

where Xi is the state vector of region 7, F' describes the intrinsic local dynamics (often given
by a neural mass model), Cij is the structural connectivity weight from region J to region 1,

GG is a coupling function, 7ij is the axonal conduction delay, and &i(t) accounts for stochastic
fluctuations.

Such models enable the study of resting-state dynamics, large-scale oscillations, responses to
perturbations (e.g.,, TMS or sensory stimulation), and pathological states such as seizures or
brain injury. They form the basis of simulation platforms such as The Virtual Brain (Sanz Leon
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et al,, 2013) and neurolib (Cakan et al., 2021), which integrate empirical connectomic data
with neural mass modeling. In Articles 2-5 (Chapter 2), I employed this framework to
investigate the mechanisms of brain complexity and its breakdown, systematically testing how
different local models (e.g., Wilson-Cowan, Larter-Breakspear, Jansen-Rit) interact with the
structural connectome to give rise to large-scale network dynamics.

1.4.2 The Role of Modeling in Studying Brain Complexity

Computational modeling plays a pivotal role in studying brain complexity by providing a
controlled environment to test mechanistic hypotheses about how brain architecture and
dynamics give rise to the balance between integration and differentiation. Unlike empirical
methods, which are constrained by ethical and technical limitations, models allow systematic
manipulation of parameters, network topology, and perturbation protocols, thereby isolating
causal factors underlying complex dynamics (Deco et al., 2015; Breakspear, 2017). Modeling
bridges theoretical frameworks—such as those linking brain complexity and criticality—with
empirical data, revealing how local circuit properties scale up to global network behaviors and
how local or global disruptions lead to the loss of complexity.

A key contribution of modeling is the simulation of perturbational dynamics that mimic
TMS-EEG experiments, enabling the quantification of how evoked responses depend on
structural and dynamical regimes. By injecting brief pulses into selected nodes, models
generate synthetic time series from which PCI can be computed, testing how factors such as
global coupling strength, conduction delays, and local excitability modulate the
spatiotemporal richness of responses (Gaglioti et al.,, 2024, 2025). Near criticality, networks
exhibit prolonged, non-stereotyped cascades with high perturbational complexity, whereas
subcritical regimes yield fragmented responses and supercritical regimes produce
synchronized but undifferentiated activity.

Modeling also elucidates the structural dependencies of complexity through network rewiring
experiments. By varying topologies from segregated lattices to integrated random graphs,
simulations show that complexity peaks in small-world architectures, where local clustering
supports differentiation and short paths enable integration (Rubinov and Sporns, 2010). As
shown in Article 5 (Section 2.5), PCI exhibits an inverted-U sensitivity to this balance, while
spontaneous measures show systematic biases—some increasing with integration, others
with segregation—underscoring modeling’s ability to dissect metric-specific behaviors. Local
manipulations, such as virtual lesions, further reveal how focal disruptions cascade to reduce
global complexity, often preserving spontaneous diversity while collapsing evoked
spatiotemporal propagation (Gaglioti et al., 2024).

Moreover, models incorporating biophysical mechanisms such as activity-dependent
adaptation clarify how pathological states emerge from structural and dynamical alterations.
In Article 4 (Section 2.4), I implemented a neural mass model with spike-frequency
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adaptation, showing how local disconnection induces cortical bistability that propagates along
structural pathways, consistent with experimental evidence. Recent work by Sacha et al.
(2025) further extends this framework by integrating GABA, and NMDA receptor modulation
into a biophysically grounded mean-field model of anesthesia, demonstrating that
anesthetic-induced shifts in excitatory/inhibitory dynamics give rise to emergent cortical
Up-Down bistability which markedly reduces perturbational complexity.

Articles 2-5 in Chapter 2 collectively illustrate modeling’s role in complexity research. Article
2 tunes whole-brain models to reproduce critical-like regimes with high PCI. Article 3
quantifies how local manipulations differentially affect spontaneous and evoked complexity
indices. Article 4 models slow-wave generation and propagation after brain lesions, exploring
mechanisms of complexity loss. Article 5 evaluates the sensitivity of different metrics to
integration-segregation balance, validating PCI as a robust index of the theoretical notion of
brain complexity.

1.4.3 Standardization, Parameter Tuning, and Calibration

The reproducible investigation of complex brain dynamics via computational modeling
requires standardized frameworks integrating simulation platforms, analysis pipelines, and
validation protocols. Without such standardization, the diversity of ad-hoc modeling
approaches produces inconsistent parameter choices, limited transferability, and reduced
comparability across studies (Gutzen et al., 2018; Trensch et al., 2018). This challenge is
particularly acute in whole-brain modeling, where the high-dimensional parameter space of
neural mass models—spanning local excitatory and inhibitory couplings, conduction delays,
and intrinsic timescales—combined with complex empirical validation targets renders models
prone to overfitting and poor generalization.

Whole-brain models based on neural mass approximations can reproduce large-scale neural
dynamics, but their biological realism critically depends on careful parameter calibration
(Breakspear, 2017; Griffiths et al., 2022). The fundamental goal is to simultaneously capture
features of spontaneous and evoked activity within a unified framework. Spontaneous
dynamics must display rhythmic oscillations, infra-slow fluctuations (<0.1 Hz), scale-free
spectral properties, and spatiotemporal heterogeneity characteristic of resting-state
complexity (Palva and Palva, 2012; Deco et al,, 2017), while evoked dynamics must yield
spatially distributed, non-stereotyped responses to perturbations, quantified for instance by
the Perturbational Complexity Index (PCI) (Casali et al., 2013). The relationship between
intrinsic variability and evoked complexity reflects a general principle: networks with richer
spontaneous fluctuations and critical-like dynamics are more capable of sustaining complex,
non-stereotyped responses (Beggs and Plenz, 2003; Shew and Plenz, 2013). Accordingly,
parameter tuning targets regimes exhibiting criticality signatures, such as 1/f spectral scaling,
long-range temporal correlations, and heightened sensitivity to perturbations, collectively
maximizing the system's dynamic range and information-processing capacity.
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To address these challenges, Article 2 (section 2.2) introduces an integrated workflow
combining The Virtual Brain (TVB) simulation platform with the Collaborative Brain Wave
Analysis Pipeline (Cobrawap). TVB supports whole-brain simulations with neural mass
models such as Wilson-Cowan and Jansen-Rit, coupled via realistic connectomes including
conduction delays and heterogeneous local parameters, while Cobrawap provides
standardized, quantitative metrics for characterizing brain dynamics across heterogeneous
datasets (Gutzen et al., 2024). This integration maps neural masses in the TVB simulation to
analysis channels in Cobrawap, transforming parameter selection into a quantitative
optimization guided by biologically relevant observables. The TVB-Cobrawap framework
establishes fully reproducible workflows from whole-brain simulation and analysis to
parameter tuning, enabling cross-laboratory replication and direct comparison between
simulated and empirical data. Automated parameter exploration is supported through tools
like the Learning-to-Learn framework (Yegenoglu et al, 2022), allowing data-driven
refinement of global coupling, local time constants, conduction velocities, and other
biophysical parameters. Delivered through EBRAINS, this framework ensures broad
accessibility and fosters collaborative standardization in computational neuroscience.

1.5 Aims and Thesis Outline

The overarching goal of this thesis is to elucidate the mechanistic foundations of brain
complexity, conceptualized as the optimal balance between integration and differentiation, by
combining empirical TMS-EEG approaches, standardized computational modeling, and
systematic evaluation of complexity metrics. The work is structured around five interrelated
articles, presented in Chapter 2, each addressing a distinct but complementary aim:

Aim 1: Establish a reproducible framework for quantifying local circuit differentiation

e Article 1 (“A Standardized Framework for Mapping the Temporal and Spectral Signatures
of TMS-Evoked Potentials”) develops and validates an open-source toolbox that
automates detection of early TMS-EEG components, computes interpeak latencies, and
estimates natural frequencies. These measures provide quantitative proxies for local
circuit resonance and excitability across cortical regions, operationalizing
differentiation at the local circuit level (section 2.1).

Aim 2: Standardize whole-brain computational models to capture complex brain
dynamics

e Article 2 (“Emergent complexity and rhythms in evoked and spontaneous dynamics of
human whole-brain models after tuning through analysis tools”) implements
biologically realistic neural mass models within The Virtual Brain and Cobrawap
pipelines. Parameter tuning reproduces empirical spectral and evoked response
features, establishing a robust modeling foundation for subsequent perturbational
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analyses and bridging empirical TMS-EEG findings with mechanistic simulations
(Chapter 2.2).

Aim 3: Quantify the impact of local manipulation on global complex dynamics

e Article 3 (“Investigating the Impact of Local Manipulations on Brain Complexity Indices”)
examines how targeted virtual lesions implemented via local node manipulations
influence large-scale network dynamics. Silencing high-control nodes produces the
largest declines in perturbational complexity, and lesion-induced slow waves
propagate coherently to disrupt integration, highlighting the sensitivity of global
complexity to local perturbations (section 2.3).

Aim 4: Model pathological slow-wave generation and propagation after brain lesions

e Article 4 (“Slow Wave Generation and Propagation in a Model of Brain Lesion”) extends
the Jansen-Rit model by incorporating activity-dependent adaptation, replicating
Up-Down oscillations. These simulations reveal how structural disconnection drives
slow-wave generation and propagation after cortical disconnection, providing
mechanistic insight into the emergence of pathological dynamics observed in brain
injured patients (section 2.4).

Aim 5: Evaluate and validate complexity metrics across integration-segregation
regimes

e Article 5 (“Different Sensitivity of Complexity Measures to Network Integration and
Segregation”) systematically compares observational (e.g., LZc, neural complexity,
functional complexity) and perturbational (PCI) metrics in rewired network
architectures. Results confirm PCI’'s unique inverted-U sensitivity to
integration-differentiation balance and its robustness against spurious correlations,
validating its use as a principled measure of brain complexity (Chapter 2.5).

While the integration-differentiation framework is well-established, key challenges remain: a
lack of standardized tools for quantifying circuit-level differentiation; a need for whole-brain
models that accurately capture both spontaneous and evoked complex dynamics; and an
unclear understanding of how different complexity metrics relate to the underlying theoretical
construct. Furthermore, the mechanistic link between focal lesions and global complexity loss
and the specific dynamics of pathological slow waves are not fully understood. This thesis
addresses these gaps through a combined computational-empirical approach.

Consequently, the five articles of Chapter 2 form a coherent trajectory: from empirical
quantification of local circuit differentiation (Aim 1), through standardized multi-scale
modeling (Aim 2), to targeted manipulation of network dynamics (Aims 3-4), culminating in
comprehensive evaluations of complexity metrics (Aim 5). This multi-tiered approach
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provides mechanistic insight into brain complexity and establishes a framework with
significant translational relevance for both fundamental neuroscience and clinical
applications.
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Results

2.1 Article 1

Title: A Standardized Framework for Mapping the Temporal and Spectral Signatures of
TMS-Evoked Potentials

Authors: Gabriel Hassan* Gianluca Gaglioti* Giulia Furregoni, Marta Porro, Letizia
Bernardelli, Elena Focacci, Simone Sarasso, Mario Rosanova, Marcello Massimini, Silvia
Casarotto

Abstract: Transcranial magnetic stimulation with EEG (TMS-EEG) provides a unique window
into cortical circuit dynamics, but feature extraction from TMS-evoked potentials (TEPs) remains
poorly standardized. We present TEPpy, a Python pipeline for reproducible and scalable
quantification of canonical time- and frequency-domain TEP features. Applying TEPpy to
stimulation of occipital, parietal, and premotor cortices in healthy adults, we find that early
responses are spatially focal but region-specific in their dynamics. Importantly, temporal and
spectral signatures revealed a shared posterior-anterior gradient: peak latencies shortened and
inter-peak intervals decreased in parallel with a shift of natural frequency from occipital alpha
to parietal and premotor beta rhythms. A simple temporal measure—the reciprocal inter-peak
interval—closely tracked natural frequency and generalized across analysis settings, enabling
robust, real-time estimation of local oscillatory tuning. These findings establish TEPpy as a
standardized framework for TMS-EEG feature extraction and uncover a direct
temporal-spectral coupling in cortical reactivity, providing a foundation for normative mapping
and sensitive detection of pathological deviations.

DOLI: forthcoming

*These authors contributed equally
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1. Introduction

Transcranial Magnetic Stimulation combined with Electroencephalography (TMS-EEG) has
emerged as a powerful perturb-and-measure paradigm for non-invasively probing human cortical
reactivity across local and distributed networks (Ilmoniemi and Kici¢, 2010). A single TMS
pulse triggers a deterministic cascade of oscillations spanning several hundred milliseconds that
propagate through cortico-thalamo-cortical circuits (Atalay et al., 2025; Momi et al., 2023; Russo
et al., 2025). When responses from multiple pulses are averaged, TMS-evoked potentials (TEPs)

form a reproducible waveform characterized by successive elicited components (Casarotto et al.,
2010; Couto et al., 2025; Lioumis et al., 2009)

At a qualitative level, TEPs can be evaluated at first glance just by the shape of the waveform, to
appreciate the differences between conditions and stimulation parameters. For example, real-time
graphical user interfaces enable live monitoring of signal quality during data acquisition, thus
providing an immediate visual readout of the evoked response and allowing to fine-tune coil
orientation, intensity and minimize artifacts (Casarotto et al., 2022).

This first “pictorial” intuition of the TEPs features can be further investigated in a time domain
perspective. In fact, evoked waveforms are defined by a sequence of peaks, each occurring at a
characteristic latency and carrying amplitude information that varies with the cortical state and
the stimulated site (Tremblay et al., 2019). Much of the literature has focused on stimulation of
primary motor cortex (M1), uncovering highly reproducible latency invariants comparable to
sensory evoked potentials (Beck et al., 2024a; Nuyts et al., 2025; Komssi and Kahkdnen, 2006;
Ferreri and Rossini, 2013; Nikulin et al., 2003). Such electrophysiological “fingerprints” allow
inference about local excitability and synaptic activity. In this context, early components like
N45 have been associated with GABAa-mediated inhibition, whereas later components such as
N100 implicate GABABg-dependent processes (Premoli et al., 2014). These latency and amplitude
features have been shown to be sensitive also to brain state transitions such as sleep (Massimini
et al., 2005), anesthesia (Ferrarelli et al., 2010), psychiatric disorders (Dworkin et al., 2025) or
neuropathology (Casarotto et al., 2019; Meneghini et al., 2025; Rosanova et al., 2018) beyond
the primary motor cortex.

In parallel with time-domain analysis, frequency features of the TEPs have been used to study
the intrinsic resonance properties of the brain. For example, Rosanova et al., (2009)
demonstrated that stimulating occipital, parietal, or premotor areas consistently evokes o
(8-12Hz), B (13-30Hz), or y (>30Hz) activity respectively, indicating site-specific peaks in
post-stimulus spectral power, the so-called “natural frequencies”, that remain stable across
healthy subjects. Spectral changes in the TEPs has also been linked to motor evoked potentials
amplitude (Fecchio et al., 2017), schizophrenia symptoms (Donati et al., 2025; Ferrarelli et al.,
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2012), stroke sequelae (Sarasso et al., 2020a) and induced pain (De Martino et al., 2024),
potentially linking the functional state of the cortex to its frequency content.

Given this abundance of evidence, it’s clear that TEPs contain a vast amount of information
concerning brain reactivity and thus its functioning. However, this richness entails the challenge
of unraveling all the information that can be extracted from the signal and the relationship
between results stemming from different domains like time and frequency.

Although several TMS-EEG preprocessing pipelines (Atluri et al., 2016; Hassan et al., 2022;
Rogasch et al., 2017; Wu et al., 2018) exist, the field presently lacks standardized tools for
extracting a canonical and consensus established set of TEP features, leading to a large amount
of different analysis methods with a vast parameters space.

Here, we present TEPpy, a Python-based pipeline (Fig. 1) designed to semi-automatically extract
a comprehensive set of quantitative features from preprocessed single-pulse TMS-EEG data: (i)
peak-to-peak amplitude of the early response, (ii) latencies of the first evoked peaks complex,
(ii1) inter-peak time, defined as the time lag between successive peaks of the same polarity,
offering an estimate of the oscillatory period of the evoked response, and (iv) the natural
frequency via time—frequency decomposition. We tested this tool on a dataset comprising 75
TMS-EEG sessions, evenly distributed across stimulation of the left occipital, parietal, and
premotor cortices. The extracted features, systematically distinguished between stimulated areas.
Notably, time-domain inter-peak intervals covaried robustly with frequency-based natural
frequency, corroborating the physiological validity of the measures (consistent with the spectral
tuning discussed in Rosanova et al., 2009). This tool thus responds to the field’s need for a
reproducible, scalable solution enabling rigorous, data-driven analysis of TEP latency, amplitude,
and frequency features in both basic and clinical TMS-EEG studies.
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Figure 1. Framework for extracting time- and frequency-domain features from TEPs. MNE-Python
Epochs are converted into TEP objects (1), and peak components (P1, P2, P3) are detected
semi-automatically with a predefined detection window for P;. Temporal features—including amplitudes,
latencies, peak-to-peak amplitudes, and interpeak times—are extracted (2). Channels are ranked by
peak-to-peak amplitude, and the top n (set by the nfop parameter) are selected, with neighbor correction
ensuring spatial contiguity (3). Signals from the selected channels (ntop or user-defined) are then
decomposed with the Stockwell transform to generate time—frequency representations (4). From these,
spectral-domain features are extracted, such as the evoked power spectrum—obtained by aggregating
baseline-corrected power in a post-stimulus window—and the natural frequency (its peak frequency) (5).
The example visualization (bottom panels) shows, on the left, the waveforms from the top four channels,
detected peaks, a latency table, and a peak-to-peak amplitude topography, and on the right, a combined
plot with TEP traces, sensor topography of the selected channels, time—frequency maps, and the evoked
power spectrum.



2. Methods

Subjects

All procedures conformed to the Declaration of Helsinki and were approved by the local ethics
committee (Comitato Etico Milano Area 1; TMS-EEG Prot. n. 609/07/27/05/AP). All
participants provided written informed consent prior to enrollment.

The dataset comprised 75 single-pulse TMS-EEG sessions collected from 40 healthy adults
(mean age = 32.7 + 9.8; 20F). Participants reported no neurological or psychiatric disorders, no
relevant medical conditions, and were not taking psychoactive or other medications.

Stimulation targeted the left occipital, parietal, and premotor cortices (25 sessions per site). Ten
participants (mean age = 34.7 = 10.6; 6F) completed three sessions each—one per
target—yielding 30 paired sessions.

TMS-EEG Data Acquisition:

TMS was administered with a focal figure-of-eight coil connected to a Mobile Stimulator Unit
(Nexstim Ltd.). Occipital, Parietal and Premotor stimulation targets were defined using a
Navigated Brain Stimulation (NBS) system (Nexstim Ltd.) co-registered with individualized
T1-weighted MRI scans. The left occipital (Brodmann areas 18/19) and the left premotor
(Brodmann area 6) and the left parietal (Brodmann area 7) cortices were selected as stimulation
targets. TMS-evoked EEG responses were recorded using TMS-compatible EEG amplifiers
(64-channel Ag/AgCl electrode setup; Brain Products GmbH) at a 5000 Hz sampling rate with
hardware filtering at 1000 Hz. The reference and ground electrodes were placed over the frontal
sinus on the forehead, and input impedance was kept below 5 kQ. Participants were seated
comfortably and wore headphones playing customized noise to mask the TMS discharge sound
(Russo et al., 2022). Stimulation parameters (intensity, coil orientation, and positioning) were
individualized for each participant and cortical site to optimize cortical activation and to
minimize scalp muscle artifacts, using the real-time TEP visualization tool described in
Casarotto et al., 2022. Specifically, we targeted a minimum estimated electric field of 100 V/m
and an early TEP peak-to-peak amplitude of at least 6 puV.

TMS-EEG Data Preprocessing:

First, the TMS pulse artifact was addressed by replacing the signal from —2 to 5 ms around each
pulse with a mirrored segment taken from the pre-stimulus baseline, followed by a
moving-average filter (4 ms window). Subsequently, EEG data were high-pass filtered at 1 Hz
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using a zero-phase Butterworth filter (3rd order) and segmented into epochs spanning £800 ms
relative to the TMS pulse. Trials and channels containing artifacts were manually excluded via
visual inspection. Retained epochs were re-referenced to the average reference and
baseline-corrected using the pre-stimulus period. To mitigate ocular and muscular artifacts,
Independent Component Analysis (ICA) was applied using the infomax algorithm (via
EEGLAB’s runica function); components reflecting muscular and ocular activity were identified
and removed. Following ICA, data were low-pass filtered at 45 Hz (zero-phase Butterworth
filter, 3rd order) and downsampled to 1000 Hz. Finally, bad channels were interpolated using
spherical splines, and all epochs were trimmed to a final window of =600 to 600 ms around the
TMS pulse

Time domain analysis

Peak detection. We developed a semi-automated algorithm to detect early TEP components (P,
P>, P3) starting from MNE-Python Epochs objects (Fig. 1, step 1).

Py was searched for within a predefined window (10—40 ms post-TMS). Signal polarity (whether
Py is a peak or trough) was determined using the TEPpy convexity method, which compares the
TEP amplitude at the midpoint of the window to the mean amplitude at its edges:

. R} Asi.art + Aend
sign = sgn (Amid - #>
where Amid, Astart, Aend are TEP amplitudes at the midpoint, start, and end of the Py window,
respectively. A positive sign indicated that the algorithm searched for a peak (local maximum)
within the window to define P1, whereas a negative sign indicated that it searched for a trough
(local minimum). Sequential peak detection proceeded with temporal constraints: if Py was a
peak, P> was the first subsequent trough; if P1 was a trough, P> was the first subsequent peak. P3
was then identified as the next peak (if P> was a trough) or the next trough (if P> was a peak). A
minimum interval between consecutive peaks of 1/(2x/ow_limit) seconds was enforced, with
low_limit=35 Hz corresponding to 14 ms. Peak/trough detection in TEPpy used SciPy's
find_peaks function.

Temporal feature extraction. From the detected peaks, we extracted (Fig. 1, step 2)
peak-to-peak amplitude (absolute difference in pV between P; and P»), peak latencies (time
occurrences in seconds of P, P2, and P3), interpeak time (temporal interval in seconds between P
and Ps3), and l/interpeak (reciprocal transformation to convert the unit from seconds to Hz). All
features were computed for each individual channel and subsequently averaged across the
selected channels for group-level analysis.
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Channel selection. Channels were ranked by peak-to-peak amplitude (P1-P> amplitude), and the
top 4 channels were selected throughout the study (nfop parameter) unless otherwise specified
(Fig. 1, step 3). Spatial contiguity was controlled using EEG sensor adjacency matrices: the
algorithm (neighbor correction method in TEPpy) retained channels within the connected
component containing the channel with the highest-amplitude peak-to-peak, supplementing
selections with the next highest-amplitude neighbors in the same component when fewer than
ntop contiguous channels were initially identified. This ensured selected channels represented
focal cortical responses rather than spatially disconnected sensors.

Time-frequency domain analysis

Spectral decomposition. Time-frequency analysis (Fig. 1, step 4) employed the Stockwell
transform (ST), a decomposition method providing frequency-dependent resolution by
combining Fourier and Gaussian windowing. The ST was computed via MNE-Python's
implementation (stockl method in TEPpy) on the TEP time-series, with width=0.7, a parameter
used to balance temporal precision and frequency resolution. Analyses focused on 4-45 Hz
activity from the same 4 channels selected for temporal feature extraction (nfop = 4).

Natural frequency quantification. Time-frequency power was baseline-corrected by
subtracting the mean pre-stimulus power (-500 to -100 ms) for each frequency bin. Evoked
power was computed by summing baseline-corrected power within a post-TMS window:

tend

Puorea(f) = D P(f,1)

t=tstart

where P(f;t) is the baseline-corrected power at frequency f and time ¢, with ts=20 ms and
tena=120 ms. Finally, the natural frequency (Fig. 1, step 5) was defined as the frequency f at
which the evoked power Peyoked(f) reached its maximum value (peak frequency), as in (Mario
Rosanova et al., 2009).

We assessed parameter sensitivity by varying Stockwell width (0.5-1.5 in 0.1 increments),
temporal summation window (20-120 ms, 20-150 ms, 20-200 ms, 20-250 ms), and number of
selected channels (ntop =1, 2, 3, 4, 5, 6, 8, 10, 15, 20, 30, 46).

Statistical analysis

All statistical analyses were performed using Python (check version, REF) with SciPy (check
version, REF) and scikit-posthocs (check version, REF) libraries. Non-parametric methods were
employed throughout due to violations of normality (Shapiro-Wilk test) and/or heterogeneity of
variance (Levene test). For between-group comparisons across stimulation sites (occipital,
parietal, premotor), we applied Kruskal-Wallis tests to examine differences in peak latencies,
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interpeak times, and natural frequencies. Significant main effects (p < 0.05) were followed by
Dunn's post-hoc tests with Holm-Bonferroni correction. Within-subject analyses for participants
receiving all three stimulations (n = 10) used Friedman tests with post-hoc Wilcoxon signed-rank
tests and Holm-Bonferroni correction. Correlation analyses between features employed Pearson
correlation (r), while the relationship between 1/interpeak times and natural frequencies was
modeled using ordinary least squares regression (/inregress function from SciPy). Throughout
the text, data are presented as mean =+ standard deviation (SD). In figures, box plots depict the
5th and 95th percentiles (vertical lines), interquartile range (boxes), and median (horizontal line).

3. Results

We investigated the oscillatory responses evoked by TMS delivered to three distinct
left-hemispheric sites: occipital, parietal, and premotor cortices. Using a novel Python-based
analytical framework, we demonstrate that the early local TEP reflects spatially, temporally and
spectrally specific properties of the underlying cortical circuits, enabling robust discrimination
between stimulated areas.

On average, 200.6 + 45.7 trials were retained per session across all 75 recordings. When broken
down by stimulation site, the mean number of accepted trials was 202.5 £ 42.0 for premotor
stimulation, 192.4 £+ 52.3 for parietal stimulation, and 202.0 £ 44.0 for occipital stimulation. The
number of bad channels per session was minimal, averaging 0.28 + 0.58 across all sessions, with
site-specific averages of 0.16 = 0.47 (premotor), 0.44 £ 0.78 (parietal), and 0.25 + 0.44
(occipital). No significant differences across stimulation sites were observed for either trials or
bad channels.

3.1 Focal specificity of early local TMS-evoked responses

We first characterized the spatial specificity of early TMS-evoked responses using an automated
peak-detection algorithm (see Methods). The group-average peak-to-peak amplitude
distributions reported in the EEG topographic map revealed spatially constrained early
responses centered on each stimulation site (Fig. 2A). Notably, occipital stimulation elicited
higher amplitudes (max peak-to-peak across channels: 20.56 + 8.77; group mean + SD) than
parietal (10.8 + 3.88; group mean + SD) or premotor sites (11.93 + 3.58; group mean + SD)—a
finding independent of stimulation intensity (Supplementary Fig. S1A-C), confirming that
response magnitude reflects intrinsic circuit properties rather than technical confounds.

To quantify the spatial consistency of early TMS-evoked responses across subjects, we
systematically evaluated our channel selection algorithm (see Methods) by varying the number
of top-ranked selected channels (ntop parameter) and computing the maximum channel overlap
percentage across subjects (Fig. 2B). Strikingly, occipital and premotor stimulation achieved



100% overlap (i.e., >1 common channel across all subjects) with just nfop = 4 channels,
indicating highly focal and reproducible responses.

In contrast, parietal responses required selection of >20 channels to approach comparable
overlap, suggesting greater inter-subject variability in this area. Visualizing channel-wise overlap
for ntop=4 (Fig. 2C) exposed distinct topographical patterns. In the occipital stimulation, PO3
channel was universally present (100% overlap), flanked by P3 (64%) and Ol (60%). In
premotor site, FC1 showed complete consistency (100%), followed by FCz (80%) and F1 (64%).
In parietal stimulation, C1 showed 52% overlap across subjects, while P1 and CP1 appeared in
44% of subjects. Crucially, this apparent spatial diffuseness reflected underlying subject
heterogeneity rather than true response dispersion. Specifically, C1 and P1 co-occurred in only 2
subjects, while 11 subjects featured exclusively C1 (without P1) in their four top-ranked
channels and 9 featured exclusively P1 (without C1). This bimodal pattern became evident when
the peak-to-peak amplitude topographies were displayed separately for the two subgroups
(Supplementary Fig. S1D). Critically, this dichotomy remained unexplained by stimulation
parameters.
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Figure 2. Spatial characteristics of early TMS-evoked responses across cortical sites. (A)
Group-average topographic maps of peak-to-peak amplitude (in uV) across subjects for each stimulation
site: occipital (left), parietal (center), and premotor (right). In all three conditions, the early TEP response
is spatially confined around the stimulation site (green, violet, and orange coils indicate TMS locations),
reflecting the local excitability of the targeted cortical circuit. (B) Inter-subject overlap (%) of the EEG
channels automatically selected as most responsive (based on peak-to-peak amplitude), shown as a
function of the number of selected top-ranked channels (“ntop”). (C) Topographic maps showing the
percentage of overlap across subjects for the top four selected channels (corresponding to the triangles in
panel B). Warmer colors indicate higher overlap. Occipital stimulation shows maximal overlap centered
on PO3 (100%), followed by P3 (64%) and O1 (60%). Premotor stimulation yields consistent selection of
FC1 (100%), FCz (80%), and F1 (64%). In contrast, parietal stimulation displays a more distributed
response with no channel exceeding 52% overlap (C1).



3.2 Distinct temporal dynamics across cortical sites

Leveraging the spatial specificity established above, we next analyzed temporal dynamics of
TEPs from the four top-ranked channels per subject and stimulation site. We extracted the
latencies of the first three subsequent peaks (P1, P2, and P3; see Methods) in the TEP waveform.

Figure 3A shows example TEPs with peak detections for a representative subject in each
stimulation site. These waveforms revealed marked qualitative differences: occipital stimulation
produced slower, high-amplitude deflections, while parietal and premotor responses were
markedly faster and smaller. Quantitative analysis confirmed a systematic posterior-to-anterior
reduction in peak latencies (Fig. 3B): slowest at occipital (P1 = 26.55 = 3.86 ms, P> = 66.45 +
16.24 ms, P3 = 113.6 + 23.25 ms; group mean + SD), intermediate at parietal (P; = 23.86 + 3.91
ms, P> = 44.79 + 5.55 ms, P3 = 75.48 £ 12.73 ms; group mean + SD), and fastest at premotor
sites (P1 = 22.03 £ 3.05 ms, P> = 41.99 £ 4.85 ms, P; = 65.43 = 9.2 ms; group mean + SD).
Statistical analyses demonstrated significant inter-site differences (Kruskal-Wallis: Pi: p =
7x107%; P2: p = 5%107; P3: p = 4x10°'!), where P53 latency robustly distinguished all site pairs in
post-hoc comparisons (Fig. 3E; all p < 0.05 after Holm—Bonferroni correction).

We then computed the interpeak time (P3-P; latency difference) to estimate the oscillatory period
of the TEP, serving as a proxy for its spectral content. The interpeak time shortened
progressively from the occipital (87.05 + 21.14 ms; group mean + SD) to parietal (51.62 + 11.90
ms; group mean = SD) to premotor sites (43.4 = 6.73 ms; group mean = SD), exhibiting
significant pairwise differences (Fig. 3F; all p < 0.05 after Holm—Bonferroni correction).

Critically, within-subject analysis in participants receiving all three stimulations confirmed that
both P3 latency and interpeak time reliably discriminated stimulated areas (Supplementary Fig.
S2A-D).
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Figure 3. Temporal dynamics of early TEPs reflect stimulation areas. (A) TEP waveforms and
detected peaks for a representative subject following occipital (left), parietal (middle), and premotor
(right) stimulation. Responses from four selected channels (indicated by colored dots on the topographic
map) are highlighted with thicker lines; responses from other channels are shown in the background.
Black dots mark the detected peaks (Pi, P2, and P3). (B) Top: Grand average TEP across subjects and
selected channels for each stimulation site. Bottom: Distribution of the average peak latencies (P, P2, P3)
across the four selected channels for all subjects and stimulated areas. Black markers indicate the mean
latency across subjects. (C—F) Box plots of P; (C), P» (D), P; (E) latencies and interpeak time (F) across
subjects for each stimulation site (occipital: green, parietal: violet, premotor: orange). All features show
significant differences across stimulated areas (Kruskal-Wallis test). P-values for post-hoc pairwise
comparisons (Dunn test), corrected using the Holm—Bonferroni method, are reported in the figure
(significant p-values in bold). Density plots to the right of each box plot summarize the full latency
distribution across subjects.

3.3 Spectral signatures of cortical circuits revealed by time-frequency analysis
To directly examine the spectral content of TEPs, we conducted a time—frequency analysis using

the Stockwell transform on the same four top-ranked channels selected in the previous section.
Figure 4A displays the resulting time—frequency power plots for the same representative TEPs



shown in Fig. 3A. Time-frequency power was baseline-corrected (baseline subtraction) and
aggregated in the 20-120 ms window to yield the evoked power, from which the peak
frequency—termed the natural frequency—was extracted.

Group-level results revealed clear distinctions in dominant frequency content of the evoked
power depending on the stimulation site (Fig. 4B). Consistent with prior work (Rosanova et al.,
2009), the natural frequency increased along the posterior-to-anterior axis (Fig. 4C), with values
in the alpha band for occipital stimulation (12.62 + 2.09 Hz; group mean + SD), between beta;
and beta; for parietal (20.37 + 4.09 Hz; group mean + SD), and beta> for premotor (24.80 + 2.61
Hz; group mean + SD), exhibiting significant pairwise differences across all stimulation sites (all
p < 0.05 after Holm—Bonferroni correction).

We next tested whether the interpeak time—a simpler, waveform-derived metric—could serve as
a proxy for natural frequency. Linear regression confirmed a strong relationship (Fig. 4D; r =
0.84, p = 4x102!) between natural frequency and 1/interpeak (see Methods), validating the
interpeak as a time-domain approximation of TEP spectral content. This correlation held even
when the interpeak was computed from a single top-ranked selected channel (i.e., ntop = 1; r =
0.87, p = 2x10°%*), highlighting its practical utility for real-time frequency estimation during
recording sessions (Casarotto et al., 2022).

Within-subject analyses confirmed consistent natural frequency differences across sites and a
significant correlation with the interpeak time (Supplementary Fig. S2E-F).

To assess the stability of the natural frequency estimate, we systematically varied the width of
the Stockwell transform (a parameter used to balance the time-frequency trade-off), the number
of selected channels, and the time window used for computing evoked power (Supplementary
Fig. S3). Findings were robust across a wide range of widths, number of channels, and analysis
windows. These results highlight the method's reliability and provide flexibility for tailoring
parameters to specific research questions (e.g., emphasizing early local TEP components via
shorter windows and selected channels).
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Figure 4. Time-frequency analysis of TEPs reveals stimulation-specific natural frequencies and
relationships with temporal features. (A) Time—frequency power representations of the TEP for a
representative subject following occipital (left), parietal (middle), and premotor (right) stimulation. Time—
frequency decomposition was performed using the Stockwell transform on the four automatically selected
channels. Power was first averaged across channels and baseline-corrected by subtracting the average pre-
stimulus power within each frequency bin; evoked power was then computed by summing post-stimulus
power over the 20—-120 ms window (spectral plots shown to the right of each panel). The frequency
corresponding to the peak of the evoked power was defined as the natural frequency (red dot; value
labeled). (B) Grand average of the evoked power spectra across subjects for the three stimulation
conditions. Shaded areas indicate the standard error of the mean (SEM). (C) Box plots of the natural
frequency across subjects for each stimulation site (occipital: green, parietal: violet, premotor: orange),
with overlaid subject-level distributions. P-values for post-hoc pairwise comparisons (Dunn test),
corrected using the Holm—Bonferroni method, are reported in the figure. Density plots to the right of the
box plot summarize the natural frequency distribution across subjects for each stimulation site. (D)
Positive linear correlation (r = 0.84, p = 4x1072") between natural frequency and 1/interpeak, across all
conditions. The 1/interpeak converts the seconds-based interpeak times to Hz. Each point represents one
subject and stimulation site (using the same color scheme as panels B and C). (E) Pairwise correlations
among all extracted features for each stimulation site: Py, P», P3 latencies; peak-to-peak amplitude



(p-to-p); l/interpeak (1/ip); and natural frequency (nf). Warm/cool colors denote positive/negative
correlations, respectively. Only significant correlations (p < 0.05) are shown.

3.4 Feature relationships revealed circuit-specific fingerprints

To synthesize our findings, we examined interrelationships between the extracted features: peak
latencies (P1, P2, P3), peak-to-peak amplitude (p-to-p), interpeak time (1/ip), and natural
frequency (nf) (Fig. 4E). While peak latencies correlated across sites, premotor responses
showed the tightest coupling (e.g., P1—P3), suggesting deterministic sequential activation.
Peak-to-peak amplitude positively correlated with peak latencies only for occipital stimulation,
implying a distinct amplitude-dependent response. Crucially, 1/interpeak and natural frequency
exhibited significant intra-site correlations, consolidating their relationship as frequency markers
of TMS-evoked response.

Collectively, these feature interactions demonstrate how local circuit properties shape distinct
response "fingerprints" identifiable through our automated framework.



4. Discussion

In this work, we introduce TEPpy, a standardized analytical framework for extracting features
from TMS evoked potentials. This approach is agnostic to preprocessing pipelines, data
acquisition hardware, and stimulation protocols, making it highly adaptable across studies.
Alongside the development of this tool, we conducted a systematic analysis of reproducible TEP
features across stimulation sites and participants, examining both time and frequency-domain
metrics. Finally, we explored relationships among the extracted measures to uncover potential
interdependencies.

Amplitude-Based Measures

The initial stage of our feature extraction recapture one of the primary checks performed during
real-time monitoring: spatial specificity of TEPs, determined by sensors showing maximal
responses (Casarotto et al., 2022). Our automated peak-to-peak detection confirmed that the
amplitude distribution of TEPs across channels aligns with the stimulated cortical region (Fig.
2C). This is particularly evident during occipital and premotor stimulation. In contrast, parietal
stimulation resulted in a more dispersed amplitude pattern, possibly due to stimulation
parameters but also due to the inherently interconnected nature of the area (Thomas Yeo et al.,
2011; van den Heuvel and Sporns, 2013). Interestingly, two distinct clusters emerged within the
parietal group: one peaked in more anterior channels (e.g., C1) and another in canonical parietal
sensors (e.g., P1) (see Supplementary Figure S1). Notably, only two subjects exhibited both
clusters among their top four responsive channels.
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Regarding absolute peak-to-peak amplitudes, occipital stimulation consistently produced the
highest responses compared to other regions. Importantly, these amplitude differences persisted
even after controlling for stimulation intensity and estimated electric field strength, suggesting a
genuinely distinct reactivity profile of occipital cortex rather than methodological confounds.
Overall, this first exploration highlights how these data-driven simple amplitude metrics can
provide meaningful insights into the local properties of stimulated cortical circuits.

Furthermore, the features captured by our tool can serve as a foundation for deeper
investigations, such as analyzing absolute amplitude variations across peaks or examining later
TEP components that reflect circuit-specific activity, state-dependent modulation, or ongoing
cognitive processes (Kallioniemi et al., 2022). Finally, in our integrated workflow, these
amplitude measures are inherited by other analysis steps to guide the TEPs features extraction,
helping to focus on the most responsive and specific to the stimulation target sensors.

Peaks latencies-based measures

Starting from the channels selected for amplitude-based measures, the next step of our tool
focuses on extracting and characterizing the timing of prominent evoked peaks. We observed a
clear progression in peak latencies across the three stimulated cortical regions. While the first
peak (P1) latency was significantly different only when comparing occipital with premotor
stimulation (Fig. 3C), the second peak (P2) was able to additionally differentiate parietal from
occipital responses (Fig. 3D). Notably, the third peak (P3) distinguished all three sites, following
a posterior-to-anterior gradient, with the longest latency in the occipital region, followed by
parietal, and then premotor (Fig. 3E).

This pattern aligns with existing literature indicating that early TEP components exhibit
region-specific timing: M1 stimulation studies consistently show distinct early peaks such as
N15, P30, N45, P60, N100, and P180, with reliable latencies serving as a hallmark of cortical
reactivity (Beck et al., 2024b;).

Our findings extend this framework by demonstrating that, beyond the primary motor cortex,
latency gradients in TEP peaks can serve as sensitive markers to dissociate stimulation sites
across occipital, parietal, and premotor cortices. In particular, the P3 component behaves like a
“temporal fingerprint” for each region. In this context, whereas earlier TEP peaks predominantly
reflect stimulation site-specific activity, later peaks likely index re-entrant, circuit-level
dynamics, with their latency shaped by the architecture and conduction delays of connections
linking the perturbed site to the rest of the brain (Rogasch et al., 2020; Momi et al., 2023). This
seems especially salient considering state-dependent TMS-EEG evidence showing that, when
large-scale integration is compromised during NREM sleep or anesthesia, the initial TEP is often
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preserved but the subsequent long-latency reverberation collapses (Massimini et al., 2005,
Ferrarelli et al., 2010).

Beyond considering each peak in isolation, we examined temporal dependencies among peaks
and found that the latency of the first peak significantly predicted the latencies of the subsequent
peaks for premotor TEPs, but less for occipital or parietal responses. This pattern suggests a
more tightly phase-locked, chain-like temporal organization in premotor circuits.

Taken together, this vast amount of information yielded by our tool provides support for the use
of latency measures as robust, sensitive indicators of regional cortical dynamics. Moreover, the
combination of the automatically extracted latency metrics further characterizes stimulated areas
and opens the way to derive composite indices of cortical reactivity within a standardized,
data-driven framework.

Interpeak and spectral-based measures

The shift of the P3 component across stimulation sites (Fig. 3E) provides evidence for differences
in the velocity of cortical responses. This observation motivated the introduction of an additional
time-domain feature—the interpeak time, defined as the latency between P; and P;—which
summarizes the duration of the first oscillatory cycle evoked by TMS. This measure reliably
distinguished the three stimulated areas (Fig. 3F), being longest in occipital, intermediate in
parietal, and shortest in premotor sites. These temporal differences mirror and extend previous
spectral findings from both spontaneous (Frauscher et al., 2018; Capilla et al., 2022) and evoked
activity (Rosanova et al., 2009), reinforcing the notion of an anteroposterior gradient toward
slower frequencies. In this sense, interpeak time offers a complementary perspective on a
well-established spatial organization of cortical dynamics.

To further explore this gradient in the frequency domain, we directly characterized the spectral
profile of the TMS-evoked response using time—frequency decomposition via the Stockwell
transform implemented in TEPpy (Fig. 4). By applying the analysis to the same four channels
used in the time-domain analysis, we established a standardized approach to extract key spectral
features, such as the natural frequency of the evoked response (Rosanova et al., 2009). This
methodological consistency addresses a common limitation in the field, where heterogeneous
protocols (Bai et al., 2023; D’ Ambrosio et al., 2022; De Martino et al., 2024; Donati et al., 2025,
2023; Ferrarelli et al., 2012; Johnson et al., 2012; Vallesi et al., 2021) hampers direct
comparability across studies. Our approach successfully captured a clear spectral gradient (Fig.
4C)—occipital responses peaking in the alpha range and progressively faster rhythms in parietal
and premotor regions—aligning with prior work and supporting the value of methodological
standardization in TMS—EEG research.
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The robustness of this method was confirmed by testing its sensitivity to variations in the
Stockwell transform parameters (e.g., width), post-stimulus analysis windows, and number of
channels (Supplementary Fig. S3). The stability of the results across these variations suggests
that the method is adaptable to different experimental applications and settings, which is
particularly advantageous for clinical research. Notably, systematic slowing of TMS-EEG
responses has been reported in stroke, when stimulating perilesional sites or structurally
disconnected regions (D’Ambrosio et al., 2023; Sarasso et al., 2020b; Tscherpel et al., 2024,
2020), with renormalization tracking recovery (Sarasso et al., 2025). In this context, our
standardized framework could first be applied to establish a large-scale normative map of natural
frequencies across cortical areas, and then used to detect pathological deviations in patient
populations.

Importantly, the observed correlation between interpeak time and natural frequency (Fig. 4D)
underscores the utility of combining temporal and spectral perspectives. Even when derived from
a single channel, interpeak time can serve as a reliable time-domain proxy for the spectral
content of the TEP, enabling rapid assessments during experiments. This opens the door to
integrating interpeak time detection into real-time TEP visualization tools (e.g., Casarotto et al.,
2022) to verify whether the stimulated site expresses the expected dynamics. Such integration,
particularly when combined with other time-domain features, could enhance the real-time
monitoring of cortical responses in both research and clinical environments.

Finally, while the present work concentrated on the early TEP response and its dominant spectral
content, the same framework can be extended to more detailed spectral metrics, such as
band-specific power or interband power ratios. Applying these measures to later TEP
components could capture their spectral evolution over time (e.g., calculating the evoked power
in consecutive windows) and reveal the involvement of distinct circuits—for example,
thalamo-cortical loops known to modulate late TEP components (Russo et al., 2025).
Time-resolved spectral tracking may thus provide a richer account of how different brain
networks contribute to cortical reactivity under various conditions (e.g., task vs. rest).

In summary, our results show that simple features extracted from early TEPs can robustly
capture the spatial, temporal, and spectral properties of local cortical responses. The proposed
framework offers a standardized, reliable, and interpretable method for -characterizing
TMS-evoked dynamics, with potential applications in defining normative cortical fingerprints
and probing the integrity of cortical circuits in health and disease.
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Figure S1. Stimulation parameters and subgroup-specific amplitude topographies. (A) Maximum
peak-to-peak amplitude across channels of TEPs across occipital (ocp), parietal (pari), and premotor
(prem) stimulation sites. (B) Maximum stimulator output used for each site. (C) Estimated electric field
(E-field) intensity at the cortical target (V/m) for each site. In the box plots, each point represents a
subject, and p-values for post-hoc pairwise comparisons (Holm—Bonferroni corrected) are reported within
the figures (significant p-values in bold). Density plots to the right of each box plot show the full
distribution across subjects. (D) Peak-to-peak amplitude topographies for the two parietal stimulation
subgroups identified in Fig. 2C: subjects with C1 among the top ntop channels (group Cl1, left) and

subjects with P1 among the top channels (group P1, right). Color maps represent group-average
peak-to-peak amplitude (V). (E) ...
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Figure S2. Within-subject comparisons of temporal and spectral TEP features across stimulation
sites. (A—C) Latencies of the first three TEP peaks (P1, P2, P3) and (D) interpeak time, measured in
occipital (ocp), parietal (pari), and premotor (prem) stimulation, shown for each participant (colored
points) who received all three stimulations. (E) Natural frequency estimated from time—frequency
analysis for each site, shown for each participant (colored points) who received all three stimulations. In
the panels, each line connects measurements from the same subject. Within-subject analyses for
participants receiving all three stimulations (n = 10) were performed using Friedman tests with post-hoc
Wilcoxon signed-rank tests and Holm—Bonferroni correction; p-values are shown in the figure, with
significant values in bold. (F) Correlation between natural frequency and the reciprocal of the interpeak
time (1/interpeak) in the paired subgroup, confirming a strong relationship (r = 0.76, p = 9.7x1077)
between these temporal and spectral measures.
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Figure S3. Robustness of natural frequency estimation across parameter variations. Parameter
exploration analysis demonstrating stability of natural frequency metrics. Each row represents a different
evoked power summation window: 20—120 ms (top), 20—150 ms, 20-200 ms, and 20-250 ms (bottom).
Columns 1-3 display heatmaps evaluating the effects of Stockwell transform width (x-axis) and number
of selected channels (y-axis; via nfop parameter) on key statistical metrics. Column 1: Correlation
coefficients (r) between natural frequency and 1/interpeak time. Red hues indicate strong correlations (r >
0.8), confirming the robustness of this relationship across parameter combinations. Column 2: Maximum
p-values across all post-hoc pairwise comparisons (occipital vs. parietal, occipital vs. premotor, parietal
vs. premotor). Dark red indicates parameter combinations where at least one comparison was
non-significant (p > 0.05). Column 3: Significance patterns of post-hoc comparisons. Colors denote
specific combinations of significant pairwise differences (see colorbar), with black indicating all three
comparisons remained significant (p < 0.05). P-values are corrected with the Holm-Bonferroni method.
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ABSTRACT

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

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

on the neural mass ap- that it simultaneously captures key features of spontaneous and evoked
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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
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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 (B;). 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 (B;). 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 D; with E;). 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 (D) and DEF (E;). The panels
indicate a more widespread propagation in TUN compared to DEF.

responses, thus bridging a gap between traditionally separate model- 2.1. Model equations
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

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
workflows. .
TVB simulator.
9. Materials and methods (zonnecFivity is implemented by means of a 998-node bi-
hemispherical connectome [53], where each node represents a source of
In the following, we first detail the TVB implementation of the whole- signals reproducing the spontaneous dynamics of a neural mass model in
brain model to be later tuned, followed by a description of the analysis the resting state. The connectome specifies the strength of connections
steps used for measuring model features and performance. between nodes and the corresponding time delays, globally modulated



G. Gaglioti, A. Cardinale, C. Lupo et al.

by the coupling parameter G. Time delays between nodes can be globally
rescaled by adjusting the global conduction velocity parameter c,,.

The dynamics of a given node in the brain network are described by
the following set of ordinary differential equations:

Lav
Tscale dt
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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 7, 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 ryypa, and a,._,, 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 yis 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,
7x and ¢, 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, gj,, (where ion is one of Ca: calcium, Na:
sodium, or K: potassium) represents the maximum ion conductance
and Vj,, represents its reversal potential. Similarly, g; and ¥} represent
the maximum leakage conductance and reversal potential, respectively.
The voltage-dependent fraction of open channels is governed by m;,,
following a sigmoidal shape function for each node:

1 V(t) - Tion
Mion (1) = 3 [1 + tanh (5—>] , )

ion

where T}, term represents the mean threshold membrane potential for a
given ion channel population, while 6;,, denotes its standard deviation.
The mean firing rates of the excitatory and inhibitory node populations
are governed by the voltage-dependent activation functions Qy and Qy,
respectively, which are modeled as sigmoidal as well:

Vi —-W
Oy = %vaax [1 + tanh (*)] , (3a)

v

Z(t) - Z
0y = %szax [1 + tanh <%>] , (3b)

yA

where the terms Ov,... and Qg are the maximum firing rates of the
excitatory and inhibitory populations, respectively. The thresholds for
action potential generation for these populations are given by V- and Zr,
with corresponding standard deviations 6y and 6, respectively. Finally,
the input to a node k coming from the rest of the network, Qiﬁ;etwork, is
defined as:

V.,network

0V oD =G Y, OVt =1, 4)
{j}
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with the sum running over all the nodes {j} connected to k with connec-
tion weightu;_,,, and 7;_,, 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 ¢ 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 7.,
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 ¢, and of the additive Gaussian noise ¢ 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 §, = 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
o, = 1077 for the DEF configuration, then rescaled by ., 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 —x /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 CVipy (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, Oy jetwork and Qy 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
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time constant 7,5, = Sms and decay time constant 7gecay = 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 P is normalized using
a decibel (dB) transformation with respect to the pre-stimulus mean:

P= 101ogy (Ppost/<Ppre>) , ®)

where P, represents the post-stimulus power at each time point, while
(Ppre) 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 ). 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 FCygyy = FC — FCT and FlL,gy, = FL — FLT, where ()" denotes the
matrix transpose. In particular, the matrix FC,gy,, captures directional
differences in communication, with positive values FCyqyp,;; > 0 indi-
cating that node i exerts a stronger influence on node j than vice versa,
and negative values FC,,;; < 0 indicating the opposite. To derive a
nodal asymmetry score, we finally compute the sum of asymmetry val-
ues across each row of FC,gyp,, thus projecting the 2D representation of
the matrix into 1D vectors, and yielding a single asymmetry score per
node:

Ai = Z F(Casym,ij B (6)
J

where A; 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 — «) percentile is used to define a significance threshold
(we use a = 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].
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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 c,, the overall timescale
factor ty.,., 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 ty ., (moved from 1.0 to 0.6) and the conduction velocity ¢, (rescaled
for coherence by the same amount as 7,.,.; 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 —x/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 7y, 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/ 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 ¢, 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 (CVgr; see
Section 2.5.1) across nodes. Fig. 4(A) and (B) show the distribution
of CVigr 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 CVygp overall, particularly in central-parietal areas) and spa-
tially heterogeneous events, while DEF shows more regular (i.e., lower
CVigr) 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 CV,,q,e, values. Conversely, we observe a heterogeneous
distribution for TUN, with central areas displaying high CV,q,, 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 CV,,r 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
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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 FCpgyr,, 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 CVz;. 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 (CVyg) across nodes for TUN and DEF configurations. C-D) Spatial distribution of the CV g
mapped onto brain nodes for TUN and DEF configurations. E-F) Histograms showing the coefficient of variation of the power time-courses (CV ) 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 CV,,,,,., 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 explained solely by the reduction of the timescale parameter: while 7.,
asymmetry score and power fluctuations, measured by CV 4, Notably, decreases by less than half (from 1.0 to 0.6) compared to DEF, perturba-
we find a significant positive correlation (r = 0.51, p = 10~%), indicating tions in TUN persist nearly 2.5 times longer. The broader spatial extent
that nodes with greater power variability tend to have stronger leading of the TUN response becomes especially evident when the number of
roles for the TUN configuration. In contrast, the same analysis for DEF significant activations is reported onto the brain maps, suggesting that
reveals a non-significant relationship (» = 0.009, p = 0.77) (see Suppl. in TUN the stimulus propagates far from the stimulation site, recruiting
Fig. A.7). distant regions of the network (Fig. 6(E)). In contrast, the DEF response

remains tightly localized around the stimulation site (Fig. 6(F)).
3.5. Evoked responses reveal higher spatiotemporal complexity in the tuned To further explore the spread and heterogeneity of the evoked activ-
configuration 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

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 o B . .
and less stereotyped dynamics (Fig. 6(A)), compared to the more uni- variability in its temporal dynamics compared to the DEF configuration

form and rapidly decaying responses observed in the DEF configuration (Fig..6(G) vs (H)). . .
(Fig. 6(B)). 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

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

10
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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 FLL matrices, derived from FL,,,. G-H) FC matrices for TUN and DEF configurations. I) Distributions of asymmetry values
in FC matrices, derived from ]F(Casym. J-K) Nodal asymmetry scores A derived from FC for TUN and DEF configurations. L) Linear regression (r = 0.51, p = 107%)
between nodal asymmetry scores A and CV ., in TUN. Each point represents a brain node.

recording and on the inverse model employed, the relative difference expectations from biology and ultimately with empirical data? This
between the two PCI values found here is consistent with experimentally work contributes to answering these questions by defining physiolog-
observed ones in healthy control individuals and subjects with reduced ically relevant metrics that are useful in guiding the exploration and the
levels of consciousness (either responsive or not) (see, e.g.,[13]). initial tuning of model parameters, thus setting up a convenient start-

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

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

11
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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
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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 CV,4y,- 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
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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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Supplementary Methods

FEEG preprocessing, 4 subjects, 62 channels

We recorded resting-state electroencephalography (EEG) from 4 healthy subjects with
eyes closed. Each recording session lasted between 5 and 10 minutes. EEG measurements
were acquired using a 64-channel EEG amplifier (Brain Products GmbH) sampled at 5000 Hz
with hardware filtering at 1000 Hz, and electrode impedance was maintained below 10 k(2.
Reference and ground electrodes were placed on the forehead above the frontal sinus.

Resting-state EEG data were preprocessed using the MNE-Python software package
(Gramfort et al., 2013). EEG recordings were first detrended to remove low-frequency
drifts. A band-pass filter was applied with a high-pass cutoff at 0.5 Hz and a low-pass
cutoff at 60 Hz. Additionally, a 50 Hz notch filter was applied to suppress line noise. Prior
to independent component analysis (ICA), time segments containing prominent artifacts,
such as those associated with muscle activity or other non-neural sources, were manually
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removed to improve ICA performance. The ICA decomposition was then applied to identify
and remove remaining stereotypical artifacts, such as eye blinks and other physiological
sources.

Frequency and time-frequency analysis of EEG signals

Frequency and time-frequency analyses of the EEG were performed using the MNE-
Python package. The power spectral density (PSD) was computed using Welch’s method
with a Hamming window, 4s segments and 75 % (i.e., 3s) overlap. The PSD was averaged
across channels, and both the peak frequency and spectral slope were computed to char-
acterize the aperiodic 1/f trend of the signal. The spectral slope was calculated in the
0.7-7 Hz range using the method described by |Colombo et al| (2019), adapted for Python
implementation.

Time-frequency analysis was performed by extracting the envelope and instantaneous
power time course in the alpha band (8-12 Hz) using Morlet wavelet transforms implemented
in MNE-Python. To quantify the temporal dynamics of these signals, we computed the
coefficient of variation (CV power) of the power time course across time for each channel and
applied detrended fluctuation analysis (DFA) to the envelope signal, as detailed in Sec. 2.5.3.

Simulation and analysis using a smaller 74 parcellation connectome

As a proof-of-principle demonstration of the generalizability of our framework and its di-
rect applicability to experimental data, we performed additional simulations using a reduced-
scale connectome. This supplementary analysis serves two purposes: first, to validate that
the parameter tuning approach remains effective when applied to a different parcellation
scheme; second, to establish a more quantitative benchmark by directly comparing simu-
lated and empirical neurophysiological features.

We employed a publicly available human connectome provided within the TVB platform.
This connectivity matrix has been utilized in prior computational studies (Kunze et al., [2016;
Gaglioti et al., 2024) and comprises 74 cortical regions, with 37 areas per hemisphere. The
anatomical parcellation represents a hybrid construction that integrates diffusion spectrum
imaging tractography and data derived from the CoCoMac neuroinformatics database (Kot-
ter}, 2004).

We simulated neural mass dynamics using the Larter-Breakspear model under three
distinct parameter configurations. First, we executed the default TVB parameter set to
establish a baseline (referred to herein as DEF). Second, we implemented the parameters
previously tuned in Gaglioti et al.| (2024]) (referred to herein as TUN1). Third, to fur-
ther refine the model match to experimental electrophysiology, we conducted a systematic
parameter space exploration centered on three key parameters used in the main analysis:
global coupling strength (G), conduction velocity (¢,), and the timescale of the neural mass
dynamics (Zscale)-

The optimal parameter combination was identified by maximizing a composite score that
quantifies the correspondence between simulated and empirical spectral characteristics. For
each configuration, we computed the average PSD across all regions and extracted its 1/ f



spectral slope using the same estimation procedure described in the previous section on EEG
analysis. The score was defined as:

] —l 2
score = Tpearson (PSDimodel, PSDEpc) — (S Opem;f;;e > OpeEEG> (A1)
EEG

where rpearson denotes the Pearson correlation coefficient between model and EEG PSD,
and “slope” represents the 1/ f spectral slope. This metric rewards both spectral shape and
spectral slope similarity. The parameter combination yielding the highest score was G = 3.6,
¢y = 4, and tgae = 1 (referred to herein as TUN2).

Following parameter selection, we computed two metrics of temporal variability for each
model configuration: the coefficient of variation of the power time-course at the dominant
frequency (CV power), and detrended fluctuation analysis (DFA) of the envelope. Both met-
rics were calculated using the identical procedures described for the main analysis. The
resulting values were compared directly with the corresponding experimental measurements
to evaluate the extent to which TUN2 captures the temporal dynamics observed in real
brain activity.
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Figure A.1: Representative empirical EEG signals and power spectra during eyes-closed rest.
Ten-second segments from an occipital (02, green) and a frontal (Fp2, orange) electrode are shown for each
of the four subjects. For each subject, the right panels display the power spectral density (PSD) of all 62
channels (thin gray lines) and their average (thick black line). The yellow shading marks the alpha band
(8-12Hz), which exhibits a prominent peak in all subjects. The red dashed line shows the spectral slope
of the average PSD fitted (as in [Colombo et al| (2019)) between 0.7 and 7 Hz, prior to the alpha peak, to
capture the 1/f background scaling while avoiding the artificial 0.5 Hz peak introduced by the high-pass
filter at 0.5 Hz. The bottom right panel shows the PSD averaged across subjects.
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Figure A.2: Power Spectral Density (PSD) of the events in TUN and DEF.
PSDs are computed on the event time series for each node using the Welch method (with the same parameters
as in Fig. 2), and then averaged across nodes for TUN and DEF.
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Figure A.3: Global TVB simulation parameters influence the global periodicity of the model.
We vary the conduction velocity ¢, (from 1 to 6 m/s) and the global coupling G (from 1 to 5), quantifying
the resulting changes in the median auto-correlation peak (second mode), for simulations obtained with
TUN configuration for the model. These manipulations induce variations in periodicity: higher conduction
velocities are associated with faster periodicities (i.e., shorter median lags) across different global coupling
values. The star identifies the actual values eventually used for simulations in this work.
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Figure A.4: Signal fluctuations and long-range temporal correlation in EEG data (4 subjects,
62 channels) and model.

A) The left panel shows the time course of band-limited power, summed over the dominant frequency, in
a node of the superior parietal cortex from the TUN configuration (8-12Hz, red), the DEF configuration
(18-22 Hz, blue), and the occipital electrode O2 from EEG of one subject (8-12Hz, gray). On the right,
the coefficient of variation of power CV ower Over time is displayed for each trace, indexing the degree of
temporal fluctuation in each condition. B) Average power spectral density (PSD) of the power time courses
for TUN (red), DEF (blue), and EEG data (black). PSD estimates are computed using 120-s segments with
70-s overlap. For model data, the PSD is averaged across nodes; for EEG, across channels and subjects.
C) Distribution of CVpower across channels is shown for each EEG subject (gray), with the aggregated
distribution across all channels and subjects shown on the right (black). D) Same as C), but for the
detrended fluctuation analysis (DFA) exponent, calculated on the alpha envelope as described in Figs. 4E-F.
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Figure A.5: Functional connectivity asymmetry matrix in TUN and DEF configurations.

The FC,sym matrix is quantified as FC,sym = FC — FCT, where (-)7 denotes the matrix transpose. Positive
values in FC,gym, ;5 indicate that node i has a stronger influence on node j than vice versa; negative values
indicate the opposite.
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Figure A.6: Average asymmetry score of each cortical region in TUN and DEF.

Values for listed regions are obtained averaging the asymmetry score across the nodes located in the given
region. In top panels, regions are sorted in their respective descending order. In bottom panels, regions
are sorted in descending order according to the values of the first panel (left hemisphere of the TUN

configuration).
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Figure A.8: Tuning a 74-node connectome against empirical EEG data.

A) Spatial layout of the 74-node parcellation used in the supplementary analysis. B) Heatmaps of the
parameter space exploration showing the composite score assessing spectral similarity between simulated
and empirical PSD. Global coupling strength (G, 3.6 to 4.6, step 0.2), conduction velocity (¢,, 2 to 4, step
0.25), and timescale (tscale, 0.85 to 1.0, step 0.05) were varied. TUN1 (green dot) refers to the configuration
of parameters used in [Gaglioti et al| (2024), while TUN2 (green star) indicates the configuration with the
maximum score. C) Average PSD across regions for the three model configurations: TUN2 (dark red),
TUNTI (red), and the default TVB configuration (DEF, blue). The yellow line shows the fitted 1/f spectral
slope, and black dots mark the spectral peak frequency. D) Pearson correlation coefficient (r) between
model-simulated and empirically measured PSD for individual subjects (S1-S4) across all three model




configurations. White-filled bars indicate non-significant correlations (p > 0.05). E) Distributions of the
CVpower at the dominant oscillation frequency for each configuration. Frequencies are 8-12 Hz for TUN1, 15~
19 Hz for TUN2, and 23-27 Hz for DEF, as defined by the spectral peak in panel C. F) Boxplots comparing
the CVpower distributions across subjects and models. Gray boxes show individual subject values (S1-
S4); black boxes show aggregated data across all subjects. For EEG data, all channels are included; for
model data, all regions are included. G) Distributions of detrended fluctuation analysis (DFA) exponents
computed on the amplitude envelope of the dominant oscillation in each configuration, analogous to panel
E. H) Boxplots comparing DFA exponents across subjects and models, with the same layout as panel F.



Table A.1: List of cortical regions and number of associated nodes.

Node counts are reported separately for the left and right hemispheres. The stimulated region (SP, superior
parietal cortex, right hemisphere) is highlighted in bold, with the 27 nodes within this region stimulated
simultaneously.

Number of nodes

Label Description .
Left Right

BSTS Bank of the superior temporal sulcus 5 7
CAC Caudal anterior cingulate cortex 4 4
CMF Caudal middle frontal cortex 13 13
CUN Cuneus 8 10
ENT Entorhinal cortex 3 2
FP Frontal pole 2 2
FUS Fusiform gyrus 22 22
1P Inferior parietal cortex 25 28
IT Inferior temporal cortex 17 19
ISTC Isthmus of the cingulate cortex 8 8
LOCC  Lateral occipital cortex 22 19
LOF Lateral orbitofrontal cortex 20 19
LING Lingual gyrus 16 17
MOF Medial orbitofrontal cortex 12 12
MT Middle temporal cortex 19 20
PARC  Paracentral lobule 11 12
PARH  Parahippocampal cortex 6 6
PCAL  Pericalcarine cortex 9 10
POPE  Pars opercularis 11 10
PORB  Pars orbitalis 6 6
PTRI Pars triangularis 7 8
PSTC  Postcentral gyrus 30 31
PC Posterior cingulate cortex 7 7
PREC  Precentral gyrus 36 36
PCUN  Precuneus 23 23
RAC Rostral anterior cingulate cortex 4 4
RMF Rostral middle frontal cortex 19 22
SF Superior frontal cortex 50 46
SP Superior parietal cortex 27 27
ST Superior temporal cortex 29 28
SMAR  Supramarginal gyrus 19 16
TP Temporal pole 4 3

TT Transverse temporal cortex 4 3




Table A.2: TVB and Larter & Breakspear parameters.

TUN column reports the parameters of the LB model tuned as described in the paper, starting from
the default (DEF) configuration in [Alstott et al| (2009). Parameter values that differ between the two
configurations are indicated in bold, and reported before the unchanged ones. The first block of rows
refers to the global parameters of the TVB simulator (notice the rescaling of some of them, as a straight
consequence of the time rescaling in single-node equations), followed by parameters specific to the LB model.

Parameter Description Values

TUN DEF
G Global coupling strength 3 1
Cy Conduction velocity 3 - tscale 3« tscale
o¢ Heun integrator noise 1077 - tecale 1077 - tecale
tecale Timescale factor 0.6 1
Vea Ca Nernst potential 1.1 1.0
Qe_se Excitatory-to-excitatory synaptic strength 0.5 04
gK Conductance of K channels population 2.5 2.0
gL, Conductance of leak channels population 1.1 0.5
Qpsi Non-specific-to-inhibitory synaptic strength L: 0.4023; R: 0.4 04
TNa Threshold potential for Na channels 0.26 0.30
oK Variance of K channels threshold 0.4 0.3
Vr Threshold potential for excitatory neurons -0.1 0.0
oz Variance of inhibitory threshold 0.60 0.65
JCa Conductance of population of Ca channels 1.1 1.1
TNMDA Ratio of NMDA to AMPA receptors 0.25 0.25
JNa Conductance of population of Na channels 6.7 6.7
Wa Na Nernst potential 0.53 0.53
Vk K Nernst potential -0.7 -0.7
\%3 Nernst potential of leak channels -0.5 -0.5
Ai—e Inhibitory-to-excitatory synaptic strength 2.0 2.0
Ap—e Non-specific-to-excitatory synaptic strength 1.0 1.0
I Subcortical input strength 0.3 0.3
b Time constant scaling factor 0.1 0.1
Qe—si Excitatory-to-inhibitory synaptic strength 1.0 1.0
Tca Threshold potential for Ca channels -0.01 -0.01
Tk Threshold potential for K channels 0 0
dCa Variance of Ca channels threshold 0.15 0.15
ONa Variance of Na channels threshold 0.15 0.15
10) Temperature scaling factor 0.7 0.7
TK Time constant for K relaxation time
QVv,an Max firing rate for excitatory populations
v Variance of excitatory threshold 0.65 0.65
QZrox Max firing rate inhibitory populations 1 1
Zt Threshold potential for inhibitory neurons
c Strength of excitatory coupling and balance 01 01

between internal and global dynamics
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Abstract: Brain complexity relies on the integrity of structural and functional brain networks, where
specialized areas synergistically cooperate on a large scale. Local alterations within these areas can
lead to widespread consequences, leading to a reduction in overall network complexity. Investigating
the mechanisms governing this occurrence and exploring potential compensatory interventions is a
pressing research focus. In this study, we employed a whole-brain in silico model to simulate the large-
scale impact of local node alterations. These were assessed by network complexity metrics derived
from both the model’s spontaneous activity (i.e., Lempel-Ziv complexity (LZc)) and its responses to
simulated local perturbations (i.e., the Perturbational Complexity Index (PCI)). Compared to LZc,
local node silencing of distinct brain regions induced large-scale alterations that were paralleled
by a systematic drop of PCI. Specifically, while the intact model engaged in complex interactions
closely resembling those obtained in empirical studies, it displayed reduced PCI values across all local
manipulations. This approach also revealed the heterogeneous impact of different local manipulations
on network alterations, emphasizing the importance of posterior hubs in sustaining brain complexity.
This work marks an initial stride toward a comprehensive exploration of the mechanisms underlying
the loss and recovery of brain complexity across different conditions.

Keywords: brain complexity; whole-brain modeling; node silencing; perturbations; Lempel-Ziv
complexity; Perturbational Complexity Index

1. Introduction

Over the years, the concept of brain complexity has gained traction within neuro-
scientific research. In this general framework, brain networks strike an optimal balance
between the requirement for functional specialization (differentiation) and that for tight in-
teractions (integration) across modules [1-3]. Within a continuum ranging from segregated
subsystems to an entirely homogeneous macrosystem, the brain would fall in between, in a
complex regime where functionally differentiated groups of neurons are able to engage in
tight reciprocal interactions so that the whole is more than the sum of its parts [4,5].

Recently, this theoretical notion has drawn extensive empirical attention with several
human and animal studies proposing empirical estimates of brain complexity [6]. Specifi-
cally, a growing body of experimental literature has demonstrated a reliable correlation
between complexity measures and the presence or absence of consciousness across different
conditions, confirming early theoretical principles [7].
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Recently, structural human brain networks, also known as ‘connectomes’ [8,9], became
available thanks to different initiatives like the Human Connectome Project and the UK
Biobank Imaging project [10-12]. When such networks are endowed with mathematical
models of local excitability in each node, they allow the development of computational
models to simulate whole-brain dynamics [13-15]. These models provide a controlled and
mechanistic framework to explore a broad spectrum of parameters that are potentially
relevant for better understanding global brain properties such as those implicated in brain
complexity [2,16].

Most empirical and computational investigations have explored network complexity
based on spontaneous neural activity [6]. Such an observational approach can be usefully
complemented by a causal approach, whereby stimulations are used to assess the complex-
ity of neuronal interactions from a causal, rather than correlational, perspective. Along
these lines, the Perturbational Complexity Index (PCI) [17] empirically estimates the joint
presence of differentiation and integration by quantifying the richness of the spatiotemporal
patterns of cortical activity extracted from the electroencephalographic (EEG) response to a
brief local perturbation with transcranial magnetic stimulation (TMS). PCI has provided
a reliable index to assess the loss and recovery of consciousness in both physiological
and pathological conditions [18]. Supported by a series of multiscale experiments in cell
cultures [19,20], cortical slices [21], animal models [22-24], and intracranial and extracranial
human studies [17,18,25-29], this perturb-and-measure approach has also recently been
applied in silico. This computational neuroscience implementation can further elucidate
the mechanistic link between brain complexity and anatomic-physiological brain properties.
Specifically, the relationship between brain complexity and structural connectivity [30,31]
as well as functional network properties [32] have been investigated. In addition, the
modulations of brain complexity dependent on global neuromodulation [33] as well as
local node properties [34] have been recently addressed.

Crucially, it is also possible to link single node properties to large-scale network
dynamics [35,36] and explore the global effects of local manipulations, such as virtual
lesions [37] and silencing [38].

Previous computational investigations have shown that large-scale spontaneous net-
work dynamics change considerably upon local connectivity alterations (i.e., local node
deletion within spatially defined regions) [39]. Along these lines, a strong reduction of
brain-wide activity was observed particularly when simulating the regional inactivation of
posterior areas [40]. These results are particularly relevant in view of a postulated critical
role of posterior regions of the cortex [41,42] in supporting complexity and consciousness.
So far, however, computational studies relating local properties to global brain states have
focused mostly on spontaneous activity [37] and have not explored the complexity of
neuronal interaction from a causal perspective (i.e., using controlled model perturbations).

Here, we exploited direct perturbations and investigated the large-scale impact of
controlled local manipulations (i.e., local node silencing) on network activity and brain
complexity in a whole-brain computational model. Specifically, using “The Virtual Brain”
platform [13,43], we extensively and systematically varied the topology of the stimulated
and the silenced nodes and performed a direct comparison between metrics derived
from observational (Lempel-Ziv complexity) [44] and perturbational approaches (PCI). In
addition, we explored critical properties governing the network information flow [45] and
linked specific features of network organization (i.e., integration and segregation) to the
above-mentioned network complexity metrics.

Our intact model exhibited complex spontaneous patterns emerging from the struc-
tural links of the connectome and engaged in complex and enduring cortical interac-
tions following focal exogenous perturbations closely resembling the empirical TMS-EEG
responses. Importantly, node manipulations revealed an overall reduction of network
complexity measures, underlining interesting dissociations between observational and
perturbational metrics. Interestingly, the impact of local manipulations was highly het-
erogeneous, and the comprehensive spatial sampling of the implemented node silencing
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allowed assessing relevant regional aspects with respect to the role of posterior cortical
regions for brain complexity.

Overall, our results aim at better characterizing the effects of local manipulations on
large-scale network dynamics and may serve as a useful tool to systematically assess the
mechanisms underlying the loss and recovery of brain complexity in pathological conditions.

2. Materials and Methods
2.1. Model Simulations
2.1.1. Structural Connectivity

For the main results of this study, we employed a connectome composed of 76 areas
available in the TVB simulator (2.7.2) (named “Default” connectome, Dconn). Dconn is
based on an anatomical tracing reconstruction (CoCoMac) [46] with directional connections
and is therefore well suited to investigate propagating activities in brain networks [47].
Additionally, we implemented a subset of analyses on a connectome with finer parcellation
consisting of 998 areas (named “Hagmann” connectome, Hconn [48]), as described in
Section 2.1.5.

2.1.2. Neural Mass Model

To model the mesoscopic dynamics of cortical regions, we used the Larter and Breaks-
pear model [49], a conductance-based neural mass model widely employed for simulating
whole-brain dynamics in intact networks [50-58] and lesioned networks [39,59]. According
to the model, the dynamics of a node k are governed by the following ordinary differential
equations (ODEs):

k
G = (gCa + (1 = C) rnvpA ace Qv + C rnmDA ee Q{}etwork) mca(V = Vea)
~ (B2 e + (1 ©) e Qu + C aee QU (V = Vi) M)
- gKW(V - VK) - gL(V - VL) —aje Z Qz + apel
dzk
& b(anil +aje V Qy) )
dWk  @®(mg — W) )
dt o TK

where V is the mean membrane potential of the excitatory pyramidal neurons, Z is the
mean membrane potential of the inhibitory interneurons, and W is the average number of
open potassium ion channels. The term rnpypa is the ratio of NMDA receptors to AMPA
receptors, and ayy is the synaptic strength originating from population x (e.g., e, i, n, where
e refers to the excitatory population, i to the inhibitory one, and n denotes a nonspecific
input) to population y (e.g., €, i). The rate terms b and ¢ govern the time scales of Z and W,
respectively. The term gy, is the maximum conductance (i.e., when all channels are open)
of the corresponding ion species. The voltage-dependent fractions of open channels for a
given ion is determined by m;,, and is modeled by a sigmoidal shape function:

Mjon = 0.5 <1 + tanh(V_Tion)> 4)

5ion

where T, is the mean threshold membrane potential of a given ion channel population,
and 8;oy, is its standard deviation. The mean firing rates of the excitatory and inhibitory
populations are determined by the voltage-dependent activation functions Qv and Qz,
respectively, modeled as:

Qu = 0.5 Quamax (1 + tanh(V gVVT) ) )
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Qz = 05 Qina <1+tanh<v6 ZT)) ©
Zq

where QVmax and QZmax are the maximum firing rates of the excitatory and inhibitory

populations, respectively. Their corresponding thresholds for action potential generation

are given by the terms V1 and Zr, with standard deviations 8y and 6, respectively. The

network input to node k is given by:

Qnetwork EG uk]QV ( (t _ Tkj) ) (7)

where uy; is the connection weight from node j to node k, T is the input delay time, and G is
the global coupling that scales the connection weights. The parameter C in Equation (1)
ranges within [0, 1] and balances the strength of the self-connections against those of the
rest of the network.

The ODEs were solved starting from random initial conditions with the stochastic
Heun integration method available in TVB (with additive Gaussian noise, standard devia-
tion SD = 10~7) and an integration time step of 0.1 ms. A pre-processing step was performed
to reduce the amount of data by temporally resampling the data to a resolution time of
1ms (i.e., averaging over each 1 ms time step). In addition, the first 3 s of simulations were
discarded (first 14 s in Hconn) to remove the initial transient activities in the model.

In order to improve the responsiveness of the nodes (e.g., propagating activities) to
stimulation, we varied a set of parameters (indicated in bold in Table S2) with respect
to other studies that investigated only the model’s spontaneous activity (e.g., [39]). In
addition, we set the global coupling G (Equation (7)) in such a way as to maximize the
overlap between the functional and the structural connectivity (Figure 1c, see also [60]).
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Figure 1. Whole-brain model for investigating brain complexity in silico. (aI) Each node of the

whole-brain network is modelled by the Larter and Breakspear (LB) neural mass model (NMM),
describing the interaction between excitatory (E) and inhibitory (I) neurons. The weights connecting
the nodes are reported in the structural connectivity (SC) matrix. (all) The output of the model of
a given node is the mean membrane potential of the excitatory population (green trace), and the
timing of the spikes (red dots), detected with a hard threshold on the voltage, are then converted to
an instantaneous firing rate (IFR) (black overlay trace). (b) The working point of the model (i.e., set
of model parameters) was obtained based on the spontaneous and evoked activity following three
steps. First (bI), the correlations between the spontaneous IFR traces were computed to estimate
a functional connectivity (FC) matrix. Then, the similarity between the FC and SC matrices was
assessed through the Pearson correlation coefficient. Second (bII), by stimulating a node of the
connectome (here rPCi), the propagation of activity in the network was quantified in terms of AIFRgy
(AIFR averaged over the nodes of the stimulated hemisphere), and some representative trials of
AIFRgy are reported. The evoked area is obtained as the integral after stimulation (red line, between
0 and 500 ms) of AIFRgy averaged across trials. Third (bIII), the SC-FC correlation and the evoked
area are reported for different global couplings (i.e., a scaling factor of the SC), and both metrics
reached a peak at G = 4 (working point). The dashed blue lines and arrows illustrate the matches
between the FC and the SC maps for different G values. The dashed green lines and arrows illustrate
the evoked area by the stimulus. (cI) We simulated control and local manipulation conditions. Local
manipulations were implemented by silencing selected nodes. (cII) To assess the impact of local
node silencing on spontaneous complexity, we calculated Lempel-Ziv complexity (LZc) on ongoing
network activity. Furthermore, we separately stimulated different connectome nodes under different
local manipulations and calculated the Perturbational Complexity Index (PCI) to gauge the impact of
local silencing on the evoked activity.

2.1.3. Spontaneous Activity and Stimulation Protocol

For the analysis of spontaneous activity, each condition was run for 4000 s, and the
time-series were split into 10 segments of 400 s.

On the other hand, to examine the model’s evoked response, a square wave pulse
of 5 ms and amplitude 1 was applied to a single connectome node, specifically targeting
the excitatory pyramidal cells (as an additive term to Equation (1)). In our study, we
individually stimulated a total of 12 nodes located in the right hemisphere (see Section 2.1.4
below for details), homogeneously sampling all cortical lobes (Table 1).

In all conditions (control and lesions) a stimulus was delivered to the same node (i.e.,
same stimulus) 500 times (500 trials) by reinitializing each simulation. We also jittered the
onset of the stimulus within a range of 2 s. Note that in the Larter—Breakspear model, all
quantities are dimensionless except for time [56], which allows a straight comparison with
the experimental time courses.
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Table 1. Labels of the cortical nodes and their description in Dconn. The stimulated nodes are

reported in bold.
Label Description
Al Primary auditory cortex
A2 Secondary auditory cortex
Amyg Amygdala
CCa Anterior cingulate cortex
CCp Posterior cingulate cortex
CCr Retrosplenial cingulate cortex
CGCs Subgenual cingulate cortex
FEF Frontal eye field
G Gustatory area
HC Hippocampal cortex
IA Anterior insula
IP Posterior insula
M1 Primary motor area
PCi Inferior parietal cortex
PCip Cortex of intraparietal sulcus
PCm Medial parietal cortex (i.e. precuneus)
PCs Dorsal parietal cortex (superior parietal lobule)
PFCcl Centrolateral prefrontal cortex
PFCdl Dorsolateral prefrontal cortex
PFCdm Dorsomedial prefrontal cortex
PFCm Medial prefrontal cortex
PFCorb Orbitofrontal cortex
PFCpol Pole of prefrontal cortex
PFCvl Ventrolateral prefrontal cortex
PHC Parahippocampal cortex
PMCdI Dorsolateral premotor cortex
PMCm Medial premotor cortex (i.e. supplementary motor area)
PMCvl Ventrolateral premotor cortex
S1 Primary somatosensory cortex
S2 Secondary somatosensory cortex
TCc Central temporal cortex
TCi Inferior temporal cortex
TCpol Pole of temporal cortex
TCs Superior temporal cortex
TCv Ventral temporal cortex
Vi Primary visual cortex

V2 Secondary visual cortex
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2.1.4. Local Manipulation Modeling

Building upon prior modeling studies [38,40,61], we simulated local network alter-
ations by reducing the excitability of selected nodes. This silencing was achieved by hyper-
polarizing the manipulated nodes (Figure 1c) to an extent which completely suppresses
their firing activity (mean firing rate = 0). To achieve this, we abolished the excitatory
nonspecific input (ane = 0) and increased the nonspecific inhibitory input (ani = 0.6). We
implemented the different manipulations in one hemisphere (the right hemisphere) to
simulate an affected hemisphere and an intact one (left hemisphere). Consistent with
empirical studies [27], we stimulated the affected hemisphere to assess cortical reactivity
following perturbation near the silenced node.

In line with previous work where 5% of the nodes were lesioned [39], in our study
each manipulation involved approximately 4% of the connectome nodes (three nodes).
As in [39], each local manipulation was defined by first choosing a central node (center
of the manipulation) to be silenced and then selecting the remaining nodes to silence
based on a geometrical distance criterion (Euclidean distance) from the central node.
Manipulation details are reported in Table 2. Whenever the stimulated and manipulated
nodes overlap, the latter were replaced with the closest non-manipulated nodes to the
center of the manipulation. For instance, when stimulating rPCip, which was also part of
local manipulation 1 (L1), we spared rPCip and silenced the next closest node (rV2). For a
fair comparison across conditions between spontaneous and evoked metrics, non-identical
manipulations were excluded whenever a correlation was performed (e.g., in Table 54 in
Supplementary Material).

Table 2. Local manipulation labels in the Dconn connectome. The labels of the local manipulations
and the corresponding nodes silenced in the Dconn connectome. The ranking is based on the MFR
difference (from lowest to highest). Note that when a stimulus overlaps with a silenced node (in
bold), the latter is replaced by a nearby node.

Local Manipulation Label Nodes Ranking (MFR,)
L1 PCip, PCs, PCm 10
L2 PFCcl, PFCdl, PMCvl 7
L3 TCc, TCs, TCi 4
L4 V2,V1,CCr 18
L5 CCs, PFCorb, Amyg 19
L6 CCa, CCp, CCr 13
L7 M1, S1, PMCdl 5
L8 PCm, PCip, CCp 15
L9 PFCdm, CCa, PFCm 11
L10 Al,A2,82 16
L11 Amyg, PHC, CCs 17
L12 HC, PHC, TCv 2
L13 PFCpol, PFCm, PFCdm
L14 PECvl, G, PMCvl 8
L15 TCpol, Amyg, PFCorb 20
L16 CCa, PFCdm, PFCdl 12
L17 IP, TCs, S2 14
L18 S1, M1, PCs 3
L19 PFCdl, CCa, PFCcl 6

L20 TCv, PHC, TCi 1
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This procedure resulted in a total of 12 control conditions (stimulations without any
node manipulation) and 240 manipulation conditions (silencing of 20 different nodes for
each stimulation, 12 x 20).

2.1.5. Validation on a Larger Connectome (Hconn)

As a proof of concept aimed at confirming the validity of the observed findings, we
repeated the analysis pertaining to PCI using a connectome endowed with finer parcellation
(Hconn) consisting of 998 areas [48]. Hconn corresponds to a human connectome, with
symmetric bidirectional connections, and has been used in several studies [39,51,56,62].
We tested a control condition and 20 local node manipulations, which are detailed in
Table S3 (Supplementary Material). Each of them involved approximately 4% of the nodes
(40 nodes), and the implementation procedure was the same as in Section 2.1.4 (with
the only exception being that in Dconn, ani = 0.6, while in Hconn, ani = 0.65, as more
inhibition was required to suppress firing activity). In Hconn, we limited the number of
stimulations to one performed over a portion of the superior parietal cortex (SP, Table S1
in Supplementary Material) of the manipulated hemisphere. In particular, to maintain
a comparable fraction of stimulated nodes with the Dconn connectome (1/76 = 0.013), a
total of 14 nodes of SP were simultaneously stimulated (14/998 = 0.014) that were chosen
based on their adjacency to a central node, following the same geometrical approach used
in Section 2.1.4. As in Dconn, the stimulus was delivered 500 times (500 trials) in each
condition (see Section 2.1.3).

2.2. Analysis of Network Simulations
2.2.1. Firing Activity Analysis

The first step of all analysis consisted in the detection of spiking activity of all nodes
of the network. Spike timing was established as the passage of membrane potential of the
nodes above a fixed threshold (—0.05, Figure 1a).

We defined the mean firing rate for each region/node of interest (MFRRoy) as the
amount of spikes divided by the time window of observation.

To characterize the global/population activity of the model (MFR), we averaged the
MFRRy values across nodes (either all nodes or, when specified, the ones of the intact or
the manipulated hemisphere):

MEFR = (MFRROI) nodes 8)

Then, to quantify the impact of the local manipulation on activity, we defined the MFR
difference (MFR,) as:

MFR, = MFR(local manipulation) — MFR(control) )

where MFR(condition) refers to the MFR in a condition of interest. Note that the MFR
involved only the nodes not affected by the local manipulation (i.e., excluding the silenced
nodes also in the control condition).

Then, for each node we defined the time-dependent Instantaneous Firing Rate (IFR(t),
in Hz) as the frequency of spikes in a time window of 25 ms, and the temporal dependence
was obtained by sliding the time window by 10 ms on the simulated data. We varied the
size of the time window (e.g., 50 ms) and found qualitatively similar results.

In order to quantify the impact of the stimulation on the node’s activity, we defined
the quantities:

AIFR(t) = IFR(t, trial) — (IFR(t, trial)) ) (10)

(ATFR(t)) = (AIFR(t, trial)) (11)

trials

where <IFR(t, trial)>(g) is the average IFR over the time prior to stimulation, and
<AIFR(t)>4q15 is the average AIFR across trials.
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The level of network synchrony was quantified through the averaged pairwise cross-
correlation between the spontaneous IFR signals:

co _ [ Cov(IFRy IFR)) -
R\ o(IFR;) o(IFR;) 12

where <...> denotes the average over all possible pairs of nodes (excluding silenced nodes),
Cov(IFR;, IFR;) is the covariance between two spontaneous IFR signals (IFR; IFR;), and
o(IFR;), o(IFR;) are the corresponding standard deviations of the IFR signals

2.2.2. Network Analysis

We employed graph metrics based on the weighted degree to assess the centrality
of a node in the network [63]. In the Dconn connectome, we computed the weighted
out-degree (WD) of each node (sum of weighted outgoing connections of a node) in order
to analyze the relationship between network centrality and complexity index topographies
(see below, Sections 2.2.3 and 2.2.4). Notice that in symmetrical graphs, such as Hconn and
non-directional functional connectivity (see below), the out-degree of a node is equal to
its in-degree.

We computed the same quantities on the spontaneous functional connectivity (FC) in
the control condition. The strengths of the functional connections between node pairs were
obtained as the pairwise Pearson’s correlation coefficient between their spontaneous in-
stantaneous firing rates (IFRs). In addition, to corroborate our findings, we computed
the FCporp on the BOLD signal, a widely used approach in the literature with this
model [39,50,51,56-58]. The BOLD signal was estimated from the model’s output fol-
lowing [39]. We used the nonlinear Balloon-Windkessel hemodynamic model [64], and the
input to the model was the absolute value of the time derivative of the excitatory mem-
brane potential within each node. All the hemodynamic parameters were taken from [64].
Lastly, the estimated BOLD signal was sampled every 2 s. The FCpopp is defined as the
Pearson correlation coefficient between each pair of BOLD signals. Then, similar to the SC
analysis, we used the WD from the FCjpr and the FCpop p to investigate the relationship
between node centrality and complexity topographies. We also conducted the analysis by
performing global signal regression (GSR) on the BOLD signal [51].

2.2.3. Complexity Indices
- Lempel-Ziv Complexity

The spatiotemporal differentiation of the spontaneous instantaneous firing rate was
calculated by the Lempel-Ziv complexity (LZc) [44]. The optimal time window to compute
LZc was examined by selecting temporal segments of variable lengths (from 1 s to 800 s).
LZc decreased when increasing the temporal segments and reached a plateau around 200 s,
and starting from 400 s, the variability, quantified by the coefficient of variation (CV), was
less than 0.0004. For each condition, we calculated LZc over 10 segments of spontaneous
activity (400 s each) and reported its mean =+ SD.

- Perturbational Complexity Index

The Perturbational Complexity Index (PCI) quantifies the spatiotemporal complexity
of brain activity evoked by an external perturbation [17]. To compute PCI, we followed the
procedure outlined in [17], with the notable difference that we applied it to the IFR time
series of the brain nodes.

In short, the significant evoked activities of each node, with respect to baseline, were
determined by applying a non-parametric permutation test to the IFR. The baseline activity
(pre-stimulus, time window = [-1000, 0 ms]) was used to determine, for each node,
thresholds of significance (significance level set to 0.01, 500 bootstraps) and accounting
for multiple comparison testing using the maximum test statistic. In this way, we derived
a spatiotemporal matrix of significant activity [SS(x,t)], where SS(x,t) = 1 for significant
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activity in node x at time t, and SS(x,t) = 0 otherwise. The SS matrix was then sorted
according to the amount of significant activity during the post-stimulus interval of each
node (e.g., most/less active at the bottom/top rows). Then, the Lempel-Ziv complexity
(CL) was calculated on the binary matrix [SS(x,t)] of the significant IFR (first 500 ms after
the pulse).

Finally, PCI' is defined as the normalized CL of the evoked spatiotemporal patterns

SS(x,t):
o log, (L)
(L-Hsrc(L))

where L is the size of the matrix [SS(x,t)] (L = number of nodes x number of time samples),
and Hsrc is the source entropy given by:

PCI = CL- (13)

Hsrc(L) = —p1-log,(p1) — (1 — p1)-logy (1 — p1) (14)

where p; and (1 — pj) are the fraction of “1” (significant activity) and “0” (non-significant
activity) in the binary matrix.

Spatial temporal maps were represented based on SS and the <AIFR(t)> (Equation (10)).
In particular, for each time point t, the AIFR(t) of the nodes with significant activity (i.e.,
SS(., t) = 1) were reported.

In all conditions (control and manipulations), each stimulus was repeated 500 times.
Then, 10 resamples of 300 trials (without repetitions) were formed, and the PCI was
computed on each subgroup. We assessed the stability of PCI versus the number of trials
(ranging from 10 to 500 trials) and observed that the PCI values reached a plateau around
200 trials, and starting from 300 trials, the variability (CV) was less than 0.01.

2.2.4. Complexity Topographies

The contribution of each node to the complexity indices used was investigated by
performing linear regressions between the complexity values (LZc and PCI) and the spon-
taneous activity of each node (MFRR(y) for different conditions (local manipulations and
control). The coefficient of determination (R?) for each node was then computed and
mapped onto the brain topographies. Thus, LZc-R? and PCI-R? topographies were derived.
Given the 12 stimulation sites for PCI, 12 topographies were generated, which were then
averaged into a single PCI-<R%> topography.

2.2.5. Statistical Analysis

Statistical analyses were performed using Python 3.7, employing the SciPy (1.9.3),
statsmodels (0.13.5), and scikit-posthocs (0.8.1) packages. The data are expressed as mean
=+ standard deviation (SD) unless otherwise indicated. The boxplots report the first and
third quartiles (lower/upper line of the box), the mean of the distribution (horizontal
line in the box), and the whiskers (5th and 95th percentiles). The data were checked for
normal distribution and homogeneity of variance using Shapiro-Wilk test and Levene test,
respectively. According to the results, either parametric (e.g., one-way ANOVA and ¢-test) or
non-parametric (e.g., Kruskal-Wallis H-test and Dunn’s test) tests were performed. p values
were adjusted for multiple comparisons using the Benjamini-Hochberg method to control
the false discovery rate. Multiple one-sample -tests were conducted with Bonferroni-
Holm p-values correction to test the impact of each local manipulation compared with the
control. Linear correlation between the metrics was computed with the Pearson correlation
coefficient and its associated two-sided p-value. We conducted simple and multivariate
linear regressions, calculating the coefficient of determination (R?, and R? adjusted t0 account
for multiple regressors) and the p-value of the F-statistic. Additionally, we computed the
slope coefficients of the regressors and their corresponding two-sided 95% confidence
intervals (95% CI). For all statistical analyses, alpha = 0.05.
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LZc

3. Results
3.1. Spontaneous Activity
Impact of Local Node Silencing on Spontaneous Complexity Measures

We first investigated the impact of local silencing on the model’s spontaneous activity
by quantifying the mean firing rate difference (MFR,) on the nodes within the manipulated
hemisphere, the intact one, as well as in the entire model compared with the same nodes in
the control condition (Figure 2a). This analysis revealed that the MFR decreased the most in
the affected hemisphere (MFRp = —3.621 £ 1.629 Hz, mean across all manipulations 4 SD)
and to a lesser extent in the intact hemisphere (—1.431 & 0.992 Hz).
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Figure 2. Impact of local manipulations on whole-brain spontaneous activity. (a) Mean firing
rate difference (MFR,, see Methods) for each silencing condition of the manipulated hemisphere
(green), the intact one (yellow), and overall nodes (black). Note that the ranking (i.e., ranked local
manipulations, see Table 2) is based on the black curve. (b) The Lempel-Ziv complexity (LZc)
metric is reported versus the same ranked local manipulations. The red horizontal lines mark
the average value of LZc in the control condition. Error bars represent one standard deviation
and asterisks indicate a statistically significant difference from the control condition (* p < 0.05,
**p <0.01, *** p < 0.001; Kruskal-Wallis and Dunn post hoc test with Benjamini-Hochberg correction).
(c) Linear regressions relating the mean firing rate of all nodes (MFR) to LZc (r = 0.69; p = 0.0005).
(d) Linear regression relating the averaged pairwise cross-correlation (CCipr) to LZc (r = —0.55,
p =0.009). (e) Multivariate regression of LZc with respect to the independent variables MFR and
CCrer (R? = 0.98, R?gjusted = 0.98, p =2 x 10716).

We then quantified the impact of local node silencing on the complexity of spontaneous
brain dynamics by computing Lempel-Ziv complexity (LZc) on the instantaneous firing
rate (IFR) derived from the model time-series (Figure 2b). Notably, in 12 out of 20 local
manipulations, LZc was not statistically different from control (Kruskal-Wallis and Dunn
post hoc test with Benjamini-Hochberg correction). As a consequence, even though LZc



Appl. Sci. 2024, 14, 890

12 of 23

positively correlated with MFR (LZc: r = 0.69; p = 0.0005, Figure 2c), it did not reflect the
changes of network complexity with respect to control condition.

Further exploring the network properties relevant for complexity, we computed the
averaged pairwise cross-correlation (CCypr, see methods) between nodes as a measure
of the synchrony of network interactions. CCrpr was lower across local manipulations
when compared to control (control: 0.067, average across manipulations: 0.061 %+ 0.007;
Figure 2d), which corresponds to a larger segregation of the network patterns. We found a
negative correlation between LZc and CCypr (r = —0.55, p = 0.009; Figure 2d).

Considering the combined role of brain activity levels (MFR) and network interactions
(CCypRr) in shaping brain complexity, we performed a multivariate regression between
MEFR and CCppr in explaining LZc across all conditions (Figure 2e). This model effectively
captured the variance of LZc (R% =0.98, Rzadjusted =0.98,p=2 x 10716). Confirming the
results obtained with the univariate analyses, a positive relationship was found for LZc
with respect to MER (slope coefficient, fypr = 0.0072, 95% CI [0.0066, 0.0078]), while CCrpr
was found to be negatively correlated with LZc (Bcc = —1.2,95% CI [-1.3, —1.1]).

3.2. Evoked Activity
3.2.1. Local Node Silencing and PCI

We performed an extensive investigation of the responses to different stimuli for
different node silencing within the connectome (12 stimuli x 20 manipulations). The
impact of local node silencing on stimulus-evoked spatiotemporal activity was quantified
by the Perturbational Complexity Index (PCI).

All manipulations caused a decrease of PCI with respect to the control condition (PCI,)
across stimuli (for each local manipulation p < 0.01, one sample ¢-test with Bonferroni-Holm
correction; Figure 3a), albeit with a great variability depending on the specific stimulus-
silencing pair (individual PCI values and statistical comparisons with respect to the control
condition are reported in Figure S2).

In this respect, the responses of the model to stimulation of the right inferior parietal
cortex (rPCi) for the control and two highly segregated local manipulations (L4 and L17,
see Table 2 for a description of the manipulated nodes) serve as an illustrative example of
such variability.

Specifically, the spatiotemporal distribution of the significant activities (see Methods)
elicited by the stimulation pulse in the control and in the two representative manipulations
displayed marked differences (Figure 3b). In particular, compared to the control condition,
in the case of L4 silencing, the response was sustained in time but spatially redundant
(i.e., the significant activities often involved the same areas), and it did not involve the
non-stimulated hemisphere as confirmed by the <AIFR> temporal profile (Figure 3¢ top
panel). On the other hand, in the case L17 silencing, significant evoked activity extended to
the non-stimulated hemisphere (Figure 3c top panel) but was short-lived. The richness of
the significant spatial-temporal patterns evoked by a stimulus can also be described by the
SS matrices (see Methods, Figure 3c bottom panels). Compared to the control condition, the
SS matrix of both L4 and L17 were either restricted in space (i.e., evoked activity remained
more local, as in L4) or in time (i.e., the significant evoked activity decayed rapidly, as in
L17). Interestingly, in L4, the significant activity described by the source entropy (Hsrc) was
comparable to the control (0.79 4= 0.03 and 0.79 £ 0.02, respectively), but the evoked activity
was more redundant in time (compare Figure 3a), confirming the dissociations between PCI
and Hsrc (Supplementary Results, Section S2, Figure S3) also found in empirical studies [17].
Consistent with these observations, we found a significant reduction of PCI (p < 0.00001,
ANOVA and post hoc pairwise T -test with Benjamini—-Hochberg correction) for both L4
and L17 (Figure S2, grey arrows. Control: 0.49 £ 0.03; L4: 0.25 £ 0.01; L17: 0.37 £ 0.04).

Furthermore, to corroborate our results, we performed a similar analysis with the
more detailed connectome, Hconn (Figure S4A,B). Again, we found a significant reduction
of PCI (Figure S4C) in all manipulation conditions (for each p < 0.000001, ANOVA and post
hoc pairwise T t-test with Benjamini-Hochberg correction). The higher reduction of PCI
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with Hconn compared to Dconn is likely due to a larger impact of node silencing on the
local connectivity (i.e., areas surrounding the manipulation) as well as on the long-range
connections reducing the communication between areas that are far apart.
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Figure 3. Impact of local manipulations on evoked activity. (a) Each box, corresponding to a
local manipulation (ordered according to the ranking in Figure 2), displays the difference in PCI
compared to the control (PCI,) for a given stimulation site (12 values per box, e.g., stimulation of
rPCi: PCI, (local manipulation) = <PCljgcal manipulation™ — <PCleg1>, where <...> indicates mean
across resamples). For each local manipulation, p < 0.01 (one sample f-test against mean zero with
Bonferroni-Holm correction). (b) Spatiotemporal distribution of the areas with significant changes of
their firing rate with respect to baseline activity following stimulation. Representative snapshots are
reported at time t = 5 ms, t = 145 ms, t = 245 ms, t = 285 ms, t = 375 ms, and t = 485 ms in the control
condition (top row), for the local manipulations L4 (middle row), and L17 (bottom row). (c) Top: the
temporal courses of the instantaneous firing rate (<AIFR>) are reported for all nodes and separately
for the representative conditions: ctrl (grey), L4 (dark blue), and L17 (light blue). For each condition,
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the highest five <AIFR> (quantified as the total activity in the interval [0, 500] ms) of the non-
stimulated hemisphere (orange traces) are also reported. The horizontal brown line indicates the
mean baseline (defined as <AIFR(t)> averaged over the interval [-1000, 0] ms and over the latter
highest five <AIFR(t)>). The vertical dotted black line marks the time of the stimulus, and the vertical
continuous black lines are relative to the snapshots reported in panel b. Bottom: the corresponding
sorted binary spatiotemporal matrices of significant activities highlight the impact of the local
manipulations with respect to the control condition (the red line is the sum of significant activity over
time). The Perturbational Complexity Index (PCI) decreases significantly (p < 0.00001, ANOVA and
post hoc pairwise T test with Benjamini—-Hochberg correction) in L4 and L17 compared with control
(see Figure S2).

3.2.2. The Impact of Regional Silencing on PCI

By taking advantage of the systematic and extensive investigation of stimulation/silencing
pairs, we further explored the variability of the impact of local silencing on both spontaneous
and evoked metrics and investigated the contribution of individual region activity (i.e., MFR)
to PCI across all conditions. Thus, for each stimulation, we performed a linear regression of
the PCI values (i.e., mean across resamples) versus the spontaneous mean firing rate of
a node/region of interest (MFRRoj) across all conditions (including the control condition
and all local manipulations). Figure 4a shows the linear regressions for two representative
ROIs (right posterior cingulate cortex; rCCp and right parahippocampal cortex; rPHC),
corresponding to the ROIs showing the third highest and third lowest average correlations
across stimuli, respectively. For each of the two ROIs, we show two representative stimula-
tions delivered to the inferior parietal cortex (PCi; RZ =0.59, p=5x 107° and R% = 0.02,
p = 0.58) and the dorsolateral prefrontal cortex (PFCdI; R% =0.23, p =0.03 and RZ =0.01,
p = 0.60). We found that PCI correlated well with MFRRro; (CCp) for most stimulations
(F-statistic of R?, 11 with p < 0.05, one with p = 0.051), ranging from 0.19 to 0.59 (0.41 + 0.14)
(Figure 4b). On the other hand, MFRgo; (PHC) was always non-significantly correlated
with PCI across the 12 stimulations (p > 0.05).

rCCp rPHC
ROI ROl [ L 0.6 1 @
0.5 0.5 o
erm e °
1y & 51
— 04 — 0.4 A
) O v 8
o o
b 0.41 :
0.3 0.3 1 ' ]
m ctrl ' v
T T T T T T N .34
3 i 00 35 7.0 00 35 7.0 xc Y
® Lx MFRRO’ (HZ) MFRRO’ (HZ) E
0.54 - 0.54 4 0.2 1 @
\IrPFCdI L] i - ® "
_ ° I ¢ 0.11 °
Q0474 @ ': Y 0.47 o :':,’_r ;E:ﬁ
v
°o .Y 0.0 =
1d e - , .
0.40 1, ; ; 0.40 1, ; ; rCCp  rPHC
0.0 3.5 7.0 0.0 35 7.0 ROI
MFRRO/ (HZ) MFRRO’ (HZ)
(a) (b)

Figure 4. Cont.
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Figure 4. Topological aspects of perturbational complexity. (a) Linear regressions relating PCI to the
spontaneous mean firing rate of the ROIs/nodes rCCp and rPHC for two representative stimulation
sites (red boxes: rPCi; green boxes: rPFCdI). (b) Boxplot of the R? relative to the PCI versus MFRgop
(rCCp) and PCI versus MFRRro; (tPHC) linear regressions for all stimulation sites. Note that the
reduced plots of panel A are reported on the right of the boxplot to highlight the corresponding
R? value. (c) Brain topography of the average R? across stimulation sites (<R?>). For each ROI in
the topography, the corresponding <R?> is derived as in panel (b). (d) Distributions of the Pearson
correlation coefficients computed across the R? topography maps of LZc with PCI and separately for
all ROIs (all), intact hemisphere ROIs (IH), and manipulated hemisphere ROIs (MH). Each square
and X symbol is relative to a stimulation site, and X markers indicate nonsignificant p values (>0.05).

The 12 regional maps of R? coefficients for each stimulation are presented topograph-
ically in Figure S5A, and the average topography across all stimulations is presented in
Figure 4c. Interestingly, the three ROIs with the highest average R? across stimulations (i.e.,
CCr, <R?> = 0.51 + 0.13; PCm, <R?> = 0.45 =+ 0.14; CCp, <R?> = 0.41 + 0.14) were located
in the posterior cortex of the manipulated hemisphere. In addition, the ROIs with the
three highest R? values across all stimulations were predominantly located in the posterior
regions (~89%, Figure S5B,C).

Consistently, we repeated the same analysis for the single stimulation on Hconn and
found a similar regional specificity, with the highest R? values located in posterior regions
of the manipulated hemisphere (Figure 54D).

3.2.3. Assessing Regional Similarity between Spontaneous and Evoked Complexity Metrics
We performed separate linear regressions for MFRgoy versus LZc (Figure S6A,B) and
computed the similarity between the R? topography maps of these and the 12 R? PCI
topographies for each stimulation (Figure 4d). We found that the correlations between PCI
and LZ topographies were anti-correlated (—0.1 & 0.23), though many correlations were not
significant (5 out of 12). Similar results were obtained when restricting the analysis to either
the intact or the manipulated hemisphere (—0.29 &= 0.11 and —0.19 £ 0.12, respectively).

3.3. Assessing the Relationship between Complexity Measures and Graph Properties

We explored the relationship between the R2-topographies derived from spontaneous
(LZc) as well as perturbational complexity (PCI) measures and basic graph properties. To
this aim, we correlated the weighted degree (WD) of each node (an index of network cen-
trality calculated both on SC and FC) with the corresponding values of the complexity-R?
topographies (Figure 5). The WD computed on the SC showed a weak, albeit signifi-
cant, correlation with the PCI average-R? topography across the 12 stimulations (r = 0.34,
p = 0.0026; Figure 5a). Conversely, we did not find a significant correlation with the LZc-R?
topography (p = 0.063, Figure 5b). Similarly, we found a significant correlation between the
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WD computed on the SC and the PCI-R? topography applied to Hconn (r = 0.44, p = 2-10~%%;
Figure S7A). Further, we found even more robust correlations between WD calculated on
FC and the average PCI-R? topography (r = 0.6, p = 10~8, Figure 5c). Again, no significant
relationship was found between WD and the LZc-R? topography (p = 0.5, Figure 5d). Sim-
ilar results (Figure S7B-E) were obtained when using WD calculated on the FC derived
from BOLD signals (FCpopp, see Section 2).
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Figure 5. Graph properties and complexity topographies. (a) The weighted degree (WD) of structural
connectivity (SC) nodes correlated with the PCI-<R?> topography (r = 0.34, p = 0.0026) but (b) not
with the LZc-R? topography (p = 0.063). (c) The WD of the nodes of the functional connectivity
(ECypr) correlated with the PCI-<R%> topography (r = 0.6, p = 10~8) but (d) not with the LZc-R2
topography (p = 0.5). Each point is representative of an ROI/node in the network. The regression
lines are reported in red.

4. Discussion

The present study employed whole-brain computer simulations, systematic local
manipulations (i.e., node silencing), and perturbations (i.e., brief pulses applied to local
nodes) to assess the circuit-level properties underlying estimates of brain complexity. Our
model has proved to be particularly suitable for investigating the mechanisms underlying
brain complexity using various metrics commonly employed in empirical studies. In the
present implementation, we were able to obtain spontaneous network activity as well as
complex and enduring cortical interactions upon exogenous perturbations (Figure 1b),
reminiscent of empirical observations [17,36]. Unlike in previous simulation works [33]
and in line with experimental data, in the present model, brief local pulses were effective in
evoking responses that propagated across distant nodes while spanning more prolonged
time intervals. The presence of the non-linear NMDA current as implemented in the Larter
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and Breakspear model [49] likely explains this important difference. Additionally, the same
model has been shown to exhibit complex wave patterns, including traveling waves during
spontaneous activity [56], thus arguably making it suitable for investigating complexity
metrics that rely on activity propagation evoked by an external stimulus.

4.1. Impact of Local Silencing on Complexity Measures: The Role of Global Activity Levels and
Network Dynamics/Interactions

All the local manipulations (i.e., node silencing) explored in this study showed an
overall MFR decrease compared to the intact model (MFR,), with a large variability de-
pending on the manipulated nodes (Figure 2a). A similar trend was also observed for
spontaneous complexity quantified with LZc, indicating a correlation between LZc and the
global activity levels (MFR; Figure 2c). However, LZc often remained unchanged or even
increased as compared to the control condition (Figure 2b), suggesting that the observed
effects of local silencing on LZc were not merely explained by changes in global activity
levels. Crucially, local manipulations resulting in a reduction of functional connectivity
(i.e., segregation of network interactions) as captured by the correlation of activity across
nodes (CCrpr) tended to exhibit higher LZc values (Figure 2d). Thus, we tested the inter-
play between global activity levels (MFR) and network interactions (CCypr) in sustaining
complex dynamics (LZc) through a 3D linear model (Figure 2e). This model, rooted in
simple network activity variables, effectively described LZc, corroborating (1) the role
of an optimal global activity level in shaping spontaneous complexity values and (2) the
negative relationship of LZc with respect to network interactions. Importantly, this result
underscores a significant limitation of various complexity metrics based on spontaneous
activity, such as LZc, as they assume a priori network integration [6] and yield high values
in systems composed of independent/segregated elements [41]. Here, we confirm, in a
whole-brain connectome endowed with neural mass models, previous studies illustrating
an imbalance of LZc towards network segregation [44].

A promising method to overcome this limitation and assess brain complexity, defined
as the coexistence of integration and differentiation within a system, involves adopting
a causal/perturbational approach [6]. This can be achieved empirically by employing
local stimulations with TMS and estimating, with PCI, the information content of the
causally generated interactions characterizing the integrated EEG response [17]. Unlike
LZc, PCl is expected to decrease in systems with a loss of network interactions, given the
restricted integrated response. Furthermore, PCI would be equally low in systems where
the integrated response is redundant (i.e., undifferentiated), thus capturing an effective
balance between functional integration and functional differentiation.

By the same token, in addition to the spontaneous complexity metric discussed above,
we simulated this empirical approach by employing local perturbations (i.e., brief local
pulses), extensively varying the stimulation site across different conditions (i.e., silencing
different nodes). Each local manipulation had a detrimental effect on PCI, albeit with
a heterogeneity influenced by the specific stimulus-silencing pair (Figures 3a and S2).
An even more substantial impact of local manipulations on PCI was found in Hconn
(Figure S4A-C).

A marked difference between spontaneous and perturbational estimates of complexity
was further confirmed by the lack of a correlation between LZc and PCI across conditions
(Table S4). Such divergence, already observed in experimental studies [65,66], was particu-
larly evident upon local manipulations leading to segregated network dynamics (reduced
CCipr). This resulted in a less complex evoked response (as quantified by PCI; Figure 3b,c)
despite increased LZc (Figure 2b). This result is also in line with several empirical findings
across a variety of conditions where a disruption of effective connectivity across widespread
brain networks results in a spatially constrained, short-lived EEG response to direct cortical
stimulations with TMS and, in turn, in a significant reduction of PCI [17,18,25,67,68].

Opverall, the comparison between LZc from spontaneous activity and PCI confirms that
the latter more coherently hinges on an actual balance between functional integration and
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functional differentiation. This intuition is further suggested by the 3D model relating MFR
and CCypr applied to PCI. In this case, compared to LZc, the 3D model does not describe
PCI values across conditions resulting in a slope coefficient for CCjpr not significantly
different from 0 for most stimulations (8 out of 12; Supplementary Results, Section S3).

4.2. Regional Aspects of Complexity Indices: The Role of Posterior Regions

We observed an association between complexity indices and global activity levels,
highlighting the crucial role of suitable network activity in sustaining complex model
dynamics (Table S4). However, we found a significant heterogeneity in how various
local manipulations affected complexity, and this variation could not be straightforwardly
accounted for by the global activity levels. As outlined in previous works [41], local, rather
than global, activity features might underlie network complexity. Indeed, experimental
EEG and fMRI studies conducted on humans, monkeys, and rats (during sleep, anesthesia,
and following severe brain injuries) have linked the loss and recovery of consciousness
to brain complexity based on the activity of posterior regions [69-71]. In this regard, a
recent whole-brain modeling study [40] identified a few key nodes centered around the

‘posterior hot zone’ (i.e., precuneus and posterior cingulate cortex) that were pivotal for

maintaining the model in an awake-like state. Reducing the activity of these nodes led to a
shift in model dynamics, akin to unconscious states.

While LZc was largely explained by the activity of the most firing nodes irrespective of
their spatial location (Supplementary Results, Section 54 and Figure S56), our model showed
a similar dependency of PCI on the activity of posterior regions (Figures 4 and S5). Specifi-
cally, our analysis revealed that the regional spontaneous activity (MFRRoy) displaying the
highest correlations with PCI included the retrosplenial cingulate cortex, the medial parietal
cortex (precuneus), and the posterior cingulate cortex. Similar findings, encompassing
a similar set of posterior regions, were found for the Hconn model (Figure S4D). These
results nicely complement recent empirical observations involving rats under ketamine
anesthesia [72], which found a strong correlation between PCI and activity in posteromedial
regions. This study demonstrated that deactivation of these posteromedial regions was
associated with disruptions in long-lasting and widespread cortical interactions following
electrical stimulation. Altogether, these findings suggest the central hub role of posterior
regions for long-range communications in cortical networks. Consistently, we have ob-
served a positive correlation (Figures 5 and S7) between the weighted degree (a metric
quantifying hub centrality), particularly when applied to functional connectivity estimates
(Figures 5¢c,d and S7B,C) and the PCI-R? topographies (but not for LZc-R?).

4.3. Limitations and Future Directions

This work represents a first attempt to characterize the large-scale determinants of
brain complexity and to assess the relationship between observational and causal ap-
proaches towards its estimation. Given the intrinsic limitation imposed by in silico models
of brain dynamics and by the use of surrogate estimates of brain complexity, more bio-
physically plausible node equations [32,73], as well as simulations including subcortical
structures [74], should be considered for future implementations. In addition, the introduc-
tion of an appropriate forward model [75] to obtain EEG-level dynamics would allow for a
more direct comparison between our findings and those obtained in empirical studies.

Along these lines, our implementation of the Hconn model (Figure S5) represents
a proof of concept of the robustness of the observed findings tested on a connectome
with a finer parcellation including short-range connections and serves as a promising
springboard to expand the investigation to more realistic brain models such as vertex-based
simulations [76].

Concerning the local manipulations conducted in this study, forthcoming research
could incorporate alterations in local node dynamics that go beyond simply suppressing
node activity. This could involve activity-dependent adaptation [34,77]. Indeed, in addition
to the direct effect of the local silencing (either performed by activity or connectivity
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manipulations), empirical evidence suggests the occurrence of an alteration in the activity
of structurally intact cortical regions surrounding [78,79] or remotely connected [80] to the
site of structural damage (i.e., regions with suppressed activity). Specifically, the activity
of such regions switches to a sleep-like mode characterized by the tendency to display
EEG slow waves. This activity is promptly revealed by direct cortical perturbations even
when not directly present in the spontaneous EEG, thus confirming its activity-dependent
nature [27,81,82]. Using a simple model, Cattani and colleagues [34] recently showed
the key role of activity-dependent adaptation mechanisms in shaping the responses to
perturbations and affecting the build-up of complex cortical interactions. Embedding
such local alterations within a large-scale, connectome-based simulation, such as the one
here implemented or similar [33,83], would allow one to more realistically simulate the
large-scale network consequences of local node alterations.

4.4. Conclusions

Our work for the first time extensively integrates a perturbational approach with local
node manipulations in a whole-brain computational model. This approximation marks
an initial step towards a more detailed in silico exploration of the mechanisms behind the
loss of brain complexity. Their translation may be relevant in real-world scenarios such
as pathological conditions, as well as for therapeutic interventions aimed at recovering
brain complexity.
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Supplementary information

Supplementary material

The maximum firing rate of the three nodes prior to the silencing (PS-MFRmax) was monitored to
quantify the potential impact of a local manipulation. With regard to the manipulated nodes, we also
defined the local manipulation weighted degree (LWD) as the sum of weighted incoming and
outgoing connections of the manipulated nodes in the structural connectivity (SC). To compute the
MER of the most active nodes we first ranked the nodes based on their firing rate and then averaged
the MFR over groups of consecutive 4 to 7 ‘ranked’ nodes. Since the results were quite comparable
irrespective of the size of the groups we report the results only for 5 nodes.

Supplementary results

S1. Pre-silencing activity and connectivity is predictive of the outcome of node manipulation

Further exploring the determinants of the impact of local node manipulations, we
investigated whether structural and functional properties prior to silencing could be predictive of the
observed impact on both model activity and complexity metrics. First, we implemented a linear
model (Fig. S1A) describing the MFRa of all nodes as a function of the PS-MFRmax and found a
significant negative relationship (r=-0.8, p=2-10%). Next, we computed the linear correlation between
PS-MFRmax and LZc (Fig. S1B) and once again observed a significant negative correlation (r=-0.64,
p=0.002). Then, similar to previous studies (Aerts et al. 2016) showing that silencing of central nodes
had a greater impact on network activity, we related the weighted degree of the manipulated nodes
(LWD, see Supplementary material) to the same metrics (Fig S1C, D). While the correlation was non-
significant for all variables (p>0.05), including LWD as a regressor alongside PS-MFRmax (Fig. S1E, F)
resulted in an improved description of the MFRa (R?=0.75, R2adjustea=0.72, p=7-10-; Brs-mrrmax= -0.266,
95% CI [-0.345, -0.187]; Prwo= -0.0033, 95% CI [-0.0058, -0.0008]) and LZc (R?=0.62, RZdjustea=0.58,
p=0.0002; Brs-mrrmax=-0.0023, 95% CI [-0.0033, -0.0014]; Brwp=-0.000043, 95% CI [-0.000072, -0.000014]).

S2. Relation between PCI and the source entropy

In order to exclude the presence of a trivial relationship between the source entropy (Hsrc)
and the perturbational complexity index (PCI) we performed additional analysis. Importantly, we
found that for a given stimulus there was no clear relation between Hsrc and PCI (Fig S3A, B, C).
Instead, only when all stimuli, local manipulations and averages across resamples (i.e. mean across
PCI, mean across Hsrc) were reported together a significant linear trend in the data was found (Fig
S3D, 1=-0.29, p=4-10-%). The latter shows that complex patterns do not necessarily increase with a larger
amount of significant activations of the post-stimulus response. Note that, while PCI decreased
significantly with respect to control across resamples (190 out of 240 configurations — 12 stimuli x 20
local manipulations — p<0.05; corresponding to the amount of significant cases of Fig. S2), Hsrc
instead, either increased or decreased with respect to control condition.

S3. Comparing spontaneous and perturbational metrics

To compare the outcome of spontaneous and perturbational complexity analysis, we
summarized the relationship between the various metrics by the Pearson correlation coefficient
(Table S4). MFR correlated significantly with all complexity indices, albeit more strongly with LZc,
highlighting the important role of suitable network activity in expressing complex cortical dynamics.
Notably, PCI and LZc did not correlate (for 11 out of 12 stimulations, p>0.05). In addition, as with
LZc, we performed multivariate regressions to relate the spontaneous metrics to PCI. Specifically, we
modelled PCI as a function of MFR and the activity correlation CCirr, and we found that the slope



coefficient of CCirr (Pcc) was not significantly different from zero across stimulations (8 out of 12 had
(I falling around the zero value), suggesting that PCI is not much sensitive to synchronous activity.
Additionally, unlike LZc, PCI was not simply described by the functional (PS-MFRmax) attributes of
the silenced nodes (for 10 out of 12 stimulations, p>0.05).

S4. LZc topography

Interestingly, the LZc topography (Fig. S6B) was characterized by higher R? values in the intact
hemisphere (IH) instead of the manipulated one (MH) as it occurred for PCL. We hypothesized that
this result was not correlated to the activity of the intact hemisphere (IH) and, in order to verify this,
we restricted the computation of LZc to the manipulated hemisphere (MH) which resulted in a strong
correlation with LZc (r=0.97, p=8-10-13; Fig S6C left panel). Thus the MH alone follows the same trend
of the whole brain LZc when silencing the different nodes of the connectome. Subsequently, to
exclude the contribution of activities bouncing from one hemisphere to the other we calculated LZc
on a truncated connectome, where connections from IH to MH were removed (IMHat). Again we
found that LZc computed on the truncated connectome correlated with LZc computed on the entire
connectome (r=0.88, p=2-107; Fig. S6C right panel). Next, to clarify the reasons of the correlation
between IH and LZc, we examined how the MH manipulations affected IH. This analysis yielded two
key observations: 1) the nodes of the IH covaried across local manipulations (average Pearson
correlation coefficient across nodes <r>=0.9, Fig. S6D), indicating that the latter had a non-specific
impact on IH, 2) the activity in the intact hemisphere (MFRm) correlated strongly (r=0.98, p=4-10-1%)
with the activity of the most firing nodes of MH (MFRurH(most active); Fig. S6E top panel). Interestingly,
the correlation of LZc with MFRwu also increased with the most active nodes (r=0.81, p=8-10+; Fig. S6E
bottom panel).

Finally, we conclude that: 1) LZc can be largely explained by the manipulated hemisphere, and 2)
MFRMH@most active) drive the covariation between LZc and MFRiu.



Supplementary tables

Table S1. Labels of the cortical nodes and their description in Hconn. The stimulated region is
reported in bold (14 adjacent nodes within this region are stimulated simultaneously in all

conditions).

Label

Description

BSTS

Bank of the superior temporal
sulcus

CAC

Caudal anterior cingulate cortex

CMF

caudal middle frontal cortex

CUN

Cuneus

ENT

Entorhinal cortex

FP

Frontal pole

FUS

Fusiform gyrus

P

Inferior parietal cortex

IT

Inferior temporal cortex

ISTC

Isthmus of the cingulate cortex

LOCC

Lateral occipital cortex

LOF

Lateral orbitofrontal cortex

LIN

Lingual gyrus

MOF

Medial orbitofrontal cortex

MT

Middle temporal cortex

PARC

Paracentral lobule

PARH

Parahippocampal cortex

POPE

Pars opercularis

PORB

Pars orbitalis

PTRI

Pars triangularis

PCAL

Pericalcarine cortex

PSTC

Postcentral gyrus

PC

Posterior cingulate cortex

PREC

Precentral gyrus

PCUN

Precuneus

RAC

Rostral anterior cingulate cortex

RMF

Rostral middle frontal cortex

SF

Superior frontal cortex

SP

Superior parietal cortex

ST

Superior temporal cortex

SMAR

Supramarginal gyrus

TP

Temporal pole

TT

Transverse temporal cortex




Table S2. Larter & Breakspear parameters. The parameters changed from Alstott et al. 2009 are
indicated in bold.

.. Value in Value in
Parameter Description
Dconn Hconn
. Conductance of population of Ca 11 11
channels
Vea Ca Nernst potential 1 1.1
NMDA Ratio of NMDA to AMPA receptors 0.25 0.25
o Conductance of population of Na 6.7 6.7
channels
ViNa Na Nernst potential 0.53 0.53
e Excitatory-to-excitatory synaptic 0.35 0.5
strength
o Conductance of population of K 25 25
channels
Vi K Nernst potential -0.7 -0.7
2 Conductance of population of leak 0.7 11
channels
Vi Nernst potential of leak channels -0.5 -0.5
Inhibitory-to-excitatory synaptic 5 5
o strength
Non-specific-to-excitatory synaptic 1 1
Ane
strength
I Subcortical input strength 0.3 0.3
b Time constant scaling factor 0.1 0.1
Non-specific-to-inhibitory synaptic 0.4 (0.4023 in
Ani 0.42
strength the left hem)
Excitatory-to-inhibitory synaptic ’ 1
Qei
strength
Tca Threshold potential for Ca channels -0.01 -0.01
TNa Threshold potential for Na channels 0.26 0.26
Tk Threshold potential for K channels 0 0
Oca Variance of Ca channels threshold 0.15 0.15
ONa Variance of Na channels threshold 0.15 0.15
O Variance of K channels threshold 0.4 0.4
% Temperature scaling factor 0.7 0.7
TK Time constant for K relaxation time 1 1
Vs Maximal firing rate.z for excitatory 1 1
populations
Ve Threshold potential for excitatory 01 01
neurons
ov Variance of excitatory threshold 0.65 0.65
OZmas Maximal firing ra.lte inhibitory 1 1
populations
70 Threshold potential for inhibitory 0 0
neurons
Oz Variance of inhibitory threshold 0.6 0.6
Strength of excitatory coupling and
C balance between internal and global 0.1 0.1

dynamics




Table S3. Local manipulation labels in the Hconn connectome. The labels of the local manipulation
and the corresponding nodes silenced in the Hconn connectome. The number of silenced nodes
within the specified region is given in brackets (e.g., in HL1: nodes CUN1, CUN?2, ..., CUN7; ISTC],...,

ISTC4; etc.).
Local manipulation label Nodes
HL1 CUN (7), ISTC (4), LING (3), PCAL
(5), PCUN (19), SP (2)
HLo CMF (5), POPE (1), PREC (16), PSTC
(16), SMAR (2)
HL3 FP (2), LOF (15), MOF (11), PORB
(1), RAC (4), RMF (4), SF (3)
HIA ENT (2), FUS (5), IT (9), LOF (2) MT
(6), PARH (1), ST (12), TP (3)
HL5 BSTS (7), MT (4), PSTC (5), SMAR
(6), ST (15), TT (3)
HL6 BSTS (5), IP (8), MT (2), PSTC (3),
SMAR (14), ST (8)
HL7 POPE (4), PREC (11), PSTC (11),
SMAR (2), ST (11), TT (1)
LS FUS (3), IP (18), IT (1), LOCC (10),
MT (2), PCAL (1), PCUN (1), SP (4)
CUN (1), FUS (5), IP (5), ISTC (3), IT
HL9 (1), LING (12), LOCC (1), MT (1),
PARH (1), PCAL (3), PCUN (5), SP
2)
HL10 CUN (2), FUS (6), LING (11), LOCC
(13), PCAL (8)
HL11 FUS (10), IP (4), IT (2), LING (4),
LOCC (16), MT (2), PCAL (2)
HL1> LOF (15), POPE (2), PORB (5), PTRI
(8), RMF (4), ST (4), TP (2)
HL13 BSTS (5), FUS (6), IP (13), ISTC (1),
IT (5), LING (2), LOCC (3), MT (5)
BSTS (4), FUS (12), ISTC (2), IT (5),
HL14 LING (7), MT (1), PARH (6), ST (2),
TT (1)
HL15 CUN (4), FUS (3), LING (8), LOCC
(15), PCAL (9), SP (1)
HL16 CMF (2), LOF (4), POPE (10), PREC
(5), PTRI (7), RMF (12)
HL17 LOF (10), POPE (2), PORB (6), PTRI
(8), RMEF (7), ST (6), TP (1)
HL18 LOF (5), POPE (10), PORB (4), PREC
(1), PTRI (8), RMF (12)
CMF (5), POPE (9), PTRI (8), RMF
HLID (16), SE (2)
CUN (2), IP (14), ISTC (1), LING (1),
HL20 LOCC (3), PCAL (4), PCUN (7), SP

(8)




Table S4. Pearson correlation between spontaneous and evoked metrics. The Pearson correlation
coefficients between different metrics are computed across local manipulations. The correlation
values between PCI and the other metrics are reported as mean + SD computed over the 12 Pearson
correlation coefficients (1 per stimulus). Asterisks indicate level of statistical significance: *p<0.05,
**p<0.01, **p<0.001; ns: non-significant.

PCI LZc MFR CCrr
PCI 1.000
LZc 0.23+0.12 (*in 1 case) 1.00
MEFR 0.56 £0.09 (* in 11 cases) 0.69*** 1.00

CCurr 0.39 £0.13 (* in 4 cases) -0.55** 0.21»s 1.00
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Figure S1. Pre-silencing activity and connectivity correlated with the outcome of node manipulation A)
Linear regression of the MFRa in all nodes with respect to PS-MFRmax (r=-0.8, p=2-10?). B) Linear
regression of LZc with respect to PS-MFRmax (r=-0.64, p=0.002). C) Linear regression of the MFRa in
all nodes with respect to LWD (p=0.57). D) Linear regression of LZc with respect to LWD (p=0.83). E)
Linear regression of the MFRa in all nodes with respect to the independent PS-MFRmax and the
weight degree of the locally manipulated nodes (LWD) (R>=0.75, RZdjustea=0.72, 7-10). F) Linear
regression of LZc with respect to the independent PS-MFRmax and LWD (R2=0.62, R2adjustea=0.58,

p=0.0002).
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Figure S2. PCI decreased significantly in most local manipulations. PCI values are given for each
combination of stimulus (rows) and local manipulation/control (columns). The conditions (control
and local manipulations) are sorted in descending order according to the average PCI value
computed across stimulation sites. The grey arrows indicate the ctrl, L4 and L17 conditions analysed
in the main text (section 3.2.1) and black boxes mark local manipulations that were changed as they
included the stimulated node (see methods, section 2.1.4). Asterisks mark significant differences of
each local manipulation compared to the control with the same stimulated node (*p<0.05, **p<0.01,
***p<0.001; ANOVA and post hoc pairwise T test with Benjamini-Hochberg correction).
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Figure S3. Non-trivial relation between PCI and Hsrc. Relation between PCI and Hsrc, for each local
manipulation, in the stimulation of rPCi (A), rPFCpol (B) and rPFCdl (C). The error bars represent 2
SEM computed over resamples of the trials (10 resamples of 300 trials each). D) Summary plot for all

stimulation sites and silencing conditions. A significant negative correlation between Hsrca and PCIa

is found in the linear regression (r=-0.29, p<0.001). The green curve represents the root mean squared

error (RMSE) from the fit line. The Hsrca distribution was subdivided in 20 equi-populated bins. The

x-values of the curve are the central value of each bin and the y-values are the corresponding RMSEs.

PCIa and Hsrca are differences with respect to control condition for a given stimulation site (e.g.

stimulation of rPCi: PCIA(local manipulation) = <PCliocal manipulation™> = <PCler> and HSI'C(local manipulation) = <Hsrclocal

manipulation™> - <Hsrceu>, where <...> indicates mean across resamples).

RMSE
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Figure S4. Impact of local manipulations on perturbational complexity in Hconn. A) The temporal
courses of the instantaneous firing rate with respect to baseline (averaged across trials, <AIFR>) are
reported for all regions of the stimulated hemisphere and separately for the representative conditions:
ctrl (black), HL1 (green) and HL7 (dark red). For each condition, the highest five <AIFRs> (quantified
as the total activity in the interval [0,500] ms) of the non-stimulated hemisphere (orange traces) are
also reported. The vertical dotted black line marks the time of the stimulus. The IFR traces of the 66
cortical regions are obtained by averaging the IFR of the nodes belonging to the respective region. B)
The corresponding sorted binary spatiotemporal matrices of significant activities highlight the impact
of the local manipulations with respect to the ctrl condition (the red line is the sum of significant
activity over time). C) The Perturbational complexity index (PCI) decreases significantly in all
silencing conditions (for each p<0.000001, ANOVA and post hoc pairwise T test with Benjamini-
Hochberg correction). D) Topography of the R? values over the brain map showing the prevalence of
higher values at posterior nodes. R? values are obtained as in Fig. 4 (main figure), performing a linear
regression, for each node, fitting PCI versus the node’s pre-stimulus MFR.
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Figure S5. The PCI-R? topographies for each stimulation site confirm the importance of the
posterior regions A) R? values over the brain map for each stimulation site (reported above the brain
maps). For each node, the R? values are relative to the linear regressions of PCI versus spontaneous
MER across conditions (control and local manipulations). B) Occurrence of the posterior and frontal
regions. For each stimulus the highest three R? values are considered (for a total of 3x12 R2-ROls). C)
For each stimulation site (rIP, ..., rV2) the presence of the three highest R? values is monitored.
Whenever a posterior and/or a frontal node is part of the three highest R? values the corresponding
box is coloured in red and/or blue. The nodes belonging to the parietal, occipital, temporal, posterior
cingulate (posterior and retrosplenial) cortices in Dconn were considered posterior, for a total of 39
nodes. The remaining 37 nodes were considered frontal.
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Figure S6. Characterization of the LZc-R? topography. A) Linear regression of LZc (NC) versus MFR
for the example ROIs ICCa and rPCi (LZc: 1CCa-R?=0.732, p=10%, rPCi-R?=0.131, p=0.11. B)
Topographies of the coefficient of determination (R?) of the linear regressions for LZc. C) Left panel:
correlation (r=0.97, p=8-10-%) between LZc (all nodes) and LZc computed only over the manipulated
hemisphere (MH). Right panel: correlation (r=0.88, p=2-107) between LZc (all nodes) and LZc with
connections from the Intact to the manipulated hemisphere removed (IMHeuw). D) Correlation matrix
of node activity (MFR) across local manipulations. The intact and the manipulated hemispheres are
specified in the figure. MFR scatter plots for two exemplary nodes (ROl and ROI2) across local
manipulations for the intact and the manipulated hemispheres. E) Top panel: Pearson correlation
coefficient (r) calculated between the MFR of selected nodes in the manipulated hemisphere



(MFRuHee) and the MER of the intact hemisphere (MFRix). ‘Random’ denotes a random sampling of 5
nodes (without replacement, 100 repetitions) and the boxplot of the corresponding correlation values
between MFRwmH(random) and MFRm are reported. The inset is relative to the scatter plot with the highest
correlation between MFRMtmost active) and MFRix (r=0.98, p=4-10-%). The horizontal green line marks the
value of r (=0.93, p=2-10°) when all nodes of the manipulated hemisphere are selected (MFRwmn).
Bottom panel: the same procedure is repeated with LZc instead of MFRw. The inset is relative to the
scatter plot with the highest correlation between MFRmH(most activey and LZc (r=0.81, p=8-10-%). The
horizontal red line indicates the value of r (=0.61, p=0.003) when all nodes of the manipulated
hemisphere are selected (MFRwmm). F) Top panel: the coefficients of determination of the linear
regressions MFRuH@most active) (panel E) vs MFRror are reported in the topographic map. Bottom panel:
the R? values of the linear regressions MFRwmH(most activey Vs MFRrot (MFRMHmost active)-R? topography, x-
axis) and LZc vs MFRror (LZc-R? topography, y-axis) correlated well (r=0.83, p=10-"9).
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Figure S7 Network metrics of centrality correlate with complexity topographies. A) The weighted
degree (WD) of structural connectivity (SC) nodes in Hconn correlated with the PCI-R? topography
(Pearson correlation: r=0.44 p=2-10-*°; spearman correlation: rho=0.51, p=4-10-%). B) and C) The WD of
the nodes of the functional connectivity extracted from the BOLD signal without or with global signal
regression (GSR; FCsoLp, FCsoLpesr, respectively) displayed a significant correlation with the PCI-<R2>
topography (FCsorp: r=0.6, p= 6-10%, FCsoLpesr: 1=0.65, p=10-1?). D) and E) The same analysis showed a
nonsignificant correlation between the WD and LZc-R? topography (p=0.074 and p=0.17, respectively).
Each point is representative of a node in the network. In the panels B and D points with WD<50 (of
the FCsoLp) were considered outliers and excluded from the analysis. When all points are considered,
comparable results are observed (r=0.51, p=2-10; p=0.081 for panels B and D, respectively).
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ARTICLE INFO ABSTRACT

KeyWords: Slow waves (SWs), the hallmark of non-rapid eye movement (NREM) sleep, reflect the periodic occurrence of
Cortical bistability transient silent periods in cortical neurons (Down states). During NREM, SWs and Down states physiologically
Slow waves

disrupt large-scale network interactions. Since early EEG studies, SWs have also been observed in awake patients
after brain injury. Emerging evidence indicates that these intrusions of sleep-like activity interfere with ongoing
network activity and contribute to motor and cognitive deficits; yet, the mechanisms governing the generation
and spread of post-lesional SWs remain unclear. Here, we extend a neural mass model of EEG to capture tran-
sitions between wake-like and sleep-like dynamics and embed it in connectome-based networks with virtual
lesions. This model supports that local disfacilitation, topology-dependent propagation, and synchrony-
dependent amplification throughout the connectome are sufficient to produce post-lesional SWs. These mech-
anisms reproduce the spatial gradients of post-lesional SWs previously reported in patient studies, and identify
actionable targets for neuromodulation and rehabilitation.

Computational modeling
Network synchronization
Stroke

lesions (Walter, 1937). Recent evidence suggests that these SWs may
play a crucial role in mediating the large-scale functional network al-

1. Introduction

Brain lesions can affect remote areas beyond the site of structural
injury (Carrera and Tononi, 2014, Fornito et al., 2015, Baldassarre et al.,
2016), disrupting network-level communication and impairing cogni-
tive and behavioral function (Grefkes et al., 2008, Siegel et al., 2016,
Bottom-Tanzer et al., 2024, Latifi and Carmichael, 2024), a phenome-
non known as diaschisis (von Monakow, 1914). Understanding the
neuronal mechanisms underlying these network-wide effects remains a
fundamental challenge in neurology, carrying important implications
for rehabilitation and treatment (Carrera and Tononi, 2014). In 1937,
Grey Walter first described the appearance of slow waves (SWs) similar
to those observed during NREM sleep in the brains of patients with brain

# Corresponding authors.

terations following focal brain injury (Massimini et al., 2024).

SWs emerge when a large neuronal population alternates synchro-
nized periods of neuronal firing (Up states) and neuronal silence (Down
states) (Steriade et al., 1993, Sanchez-Vives and McCormick, 2000,
Luczak et al., 2007, Chauvette et al., 2010), a phenomenon also referred
to as cortical bistability (Nir et al., 2011). This dynamics can be
described as a slow oscillation (SO), emphasizing the ongoing rhythmic
alternation between Up and Down states, while individual cycles or
large-amplitude deflections are commonly referred to as SWs. Mecha-
nistically, Down states occur because of neuronal adaptation mediated
by activity-dependent K* currents (Compte et al., 2003), as well as
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because of reductions in excitatory drive (disfacilitation) (Timofeev
etal., 2001) and/or inhibitory activity (Zucca et al., 2017, Perez-Zabalza
et al., 2020). Although SWs are most prominent during NREM sleep,
they can also occur locally during physiological wakefulness, especially
after sleep deprivation (Vyazovskiy et al., 2011, Bernardi et al., 2015,
Nir et al., 2017, Andrillon et al., 2021, Marmelshtein et al., 2023). SWs
have also been observed in awake subjects following brain lesions,
where they are most pronounced around the site of injury but can also
extend to distant foci (Walter, 1937, Gloor et al., 1977, Nuwer et al.,
1987).

The mechanisms of post lesional SWs are still elusive, and multiple
factors may be at play (Massimini et al., 2024). Depending on lesion
extent and location, disconnection may locally disrupt ascending acti-
vating inputs, enhancing activity-dependent adaptation mechanisms
(Meythaler et al., 2001, Schiff, 2008, D’Ambrosio et al., 2023), and/or
disrupt lateral excitatory connections, causing disfacilitation and exci-
tation/inhibition unbalance (Zucca et al., 2017, Imbrosci and Mittmann,
2011, Kim et al., 2014, Funk et al., 2017, Santos et al., 2023). Once
generated, SWs can then propagate across connected regions
(D’Ambrosio et al., 2023, Russo et al., 2021), thus interfering with the
functional dynamics of large-scale networks. SWs are known to disrupt
network interactions and their intrusion in the brain of awake patients is
clinically relevant (Vyazovskiy et al., 2011, Nir et al., 2017, Andrillon
et al., 2021). Hence, understanding the mechanisms responsible for the
generation and propagation of post-lesional SWs during wakefulness is
essential to explain—and ultimately re-normalize—the functional con-
sequences of brain injury.

In the present study, we tackle this question by adopting a multiscale
computational approach. Large-scale computational models combine
biologically informed network architecture from neuroimaging with
node-level neural dynamics (Deco et al., 2008, Breakspear, 2017),
allowing us to examine how local interactions scale up to complex sys-
tems behavior in health and disease. This framework has already proven
useful in epilepsy research (Traub and Wong, 1982), where it is exten-
sively used to study seizure initiation and propagation (Jirsa et al., 2017,
Proix et al., 2017, Rigney et al., 2021).

Here, we develop a novel computational approach to study genera-
tion and propagation of SWs in cortical networks following brain injury.
We adopt a Jansen-Rit (JR) model (Jansen and Rit, 1995), which has
been extensively used to simulate spontaneous and evoked electroen-
cephalography (EEG) and local field potential (LFP) oscillatory dy-
namics in awake-like conditions (David and Friston, 2003,
Coronel-Oliveros et al., 2023, Sanchez-Todo et al., 2023, Momi et al.,
2023, Momi et al., 2025, Koller et al., 2024). Since the original formu-
lation lacks the adaptation dynamics required to reproduce SWs
(Camassa et al., 2022), we extended the JR model by introducing an
activity-dependent adaptation mechanism (Fig. 1A-C) (Moran et al.,
2007), enabling the model to capture the transition between wake-like
and sleep-like states. Finally, by embedding this extended model into
simplified motifs, topologically organized networks, and whole-brain
connectomes, we systematically examined whether and how virtual
lesions—mimicking either disconnection from ascending inputs or
disruption of lateral cortico-cortical connectivity—give rise to perile-
sional SW generation and large-scale propagation (Fig. 1D).

2. Methods
2.1. Jansen-Rit model with spike-frequency adaptation

The Jansen-Rit (JR) model (Jansen and Rit, 1995) describes the
temporal evolution of postsynaptic membrane potentials and firing rates
of interconnected neuronal pools, representing pyramidal neurons (pyr),
excitatory interneurons (IN.), and inhibitory interneurons (INj)
(Fig. 1A). In this study, we used the implementation of the JR model
available in The Virtual Brain (TVB) simulator and extended it by
introducing a spike-frequency adaptation mechanism (Moran et al.,
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2007). The dynamics of the neuronal pools evolve according to the
following set of differential equations:

dyo -
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where yy, y1, and y, represent the average postsynaptic membrane po-
tentials (PSP) of pyr, IN, and IN;j, respectively. ys, y4, and ys represent
the PSP time derivatives. The parameters A and B represent the
maximum amplitudes of excitatory and inhibitory postsynaptic poten-
tials (EPSP and IPSP), while a and b are the inverse time constants
governing synaptic dynamics. p is the mean firing rate input to IN. pool,
J represents the average number of synapses between neuronal pools,
and aj, ay, a3, a4 are weight coefficients determining the strength of
synaptic connections.

Neuronal pools convert input membrane potentials into output firing
rates through a sigmoidal activation function (Voltage-to-Firing,
Fig. 1A):

2Vmax

= Trerto )

Sigm(v)
where Vpax is the maximum firing rate, vy is the PSP threshold for which
50% firing rate is achieved and r determines the steepness of the
sigmoidal function.

In Eq. 5, E represents the excitatory network input. The input to a
given node i at time ¢ is defined as the sum of the contributions from all
nodes projecting to node i, expressed as:

E0) = 3wy Sigm ([t 7] ~yalt 7)) ®
j=1

where wj; is the connection weight from presynaptic node j to post-
synaptic node i, and 7; represents the time delay between i and j. The
term c is the global coupling factor that scales all the connection
weights. Thus, the effective excitatory coupling strength between j and i
is given by the product of wj; and ¢, and we denote it by Cj;.

Spike-frequency adaptation (o) is included as a slow dynamic pro-
cess affecting the excitatory feedback loop:

d.
d_‘;’ =k, [Sigm(a1J [yo — g]) — 0] ©)

where k,, is the adaptation rate constant and Sigm is the sigmoidal input-
output function of INe (Egs. 5, 7; Fig. 1A-C). This formulation, proposed
by Moran and collaborators, extends the classical Jansen-Rit model by
incorporating an adaptation mechanism that reflects the activity-
dependent reduction in neuronal excitability observed experimentally
(Moran et al., 2007). This equation conforms to a universal phenome-
nological model (Benda and Herz, 2003), which captures the essential
dynamics of activity-dependent adaptation across a wide range of
mechanisms and cell type: higher activity leads to a subsequent, rela-
tively slow increase of the adaptation current. Increased adaptation
shifts the system's input-output (Voltage-to-Firing) curve to the right
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Figure 1. Extension of the neural mass model with spike-frequency adaptation mechanism across different scales: from a single-population to whole-brain network.
(A) Representation of the Jansen-Rit (JR) model loop (Gast et al., 2019), consisting of interconnected neuronal pools: pyramidal neurons (PYR), excitatory in-
terneurons (IN,), and inhibitory interneurons (IN;). The model converts postsynaptic potentials back to firing rates via Voltage-to-Firing sigmoidal functions (Sigm)
and transforms firing rates into postsynaptic potentials through Firing-to-Voltage operators. These Firing-to-Voltage operators differed for excitatory and inhibitory
synapses (¢ and &, respectively). Excitatory postsynaptic potential (EPSP) generating functions are shown in red, while inhibitory postsynaptic potential (IPSP)
generating functions are shown in blue. The IPSP is represented as negative for illustrative purposes to highlight its inhibitory effect on the pyramidal population. The
recorded variable represents the pyramidal postsynaptic potential (PSP = y; - y»), reflecting the net average postsynaptic potential from both excitatory and
inhibitory inputs impinging on pyramidal neurons. This PSP is conventionally used as a proxy for EEG or LFP activity and its voltage-to-firing transformation es-
tablishes the communication among populations. Parameter definitions: J represents the average number of synapses between neuronal pools; a;, a», as, a4 are
weight coefficients determining synaptic connection strength; yo, y1, y2 denote average postsynaptic membrane potentials of pyramidal, excitatory interneuron, and
inhibitory interneuron populations, respectively. Notably, two parameters define the spike frequency adaptation, thereby extending the classical Rit-Jensen model: g
is the constant that controls adaptation strength; o represents the adaptation state-variable over time. Comparison between classical Jansen-Rit model (B) and
extended version with adaptation (C). (B) The classical model generates standard pyramidal PSP oscillations without adaptation (coinciding with g=0). (C) Extended
model with adaptation (g>0) exhibits Up and Down dynamics. The adaptation mechanism shifts the sigmoidal Voltage-to-Firing curve rightward during periods of
high activity, reducing neuronal responsiveness and creating characteristic Up-to-Down state transitions observed in neural recordings; vice versa a leftward shift of
the sigmoid increase sensitivity to input voltage during quiet periods, leading to Down-to-Up state transitions. (D) Schematic representations of the network scales
explored in the study. 1. Isolated population: single JR population model with variations in synaptic adaptation strength. II. Two-coupled populations: two coupled JR
populations with symmetric and asymmetric variations in adaptation g and excitatory coupling C. In the symmetric case, the parameters were varied equally in a and
b (i.e., 8ap X Cabpa)- In the asymmetric case, the parameters were varied independently in the two populations (i.e., ga x b, and Cg x Cpg). IIL. Toy network:
simplified network exploring lesion effects. The lesion was implemented by disconnecting the lesion node (L) (i.e., setting to 0 all the incoming connections Cy,,, and
outgoing connections Cyy). IV. Whole-brain network: large-scale model based on human structural connectivity data, investigating the effects of lesions on brain-wide
dynamics. Lesions were implemented as in the toy network. Adaptation is implemented at all scales (I-IV). It is depicted as a self-loop (light blue circle) only in the
isolated population panel for clarity, to highlight its activity-dependent nature.
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(Fig. 1C), requiring stronger depolarizing input to achieve the same
firing rate in output. Due to the nonlinear sigmoidal shape, adaptation
reduces the system's responsiveness by decreasing the local gain (slope).
Compared to the original formulation (Moran et al., 2007) using only the
adaptation variable w, we introduced a scaling factor g that modulates
its influence on the input-output function, thereby explicitly controlling
the adaptation strength. When g=0, there is no adaptation, and the
system reduces to the classical JR formulation (Fig. 1B).

A

Neurolmage 329 (2026) 121817

Following the TVB convention, external noise is defined within the
stochastic integration scheme and, in our case, it enters as an additive
term in Eq. 5, simulating the spontaneous background activity at each
node (Jansen and Rit, 1995). Noise was modelled as a white noise
process with a standard deviation $dnoise=10"*. The system was solved
using the Heun stochastic method with a time step of 1 ms (Jansen and
Rit, 1995), starting from random initial conditions and discarding the
first 5 seconds of transient activity. The model parameters are listed in
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Figure 2. Adaptation induces Up and Down dynamics in an isolated cortical population model. (A) Postsynaptic potential (PSP) traces for different adaptation
strength values (g). Low g (top) leads to persistent Up state, while increasing g induces slow oscillations (SO), characterized by alternating Up and Down states. For
high g (bottom), the system remains in a persistent Down state. Right panels show the power spectral density (psd) for each case. (B) Bifurcation diagram showing the
1st and 99th percentiles of PSP as a function of g. Three distinct dynamical regimes are observed: persistent Up state (gray dots, left), SO (colored region, middle), and
persistent Down state (white dots, right). The color scale indicates the percentage of time spent in the Down state (%Down). The solid black line indicates the
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PSP values for the five cases shown in (A). At low and high g, the distribution is unimodal, reflecting stable Up and Down states, respectively. At intermediate g, a

bimodal distribution emerges, corresponding to SO dynamics.
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Supplementary Table S1.

The recorded variable in this study was the pyramidal postsynaptic
potential (Fig. 1A), representing the net average postsynaptic potential,
considering both excitatory and inhibitory input voltages impinging on
pyramidal neurons (PSP = y; - y2), which is conventionally used as a
proxy for EEG or LFP activity in the source space (David and Friston,
2003, Momi et al., 2023, Momi et al., 2025).

2.2. Isolated population model

A single JR population model (Fig. 1D-I) was implemented as a
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fixed-point analyses of the deterministic JR model were performed using
XPPAUT (Ermentrout, 2012). The bifurcation parameters were the
average number of synapses between neuronal pools (J) and the adap-
tation strength (g), which were varied independently to assess changes
in the qualitative behavior of the system. Local stability of fixed points
was determined by XPPAUT via linearization around equilibria and
computation of the eigenvalues of the Jacobian matrix. The stochastic
version of the model was implemented in TVB and was used for all
subsequent simulations of the study. The bifurcation diagram was con-
structed by collecting the 1st and 99th percentiles of PSP activity as a
function of g. For each value of g, an independent simulation of 30s was

performed, with g varied in steps of 1. The code used to run these an-

t f first-ord di differential ti ODE
system of seven first-order ordinary differential equations ( $) as alyses (in XPPAUT and TVB) is available on GitHub at https://github.
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The yellow dashed line illustrates that reducing Cp, (i.e., disconnecting JR},) alone is sufficient to induce a transition from a persistent Up state to SO in JR,, even
when C,}, remains constant. Bottom panel: %Down along the yellow dashed line, emphasizing the dependence of the transition on directional disconnection. Numbers
1, 2, and 3 in all panels correspond to identical parameter configurations across plots. The corresponding heatmaps for population JR}, is shown in Supplemen-
tary Fig. S2.
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2.3. Two-population model

To assess the effects of cortical disconnection on the emergence of
SWs, a two-population model was implemented (Fig. 1D-1I). The model
consisted of two JR populations, labeled JR, and JRp, which were
coupled by bidirectional excitatory connections with no time delays.
The system behavior was explored parametrically as a function of both
symmetric and asymmetric variations of the adaptation strength (g) and
the excitatory coupling strength (C) in the two populations, constructing
2D bifurcation diagrams in the parameter space. In the symmetric case,
the parameters were varied equally in JR, and JRy, (i.e., g vs C, where
8a=8b, and C;p=Cpy) (Fig. 3 A). In the asymmetric case, the parameters
were varied independently in the two populations (i.e., g1 Vs gp, in
Fig. 3B and Cgyp vs Cpa, Where g,#gp and Cap#Cp, in Fig. 3D). Each
simulation corresponding to a specific parameter configuration was run
independently and lasted 30s. In these analyses, g was varied from 0 to
60 in steps of 0.5, while C was varied from 0 to 60 in steps of 1.

2.4. Toy network model

To relate the generation and propagation of SWs to simplified
network motifs, a toy network model was implemented (Fig. 1D-III),
incorporating delays, with physical distances and signal propagation
velocity (v . = 4 m/s) consistent with cortico-cortical connections
(Lemareéchal et al., 2021). The network consisted of a perilesional sub-
network of five nodes (denoted L« nodes, k=1..5) and a distant chain of
three nodes (denoted D« nodes, k=1..3). The connection weights w;;
were normalized such that the sum of the in-degree weights of each node
was equal to 1. With this normalization, the total excitatory input
coupling to each node is determined by the global coupling factor c. To
maintain the same level of excitability at each node, c was set to 30, as
explored in the two-population model. The effective excitatory coupling
between a presynaptic node j and a postsynaptic node i is therefore Cj; =
Cwyj (Eq. 8). In the perilesional network, each node had two afferent
nodes, such that lesioning (disconnecting) any node resulted in a 50%
reduction in the excitatory input to the connected L« nodes. Lesions were
simulated by setting all in- and out-degree weights of the lesioned node
to zero. Twenty simulations were performed for each lesion condition
and compared to a control condition (no lesion). Each simulation lasted
100s.

2.5. Human whole-brain network model

For the human brain network simulations, the model was imple-
mented using structural brain connectivity data (Fig. 1D-IV). An open
dataset was utilized, which provides brain structural connectivity
matrices ready for modeling (Skoch et al., 2022). The dataset contains
structural connectivity matrices from 88 healthy subjects. The matrices
represent the connectivity among 90 cortical regions of interest (ROIs)
as defined by Automatic Anatomical Labeling (AAL) (Tzourio-Mazoyer
et al., 2002) (Supplementary Fig. S4). The 10 non-cortical regions were
excluded since the JR model is designed for cortical networks only.
Connectivity matrices were averaged across subjects, and only connec-
tions present in more than 50% of the subjects were retained, to obtain a
sparse matrix retaining the typical within-subject density (de Reus and
van den Heuvel, 2013). Subsequently, the weighted in-degree normali-
zation was applied, and c=30 was set, as performed in the toy network.
This normalization serves as a form of homeostatic regulation, equal-
izing the excitatory inputs received by the nodes while preserving the
structural topology (Coronel-Oliveros et al., 2023). A control simulation
was first run, followed by simulations in which each of the 80 nodes was
lesioned (as in the toy network), and the effects on the remaining 79
nodes were analyzed. Each simulation lasted 100s.
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2.6. Down state statistics

To detect Down states in the PSP, a fixed threshold (th) was used
based on a model parameter representing the firing threshold (vp). vo
=5.52 mV corresponds to the PSP value for which a 50% firing rate is
achieved (Jansen and Rit, 1995). In other words, it is the input value in
mV at the inflection point of the sigmoidal input-output function. The
system was considered to be in a Down state whenever the PSP fell below
Vo (i.e. PSP<th), and in an Up state when the PSP exceeded it (i.e.
PSP>th). This simple threshold was chosen to effectively distinguish
between low and high activity states in the simulation.

The %Down variable quantifies the percentage of time a node spends
in the Down state. For a given node i, it was computed as the ratio of time
spent in the Down state to the total simulation time, expressed as a
percentage

%Down; = 7Et(PSP;Et) < th) X

100 10)
where PSP;(t) is the PSP of node i at time t, and T is the total simulation
time.

The DownOverlap was computed as the percentage of time during
which the PSP signals of two nodes simultaneously fell below the Down
state threshold (th, Fig. 5C). For example, given nodes i and j, with
corresponding signals PSP; and PSPj, the DownOverlap for node i relative
to node j is defined as

> (PSP(t) < th A PSP;(t) < th)
> .(PSPi(t) < th)

DownOverlapiU = x 100 an

This measure quantifies the fraction of time points where both node i
and node j are in the Down state, relative to the total Down state time of
node i. Thus, the DownOverlap is directional: DownOverlapy; is
computed with the denominator depending only on node i, while
DownOverlapj; uses the same numerator but normalizes by the Down
states of node j. The DownOverlap reflects the coherence of the SWs
processes between the two nodes, with higher values indicating stronger
synchronization of their Down state transitions.

The Neighborhood %Down (NBR %Down) was calculated in each
node to quantify the amount of SW activity arriving from afferent nodes
in a given neighborhood of interest. For a given node i, it was computed
as the average time spent in down states (%Down, Eq. 10) of the nodes
directly connected to i:

1
NBR9GDOWI; = -5y > " %Down; (12)

,

jer,

where N; denotes a neighborhood of interest for node i (specified
differently for the toy network and for the whole brain, see below), that
is, a set of nodes projecting to node i; |N;| denotes its cardinality (i.e., the
number of such nodes).

The Neighborhood DownOverlap (NBR DownOverlap) was computed
in each node to quantify the temporal overlap of SW activity arriving
from afferent nodes in the given neighborhood of interest (see below),
thus reflecting the coherence of the SWs processes impinging on a node.
For a given node i, it was calculated as the average DownOverlap across
all ordered node pairs in the given neighborhood of interest N; excluding
self-connections:

1

I —1)

NBR DownOverlap; = N

DownOverlapy
GRyed T, itk

13

where DownOverlap;x denotes the DownOverlap of node j relative to
node k, computed over all ordered pairs of afferent nodes to i.

The neighborhood of interest differed for the toy network and for the
whole-brain model. In the toy network simulations, the neighborhood of
the nodes in the distant network was defined by including only afferent
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connections originating from the perilesional network, thereby focusing
only on the impact of perilesional activity on the distant network.

For the whole-brain model, the N was computed by thresholding the
structural connectivity matrix and retaining only the top 5% of the
strongest connections across the network (while the simulation itself
used the full, unthresholded connectome). This threshold highlighted a
connected subset of the network that included all network nodes, and
was chosen to focus on the most influential connections, given the high
number of weak connections in the structural connectivity that are un-
likely to strongly affect the dynamics. Control analyses varying this
threshold showed that results remained stable when retaining between
the top 25% and top 1% of the strongest connections.

2.7. Structural connectivity metrics

Structural connectivity metrics were used to quantify the effects of
the lesion on the spared nodes. The distance from the lesion was
computed as the Euclidean distance between each node and the lesion
node(s). The position of each node is represented in 3D space, with
coordinates corresponding to the center of the AAL-defined parcel to
which it belongs. Euclidean distance provides a simple geometric metric
to characterize the spatial extent of lesion impact on nearby versus
distant nodes, and has been used in a previous intracranial electro-
physiology study (Russo et al., 2021) to quantify distance from recorded
electrode sites to lesion locations. We adopt this metric here to enable
direct comparison with those empirical observations. However, in the
present neural mass model approach, the effective spread of lesion ef-
fects is governed by network connectivity weights and transmission
delays rather than geometric distance per se. Since structural connec-
tivity covaries with Euclidean distance due to wiring cost constraints (i.
e., nearby regions tend to be more strongly connected), we employed the
connection loss metric. This metric was used to directly quantify the
amount of disconnection that each node suffered following the lesion. It
is defined as the percentage of the incoming weights that is lost
post-lesion relative to the pre-lesion network. This metric reflects the
reduction in excitatory coupling and serves to characterize the degree of
disfacilitation caused by the lesion.

2.8. Spectral analysis

The power spectral density (psd) of the PSP was computed using the
Welch method with time segments of 3 seconds and 50% overlap. From
the resulting psd, § power was extracted by summing the power values of
frequencies below 4 Hz. To assess the relative change in delta () band
between conditions, the § ratio was calculated by dividing the § power in
the condition of interest by the § power in the control condition. This
ratio provides a normalized measure of the shift in SW activity after the
lesion.

2.9. Statistical analysis

The bar graphs in this study display the mean values of the reported
variables across multiple simulation runs, with error bars representing
the corresponding standard deviation.

Exponential fit was performed to model the relationship between
distance from the lesion and the %Down variable following (Russo et al.,
2021). The optimal parameters for the exponential decay function were
obtained using the curve fit function from the SciPy Python library
(Virtanen et al., 2020). To stabilize variance and enable better linear
correlation analysis, the %Down variable was square root-transformed
(%Downgg,). Pearson’s correlation coefficient () was then computed to
assess linear relationships between %Downsg,; and each predictor vari-
able separately: connection loss, NBR %Down, and NBR DownOverlap.
To validate these associations and address potential violations of inde-
pendence in the pooled data, we performed linear mixed-effects
regression models with random intercepts for lesion and target node
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using the Ime4 package in R. The same three predictor variables were
modeled against %Downgg(, and results were examined under both raw
and rank-transformed data to assess robustness to zero inflation and
non-linear relationships.

Partial Least Squares (PLS) regression (Wold et al., 1993, Wold et al.,
2001) was used to combine the predictor variables (connection loss,
NBR %Down, NBR DownOverlap) into the first PLS latent component
(PLS;) to predict %Downsg. This predictive model effectively reduces
the dimensionality of the three considered predictors into a single
component that is the most linearly related to the outcome variable, and
has been used elsewhere in the study of neurophysiology to deal with
correlated variables(Colombo et al., 2023). PLS regression was imple-
mented using the PLSRegression function from the scikit-learn Python
library (Pedregosa et al., 2011). The R? value was computed for both the
full model and under 10-fold cross-validation to evaluate generalization
performance. The relative importance and contribution of each predic-
tor variable to the prediction of %Downsy; were quantified using the
Variable Importance in Projection (VIP) scores for the PLS; component.
Variables with VIP scores > 1 are generally considered significant con-
tributors (Mehmood et al., 2012), and the value of 0.8 is often used as a
limit below which variables are considered unimportant (Wold et al.,
1993). Finally, to assess distance-dependent contributions, nodes were
divided into quartiles based on their distance from the lesion, and PLS
regression was applied separately to each group.

3. Results

In this work, we explored two mechanisms proposed to modulate the
generation of SWs, namely activity-dependent adaptation and structural
disfacilitation. In the context of brain lesions, these mechanisms can be
interpreted as proxies for vertical disconnection (e.g., disruption of the
ascending activation fibers) and lateral disconnection (e.g., impaired
cortico-cortical connectivity). We began by describing how adaptation
shapes the dynamics of an isolated cortical population, then examined
how SWs emerge through the interaction between adaptation and dis-
facilitation in coupled populations. Building on this mechanistic foun-
dation, we investigated how lesion-induced disfacilitation and,
consequently, functional network-mediated effects drive SW propaga-
tion in simplified network motifs. Finally, in a whole-brain model, we
quantified the relative contribution of disfacilitation, network hierar-
chy, and temporal coherence to post-lesional SWs dynamics.

3.1. Adaptation induces Up and Down dynamics in an isolated model of
the cortical population

The JR model has been extensively used to simulate spontaneous and
evoked cortical activity at a mesoscale level (EEG and LFP-like signals)
(Jansen and Rit, 1995, David and Friston, 2003). However, it has mostly
been applied without considering activity-dependent adaptation dy-
namics (Moran et al., 2007). Here, we characterized the JR model in the
presence of adaptation and investigated its relationship with Up and
Down dynamics. As a function of the adaptation strength (g), the model
qualitatively reproduced distinct dynamical regimes ranging from
wake-like states (Up or active state) to those observed during SWS (i.e.,
SO, slow intermittent Up and Down dynamics). Specifically, for low
values of adaptation strength (g=5; Fig. 2A, top-trace), the average
postsynaptic membrane potential (PSP) was characterized by an Up
(active) state with oscillatory activity at ~10Hz with an amplitude of
~7mV, resembling wake-like cortical dynamics (Linkenkaer-Hansen
et al., 2001, Destexhe et al., 2007, Compte et al., 2008). By increasing g
(Fig. 2A middle traces), we observed a transition to a bistable regime of
SO, where periods of Up states were interspersed by Down states (PSP
~4mV) together with an increment in the § power (see psd in Fig. 2A), a
fingerprint of SWS dynamics (Massimini et al., 2004, Torao-Angosto
et al., 2021). As g further increased, Down states became more frequent
and regular (Mattia and Sanchez-Vives, 2012, Cattani et al., 2023). At
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sufficiently high g values, Down states dominated the dynamics over the
regular presence of Up states (§=50, Fig. 2A, bottom trace). Notice that a
persistent Up state (high-voltage; top trace in Fig. 2A) led to rapid
oscillatory patterns, in sharp contrast with a persistent Down state
(low-voltage; bottom trace in Fig. 2A).

Then, we explored the model’s dynamical landscape by systemati-
cally varying g from 0 to 60 and quantified the amplitude of oscillations
as 1st and 99th percentiles of the PSP (Fig. 2B). The Up state (high-
voltage/active state) regime corresponded to a stable fixed-point
(Fig. 2B solid line), which, when subjected to stochastic noise, exhibi-
ted low-amplitude alpha oscillations (from ~6.5 mV to ~8.2mV; Fig. 2B
gray dots; Supplementary Fig. S1). For instance, when g=0, the system
was in a subcritical regime near a supercritical Hopf bifurcation (Sup-
plementary Fig. S1) and acted as a damped oscillator, decaying towards
the fixed-point attractor. This behavior persisted for small increases in g
(g<9; Fig. 2 and Fig. S1). However, for larger values of g (g>9 up to 39),
the model exhibited large oscillations between high- and low-voltage
states, driven by the slow negative feedback effect of adaptation
(Fig. 1C). As firing activity continues, the adaptation gradually builds
up, lowering sensitivity to input potentials, until the Up state loses sta-
bility, triggering a transition to the Down state. In this low-activity
regime, adaptation slowly decays until it reaches its minimum,
enhancing sensitivity to input potentials, allowing the system to spon-
taneously generate a new Up state, thus re-initiating the Up/Down cycle.
For high values of g (>39), the system fell in a persistent Down state, due
to a stable low-voltage fixed point attractor (Fig. 2B and Supplementary
Fig. S1B). Notably, near the transition, from a persistent Up to SO
(g~10) or from SO to persistent Down (g~40), the system remains at a
stable-fixed point (solid line in Fig. 2B), however, due to the stochastic
noise, transitions were still observed (Supplementary Fig. S1B).

Finally, in Fig. 2C, we report the PSP for the five cases illustrated in
Fig. 2A. At the two extremes (g=5 and g=50), the PSP exhibited a
unimodal distribution, corresponding to the high-voltage attractor of the
Up state and the low-voltage attractor of the Down state, respectively
(Fig. 2C). Conversely, for intermediate values of g, the PSP followed a
bimodal distribution, reflecting the alternation of Up and Down states
typical of SO. Altogether, our results demonstrate that, in a local circuit
(Fig. 1D, 1), represented by the JR model, manipulating the strength of
adaptation induces a phase transition from a persistent Up state to a
bistable SO regime, resembling a transition from wakefulness to sleep-
like states.

3.2. Effects of adaptation strength and excitatory coupling on slow
oscillations in two connected populations

The cerebral cortex relies on recurrent excitatory connectivity to
sustain stable activity, and its disruption profoundly alters neuronal
dynamics. Consistent with empirical evidence showing SO after cortical
deafferentation and brain injury (Russo et al., 2021, Timofeev et al.,
2000, Sarasso et al., 2020, Tscherpel et al., 2024, Massimini et al.,
2024), we hypothesized that in our model sleep-like dynamics may arise
from two complementary mechanisms: (i) structural disfacilitation,
reflecting reduced cortico-cortical afferent excitatory input (Imbrosci
and Mittmann, 2011, Kim et al., 2014, Santos et al., 2023), and (ii) loss of
ascending neuromodulatory drive, which reduces acetylcholine and
norepinephrine release, thereby enhancing neuronal adaptation and
favoring SO emergence (McCormick et al., 2020; Dalla Porta et al.,
2025). To test this, we coupled two JR neural populations (JR,, JRp)
through bidirectional excitatory connections without delays (Fig. 1D II)
and systematically varied the adaptation strength (g) and excitatory
coupling (C) (Fig. 3).

We first examined the dynamics of two symmetrically coupled
populations, JR, and JRy, with excitatory coupling strength fixed at 30
(Cab=Cpa=30) and g=11.5. Under these conditions, both populations
exhibited alpha oscillations in a persistent Up state (Fig. 3A, top trace
and PSD; #1). Reducing C induced a transition from the persistent Up
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state to SO, characterized by an increase in & power (Fig. 3A, middle
trace; #2). This effect can be interpreted as an increase in the “level of
structural disfacilitation” (Schwindt et al., 1989, McCormick and Wil-
liamson, 1989). When these populations were fully disconnected (C=0),
SO activity became more frequent and regular (Fig. 3A, bottom trace;
#3). We then systematically investigated the impact of disconnection
across different levels of adaptation strength (Fig. 3B). As highlighted by
the red horizontal dashed line, decreasing C (x-axis) while keeping g
(y-axis) fixed revealed a phase transition from SO (colored region) to a
persistent Up state (gray region). For example, when uncoupled (C=0),
both populations displayed SO, spending approximately 35% of the time
in the Down state (%Down) (Fig. 3B, bottom). With increasing coupling
strength, the %Down progressively decreased, disappearing around
C=20, beyond which the system settled into a stable persistent Up state
(Fig. 3B, bottom).

Next, we explored the case of asymmetrical variations of g, i.e.,
whether manipulating g in only one population could induce a change in
the dynamics of the other population, while keeping C=30 fixed
(Fig. 3C). The bifurcation diagram for population JR,, as a function of g,
and g, revealed that a transition from persistent Up state (gray area) to
SO (colored area) could occur by simply manipulating the adaptation in
the other population, JRyp. For instance, when g,=11.5 and g, was var-
ied, population JR, transitioned from a persistent Up state to SO
(Fig. 3C, green horizontal dashed line). Importantly, the %Down in JRy,
increased as a function of g, while, in the connected population JR,
(where g was fixed), the %Down reached a plateau (Fig. 3C, bottom).

Finally, we evaluated the case of asymmetrical variations of C. We
showed that for fixed values of g in both populations JR, and JRy
(ga=gb=11.5), population JR, can transition from a persistent Up state
to SO as a function of Cp, (the coupling strength from JR, to JR}) even if
Cap (the coupling strength from JRp to JR,) remains unchanged
(Fig. 3D). In other words, the disconnection of population JR}, induces a
transition from a persistent Up state to SO in JR,. Moreover, we repli-
cated these results in the Wilson-Cowan rate model, demonstrating that
the observed dynamics are consistent across different models (Supple-
mentary Fig. S3).

Thus, local manipulations in a two-population model point to two
complementary routes to post-lesional SWs: (i) a primary structural
disconnection of ascending and/or cortico-cortical afferents, that
directly increase adaptation and/or disfacilitation, leading to the gen-
eration of local SWs; (ii) secondary, functional network-mediated effects
whereby the silent periods generated by the primary disconnection
reshape the dynamical landscape of distant nodes.

3.3. Slow wave propagation in a toy-network model

In the previous section, we demonstrated that the transition from a
persistent Up state to SO depends on local ascending (e.g., adaptation
level) and cortico-cortical (e.g., coupling strength) connections in a
simple bidirectionally coupled system. To further explore these aspects,
we extended the model to include the interaction with other regions
(nodes), incorporating a distance-dependent connectivity pattern to
mimic both local and long-range connections (Fig. 4). In this context, we
focused primarily on the functional impact of cortico-cortical discon-
nections for two reasons. First, the consequences of disrupting lateral
excitation (i.e., disfacilitation) for SWs are less well understood than
those of altering ascending neuromodulation (Steriade et al., 1993,
Timofeev et al., 2000, Dalla Porta et al., 2023). Second, focal cortical
and subcortical lesions are more likely to compromise cortico-cortical
pathways, which vastly outnumber ascending projections (Douglas
and Martin, 2004).

This toy network was composed of two sub-networks, referred to as
the perilesional network and the distant network, in accordance with
where the lesion was applied (Fig. 4A). The control pre-lesion case
(Fig. 4B) represents the intact network (i.e., before any disconnection
was applied) in the wake-like (active) regime, where all the nodes
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Nodes are connected with a distance-dependent connectivity pattern, with the thickness of the arrows indicating coupling strength. The perilesional network projects
to the distant network via node D1. Delays between nodes are determined by inter-node distances and a fixed propagation velocity of 4 m/s. (B) Activity and
spectrum of the control condition: all nodes oscillate in the alpha band in a persistent Up state (awake-like regime). Left panel shows postsynaptic potential (PSP)
traces recorded from perilesional (blue) and distant (red) nodes. The right panel displays the corresponding power spectral density (psd), highlighting the dominant
alpha activity. The § band is highlighted by the yellow span. (C) Effect of disfacilitation following the lesion of node L3a (black node), which projected both locally
and to the distant network in the control condition. The loss of L3a primarily affects its first-degree nodes L1 and L2a, with L2a exhibiting the strongest impact due to
additional inputs from its first-degree node L1. The distant node D1 also shows signs of slow wave propagation, since now it receives inputs from node L2B (a second-
degree node relative to the lesioned node L3a). The bottom panels quantify the percentage of time spent in the Down state (%Down) and the § ratio for each node.
The & ratio was calculated by dividing the & power in the network after the lesion by the & power in the control condition. The percentage of time neighboring nodes
(presynaptic nodes) spend in Down states (here, 1% for D1) is referred to as NBR %Down (see Methods 2.6). (D) Effect of modifying connectivity so that D1 receives
input from node L2a rather than node L2b, thus from a first-degree node relative to the lesioned node (NBR %Down=5%) instead of a second-degree node, as in (C)
(NBR %Down=1%). This change amplifies SW propagation, leading to a greater impact on distant nodes (D2 and D3), as reflected by increased time spent in the

Down state and a higher & ratio.

oscillated at ~10Hz. In this toy network, adaptation was kept fixed
(g=11.5) and the total excitatory input coupling was equalized across
nodes (c=30; see Methods 2.4) corresponding to configuration 1 in
Fig. 3A.

Within this framework, we explored the impact of disfacilitation over
the perilesional network and its influence on the distant network, by
simulating a virtual local lesion, removing a node and all of its con-
nections. Specifically, the lesion was simulated by disconnecting a node
(L3a) that projected to both local nodes (i.e., perilesional network) and
distant nodes (i.e., distant network) (see Fig. 4C). The impact of dis-
facilitation was quantified by the amount of time spent in the Down state
and by the 5 ratio (Fig. 4C-D).

Within the perilesional network, the nodes most affected were those
directly connected to the lesioned node (L2a and L1, hereafter referred
to as first-degree neighbors), though to different extents. Node L2a was
the most impacted, as it not only lost its direct connection to the lesioned
node but also received input from L1, which itself was directly con-
nected to the lesion (i.e., a first-degree neighbor; see Fig. 4C ). In
contrast, node L1 was less affected, suggesting that its stability depended

less on the lesioned node. This reduced impact may be explained by the
small recurrent circuit involving L1, L2b, and L3b, which received only
indirect (second-degree) input from the lesion.

Next, we examined the impact of disfacilitation on the distant
network. The perilesional network projects only to node D1 in the
distant network (Fig. 4A). In the paradigm depicted in Fig. 4C, D1 lost its
connection to the lesioned node and received inputs from node L2b, a
second-degree neighbor of the lesion (less affected). To characterize
these two aspects, we computed the connection loss, which represents
the percentage of lost connections (coupling strength) relative to the
control condition for each node (-33% for D1), and the NBR %Down,
which quantifies the time neighboring nodes spend in Down states (1%
for D1) indicating the extent to which inputs come from affected regions.
Although less pronounced, the effect on the D1 dynamics resembled that
observed in L1, characterized by a small amount of time spent in the
Down state and increased & ratio. Interestingly, we observed signs of SW
propagation in the distant network, as indicated by time spent in the
Down state and & ratio of D2 and D3, which received progressively in-
direct inputs from the lesion, specifically the second- and third-degree
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neighbors of the lesion, respectively (Fig. 4C).

Finally, we examined the effect on D1 when it received input from a
first-degree neighbor of the lesion (NBR %Down=5%, Fig. 4D), rather
than from a second-degree neighbor of the lesioned node (as in Fig. 4C).
As shown in Fig. 4D, this configuration resulted in a greater impact on
the distant nodes and enhanced SW propagation to nodes D2 and D3.
These findings suggest that the spread of SWs to distant nodes depends
not only on the presence of SWs in the perilesional network but also on
the hierarchical position of the affected nodes relative to the lesion,
which is mirrored in their level of SW activity or 6 power.

3.4. Slow wave coherence drives propagation in a toy-network model

To further investigate the impact of lesion-induced SWs, we exam-
ined how their temporal organization influences propagation to the
distant network. Specifically, we compared two conditions following the
lesion of the L1 node: two uncorrelated SW-generating nodes (Fig. 5A)
and two correlated SW-generating nodes (Fig. 5B). Even though the
amount of SW activity conveyed to the D1 node was identical between
conditions (NBR %Down=14%), the coherence of SW activity across
nodes led to remarkably different effects. When SW activity was
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coherent (Fig. 5B), the distant nodes (D1, D2, D3) were significantly
more impacted, as reflected in the increased time spent in the Down
state (%Down) and a higher § ratio. These observations suggest that the
propagation of SW activity into intact nodes depends not only on the
amount of SWs (NBR %Down) but also on the coherence of these os-
cillations, highlighting a dependence on the temporal dynamics of the
perilesional network.

To quantify the impact of coherent SWs on distant nodes, we
computed the percentage of Down state overlap (DownOverlap) be-
tween pairs of perilesional nodes (see Methods 2.6; Fig. 5C,D). Focusing
on the coherence among nodes projecting to D1, we first calculated the
DownOverlap between neighboring pairs (L2b-L3a and L2a-L3a), cor-
responding to the two scenarios illustrated in Fig. 5A,B. We then aver-
aged the DownOverlap across all neighbors of D1 to obtain the NBR
DownOverlap measure. As expected, L2a and L3a exhibited markedly
higher Down state overlap (NBR DownOverlap = 94.2% + 1.2%) than
L2b and L3a (NBR DownOverlap = 11.7% + 4.6%; Fig. 5E), resulting in
a stronger impact on D1 and consequently on D2 and D3.

Finally, to assess the causal role of SW activity coherence in modu-
lating SW propagation in the distant network, we altered the propaga-
tion delay from L2a to D1 (as in the scenario depicted in Fig. 5B),

inpinge on distant network
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Figure 5. Impact of coherent and uncoherent slow wave inputs on the propagation of activity in a distant network. (A) Schematic representation of the
network model where uncoupled perilesional nodes impinge on the distant network, resulting in uncoherent slow wave (SW) inputs. Below, postsynaptic potential
(PSP) traces of the network, with the perilesional nodes (blue) and distant nodes (red). Right, corresponding power spectral density (psd) and & ratio. The § band is
highlighted by the yellow span in the psd. (B) Same as in (A), but the perilesional nodes that impinge on the distant network are coupled, resulting in coherent SW
inputs. For the same amount of SW input (i.e., same NBR %Down for D1 in both scenarios), coherent inputs lead to a greater impact on the distant network, as
reflected by the increased time spent in the Down state (%Down) and higher &ratio. The § ratio was calculated by dividing the § power in the network after the lesion
by the 8 power in the control condition. (C) Illustration of DownOverlap calculation. Given a pair of PSP traces, the DownOverlap computes for each trace the fraction
of its total Down state duration during which both traces simultaneously fall below the Down state threshold (black dashed horizontal line). (D) Heatmap repre-
senting the DownOverlap between pairs of perilesional nodes. Lighter colors indicate higher overlap, showing that specific node pairs exhibit stronger coherence (blue
and red squares). (E) The L2a-L3a node pair (corresponding to the coupled perilesional nodes scenario in B) shows significantly higher overlap than the L2b-L3a
node pair (the uncoupled perilesional nodes scenario in A). The average DownOverlap of presynaptic nodes projecting to a given postsynaptic node (here, D1) is
referred to as NBR DownOverlap (see Methods 2.6). Given that DownOverlap is not necessarily symmetric (i.e., the overlap from node i to node j may differ from j to
i), we reported the average of the two directions. (F) Effect of propagation delay on Down state occurrence in the distant network. Delay was progressively increased
between L2a and D1 (the coupled perilesional nodes scenario in B), reducing the overlap of the two SW activity inputs arriving at D1. Traces represent the mean over
10 runs, and the shaded area indicates the standard deviation. The blue vertical line marks the actual delay in (B).
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thereby reducing the overlap of the two SW inputs arriving at D1 (see
Fig. 5F). As the delay increased (less overlapping of the SW activity
impinging to D1), we observed a progressive decrease in the time spent
in the Down states in the distant network, suggesting that SW coherence
plays a key role in network-wide SW activity propagation.

Neurolmage 329 (2026) 121817

even when total SW input is held constant. Coherent activity within a
tightly connected perilesional focus promotes further percolation of SWs
to nodes several steps away. Thus, a node’s vulnerability to SW intrusion
scales with both the strength and the coherence of SW activity in its
presynaptic neighborhood.

Together, these results identify a third mechanism by which lesions
influence neuronal activity beyond directly deafferented nodes. The
emergence of SWs in distant regions depends on the synchrony of inputs
from nodes closer to the lesion, and this timing-dependent effect persists

3.5. Slow wave propagation in a whole-brain network model

Overall, analysis of a topologically organized cortical motifs revealed
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indicating a distance-dependent decay in SW propagation, consistent with experimental results (Russo et al., 2021). Cyan squares represent binned means (10 mm
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Down state of neighboring nodes (NBR %Down) and %Downsq. A positive relationship is observed (r=0.81). (E) Relationship between the DownOverlap of
neighboring nodes (NBR DownOverlap) and %Downgg,. The variables show a positive relationship (r=0.65). (F) Partial least squares regression (PLS) of %Downgq
and the score of the first PLS component (PLS;) derived from the three predictor variables (connection loss, NBR %Down, and NBR DownOverlap). The model
explained ~90% of the variance (R?=0.89; after cross-validation R?=0.88). (G) PLS; weights for the three predictor variables, indicating their relative contributions.
(H) Distance-dependent contributions of the three predictor variables to %Downsq,. Nodes were divided into quartiles based on their distance from the lesion, and
PLS regression was performed for each subset. For each quartile, the model's R? and the VIP scores of each variable are reported.
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three concurrent mechanisms governing the generation and propagation
of post-lesional SWs: first, primary structural disconnection; second,
network-mediated effects that scale with the input received from the
perilesional SW focus; and third, a timing-dependent effect governed by
the synchrony of those inputs. To examine how these mechanisms
interact under more realistic conditions, we applied the same manipu-
lations (i.e., node lesions) to a human whole-brain connectome.

We implemented the JR model in a whole-brain composed of 80
nodes (Skoch et al., 2022) (Fig. 6 and Supplementary Fig. S4). Similar to
our control toy network, the whole-brain network dynamics in the
control condition were characterized by alpha oscillations (Fig. 6A, gray
traces). To assess the impact of lesions, we systematically disconnected
each node and examined its effects on both perilesional and distant
nodes. As shown in Fig. 6A for a representative lesion (black circle), the
most affected nodes were the perilesional ones, where Down states
emerged along with an increase in & power (Fig. 6A). Moreover, we
showed that SW propagation decayed exponentially (R2=0.21,
p<0.001) with the distance from the lesion, i.e., closer nodes were more
affected than distant ones, consistent with empirical observations
(Fig. 6B) (Russo et al., 2021).

Given the limited explanatory power of this geometric relationship,
we aimed to investigate the mechanisms underlying post-lesional SW
beyond simple distance from the lesion. Since anatomical distance
covaries with structural weights and the lesion is modeled as a reduction
of connection weights, we first used the percentage of connection loss to
mechanistically explain SW emergence and propagation, as demon-
strated in the toy network. We observed that the square root of the time
spent in the Down state (%Downggy; see Methods 2.9) followed a
negative relationship (r=-0.76, p<0.001) with the percentage of
connection loss, i.e., nodes more connected to the lesion site were
impacted the most (Fig. 6C). Next, we assessed the dependence of SW
propagation on the hierarchical node position relative to the lesion.
Specifically, we explored whether the time spent in the Down states
could be explained by the time spent in the Down states by neighboring
nodes (NBR %Down). We observed a positive relationship (r=0.81,
p<0.001), suggesting that recurrent connectivity, i.e., the influence of
neighboring nodes, can explain, to some extent, the impact on a given
node (Fig. 6D).

Finally, we assessed whether the amount of SW overlap in presyn-
aptic nodes could account for the time spent in the Down state of the
postsynaptic nodes (NBR DownOverlap). Albeit more dispersed, we also
observed a positive relationship (r=0.65, p<0.001) between the amount
of SW overlap and the %Downgq, (Fig. 6E). To ensure robustness of our
findings, we performed complementary analyses addressing violations
of independence and zero inflation. We calculated per-lesion correla-
tions (Supplementary Fig. S5A) and applied mixed-effects regression
models with random intercepts for lesion and target node, confirming
our main findings (Supplementary Tables S3-S4). Additionally, we
performed rank-based Spearman correlations (Supplementary Fig. S5B)
and mixed-effects modeling on ranked variables (Supplementary
Tables S5-S6) to account for zero-inflated outcomes, which yielded
concordant results.

However, it is important to note that, while each of the three
explored mechanisms (connection loss, NBR %Down, and NBR Down-
Overlap) were significantly correlated with %Downgg (Fig. 6C-E), each
predictor exhibited a clear dispersion around zero on the x-axis, sug-
gesting that neither predictor alone fully accounts for the variability in
the time spent in the Down states. Further, in a complex brain network
with a hierarchical, recurrent, and modular architecture (Boucsein et al.,
2011, Ercsey-Ravasz et al., 2013), these mechanisms are likely to be
strongly interdependent. For example, nodes disconnected by a lesion
are typically embedded within neighborhoods that are likewise
compromised, where prominent SWs may be further amplified by syn-
chrony. To disentangle their individual contributions in explaining the
time spent in the Down state and SW activity propagation, and also to
address multicollinearity (Supplementary Fig. S5C), we employed
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partial least squares regression (PLS). Specifically, we aggregated the
three factors into the first PLS latent component (PLS;) and subsequently
related its score to %Downgg,;. We observed a strong linear relationship
(R?=0.89, p<0.001) between the PLS; and %Downgg (Fig. 6F), with all
factors robustly explained the variance of the outcome, as indicated by
their VIP scores (Fig. 6G; all variables have scores around 1; see Methods
2.9). Finally, we found that these predictors exert distance-dependent
effects: connection loss had higher VIP scores for nodes closer to the
lesion (stronger predictive power for %Downgg), NBR DownOverlap
had higher VIP scores for more distant nodes, and NBR %Down showed
VIP scores largely independent of distance from the lesion (Fig. 6H).
These findings were also consistent with the Wilson-Cowan rate model
(Supplementary Fig. S6).

4. Discussion

In this study, we employed a population model of cortical activity
and applied a multiscale analytical framework to examine the mecha-
nisms underlying the emergence and propagation of SWs following
brain lesions (Fig. 1). Our findings identify three interacting factors: i)
the critical role of disconnection, leading to increased adaptation and/or
disfacilitation, in SW generation, ii) the hierarchical organization of
cortical connectivity as a constraint on SW propagation, and iii) tem-
poral coherence as a recruitment modulator of distant structurally intact
nodes. Together, these results reveal that post-lesional SW propagation
depends jointly on topological distance from the lesion and dynamic
synchrony of SWs, underscoring the interplay between local connec-
tivity disruption and global network organization in shaping cortical
dynamics.

SWs are a hallmark of cortical dynamics during NREM sleep. Orga-
nized into a slow, quasi-periodic rhythm termed SO, they reflect the
alternation between periods of neuronal firing (Up states) and periods of
hyperpolarization associated with neuronal silence (Down states, or off-
periods). During NREM sleep, SWs and the associated off-periods disrupt
network interactions leading to loss of consciousness, while they
simultaneously promote restorative and homeostatic processes (Huber
et al., 2004, Stickgold, 2005, Tononi and Cirelli, 2006, Marshall et al.,
2006, Uji et al., 2025). When SWs intrude into physiological wakeful-
ness, they can impair motor and cognitive functions in a
topology-specific manner, as shown in sleep-deprivation studies
(Vyazovskiy et al., 2011, Nir et al., 2017, Andrillon et al., 2021).
Crucially, SWs have also been observed during wakefulness following
brain lesions of varying extent and etiology (Walter, 1937, Butz et al.,
2004), where they can produce substantial network and functional im-
pairments (Tscherpel et al., 2024, Sarasso et al., 2025, Sheybani et al.,
2023, Lanzone et al., 2022). Hence, characterizing the mechanisms
responsible for the generation and propagation of post-lesional SWs are
essential for understanding the functional consequences of brain injury
and for identifying new therapeutic targets.

Using a multiscale modeling approach (Fig. 1), our results show that
disruption of ascending fibers (increasing adaptation, g) and cortico-
cortical fibers (causing disfacilitation, C) is sufficient to shift neuronal
populations toward bistable dynamics and increase their susceptibility
to enter Down states during wakefulness. The effects of these global
manipulations across nodes generalized previous single-node bifurca-
tion diagrams (Cattani et al., 2023) and recapitulated the main elec-
trophysiological features found in N3 sleep, as well in conditions of
massive deafferentation, such as in cortical slices (Covelo et al., 2025),
slabs (Timofeev et al., 2000), hemispherotomy (Colombo et al., 2025)
and severe brain injury (Rosanova et al., 2018, Colombo et al., 2023).
Importantly, once generated, these sleep-like events do not remain
confined to the lesioned site. Instead, their impact spreads through
intact structural pathways in a manner constrained by network topology
and strongly modulated by the temporal coherence of incoming SW
activity. This combination of local vulnerability and network-mediated
amplification provides a unifying mechanistic explanation for how focal
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lesions can give rise to spatially extended patterns of neuronal silencing.

Across network scales, hierarchical distance from the lesion emerged
as a key determinant of SW propagation, with perilesional regions
showing the most prominent intrusions and more distant nodes being
progressively less affected. However, structural disconnection alone was
insufficient to fully explain the observed variability. Temporal coher-
ence among presynaptic SWs played a critical role in determining
whether distant, structurally intact nodes were recruited into a sleep-
like regime, indicating that timing-dependent interactions act as an
additional gating mechanism for SW spread.

To examine how these mechanisms interact under more realistic
conditions, we extended our analyses to a whole-brain connectome
model. In this context, structural disconnection, network-mediated ef-
fects from perilesional regions, and SW coherence were strongly inter-
dependent, reflecting the hierarchical, recurrent, and modular
architecture of cortical networks (Boucsein et al., 2011, Ercsey-Ravasz
et al., 2013). By integrating these factors using partial least squares
regression, we showed that their combined contribution explained the
majority of the variance in post-lesional SW activity. Notably, the rela-
tive importance of each factor varied with distance from the lesion, with
structural disconnection dominating locally and SW coherence playing
an increasingly prominent role in shaping propagation to distant
regions.

The SW propagation pattern predicted by our computational model
not only aligns with classic reports of prominent perilesional EEG
slowing (Walter, 1937, Gloor et al., 1977, Nuwer et al., 1987) but also
provides a mechanistic account of intracranial recordings of SW dy-
namics following controlled radiofrequency thermocoagulation (RFTC)
lesions (Russo et al., 2021). In those recordings, SW intrusion peaked
near the lesion, exhibited long-range propagation to connected sites, and
decayed exponentially with anatomical distance, consistent with our
modeling results (Fig. 6B). This hierarchical gradient mirrors the
exponential distance rule of cortical connectivity (Boucsein et al., 2011,
Ercsey-Ravasz et al., 2013) and likely reflects SW spread via cascades of
structural and functional effects, whereby upstream Down states induce
downstream neuronal silencing, as suggested by our model.

These modeling results position SWs as the potential electrophysio-
logical substrate of diaschisis, the classical concept introduced by von
Monakow. (1914). Von Monakow originally described diaschisis as a
distant effect of focal brain injury, characterized by an “abolition of
excitability” and a resulting “functional standstill” in structurally intact
but connected regions. This concept resonates closely with the dis-
facilitation mechanism explored here, where the loss of excitatory input
from the lesioned area induces a leftward shift in the bifurcation dia-
gram (Fig. 3), pushing the system toward a regime of SW activity
(Rabuffo et al., 2025). In this framework, prolonged neuronal silence
associated with SWs emerges around the lesion and propagates along
anatomical pathways in a topology- and timing-dependent manner,
shaping the spatial extent of remote functional alterations beyond the
primary structural damage. These neuronal silences, which transiently
interrupt communication within the cortical network—as observed
during sleep (Pigorini et al., 2015), anesthesia (Krom et al., 2020), and
in awake brain-injured patients (Rosanova et al., 2018)—have been
associated with impaired behavioral performance in both rodents and
humans (Vyazovskiy et al., 2011, Bernardi et al., 2015, Nir et al., 2017,
Andrillon et al., 2021, Marmelshtein et al., 2023, Sheybani et al., 2023),
thereby representing a plausible mechanism for the cognitive and
behavioral impairments observed following focal brain lesions.

Importantly, this dynamic perspective on diaschisis complements
static structural disconnectomics approaches (Thiebaut de Schotten
et al., 2020), which map lesion-induced white-matter disconnections to
account for deficits extending beyond the visible injury. Functional
magnetic resonance imaging (fMRI) studies further show that even small
focal lesions can disrupt a substantial proportion of brain connections,
resulting in widespread alterations in functional connectivity (Griffis
et al,, 2019). Building on these findings, our model suggests that
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post-lesional neuronal silencing, and its propagation throughout the
connectome, may underlie these large-scale functional alterations,
thereby bridging classical electrophysiological observations with mod-
ern fMRI findings. Supporting this view, recent evidence shows that
enhanced slow/delta power is associated with the magnitude and spatial
profile of fMRI connectivity alterations (Rocchi et al., 2022), linking
electrophysiological and hemodynamic markers of diaschisis and
recovery.

Our framework can also be extended to other brain pathologies that
exhibit pathological EEG slowing and behavioral deficits. Comparable
slowing occurs in multiple sclerosis (Kassubek et al., 1999, Van der Meer
et al., 2013, Keune et al., 2019, Krupina et al., 2020, Salim et al., 2021,
Morocz et al., 2025), traumatic brain injury (Mofakham et al., 2021,
Tewarie et al., 2023), brain tumors (Walter, 1937), and Parkinson’s
disease (Bernasconi et al., 2025), where inflammation, white-matter
lesions, or diffuse network disruption increase delta- and theta-band
activity associated with cognitive impairment. Therefore, SW activity
may represent a shared neurophysiological marker underlying func-
tional deficits across diverse forms of brain damage.

In light of the results presented here, clear limitations and open av-
enues emerge. At the microscale, while our population model allowed us
to investigate disconnection and spontaneous propagation patterns, it
did not account for other mechanisms known to have a local impact on
cortical dynamics following brain injury (Massimini et al., 2024). These
include GABA-mediated excitation/inhibition imbalance (Imbrosci and
Mittmann, 2011, Kim et al., 2014, Santos et al., 2023), cortical hyper-
excitability (Schiene et al., 1996, Koch et al., 2008), local temperature
increase (Karaszewski et al., 2006), inflammation (Yoshida et al., 2004,
Yasuda et al., 2005), and hypoxia (Sun and Feng, 2013). These factors
could be addressed in future work and considered as additive contrib-
utors to perilesional SW generation, potentially enhancing SW propa-
gation from the initial SW foci alongside the structural disconnection
explored in our study. Further, our large-scale model can be tuned to
subject-specific dynamics (Capone et al., 2023, Momi et al., 2023, Momi
et al., 2025) by incorporating personalized structural and functional
connectivity derived from patient lesion data (Idesis et al., 2024). This
approach would enable predictions about how specific lesions affect
large-scale spontaneous (Idesis et al., 2024) and evoked (Momi et al.,
2025) dynamics. Finally, extending the present framework to neural
field modeling (Proix et al., 2018, Pang et al., 2023) would enable
explicit investigation of slow-wave propagation across cortical space
and allow assessment of how focal lesions alter the spatiotemporal or-
ganization of these waves.

Extending the factors of SW generation and propagation explored in
our study, the model further suggests a potential role for arousal fluc-
tuations (Schiff, 2008, Makeig and Inlow, 1993, Makeig and Jung, 1995,
Berridge, 2008, Raut et al., 2021, Raut et al., 2025, Carro-Dominguez
etal., 2025), which could be investigated in future work. Arousal, driven
by brainstem and thalamic inputs, fluctuates over time and affects
adaptation currents via potassium channel modulation (McCormick,
1992, Lee and Dan, 2012). Because disconnected regions lie closer to the
bifurcation point for SW generation, the model predicts that fluctuations
in adaptation (mimicking physiological arousal dynamics) that would
have moderate effects in healthy brains could instead trigger
lesion-specific topographical patterns of enhanced SW activity in the
damaged brain.

Finally, our results also raise several testable hypotheses regarding
intervention strategies aimed at renormalizing the network-level alter-
ations associated with pathological SWs. On one hand, locally confined
SW activity around the injured site, identified in our model as first-
degree disconnected nodes, may play adaptive or beneficial roles as it
does during sleep (Carmichael and Chesselet, 2002, Krone and Vya-
zovskiy, 2020), and whether its dampening is desirable remains an open
question. On the other hand, large-scale propagation of neuronal
silence, which disrupts network communication, could potentially be
mitigated by dampening or desynchronizing SW sources (i.e., by
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reducing SW coherence), as suggested by our modeling results (Fig. 5F).
By simulating lesion-specific network dynamics, our model provides a
computational framework to generate in silico exploration of how
interventions—such as non-invasive brain stimulation techniques
including repetitive TMS, transcranial alternating current stimulation,
or temporal interference electrical stimulation (Xie and Zhang, 2012,
Garside et al., 2015, Grossman et al., 2017, Fehér et al., 2021, Violante
et al., 2023, Vieira et al., 2024, Covelo et al., 2025)—might selectively
reduce pathological SW propagation while preserving potentially
beneficial local activity, thereby providing a conceptual reference of
how network-level perturbations shape SW dynamics.
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1. Supplementary Methods

1.1 Wilson-Cowan rate model with Spike-frequency adaptation

We implemented in The Virtual Brain (TVB) a Wilson-Cowan (WC) rate model with spike
frequency adaptation current (Fig. S3A), as in Levenstein et al'. This model reproduces key
features of Up and Down state transitions arising from the interplay between adaptation,
recurrent excitation, external inputs, and noise. We used it to validate our main findings with
a simplified rate-based model. The WC comprises three state variables representing the
excitatory firing rate re, inhibitory firing rate ri, and adaptation current a. Two independent
Ornstein-Uhlenbeck (OU) noise processes, ue and ui, act on the excitatory and inhibitory
populations, respectively. The population firing rates evolve according to:

dr,

Te g = —Te + Re(WeeTe — wier; + (’,Ek: V[f’:,—krf [t — 7jk] + e —a + u.), (1)

dr ri + Ri(weire — wyri + I + u;)

Ti— = — T i\Weil'e — WiiT i T Ui),
dt ' (2)

where Re and R; are power-law input-output functions? defined as:
Re/i,oc (I) = kc/'i. [:E - he/i]ia (3)

with scaling factors ke and k;, thresholds he and h;, and exponent n. The internal coupling terms
include recurrent weights wee (excitatory-to-excitatory), we (excitatory-to-inhibitory), wie
(inhibitory-to-excitatory), and wi (inhibitory-to-inhibitory neurons); the network coupling, which
targets the excitatory population, is given by c3 K\Wjre [t-Tj], where Wi is the connection weight
from presynaptic node k to postsynaptic node j, and tj represents the time delay between j
and k. The term c is the global coupling factor that scales all the connection weights. Thus,
the effective excitatory coupling strength between j and k is given by the product of Wi and c,
and we denote it by Cj. re* is the firing rate of node k, and l. and |; are external inputs to
excitatory and inhibitory populations, respectively. The slow adaptation current a implements
spike-frequency adaptation through:

da
TQE = —a+ Ax(re), (4)
where
g
Ao(re) = :
oc(r ) 1+€—a,n(r€—,lta) (5)

is a sigmoid function of the excitatory firing rate with gain a,, threshold pa, and strength g
(denoted as b in the original article). 7, is the time constant of the adaptation dynamics. The
noise processes follow the OU dynamics:

—‘ = —'Uf(f/'i + O-()uf{'/?' (f)7 (6)

where &e\(t) are independent Wiener processes with amplitude oo, and time constant zou. The
parameters used for the WC simulations are listed in Table S2. Equations were integrated
using the Heun stochastic method in TVB with a time step of 0.5 ms.


https://www.zotero.org/google-docs/?qDiw1i
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1.2 Simulation and analysis of coupled WC models: from two nodes to whole-brain
networks

Two-population model. To assess the effects of disconnectivity on the emergence of slow
wave (SW) activity, a two-node model was implemented, consisting of two bidirectionally
connected WC nodes (denoted WC, and WCy) as in Section 2.3 of the main Methods. The
nodes were coupled symmetrically or asymmetrically through excitatory-to-excitatory
connections. The system behavior was explored parametrically as a function of the adaptation
strength (g) and the excitatory coupling strength (C). In the symmetric configuration, g and C
were varied equally in both populations, while in the asymmetric configuration, they were
varied independently. For each parameter configuration, an independent 25s simulation was
performed, with g varying from 0 to 4 in increments of 0.4, and C varying from 0 to 1 in
increments of 0.05.

Whole-brain network model. The human whole-brain simulations were implemented using
the same structural connectivity dataset described in the main Methods (Section 2.5). The
connectivity matrix comprised 80 cortical regions from the Automatic Anatomical Labeling
(AAL) atlas, averaged across subjects and thresholded to retain only connections present in
more than 50% of individuals. The weights were normalized by in-degree to equalize excitatory
input across nodes while preserving the structural topology. The model was first simulated in
a control configuration, followed by lesion simulations in which each node was disconnected
sequentially by setting its incoming and outgoing weights to zero. Each simulation lasted 100s,
with a global coupling factor c=0.45 and g=1.8.

Spectral analysis. The power spectral density (psd) of the excitatory firing rate re was
computed using Welch’s method with 3-s segments and 50% overlap. & power (<4 Hz) was
extracted from the psd and used as an index of SW activity. To characterize the SW activity
impinging on a given node, two neighborhood-level measures were computed: i)
Neighborhood & power (NBR & power): the average & power across the afferent nodes
projecting to a given node, ii) Neighborhood & coherence (NBR & coherence): the average
pairwise spectral coherence in the & band among afferent nodes of each target node. These
measures are in accordance with the NBR %Down and NBR DownOverlap metrics described
for the Jansen—Rit model (Section 2.6), but are computed in the spectral domain. The
definition of the neighborhood was the same as that described in Section 2.6 of the main
Methods.

Statistical analysis. Statistical analyses were performed as described in the main Methods
(Section 2.9). The relationships between & power (and its square root), connection loss, NBR
0 power, and NBR & coherence were assessed using Pearson’s correlation and Partial Least
Squares (PLS) regression. As in the main analyses, the % variance explained (R?) was
computed under both full and 10-fold cross-validation to evaluate model generalization. The
contribution of each predictor to the first PLS component (PLS1) was quantified using Variable
Importance in Projection (VIP) scores.
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Figure S1 Bifurcation diagrams and oscillatory dynamics in deterministic and stochastic JR
model. (A) Bifurcation diagram showing the min-max range of postsynaptic potential (PSP) as a
function of J, for the deterministic (blue) and stochastic (yellow) models. Vertical bars mark specific
values of J, for which representative psp traces (left) and their power spectral densities (psd, right) are
shown. The background color of each panel corresponds to the respective vertical colored bar in the
bifurcation diagram. The model was run without adaptation (g=0). A supercritical Hopf bifurcation occurs
around J=128. (B) Bifurcation diagram as a function of adaptation strength (g), with the same
conventions as in (A). The synaptic strength J is set to 112 (matching the green vertical bar in panel A).
When g=0 the system corresponds to the same configuration of panel (A) for J=112. For low g, the
system is near a supercritical Hopf bifurcation and exhibits damped oscillations. For g>9, Up/Down
oscillations emerge. At g=9 and g=10, stochastic fluctuations drive transient transitions to the Down
state. For g>39, the system stabilizes in a persistent Down state, with occasional Up state excursions
for 30<g<39. Vertical bars indicate specific values of g (i.e., g=0, g=5, g=10, g=15, g=50), for which
corresponding PSP traces and psd are shown in the lower panels, color-coded accordingly. Stability
analysis of the deterministic model was performed in XPPAUT.
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Figure S2 Effects of adaptation strength and excitatory coupling on slow wave emergence in
population JR;. Each heatmap shows the percentage of time spent in the Down state (% Down) in JRp
as a function of (A) symmetric excitatory coupling (Can = Cba) and adaptation strength (ga = gv), (B)
asymmetric adaptation (ga, go) with fixed symmetric coupling (Cab = Cpa = 30), and (C) asymmetric
coupling (Cav, Crva) with fixed adaptation strength (ga = g» = 11.5). The color scale indicates the
proportion of time spent in the Down state, from persistent Up state (gray) to predominant Down state

(white).



Wilson-Cowan model: two coupled populations
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Figure S3 Effects of adaptation strength and excitatory coupling on slow wave emergence in
two coupled WC nodes. (A) Representation of the Wilson-Cowan (WC) model with spike-frequency
adaptation, consisting of interconnected excitatory (E) and inhibitory (I) neuronal pools. (B) Example
dynamics of two symmetrically coupled populations (WCa in orange, WCs in cyan) for three levels of
excitatory coupling (Cab=Cba). With C=0.45 and g=1.8 (top, #1), both populations show fast oscillations
in a persistent Up state. Reducing coupling to C=0.2 (middle, #2) induces a transition to slow oscillations
(SO). Complete disconnection (C=0, bottom, #3) further enhances SO activity.. (C) Heatmap showing
the © power of node WCa as a function of adaptation strength (g, y-axis) and symmetric excitatory
coupling (C, x-axis). The three squares with numbers correspond to the configuration of panel B,
highlighting the effect of reducing C with g=0.45 kept fixed. Notice how the & power increases through
the transition from a persistent Up state (6 power) to SO (high & power). (D) Effect of asymmetric
adaptation. Heatmap shows & power in WCa as a function of g» (x-axis) and ga (y-axis), with symmetric
coupling fixed at C=0.45. From the square #1, varying g» (i.e., changing the adaptation of WCy) alone
can induce a transition from a persistent Up state to SO (high & power) in WCa, despite ga being kept
constant. (E) Effect of asymmetric coupling. Heatmap shows & power in WC, as a function of Cpa (X-
axis) and Cab (y-axis), with g=1.8 kept fixed. From the square #1, reducing Cea (i.€., disconnecting WCp)
alone is sufficient to induce a transition from a persistent Up state to SO (high & power) in WC,, even
when Cab remains constant. Numbers 1, 2, and 3 in all panels correspond to identical parameter
configurations across plots.
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Figure S4 Whole-brain structural network parcellation and connectivity statistics. (A) Anatomical
Automatic Labeling (AAL) parcellation scheme displaying bilateral regional divisions across cortical
structures. (B) Connectivity weight matrix derived from diffusion tensor imaging (DTI) tractography,
showing inter-regional connection strengths between all 80 AAL cortical regions. (C) Histogram of white
matter tract lengths across all streamlines in the network.
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Figure S5 Per-lesion correlation analyses and predictor collinearity. (A-B) Pearson (A) and
Spearman rank-order (B) correlation coefficients between each predictor and %Downsqt, computed
independently for each of the 80 lesioned nodes. Boxplots display the median (orange line), interquartile
range (box), and whiskers extending to 1.5 x the interquartile range. The shaded pink band shows the
significance threshold (p = 0.05) for each per-lesion sample size (n = 79 targets), determined by two-
tailed t-test. Across all three predictors, at least 83% of per-lesion correlations exceeded the significance
threshold. Median values align with pooled-data correlations from the main analysis of Fig. 6. (C)
Correlation matrix of predictor variables (connection loss, NBR %Down, NBR DownOverlap). All
predictor-predictor correlations are statistically significant (p < 0.05), indicating collinearity.



Wilson-Cowan model: whole-brain network
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Figure S6 Slow wave generation and propagation following lesion in a whole-brain network of
WC nodes. (A) Whole-brain network model with nodes defined by the Automatic Anatomical Labeling
(AAL) atlas. The lesion of a node (here, the right calcarine cortex) is represented as a black dot, with
the impact on the intact nodes quantified with & power. The node colors indicate & power, as shown in
the accompanying color bar. Traces illustrate simulated activity from three representative regions in the
pre-lesion (control; gray) and post-lesion (blue hues) conditions. In the control condition, the nodes
display low-amplitude and fast oscillations in a persistent Up state (awake-like regime). After the lesion,
SWs emerge along with an increase in & power in the power spectral density (psd). The & band is
highlighted by the yellow span in the psd. (B) & power as a function of the Euclidean distance from the
lesion. The red curve represents an exponential fit (R2=0.11), indicating a distance-dependent decay in
SW propagation. (C) Relationship between connection loss (percentage of lost coupling strength due
to the lesion relative to control) and the square root of & power (0 powersqrt). A negative relationship is
observed (r=-0.57). (D) Relationship between the & power of neighboring nodes (NBR & power) and &
powersqrt. A positive relationship is observed (r=0.89). (E) Relationship between the coherence of SW
activity of neighboring nodes (NBR & coherence) and & powersqt. The variables show a positive
relationship (r=0.59). (F) Partial least squares regression (PLS) of & powersqt and the score of the first
PLS component (PLS+1) derived from the three independent variables (connection loss, NBR & power,
and NBR & coherence). The model explained ~90% of the variance (R?=0.92; after cross-validation
R?=0.91). (G) PLS1 weights for the three independent variables, indicating their relative contributions.
(H) Distance-dependent contributions of the three independent variables to & powersqt. Nodes were
divided into quartiles based on their distance from the lesion, and PLS regression was performed for
each subset. For each quartile, the model's R? and the VIP scores of each variable are reported.



3. Supplementary Tables

Table S1 Parameters of the Jansen-Rit model used in the simulations. The table lists the
parameters used in The Virtual Brain (TVB) implementation of the Jansen-Rit (JR) model with spike-
frequency adaptation. All values lie within physiological ranges and have been previously explored in
the literature (e.g., J and Vo®; A, B, a, and b*; kad®). The excitatory coupling strength factor ¢ and the
adaptation strength g were varied in the study and were set to ¢=30 and g=11.5 for both the toy and
whole-brain networks. The parameter J was explored within the range used in® and was set to produce
subcritical dynamics just before a supercritical Hopf bifurcation, resulting in a peak in the power
spectrum in the alpha band (J=121 for the whole-brain network model and J=112 for all other models).

Parameter Description Value
A Maximum amplitude of EPSP. Also called average synaptic gain 3.25mV
B Maximum amplitude of IPSP. Also called average synaptic gain 36.67 mV
a Reciprocal of the time constant of the passive membrane and all 0.1 ms

other spatially distributed delays in the dendritic network. Also called (=10 ms)
average synaptic time constant
b Reciprocal of the time constant of the passive membrane and all 0.083 ms™"
other spatially distributed delays in the dendritic network. Also called (=12 ms)
average synaptic time constant
Vo Firing threshold (PSP) for which a 50% firing rate is achieved 5.52 mV
Vimax Determines the maximum firing rate of the neuronal pools 0.0025 ms™"
r Steepness of the sigmoidal transformation 0.56 mv-!
J Average number of synapses between the neuronal pools varied
a1 Average probability of synaptic contacts in the feedback excitatory 1
loop
az Average probability of synaptic contacts in the slow feedback 0.8
excitatory loop
as Average probability of synaptic contacts in the feedback inhibitory 0.25
loop
a4 Average probability of synaptic contacts in the slow feedback 0.25
inhibitory loop
v Mean input firing rate 0.22
Kad Adaptation rate constant 0.001 ms™
g Adaptation strength varied
Onoise Noise strength. Standard deviation of the Gaussian distribution used 10+
to generate the additive white noise
c Factor scaling the excitatory coupling strength between nodes varied
Vv Signal propagation velocity 4 m/s
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Table S2 Parameters of the Wilson-Cowan model used in the simulations. The table lists the
parameters used in The Virtual Brain (TVB) implementation of the rate model with spike-frequency
adaptation. All parameter values were taken from the original publication®, except for the time constant
of the adaptation dynamics (taua, changed here from 200 to 500 ms to better align with the JR model
while remaining consistent with adaptation kinetics®) and the threshold of the inhibitory input-output
function (hi changed from 12 to 9 to increase the contribution of the inhibitory population). In the two-
coupled-population model, the adaptation strength (g; denoted as b in the original article) and the
excitatory coupling strength (c) were varied, whereas in the whole-brain model, these were fixed to 1.8
and 0.45, respectively, to produce an awake-like regime in the intact model (pre-lesion).

Parameter Description Value
Teli Time constant of the excitatory/inhibitory population 5ms
Ta Time constant of the adaptation dynamics 500 ms
Wee Internal coupling from excitatory to excitatory neurons 4
Wei Internal coupling from excitatory to inhibitory neurons 4
Wie Internal coupling from inhibitory to excitatory neurons 3
Wii Internal coupling from inhibitory to inhibitory neurons 0
Keii Amplitude or scaling factor for the excitatory/inhibitory input-output 0.02/0.05

function
hesi Threshold of excitatory/inhibitory input-output function 0/9
n Power law exponent of input-output functions; determines the 2

sharpness of the population response

aa Gain of the adaptation dynamics 5
MUa Firing threshold of the adaptation 1.5
g Adaptation strength varied
lesi External input to excitatory/inhibitory population 3.6
Oou Noise strength. Standard deviation of the Ornstein-Uhlenbeck 0.002
process
Tou Correlation time of the Ornstein-Uhlenbeck process 5ms
C Factor scaling the excitatory coupling strength between nodes varied

Vi Signal propagation velocity 4 ml/s
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Table S3 Ordinary least squares regression of %Downsqt on predictors.

%DOWnsqrt ~X

predictor (x) t-value p-value B C.1.[0.025 0.975]
connection loss -92.600 <0.001 -0.077 -0.079 -0.076
NBR %Down 108.120 <0.001 0.384 0.378 0.389

NBR 67.360 <0.001 0.023 0.022 0.023
DownOvelap

Table S4 Linear mixed-effects regression of %Downsqt on predictors with random intercepts.

%Downsqrt ~ x + (1]|lesion_node) + (1|target_node)

predictor (x)

t-value

p-value B C.1. [0.025 0.975]
connection loss -98.489 <0.001 -0.076 -0.077 -0.075
NBR %Down 104.386 <0.001 0.382 0.376 0.388
NBR 64.696 <0.001 0.022 0.022 0.023
DownOvelap

Table S5 Ordinary least squares regression of rank-transformed %Downsqt on rank-transformed

predictors.
%Downsqrt_ranked ~ x_ranked
predictor t-value p-value B C.1. [0.025 0.975]
(x_ranked)
connection loss -40.080 <0.001 -0.254 -0.264 -0.243
NBR %Down 107.900 <0.001 0.704 0.693 0.715
NBR 138.120 <0.001 0.924 0.913 0.935
DownOvelap

Table S6 Linear mixed-effects regression of rank-transformed %Downsqt on rank-transformed

predictors with random intercepts.

%Downsqrt_ranked ~ x_ranked + (1|lesion_node) + (1|target_node)

predictor t-value p-value B C.1. [0.025 0.975]
(x_ranked)
connection loss -42.640 <0.001 -0.271 -0.282 -0.261
NBR %Down 106.460 <0.001 0.703 0.691 0.714
NBR 137.850 <0.001 0.927 0.915 0.938

DownOvelap
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Different sensitivity of complexity measures to
network integration and segregation

Gianluca Gaglioti, Anna Cattani, Thierry Nieus, Leonardo Dalla Porta, Renzo Comolatti,
Davide Momi, Simone Sarasso, Marcello Massimini

Abstract

Brain complexity measures, capturing the critical balance between integration and
segregation in neuronal circuits, are increasingly recognized as promising markers of
consciousness. Various metrics have been proposed to estimate brain complexity, from
entropy-based measures to network-theoretic approaches, and can be applied either
observationally, by analysing spontaneous activity patterns, or through perturbation, by
examining responses evoked by direct brain stimulation. Despite their widespread use, the
relationships between these metrics and the specific aspects of brain structure they capture
are seldom articulated. To address this issue, we employed a mean-field model of excitatory
and inhibitory neural populations to simulate activity across networks with diverse
architectures. By systematically rewiring network connectivity, we generated varying degrees
of integration and segregation, and we applied multiple complexity metrics—observational
and perturbational—to assess their sensitivity to these structural modifications. We found that
different complexity metrics responded differently to network architecture: observational
metrics exhibited biases toward either integration or segregation, or were insensitive to
network changes, whereas the Perturbational Complexity Index (PCI) identified a peak in
complexity when integration and segregation were optimally balanced, aligning more closely
with the theoretical notion of brain complexity. Importantly, we further show that
spontaneous measures are vulnerable to spurious correlations, most critically the common
driver problem, which can inflate integration between otherwise independent regions, while
PCI remained comparatively robust. These findings underscore the importance of selecting
appropriate metrics and of considering dynamical confounds when investigating brain
dynamics and consciousness.

1. Introduction

A central question in neuroscience is how the extraordinarily rich repertoire of large-scale
brain dynamics emerges from the underlying structural architecture (Sporns, 2022). These
dynamics are characterized not by randomness or trivial regularity, but by a property referred
to as complexity (Tononi et al., 1994, 1998; Edelman and Gally, 2001). In neuroscience, brain
complexity denotes the coexistence of integration—the ability to coordinate activity across
distributed regions—and segregation—the preservation of specialized, differentiated local
processes (Bullmore and Sporns, 2009; Sporns, 2013; Cohen and D’Esposito, 2016). Indeed,
a system that is too integrated collapses into redundant homogeneity, while one that is too



segregated fragments into disconnected modules; complexity emerges in between this
dialectic tension, where global coordination and local specialization are balanced.

This integration—segregation balance has been formalized in information theory and network
science and is considered a key signature of conscious brain function (Tononi and Edelman,
1998; Sarasso et al., 2021). Consistent with this view, both theoretical models and empirical
studies suggest that brain complexity underlies the richness of conscious experience, while its
disruption is linked to the loss of consciousness in physiological (e.g., sleep),
pharmacological (e.g., anesthesia), and pathological (e.g., coma, vegetative state) conditions
(Sitt et al., 2014; Sarasso et al., 2015; Schartner et al., 2015; Casarotto et al., 2016; Demertzi
et al., 2019; Luppi et al., 2019; Hahn et al., 2021; Lord et al., 2023; Jang et al., 2024).

The emergence of complex dynamics is thought to reflect the anatomical arrangement of the
underlying neuronal circuitry (Sporns et al., 2000, 2005; Honey et al., 2009; Betzel and
Bassett, 2017; Fukushima and Sporns, 2020). A key principle of the brain architecture is the
small-world organization (Watts and Strogatz, 1998; Bassett and Bullmore, 2017),
characterized by high clustering supporting local specialization together with short path
lengths enabling efficient global communication. This balance is further enriched by
modularity (Bertolero et al., 2015; Sporns and Betzel, 2016), which provides functional
specialization across subnetworks, and by hierarchical organization (Meunier et al., 2010;
Hilgetag and Goulas, 2020; Pathak et al., 2024), which enables interactions across multiple
scales of processing. Critically, this architectural framework incorporates highly connected
hub regions that form a rich-club organization, facilitating global integration by serving as
convergence points for distributed information processing (Zamora-Lopez et al., 2010;
Heuvel and Sporns, 2011, 2013; Senden et al., 2014; Griffa and Van den Heuvel, 2018).
Conversely, connection constraints based on physical distance promote segregation through
metabolic efficiency, preferentially favoring local connectivity patterns (Boucsein et al.,
2011; Ercsey-Ravasz et al., 2013). Within densely connected clusters, recurrent connections
and feedback loops create triangular motifs that sustain and amplify activity through local
reverberations (Kaiser et al., 2007; Hilgetag and Hiitt, 2014) enabling both criticality and
increased responsiveness to external stimuli (Spiegler et al., 2016). This widespread
prevalence of recurrence across scales provides the structural basis for re-entrant signaling
(Tononi et al., 1992; Edelman and Gally, 2013), where bidirectional, recursive exchanges
between distributed regions enable spatiotemporal synchronization.

Because of this organization, the brain seems structurally predisposed to balance segregation
and integration, creating the conditions for complex dynamics. To quantify this balance
empirically, a wide range of complexity measures has been developed, including
entropy-based metrics, algorithmic compressibility, and graph-theoretic approaches. Some
measures rely on an observational approach, analyzing fluctuations in ongoing neural signals
to infer the repertoire of accessible dynamical states (Sarasso et al., 2021). Others take a
perturbational approach, probing how activity causally propagates throughout the system
after direct neural stimulation (Massimini et al., 2009; Shew et al., 2011). The Perturbational
Complexity Index (PCI) (Casali et al., 2013) is a prominent example of the latter: by



estimating the algorithmic complexity of the spatiotemporal pattern of cortical activity
extracted from the electroencephalographic (EEG) response to transcranial magnetic
stimulation (TMS), PCI has proven to be a robust and theoretically grounded index of
consciousness (Casarotto et al., 2016) capturing the interplay between integration and
segregation in brain dynamics.

Yet, despite the widespread use of complexity estimates, important gaps remain. It has not
been made explicit which aspects of network structure and dynamics different measures are
actually sensitive to, or how they relate to each other. Perturbational indices directly capture
integration as expressed in global propagation patterns, whereas entropy-based metrics
derived from spontaneous activity may be strongly influenced by local variability, often
presupposing integration rather than directly testing it. Moreover, measures based on
spontaneous interactions are particularly vulnerable to spurious functional connectivity. The
most critical example is the common driver problem, whereby a shared input (e.g., visual
inputs, neuromodulatory fluctuations) induces artificial correlations between otherwise
independent regions. This issue can inflate apparent integration and thus distort complexity
estimates, raising the question of whether observed complexity reflects genuine network
interactions or merely shared external drive.

Computational modeling offers a principled approach to address these challenges. By
simulating neuronal populations within controlled network architectures, models allow the
contributions of structure and dynamics to emergent complexity to be disentangled. Neural
mass models are particularly suited for this purpose: they capture the nonlinear
excitatory—inhibitory interactions that shape cortical dynamics, yet remain computationally
tractable for large-scale simulations. When arranged into networks with systematically varied
topology, these models make it possible to examine how architectural features such as
small-world organization, efficiency, and modularity influence both spontaneous and evoked
activity. Importantly, they also permit the introduction of controlled confounds, such as
common drivers or noise, providing a rigorous framework to test the robustness and
specificity of different complexity measures.

In this work, we leveraged large-scale network simulations of neural mass models to
investigate how different measures of brain complexity relate to the underlying balance of
integration and segregation. By systematically varying the network topologies—from ring to
random to modular architectures—we examined how spontaneous and evoked dynamics
reflect structural organization, and how commonly used complexity indices respond to these
variations. We further assessed the robustness of these measures in the presence of controlled
confounds such as common drivers, which can artificially inflate integration. Through this
approach, we aimed to disentangle the specific structural and dynamical determinants that
each measure captures, clarify their differences and complementarities, and provide a
principled basis for interpreting complexity estimates as markers of brain function and
consciousness.



2. Methods

2.1 Network definition and analysis

Our goal was to isolate the role of connectivity patterns in shaping the balance between
integration and segregation, and consequently the complexity of network dynamics as
quantified by multiple metrics. To this end, we used binary and undirected graphs with a
fixed degree for all nodes. We simulated N=225 nodes with a fixed degree of connections
k=24 neighbors per node. This approach ensures that any change in dynamics reflects
topology rather than degree or strength. Delays were assigned randomly from an exponential
distribution with mean A = 5 ms to approximate realistic conduction delay values (Cabral et
al., 2022), further ensuring that only changes in connectivity patterns contributed to observed
effects and not delay structures.

Two distinct network families were generated (Fig. 1A). The first spanned the continuum
from ordered ring lattices to increasingly disordered random graphs (from segregation to
integration). The second started from the latter random graphs and introduced progressively
stronger modular organization (from integration to segregation). Ten independent realizations
were produced for each family.

Ring-to-random randomization. To explore the transition from ordered to disordered
architectures, we implemented a rewiring procedure starting from regular ring lattices and
progressively randomizing connections. Ten independent ring lattices were generated using
the Watts—Strogatz model with N=225 nodes, and k=24 nearest neighbors, implemented in
the NetworkX library (Hagberg et al., 2008). Each of the ten ring lattices was then iteratively
rewired 20 times according to a degree-preserving randomization procedure based on the
link-switching method (Zamora-Lopez et al., 2016), implemented in the pyGAlib library
(https://github.com/gorkazl/pyGAlib).

From the ten original ring lattices (rewiring step=0) the subsequent 20 rewiring steps were
implemented by changing the rewiring parameter r, distributed in a logarithmic space
between 107 and 3. At each step, the network obtained in the previous step was used as input,
so that the applied increment 4» was cumulative across steps. The r parameter controls the
number of iterations of the link switching procedure and a given r results in » x L rewired
links, where L is the total number of links in the network. The result was a set of ten
networks per step, resulting in 210 networks (10 initial rings x 21 steps each) ranging from
ordered ring lattices to disordered random graphs.
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Random-to-modular clusterization. From the ten fully randomized graphs obtained in the
randomization procedure, we then constructed progressively more modular networks using a
novel degree-preserving clusterization algorithm developed for this study, inspired by
topological overlap—based approaches to community detection. At each iteration, a node i
was selected at random, and its neighbors and non-neighbors were compared based on the
number of common neighbors (CNs) they shared with i. To promote clustering, an existing
edge was removed between node i and a neighbor j with fewer CNs, and a new edge was
added between i and a non-neighbor & with more CNs. To preserve the degree of all nodes,
this operation was paired with a compensatory swap: an edge between k and one of its
neighbors / with fewer CNs was removed, and a new edge was created between j and /.
Repeating this procedure progressively increased clustering and modular structure while
leaving the connectivity degree distribution unchanged.

From the ten random graphs (rewiring step=0) the subsequent 20 rewiring steps were
implemented by incrementing the number of iteration / of the clusterization algorithm, with /
distributed logarithmically between 500 and 15,000. As in the randomization procedure, the
algorithm was applied cumulatively: the network obtained at each step was used as input for
the following step. The result was a set of ten networks per step, resulting in 210 total
networks (10 initial random graphs x 21 steps each) ranging from the random starting point
to architectures with progressively higher clustering and stronger modular organization.

Network metrics. To characterize the structural properties of the generated networks, we
quantified integration, segregation, and their balance using standard graph-theoretic
measures. Segregation was assessed with the average clustering coefficient (Watts and
Strogatz, 1998), defined as the mean probability that the neighbors of a node are also
connected to each other, thereby quantifying the density of local triangular motifs. This
measure was computed using the average clustering function of the NetworkX library.
Integration was quantified using global efficiency (Latora and Marchiori, 2001), which
captures how efficiently information can be exchanged across the entire network. For a given
pair of nodes, efficiency is defined as the reciprocal of their shortest path length. Global
efficiency is then obtained by averaging this quantity across all node pairs, thus reflecting the
overall capacity of the network to support information transfer through short paths. We
computed global efficiency using the implementation available in the NetworkX library
(global _efficiency), which enumerates all-pairs shortest paths and averages their inverse
distances.

To evaluate the balance between segregation and integration, we computed the small-world
propensity (Muldoon et al., 2016), which jointly normalizes the observed clustering
coefficient and characteristic path length (i.e., the average shortest path length between all
pairs of nodes) relative to corresponding lattice and random null models. This index is
bounded between 0 (no small-worldness) and 1 (maximal small-worldness) and quantifies the
extent to which a network exhibits small-world structure.



2.2 Local node dynamics

Wilson-Cowan neural mass model. The network dynamics were modeled using a system of
coupled Wilson—Cowan (WC) equations for excitatory (E) and inhibitory (I) populations at
each node, adapted from the neurolib (Cakan et al., 2021) implementation. For a given node,
the population activities E(?) and /(?) evolve according to

TEdfh@ — —B(t) + (1= B(t)) Sp(esnB(®) - crpl(t) + G ;wlﬂt )+ Pe)), )
dI
O 1y (1= 1) 81 (emB() — el (t) + Bi(1)), 2
- 2)

where 7; and 7; are the excitatory and inhibitory time constants, cyy the synaptic coupling
strengths from population X to Y, and G is the global coupling scaling factor for inter-node
connectivity. The connectivity weights from other nodes are denoted by w, with
corresponding transmission delays d,.
The function S;,(*) is a sigmoidal activation function mapping inputs to firing rates:

1

S t) =
E/I( ) 1+ exp ( _ aE/I(mput — ,uE/I)) g 3)

where ag, controls the slope and i, defines the input at which the function reaches its
midpoint. The excitatory drive Pg(?) was defined as:

Pg(t) = Py +n(t) + Paim(t), 4)

where P, is a stationary external input, #(?) is a stochastic drive, and P,,,(?) is a transient input
in the stimulation trials. The latter was implemented as a square pulse of amplitude 1 a.u. and
duration 5 ms. The inhibitory population received only the stationary input, i.e.

Pr(t) = Fo. ()

The stochastic drive 7(z) was generated as an independent Ornstein—Uhlenbeck (OU) process
for each node, according to:

1
dn(t) = - (n(t) — p) dt + o dW, 7

where u is the mean, 7 the correlation timescale, ¢ the noise amplitude, and dW(?) a Wiener
increment. This corresponds to the case s=0 in the mixture formulation below, where all
nodes receive uncorrelated fluctuations.

Common-driver input. To investigate the role of independent versus shared fluctuations
(e.g, common drivers) across neural populations, we extended the model by introducing a
common OU process shared across all nodes. The effective stochastic input was defined as a
normalized mixture of an independent OU process 7,(¢) (specific to each node) and a common
OU process 7(?) (shared across all nodes):
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n(t) = e (8)

where the mixing parameter s € [0,1] controls the relative contribution of the common
driver. For s=0, each node receives only independent fluctuations, while for s=1, all nodes
receive the same common input. The denominator acts as a normalization factor, ensuring
that the variance of #(#) remains constant across values of s, thereby enabling direct
comparisons between conditions.

Model parameters. We primarily used the default parameters of the WC model implemented
in neurolib (see Supplementary Table S1). To study the bifurcation behavior of the whole
network (Fig. 1C), we varied the global coupling parameter (G). We then set G=0.1 to all
simulations, which corresponds to a subcritical near-bifurcation regime.

2.3 Network simulations

All simulations were performed using the neurolib Python library (Cakan et al., 2021) with
the Euler—Maruyama integration scheme and a time step of dt=0.1 ms. The output was
downsampled to 1 ms using the SciPy (Virtanen et al., 2020) decimate function, which
downsamples the signal after applying an anti-aliasing filter (an order-8 Chebyshev type I
filter). All simulations were initialized with random initial conditions.

Spontaneous activity. Spontaneous activity was simulated for 63,000 ms, with the first 3,000
ms discarded as transient. This resulted in 60,000 ms of spontaneous activity per network.

Evoked activity. Evoked responses were simulated in 100 independent trials, each consisting
of a stimulation pulse delivered to a single randomly chosen node. The stimulation consisted
of a square pulse with amplitude 1 a.u. and duration of 5 ms. At each trial, the simulation was
reinitialized with random initial conditions, and after discarding the first 3,000 ms of transient
activity, the pulse was applied within a random time window between 300 and 800 ms. For
analysis, the stimulus onset was centered at time 0 ms, with the pre-stimulus window defined
from —300 ms to —1 ms and the post-stimulus window from 1ms to 800 ms.

2.4 Spontaneous metrics

Spontaneous metrics were computed from the full spontaneous signals obtained as described
in Methods 2.3.

Average excitatory activity. The average excitatory activity (mean ry) was computed to
characterize the working point of each network. This metric was obtained by averaging the
excitatory population activity (rz) over time (mean ry) and then across nodes ({mean ry)).
Since the nodes were designed to operate in a subcritical regime, each node possesses a stable
fixed point perturbed by an OU process with zero mean. As a result, the long-term time
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average (mean ry) converges to the value of this fixed point in each node. Thus, (mean ry)
provides a direct measure of the system’s distance to the critical point.

Functional connectivity. Functional connectivity (FC) was estimated to capture the strength
of spontaneous nodal interactions. To account for delays, we used the cross-correlation
function (CCF) across time lags up to 65 ms. FC was defined as the peak CCF value for each
pair of nodes, expressed as a correlation coefficient (r). From the resulting distribution of FC
values, we extracted the median and the 5th and 95th percentiles.

Lempel-Ziv complexity. Lempel-Ziv complexity (LZc) was used to quantify the diversity of
spatiotemporal patterns and implemented following Schartner et al., 2015. After applying the
Hilbert transform, the amplitude signal was binarized using the mean amplitude as threshold.
This yielded a binary spatiotemporal activity matrix, to which the LZ76 algorithm (citation to
LZ) was applied on the spatially concatenated binary sequence. Normalization was performed
by dividing the raw value by the LZc of the same data temporally shuffled.

Amplitude coalition entropy. Similarly to LZc, Amplitude coalition entropy (ACE) was
computed as in Schartner et al., 2015 to capture the richness of spatiotemporal patterns. ACE
is defined as the entropy, over time, of the set (coalition) of active nodes based on the same
binarization procedure used for LZc. As for LZc, ACE values were normalized against
shuffled data.

Neural complexity. Neural complexity (NC) (Tononi et al., 1998) was computed by
estimating the mutual information (MI) between complementary partitions of the network of
increasing size, thereby capturing the degree of shared information between network subsets
across scales. For each partition size n (ranging from n=1 to LN/2J, where N is the total
number of nodes), a subset of n nodes was randomly selected, and their mean activity were
compared with the mean activity of the complementary set. The MI between the two signals
was then computed. This procedure was repeated 50 times to obtain a representative sample
of possible bipartitions. The MI values were averaged across repetitions, and NC was defined
as the sum of these averaged MI values across all partition sizes. Mutual information was
computed using the neurokit? (Makowski et al., 2021) mutual information function, with the
number of bins estimated following (Hacine-Gharbi and Ravier, 2018).

Functional complexity. Functional complexity (Fcomp) was computed as described in
(Zamora-Lopez et al., 2016). Fcomp quantifies the balance between functional integration
and segregation by measuring the richness of interactions in the FC matrix (derived as
described above). Low functional complexity corresponds to narrow FC distributions,
reflecting either statistical independence ((FC) = 0; segregation) or global synchrony ((FC) =
1; integration). Higher values arise when intermediate states yield broad FC distributions.
Fcomp was quantified as the sum of absolute differences between the FC distribution and a
uniform distribution across m bins.

2.5 Evoked metrics



Evoked metrics were computed from the stimulation trials described in Methods 2.3.

Significant activations. Significantly active nodes were identified by applying a
non-parametric bootstrap-based maximal statistic procedure (Nichols and Holmes, 2001) to
the excitatory activity (7z) of each node. First, evoked responses were baseline-corrected by
subtracting the mean and dividing by the standard deviation of the pre-stimulus period. Next,
pre-stimulus activities were bootstrapped across trials and samples. At each node and time
point, the mean of the bootstrapped values (Jboot) was computed. Then, for each pre-stimulus
time point, the maximum absolute Jboot across nodes was obtained. This procedure (steps
2-4) was repeated 500 times to build a null distribution. The (1 — a) percentile of this
distribution, with a = 0.01, defined the significance threshold. Finally, a binary
spatiotemporal matrix of significant activations was obtained, marking samples exceeding the
threshold as significant (Casali et al., 2013).

Active nodes. From the binary spatiotemporal activation matrix, we computed the time
course of the percentage of active nodes by summing across nodes and dividing by the total
node count. From this time course, we extracted (i) the maximum early activation (max;,),
defined as the maximum percentage of active nodes in the [0-20] ms window; (ii) the mean
late activation (mean, ), defined as the average percentage of active nodes in the [450-800]
ms window; and (iii) the ratio mean,, / maxg,.

Perturbational complexity index. The Perturbational Complexity Index (PCI) was
computed as the Lempel-Ziv complexity of the binary spatiotemporal activation matrix,
normalized by source entropy, as described in (Casali et al., 2013).

3. Results

3.1 Constructing network families along the segregation—integration continuum

We generated two families of networks using complementary rewiring procedures: a
ring-to-random family constructed via randomization and a random-to-modular family
constructed via a novel clusterization algorithm. Both processes traversed the continuum
between segregation and integration, passing through an intermediate small-world regime
where network clustering and efficiency coexisted (see Methods 2.1).

For the ring-to-random transition, we started from a regular ring lattice (C1; Fig. 1A),
characterized by a high clustering coefficient (Fig. 1B). Random rewiring progressively
disrupted this structure, progressively leading to fully disordered random networks (R),
characterized by low clustering coefficient and higher global efficiency (Fig. 1B).
Intermediate stages of this process produced small-world architectures (B1), resulting in a
balance between clustering and efficiency (Fig. 1B).



For the random-to-modular transition, we began from the random network (R) previously
obtained (Fig. 1A) and applied our developed clusterization algorithm, which progressively
imposed a modular structure, producing networks with strong clustering (C2; Fig. 1B).
Intermediate stages again generated small-world modular configurations (B2) with balanced
structural properties.

To simulate neuronal network dynamics, each node was modeled according to the
Wilson—Cowan (WC) equations, simulating the interaction between excitatory and inhibitory
populations (Fig. 1A). All the nodes were tuned to operate in the same dynamical regime,
near a bifurcation point shown to best approximate empirical brain activity. A bifurcation
analysis of the deterministic WC model (without noise) was performed by varying the global
coupling strength, G. Since all nodes had identical connectivity degree, changes in G
uniformly scaled the input to each node, shifting their collective state equally. As shown in
Fig. 1C, the fixed point lost stability at G = 0.1, where a stable limit cycle emerged via a
supercritical Hopf bifurcation. For all subsequent simulations, we set G = 0.1, corresponding
to this critical point. At this value, the introduction of an Ornstein—Uhlenbeck (OU) noise
process elicits noise-driven damped gamma oscillations (see Methods 2.2).

To ensure all simulated network configurations operated at a similar dynamical working point
near the critical bifurcation, we simulated the models in the presence of the OU noise process
and measured the mean excitatory activity, (mean r;) (see Methods 2.4). The (mean rz) did
not significantly differ across the rewiring spectrum (repeated-measures ANOVA;
randomization: p = 0.66, clusterization: p = 0.61; Fig. 1D), confirming a comparable distance
from the critical point for all networks. This result ensures that any differences in the
emergent dynamics can be attributed to differences in the underlying network topology rather
than to variations in the local dynamical regime.
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Figure 1. Network topologies and dynamics. (A) Starting from a regular ring lattice (C1, top left),
connections were progressively randomized, yielding small-world topologies (B1) and eventually a
random network (R, top right). From the random network, a degree-preserving clusterization

0 4 8 12 16 20
rewiring step

procedure was applied, progressively increasing network clusterization, yielding balanced modular
networks (B2) and finally a strongly segregated network (C2, bottom right). The continuum defined
by these two families spans regimes of predominant integration (i), segregation (s), or balanced
segregation—integration (i/s balance). Each network node was modeled as Wilson—Cowan (WC) of
interactiong excitatory (E) and inhibitory (I) population (inset). (B) Network measures across rewiring
steps (see Methods 2.1). Randomization (r; top panel) decreased average clustering (blue line) and
increased global efficiency (red line), with a peak in small-world propensity (purple line), which
occurred at intermediate steps (B1). Clusterization (c; bottom panel) showed the complementary
trend, increasing clustering and reducing efficiency, again passing through a balanced regime (B2).
(C) Bifurcation analysis of the deterministic Wilson—Cowan network. For an exemplary randomized
topology (C1), the global coupling G was systematically varied, and for each valu,e the minimum and
maximum excitatory activity rx(t)were computed and then averaged across nodes, yielding (min r;)
(max rg). The fixed point lost stability at G=0.1, beyond which a limit cycle emerged via a
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supercritical Hopf bifurcation. Throughout the study, we set G=0.1, i.e., at the critical point. When an
Ornstein—Uhlenbeck (OU) process is added to the inputs (Methods 2.2), this working point gives rise
to noise-driven, damped gamma-frequency oscillations (example traces, bottom). (D) Average
excitatory activity across the network ((mean rz); see Methods 2.4) for the two families of networks,
showing that the overall activity remains stable across rewiring steps, indicating a common working
distance from criticality across networks. Panels denoted by a green arrow and 'r' correspond to the
randomization process, while those denoted by an orange arrow and 'c¢' correspond to the
clusterization process.

3.2 Spontaneous dynamics reflect structural topological constraints

We next characterized the emergent spontaneous dynamics by analyzing functional
connectivity (FC), defined as the matrix of pairwise correlations between nodes' time series
(Fig. 2A; see Methods 2.4). The FC matrices for representative networks (C1, B1, R, B2, C2)
are shown in Fig. 2A. Segregated networks (C1, C2) exhibited FC patterns that directly
reflected their underlying structural connectivity: a ring lattice (C1) showed strong
correlations between nearest neighbors (along the matrix diagonal), while a modular network
(C2) showed strong within-module correlations. Notably, the balanced networks (B1, B2)
preserved these structural segregation signatures. In stark contrast, the random network (R)
displayed a diffuse, diluted FC matrix without spatial structure.

These observations were further quantified using the distributions of FC values (Fig. 2B).
Clustered and balanced networks exhibited a long-tailed distribution, reflecting a subset of
strongly correlated pairs. This tail was absent in the random network, consistent with the loss
of local clustered structure (Fig. 2B, e.g., compare C1 and R). To track this trend across all
networks, we analyzed the evolution of the 5th percentile, median, and 95th percentile of the
FC distributions (Fig. 2C). Across the randomization process, the 95th percentile of FC
values decreased progressively, while the median and 5th percentile increased (Fig. 2C). This
indicates that randomization promoted more spatially diffuse interactions, narrowing the
distribution around a higher median. In contrast, the clusterization process produced the
opposite effect, strengthening within-cluster correlations while weakening between-cluster
correlations, thereby yielding a broader distribution.

We related these FC features to global topological metrics (Fig. 2D—E). The median FC was
strongly correlated with global efficiency, while the 95th percentile FC was strongly
correlated with the average clustering coefficient. These relationships held for both the
randomization (Fig. 2D) and clusterization processes (Fig. 2E), confirming that recurrent
connections within clusters reinforce pairwise interactions, while random architectures
promote widespread but diluted coupling across the network.
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Figure 2. Spontaneous functional connectivity signatures across network families. (A) Functional
connectivity (FC) matrices were obtained from spontaneous activity in representative networks (Cl1,
B1, R, B2, C2) along the two rewiring processes. FC was computed using the cross-correlation
function, retaining the maximum value across lags for each node pair. The underlying structural
motifs are reflected in the spatial organization of strong correlations. For networks B2 and C2, node
indices were resorted to group nodes within the same module for visual clarity; modules were
identified using the Louvain community detection algorithm on the structural graph. Example traces
(bottom) illustrate spontaneous fluctuations in excitatory activity (7). (B) Distribution of correlation
values (r) in the FC matrices for the networks shown in (A). Clustered (C1, C2) and balanced (B1,
B2) networks exhibit a long right tail of high correlation values, whereas this feature is absent in the
random network. (C) Evolution of FC statistics across rewiring steps. For each step, the distribution of
correlations was summarized by the 5th, 50th (median), and 95th percentiles. Randomization (top)
shifted the FC distribution toward higher median and 5th percentile values, while reducing the 95th
percentile, whereas clusterization (bottom) increased the 95th percentile consistently with the
emergence of a pronounced right tail. Shaded areas denote SEM across network realizations (10 per
step). (D, E) Relation of FC statistics to structural measures. The FC median was positively associated
with global efficiency, while the upper tail (95th percentile) increased with clustering in both the
randomization (D; median vs. global efficiency: p=0.86, p=2x10"%; 95th percentile vs. average
clustering: p=0.86, p=2x10*") and the clusterization family (E; median vs. global efficiency: p=0.87,
p=6x10"%; 95th percentile vs. average clustering: p=0.87, p=5x10"%). Each point corresponds to a
network realization (10 per step); colors indicate the realizations corresponding to the representative
networks (C1, B1, R, C2, B2).
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3.3 Evoked dynamics reveal complementary roles of segregation and integration

We next characterize the network dynamics in response to external stimulation. Following
brief stimulation of a single network node, and depending on the network topology, different
spatiotemporal dynamics were observed (Fig. 3A; see Methods 2.3 and 2.5). In segregated
architectures (C1, C2), evoked responses were sustained and spatially confined, reflecting
low network integration capacity (Fig. 3A-B). In the random network (R), stimulation elicited
an explosive but less sustained network-wide response, consistent with the absence of
recurrent amplification. In turn, in balanced architectures (B1, B2), stimulation revealed both
a persistent and network-wide response. For this network topology, activity propagated
broadly while remaining sustained, supported by residual clustered motifs.

These differences are summarized in Fig. 3B, where we quantified the percentage of
significantly active nodes (Methods 2.5). Balanced networks resembled both random
architectures in terms of maximal spatial recruitment and clustered networks in terms of
temporal reverberation. To quantify this trade-off, we extracted three measures: maximum
early activation (maxg,), indexing the extent of initial propagation; mean late activation
(mean, ,), indexing sustained activity; and the ratio mean; ,/maxg,, indexing the proportion of
sustained activity relative to initial activation. As shown in Fig. 3C, maxg, decreased
progressively from random to clustered networks, while the meanL A peaked for balanced
configurations, reflecting the coexistence of integration and segregation in balanced
configurations. The ratio mean; ,/maxg, increased through the rewiring process, illustrating
how the relation between late and early activity evolved.

As with spontaneous dynamics, these evoked metrics were strongly correlated to the
underlying network structure (Fig. 3D-E). maxg, correlated strongly with global efficiency,
while the ratio mean; ,/maxg, correlated with average clustering. These relationships held
across both network families, confirming that clustered motifs support amplification and
temporal reverberation of activity, whereas random architectures support rapid, widespread
propagation.
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Figure 3. Propagation and reverberation of evoked responses across network families. (A)
Spatiotemporal matrix of significant node activations (see Methods 2.5) in representative networks
following a brief excitatory pulse applied to a single node (schematized in inset).. Networks along the
randomization (C1, B1, R) and clusterization (R, B2, C2) processes displayed distinct propagation
patterns. In C1 (inset), activity dissipates before all nodes are engaged. Color scale indicates the
number of significant activations, with darker red denoting higher counts and white indicating no
activation. The superimposed traces (bottom left) illustrate the evoked responses of three exemplary
nodes obtained by averaging the excitatory population activity (r;) across trials. The average r; of the
three nodes with the largest early response (assessed by the area under the envelope of the average ry
in the first 20 ms) is shown. (B) Time courses of the percentage of active nodes (mean = SEM across
network realization) highlight differences in response amplitude and duration. EA and LA denote the
windows used to define early activations (0-20 ms after stimulation) and late activations (450—800
ms), respectively. (C) Evolution of evoked response metrics across rewiring steps. For each family,
the maximum early activation (maxg,), the mean late activation (mean;,), and their ratio
(mean,,/maxg,) were quantified. (D, E) Relation of evoked response metrics to structural measures.
The maxg, was positively associated with global efficiency, while the ratio mean; ,/max;, increased
with clustering in both the randomization (D; maxg, vs. global efficiency: p=0.97, p=6x10"'%;
mean, /maxg, vs. average clustering: p=0.8, p=2x10*") and the clusterization family (E; maxg, vs.
global efficiency: p=0.91, p=5x10"*; mean, ,/max;, vs. average clustering: p=0.67, p=2x102*). Each
point corresponds to a network realization (10 per step); colors indicate the realizations corresponding
to the representative networks (C1, B1, R, C2, B2). Shaded areas (in B and C) denote SEM across
network realizations (10 per step).
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3.4 Complexity metrics reveal different sensitivities to network segregation and
integration

We next quantified the complexity of both spontaneous and evoked activity using
observational and perturbational metrics, respectively (see Methods 2.4 and 2.5). For
spontaneous activity, we assessed signal diversity through Lempel-Ziv complexity (LZc),
amplitude coalition entropy (ACE), and synchrony coalition entropy (SCE); non-linear
interactions across network partitions through neural complexity (NC); and the richness of
the functional connectivity distribution through functional complexity (Fcomp). For evoked
activity, we computed the perturbational complexity index (PCI), which captures the
spatiotemporal richness of deterministic responses following stimulation. The evolution of
these measures across rewiring steps is shown in Fig. 4.
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Figure 4. Evolution of complexity metrics across network rewiring. (A) Randomization process.
(B) Clusterization process. For spontaneous activity, we quantified Lempel-Ziv complexity (LZc, I),
amplitude coalition entropy (ACE, II), synchrony coalition entropy (SCE, III), neural complexity
(NC, 1V), and functional complexity (Fcomp, V). For evoked activity, we computed the perturbational
complexity index (PCI, VI). Each panel shows the average metric value across rewiring steps, with
shaded areas indicating SEM across network realizations (10 per step).
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Overall, observational metrics exhibited biases toward either integration or segregation, or
remained largely insensitive to network changes. Conversely, the perturbational metric PCI
exhibited a pronounced peak at intermediate rewiring steps, where integration and
segregation were balanced. Specifically, LZc and ACE—both derived from a binarization
scheme based on signal amplitude—were insensitive to network rewiring in either process
(Fig. 4A-B I-1I). This likely reflects the fact that, by construction, all networks operated at a
comparable distance from the critical point (Fig. 1D), resulting in similar levels of signal
diversity. SCE increased along the randomization process but reached a plateau from R to C2
in the clusterization process (Fig. 4A—B III). NC and Fcomp exhibited opposing trends: NC
increased with randomization, consistent with its known bias toward integration
(Zamora-Lopez et al., 2016), whereas Fcomp grew with stronger clustering, reflecting the
broadening of the functional connectivity distribution (Fig. 4A—B IV—-V). Despite that, both
NC and Fcomp were unable to discriminate between balanced and clustered architectures,
which shared similarly heavy-tailed FC distributions (Fig. 2B—C). In contrast, PCI followed
an inverted U-shape across both randomization and clusterization processes, peaking around
B1 and B2 in both families. These results suggest that PCI is sensitive to the interplay
between segregation and integration, effectively capturing the network’s balanced state.

Finally, we assessed the interrelationships among structural, dynamical, and complexity
measures by computing their Spearman correlations across all networks (Fig. 5A for
randomization, Fig. 5B for clusterization). This analysis confirmed a strong association
between Fcomp and the clustering coefficient, as well as a tight coupling with the 95th
percentile of the FC distribution (FCys)—both metrics reflecting the heterogeneity of
functional interactions. They also revealed a robust correlation between PCI and the
small-world propensity (swp) of the underlying graphs, underscoring the sensitivity of PCI to
architectures that optimize the coexistence of integration and segregation.
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Figure 5. Correlation structure among graph, dynamical, and complexity measures. Pairwise
Spearman correlations (p) across rewiring steps are shown for (A) randomization and (B)
clusterization processes. Graph-theoretical measures (graph) include global efficiency (eff.), average
clustering coefficient (clust.), and small-world propensity (swp). Dynamical measures of spontaneous
activity include the median of the FC distribution (FCy;) and its 95th percentile (FCys). Dynamical
measures of evoked activity include the maximum early activation (maxg,), the mean late activation
(mean, ,), and their ratio (LA/EA). Complexity measures comprise observational metrics (LZc, ACE,
SCE, NC, Fcomp) and the perturbational measure PCI. Color indicates correlation strength and
direction, with red denoting positive and blue denoting negative values. Only significant correlation
(p<0.05) values are displayed.

3.5 Perturbational complexity is maximized by the balance of segregation and
integration

Given the reversed U-shaped profile of PCI across rewiring steps (Fig. 4), we further
examined its sensitivity to the segregation—integration balance. We first assessed PCI as a
function of core graph-theoretical properties, namely the average clustering coefficient (Fig.
6A), global efficiency (Fig. 6B), and small-world propensity (Fig. 6C), for both
randomization and clusterization processes. PCI consistently decreased at the extremes of
high clustering or high efficiency, indicating that only balanced architectures, in which
segregation and integration coexist, sustain complex evoked dynamics. Supporting this
interpretation, PCI showed a significant positive correlation with small-world propensity.

In the clusterization process, however, we observed a subset of highly clustered networks in
which PCI values were markedly dispersed (Fig. 6C, bottom). These networks corresponded
to the plateau region of the clustering coefficient (Fig. 1B, bottom), where further
clusterization steps no longer increased clustering. To isolate this subgroup, we applied a
threshold on clustering values (supplementary Fig. S2). Within this subgroup, PCI remained
significantly correlated with small-world propensity (Fig. 6D). Moreover, PCI was also
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significantly related to global efficiency (Fig. 6E), suggesting that residual differences in
integration continued to shape the complexity of evoked responses.

We next tested whether specific structural features of the stimulated nodes contributed to PCI
variability. To this end, we computed the neighborhood efficiency of the stimulated node,
defined as the average nodal efficiency of its first-order neighbors. PCI showed an even
stronger correlation with this measure (Fig. 6F), highlighting the role of hub-like clusters in
supporting rich spatiotemporal response patterns.

Finally, we asked whether PCI merely reflected the duration of the evoked activity, as
captured by the mean late activation (mean;,). As previously described, both measures
exhibited a reversed U-shape across rewiring steps (compare Fig. 3C and Fig. 4A-B VI), and
PCI correlated significantly with mean;, (Fig. SA-B). However, the association was
moderate, particularly in the clusterization family. To further disentangle their relationship,
we examined the temporal evolution of PCI in representative networks. While a late increase
in PCI after ~500 ms distinguished randomized networks from clustered and balanced
ones—consistent with differences in sustained activity—we also observed an early rise in
PCI that separated randomized from clustered and balanced networks (Fig. 6G). This
indicates that PCI captures not only the persistence but also the complexity of the
spatiotemporal patterns emerging immediately after stimulation.
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Figure 6. Relation between perturbational complexity and network structural features. (A—C)
Scatter plots of PCI as a function of (A) average clustering, (B) global efficiency, and (C) small-world
propensity, shown separately for the randomization (top, green) and clusterization (bottom, orange)
processes. Orange square markers in panel C indicate the subgroup of highly clustered networks,
identified by thresholding clustering values (see Supplementary Fig. S2). Spearman correlations
between PCI and small-world propensity were significant in both rewiring processes (randomization:
p=0.84, p=2x10""; clusterization: p=0.60, p=3x1022, and p=0.73, p=8x10** when excluding the
highly clustered networks). (D-F) Within the highly clustered subgroup, PCI is shown as a function of
(D) small-world propensity (p=0.60, p=2x107), (E) global efficiency (p=0.48, p=4x10°), and (F)
neighborhood efficiency of the stimulated node (p=0.72, p=9x107"°), defined as the average nodal
efficiency of its first-order neighbors. (G) Temporal evolution of PCI following stimulation in
representative networks (C1, B1, R for randomization; C2, B2, R for clusterization). Curves represent
the mean across realizations, with shaded areas denoting SEM. Final PCI values at 800 ms are
indicated next to the corresponding traces.
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3.6 Divergent sensitivities of complexity metrics to common driver confounds

Having established that complexity metrics display distinct sensitivities to gradients of
network integration and segregation (Fig. 4), we next examined their robustness to a major
confound in empirical data: the presence of external common drivers.

Shared inputs, such as neuromodulatory fluctuations or sensory stimulation, can induce
widespread synchronization across structurally independent nodes. Such effects may
artificially inflate functional integration and obscure inferences about the underlying network
architecture. To address this, we systematically injected into all nodes an external common
driver signal of increasing strength, while maintaining the total variance of the input signals
constant (Fig. 7A; see Methods 2.2). Representative network classes were tested (C1, B, R,
B2, C2), allowing us to evaluate the impact of the driver on both spontaneous and evoked
complexity.

To quantify the effect of the common driver on ongoing interactions, we examined the
median value of the FC matrices as a function of driver strength s (Fig. 7B). As expected, the
median monotonically increased with s, confirming the emergence of spurious pairwise
correlations.

We then assessed the deviation of each complexity metric from its baseline value (s = 0).
Spontaneous activity metrics proved highly vulnerable, although with heterogeneous
directions of sensitivity. Measures of signal diversity, including LZc, ACE, and SCE,
progressively decreased as spurious connectivity increased (Fig. 7C—D I-III). In contrast, NC
systematically increased with s (Fig. 7C-D 1V), reflecting its bias toward integration and
confirming its susceptibility to artifactual coupling. Fcomp exhibited a non-monotonic
profile, peaking at intermediate values of s, where independent and shared fluctuations were
balanced (Fig. 7C-D V), consistent with its dependence on the integration—segregation
balance but also highlighting its sensitivity to the common driver problem.

By contrast, PCI exhibited markedly greater robustness. As a causal measure, PCI preserved
its ability to discriminate between network classes despite increasing common-driver strength
(Fig. 7C-D VI). Moreover, for different values of s PCI was still able to discriminate among
different network structures (C1, B1, and R), thereby ensuring consistent separation between
network classes.
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Figure 7. Effect of a common driver on complexity measures. (A) Schematic of the
protocol. Independent Ornstein—Uhlenbeck (OU) processes were injected into each node, and
a common OU process was added with a mixing strength parameter s (see Methods 2.2)
ranging from 0 (independent inputs only) to 1 (common input only). The protocol was
applied to the representative network classes of the randomization and clusterization families
(C1, Bl1, R, B2, C2). (B) Median correlation of the functional connectivity (FC) matrices as a
function of common driver strength s, shown separately for the representative networks of the
randomization family (left) and the clusterization family (right). (C—D) Complexity measures
as a function of common driver strength s. Panels show (I) Lempel-Ziv complexity (LZc),
(IT) amplitude coalition entropy (ACE), (IIT) synchrony coalition entropy (SCE), (IV) neural
complexity (NC), (V) functional complexity (Fcomp), and (VI) perturbational complexity
index (PCI). Curves represent the mean across network realizations (n = 10); shaded areas
denote SEM. In panel VI, horizontal dashed lines indicate the minimum PCI observed within
each network class, highlighting the absence of overlap between classes across the full range
of s.
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4. Discussion

In this study, we systematically compared a suite of complexity metrics in artificial neuronal
networks undergoing controlled topological transformations. By applying randomization and
clusterization procedures, we generated families of networks spanning a wide spectrum of
integration—segregation balance. We then probed both spontaneous and evoked dynamics,
quantifying complexity with observational and perturbational measures, and further tested
their robustness under the influence of an external common driver. Across analyses, a
taxonomy of complexity metrics emerged.

Signal diversity metrics decreased monotonically under the influence of spurious interactions
introduced by a common driver, while remaining largely insensitive to network structure
given the comparable local node near-bifurcation regime. Neural complexity (NC) was biased
toward structural integration, showing increased values in random networks, but it was also
inflated by the artificial correlations induced by common drivers. Functional complexity
(Fcomp) was sensitive to the balance between integration and segregation but peaked merely
when independent noise and common input were balanced, and failed to distinguish between
clustered and balanced topologies.

By contrast, PCI exhibited a distinctive inverted-U profile, peaking only when integration and
segregation were simultaneously expressed, and retained its discriminative power across
network classes even in the presence of strong common drivers. This sensitivity reflects the
regime predicted by theories of consciousness as optimal for information processing: one in
which global integration coexists with local differentiation (Tononi and Edelman, 1998;
Sarasso et al., 2021). This mechanistic link helps explain why PCI has consistently emerged
as a reliable biomarker of conscious states (Casali et al., 2013; Casarotto et al., 2016).
Importantly, empirical and modeling works have also demonstrated a dissociation between
PCI and spontaneous signal diversity measures (Farnes et al., 2020; Ort et al., 2023; Gaglioti
et al., 2024). For example, under eyes-closed conditions, the predominance of alpha rhythms
leads to marked reductions in signal diversity, whereas the complexity of the evoked response
measured by PCI remains stable (Farnes et al., 2020; Ort et al., 2023). Such evidence
highlights that PCI, unlike spontanecous metrics, directly captures, through causal
perturbation, the capacity of a network architecture to sustain complex dynamics rather than
inferring it indirectly from ongoing fluctuations.

Our findings also resonate with the criticality hypothesis (Beggs and Plenz, 2003; Shew and
Plenz, 2013; Cocchi et al., 2017; O’Byrne and Jerbi, 2022). The perturbational complexity
peak emerged at the transition between segregated and integrated topologies, consistent with
the notion that brains operate near a phase transition to maximize their dynamical repertoire.
Importantly, recent empirical work has directly linked PCI to criticality (Maschke et al.,
2024). In resting-state EEG under anesthesia, criticality measures were found to reliably
predict PCI values, establishing a firm connection between perturbational complexity and
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critical dynamics. In this work, rewiring reorganized network topology and thereby shifted
the system across dynamical regimes. Although coupling strength and node degree were held
constant, the rewiring procedure alone was sufficient to drive transitions between them.
Clustered motifs enriched with triangular feedback loops amplified and prolonged responses,
leading to longer-lasting reverberations (Spiegler et al., 2016)—an expression of critical
slowing down, i.e., the phenomenon whereby recovery from perturbations becomes
progressively slower as the system approaches a bifurcation point. In our setting, this was
reflected in delayed decay of evoked responses, a hallmark of proximity to criticality. At the
same time, the same motifs also boosted correlations in spontaneous functional connectivity,
consistent with the idea that recurrent loops sustain local amplification of activity (Kaiser et
al., 2007; Hilgetag and Hiitt, 2014). Yet in highly segregated regimes, clusters remained
isolated, producing local but not global criticality. Balanced architectures reconciled this
trade-off: they preserved local motifs that sustain reverberation while providing shortcuts for
global broadcast, resulting in both sustained and integrated responses.

This architecture-dependent criticality suggests that heterogeneity across brain networks may
support functional specialization. Different regions need not operate at the same point along
the criticality continuum: variations in connectivity—for example, between sensory and
association cortices—may place regions in distinct dynamical regimes. Recent
electrophysiological analyses confirm this view: higher-order regions of the mouse visual
cortex were found to be positioned closer to criticality than primary sensory regions,
consistent with their longer integration timescales and increased computational demands
(Harris et al., 2024). Complementary large-scale neuronal recordings further reveal that
signatures of near-critical scaling are not restricted to a subset of regions but are widespread
across the brain, with each area operating to a greater or lesser degree near the edge of
instability (Morales et al., 2023). Our results emphasize network topology as a determinant of
such heterogeneity, but regional variations in receptor distributions are also likely
contributors, providing a promising target for future investigation.

Although our model used abstract, undirected, and binary graphs with random delays—where
nodes represent mean-field approximations of neural populations—the principles it
uncovered can be tested in more biologically realistic architectures. Layered cortical
microcircuits with structured excitatory—inhibitory interactions could reveal how local
dynamics shape global complexity. Similarly, grid-like topologies reminiscent of posterior
cortical motifs (Salin and Bullier, 1995; Haun and Tononi, 2019) would directly connect our
results to system and theoretical neuroscience. Such grid-like structures are theoretically
intriguing: despite their apparent simplicity, they can support strong integration and high
levels of complexity. This connects to a longstanding question in consciousness
research—whether posterior cortices constitute “hot spots” for complexity (Koch et al., 2016;
Sanders et al., 2018) owing to their wiring patterns or rich-club organization. Indeed,
converging EEG and fMRI evidence shows that loss and recovery of consciousness are
accompanied by changes in complexity located in posterior cortices (King et al., 2013; Luppi
et al., 2019; Sitt et al., 2014). Our modeling framework provides a route to mechanistically
test this link between circuit architecture and perturbational complexity.
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An important corollary is that PCI depends not only on global architecture but also on the
embedding of the stimulated node. In particular, the neighborhood efficiency of the
stimulated site correlated strongly with PCI in highly clustered networks. This demonstrates
that the capacity to generate complex dynamics is not uniformly distributed across a network
but is shaped by nodal roles. Building on this, one could envision an “atlas of complexity,”
mapping how stimulation of different nodes elicits varying levels of complex network
responses. Such predictions can be tested empirically using cortico-cortical evoked potentials
(David et al. 2013; Trebaul et al. 2018, Momi et al. 2025), where targeted stimulation and
recording across cortical sites could reveal how local embedding determines the richness of
both local and global responses.

Finally, our analyses highlight the profound impact of the common driver problem on
observational metrics. Common drivers are shared inputs that impinge simultaneously on
many nodes, creating correlations that do not reflect genuine network interactions (Blinowska
and Kaminski, 2013; Kaminski et al., 2016; Gilpin, 2025). They are a major confound in
neuroscience because sensory inputs or neuromodulatory fluctuations can make disconnected
areas appear functionally linked. In our simulations, spontaneous metrics were highly
susceptible to this effect: depending on the measure, common input either collapsed activity
toward minimal diversity or artificially inflated apparent integration. In contrast, PCI
maintained a clear separation between network classes across the full range of driver
strengths. This robustness stems from the perturbational approach, which forces the system to
reveal its causal pathways. The contribution of the common driver—which does not
participate in these causal interactions—is effectively averaged out across repeated
stimulations, thereby preserving the structural determinants of complexity.

In conclusion, our work provides a principled taxonomy of complexity measures, clarifying
how each interacts with network topology and confounds. We identify PCI as uniquely
sensitive to the integration—segregation balance that underlies complex dynamics and robust
to global confounds. These results bridge levels of analysis, from local motifs to large-scale
dynamics, and offer a mechanistic foundation for empirical and computational studies of the
neural correlates of consciousness.
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Supplementary material

Table S1. Model parameters.

Figure S1. Bifurcation diagram for the representative networks.
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Figure S2. Identification of highly clustered networks in the clusterization process. (A) The
threshold for identifying the subgroup of highly clustered networks was derived from the evolution of
average clustering during the clusterization process. The mean clustering trajectory across rewiring
steps (orange circles) was fitted with a two-segment piecewise linear model (black line), capturing the
initial rise and the subsequent plateau. The breakpoint of this fit (red dashed line) marked the onset of
the plateau, and all networks sampled at steps beyond this point were considered part of the plateau
regime. To define a permissive threshold within this regime, we computed the mean clustering value
across plateau networks and subtracted three standard deviations (green dashed line). (B) Distribution
of clustering values across all networks (10 realizations for each of the 21 rewiring steps). Networks
exceeding the threshold are highlighted with orange square markers and were classified as highly
clustered.
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Discussion

This thesis has pursued a multifaceted investigation into the mechanisms underlying brain
complexity, conceptualized as the dynamic balance between functional integration and
differentiation. By combining empirical tools, computational modeling, and systematic
theoretical validation, the five articles presented herein provide a cohesive and mechanistic
account of how the brain generates and sustains complex dynamics, how this complexity
breaks down in pathology, and how it can be reliably measured. This chapter synthesizes these
contributions, discusses their theoretical and clinical implications, acknowledges their
limitations, and outlines promising avenues for future research.

3.1 Synthesis of Main Findings

The articles in this thesis collectively advance the understanding of brain complexity by
addressing the problem across multiple scales and through a tight dialectic between empirical
observation and computational simulation.

3.1.1 Collective Advancement

The journey begins with Article 1, which provides a standardized empirical tool (TEPpy) to
quantify differentiation—the specialized, local response properties of cortical circuits. By
demonstrating robust gradients in natural frequencies and response latencies across the
cortex, it operationalizes the concept of local functional specialization. Article 2 then
establishes the computational foundation, demonstrating that whole-brain models can be
tuned to a critical-like regime that simultaneously captures key features of spontaneous
activity (e.g., alpha rhythms, infra-slow fluctuations, spatio-temporal heterogeneity) and
evokes complex, widespread responses to perturbation, as quantified by PCI. Article 3
leverages this model to demonstrate a direct causal link between structure and function,
showing that targeted silencing of highly connected posterior hubs induces the most severe
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reductions in perturbational complexity, while often sparing or even increasing measures of
local signal diversity (LZc). This dissociation not only underscores a significant limitation of
various complexity metrics based on spontaneous activity, such as LZc, as they assume a priori
network integration and yield high values in systems composed of independent/segregated
elements, but also highlights the superior sensitivity of perturbational approaches like PCI to
the genuine integration-differentiation balance. Article 4 delves into the primary mechanism
of complexity disruption (section 1.3.2.2), revealing that structural disconnection is a
sufficient driver for the generation of slow waves through a mechanism of disfacilitation,
providing a computational foundation for empirical evidence on the emergence of sleep-like
dynamics after brain injury. Crucially, it shows that these slow waves are not merely local
epiphenomena but propagate through the network's topological architecture, driven by
temporal coherence, thereby explaining how a focal lesion can generate widespread functional
impairment. Finally, Article 5 provides the crucial theoretical validation for the entire
endeavor, proving that PCI is an empirical measure that peaks uniquely at the optimal
integration-differentiation balance, is robust to common confounds like shared inputs, and is
inherently linked to the network's critical dynamical regime.

3.1.2 Integration of Approaches

The power of this work lies in the recursive loop between method development, empirical
observation, and computational testing. TEPpy (Article 1) provides empirical measures to
constrain and validate models. The modeling framework (Articles 2-5) allows for controlled
causal experiments (e.g., virtual lesions, network rewiring) that are impossible in vivo,
generating predictions about mechanisms and metrics. The results of these simulations, such
as the pivotal role of posterior hubs (Article 3) or the mechanism of slow wave propagation
(Article 4), in turn, provide deeper explanations for empirical observations in patients and
healthy subjects.

3.2 Methodological Contributions

A significant output of this thesis is the development and dissemination of standardized
methodologies.

3.2.1 Standardized Pipelines: TEPpy

Article 1 addresses a critical lack of standardization in TMS-EEG analysis. The TEPpy package
provides an open-source, automated framework for extracting reproducible features—peak
latencies, amplitudes, interpeak intervals, and natural frequencies—from TEPs. Its
agnosticism to acquisition hardware and preprocessing pipelines ensures high reproducibility
and comparability across labs. This tool transforms subjective, "first-glance" assessments of
TEPs into quantitative, data-driven metrics of local circuit differentiation, paving the way for
large-scale normative mapping and robust clinical biomarker extraction.
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3.2.2 Computational Frameworks: TVB-Cobrawap

Article 2 showcases an integrated workflow for whole-brain modeling that is a crucial tool for
the field. By combining The Virtual Brain (TVB) simulator with the Collaborative Brain Wave
Analysis Pipeline (Cobrawap), it establishes a reproducible framework for simulating,
analyzing, and tuning whole-brain models against a battery of biologically relevant
observables (e.g, spectral content, functional connectivity, evoked complexity). This
integration, delivered via the EBRAINS infrastructure, moves the field beyond ad-hoc model
fitting and lays the groundwork for direct, quantitative comparison between simulated and
empirical data, setting a new standard for rigor and reproducibility in computational
neuroscience.

3.3 Theoretical Implications

3.3.1 Integration-Differentiation Balance and Criticality

The findings across the articles provide direct support for the notion that realistic brain
dynamics emerge from a balance between integration and differentiation, which is
mechanistically linked to critical dynamics. In whole-brain simulations (article 2; section 2.2),
parameter tuning shifts models toward critical-like regimes exhibiting scale-free spectral
scaling, infra-slow fluctuations, long-range temporal correlations, and heightened sensitivity
to perturbations, as evidenced by prolonged and complex evoked responses quantified with
PCI. Similarly, artificial network studies (article 5; section 2.5) reveal that PCI displays a
distinctive inverted-U profile, peaking precisely when integration and segregation coexist,
consistent with theoretical predictions of optimal information processing in systems balancing
global coordination and local specialization. This regime aligns with the criticality hypothesis,
where networks near phase transitions maximize their dynamical repertoire through features
like critical slowing down and efficient signal propagation.

3.3.2 Network Connectivity and Phase Transitions

The computational analysis in Article 5 reveals that network topology fundamentally
determines dynamical regimes. Rewiring reorganizes network topology and thereby shifts the
system across dynamical regimes. Although coupling strength and node degree were held
constant, the rewiring procedure alone was sufficient to drive transitions between them.
Clustered motifs enriched with triangular feedback loops amplified and prolonged responses,
leading to longer-lasting reverberations, an expression of critical slowing down.

However, in highly segregated regimes, clusters remained isolated, producing local but not
global criticality. Balanced architectures reconciled this trade-off: they preserved local motifs
that sustain reverberation while providing shortcuts for global broadcast, resulting in both
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sustained and integrated responses. This architecture-dependent criticality suggests that
heterogeneity across brain networks may support functional specialization

3.3.3 Insights into Pathological Dynamics

The work provides a mechanistic account for the breakdown of complexity. Article 4 provides
mechanistic insights into pathological brain states following injury. Three factors govern
post-lesional dynamics: (i) disconnection-induced disfacilitation shifts local circuits toward
slow-wave generation, (ii) hierarchical network organization with respect to the lesion
determines distance-dependent propagation, and (iii) temporal coherence of Down-states
amplifies remote network disruption. This framework explains empirical observations of
perilesional slowing and provides mechanistic support for the hypothesis that focal lesions
induce sleep-like dynamics in structurally intact but functionally disconnected regions. These
results are consistent with empirical findings (Massimini et al., 2024) and potentially link the
concept of diaschisis to a specific electrophysiological mechanism.

3.4 Clinical Relevance

The translational potential of this work is significant, offering new pathways for diagnosis and
therapeutic intervention.

3.4.1 Applications to Brain Injury: Modeling

The computational framework developed in Article 4 (section 2.4) provides a testbed for
simulating patient-specific lesions. By incorporating individual structural connectomes and
calibrating against empirical dynamics, it offers a pathway to predict the functional impact of
brain injury, identifying lesions most likely to induce widespread network dysfunction
through slow-wave propagation. Such predictions could inform rehabilitation strategies and
guide neuromodulation interventions aimed at desynchronizing pathological slow-wave
activity and restoring healthy dynamics.

3.4.2 Applications to Brain Injury: TEPpy

Section 2.1 (Article 1) provides the empirical foundation for clinical applications through
TEPpy's standardized natural frequency measurements. Systematic slowing of TMS-EEG
responses has been consistently reported in stroke patients when stimulating perilesional
sites (Sarasso et al., 2020) or structurally disconnected regions (D’Ambrosio et al., 2023), with
renormalization tracking recovery. The standardized framework enables establishment of
normative cortical fingerprints and detection of pathological deviations in patient populations,
offering a quantitative biomarker for network integrity.
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3.5 Limitations and Future Directions

While comprehensive, this work naturally has limitations that chart a course for future
research.

3.5.1 Current Modeling Constraints

Several limitations constrain the current modeling approaches. The neural mass models used
in this thesis rely on coarse-grained population dynamics without explicit representation of
finer-scale biophysical mechanisms. Subcortical structures, known to orchestrate brain
rhythms and propagate neural activity, are not included in current implementations. The
artificial network studies (section 2.5), while mechanistically informative, employ abstract
binary graphs with random delays rather than biologically realistic architectures. The
slow-wave generation and propagation model (section 2.4), though validated at multiple
scales, does not incorporate additional factors known to influence post-lesional dynamics,
including GABA-mediated excitation-inhibition imbalance, cortical hyperexcitability,
inflammation, and hypoxia

3.5.2 Opportunities for Empirical Validation

Future work should directly compare model outputs to empirical data rather than relying
solely on qualitative feature matching. The introduction of appropriate forward models would
enable EEG-level simulations for direct comparison with experimental findings.
Subject-specific model tuning using personalized structural and functional connectivity from
patient data could enable predictions about lesion-specific effects on spontaneous and evoked
dynamics.

3.5.3 Model Extensions

The framework's generalizability beyond stroke and focal lesions remains to be established.
Extensions to neurodegenerative conditions, epilepsy, and psychiatric disorders would test the
broader applicability of the modeling framework. The slow-wave generation and propagation
model (section 2.4) could be adapted to investigate arousal fluctuations and their interactions
with lesion-induced slow waves. The artificial network approach (section 2.5) provides a
foundation for testing more biologically realistic architectures, including layered cortical
microcircuits with structured excitatory-inhibitory interactions and grid-like topologies
reminiscent of posterior cortical organization. Such extensions would directly test hypotheses
about posterior cortices as "hot zones" for consciousness and complexity
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3.6 Concluding Remarks

In conclusion, this thesis makes a contribution to computational neuroscience and our
understanding of brain function. It provides a mechanistic, multi-scale account of brain
complexity, from the local circuit properties that enable differentiation to the large-scale
network architecture that enables integration.

The broader implications are twofold. First, it demonstrates the indispensable power of a
cohesive theory-computation-experiment cycle, where computational models are not just
used to simulate data but to conduct causal experiments that deepen our explanatory
understanding of empirical phenomena. Second, it bridges a fundamental gap between
abstract information-theory (integration/differentiation) and concrete neurobiology (network
structure/dynamics), showing how the former emerges from the latter.

By providing standardized tools, validated metrics, and a unified theoretical framework, this
work lays a foundation for a more rigorous, reproducible, and mechanistic neuroscience, with
clear pathways to improving the diagnosis and treatment of brain disorders.
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