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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
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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:
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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
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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
presence of a stable fixed-point attractor, corresponding to a high-voltage Up state for low values of g (left) and a low-voltage Down state for sufficiently high g
(right). The vertical arrows above the plot denote the cases illustrated in panel (A), with colors matching the corresponding adaptation strength g. (C) Distribution of
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.



G. Gaglioti et al.

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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Figure 3. Effects of adaptation strength and excitatory coupling on slow wave emergence in two coupled populations. (A) Example dynamics of two symmetrically
coupled populations (JR, in orange, JR;, in cyan) for three levels of excitatory coupling (C,p,=Cp,). With C=30 and g=11.5 (top, #1), both populations show alpha
oscillations in a persistent Up state. Reducing coupling to C=15 (middle, #2) induces a transition to slow oscillations (SO), reflected in an increase in & power.
Complete disconnection (C=0, bottom, #3) further enhances SO activity. Right panels show the corresponding power spectral densities (psd), with the & band
highlighted by the yellow span. (B) Heatmap showing the percentage of time spent in the Down state (%Down) in JR, as a function of adaptation strength (g, y-axis)
and symmetric excitatory coupling (C, x-axis). The red horizontal dashed line highlights the effect of reducing C at g=11.5, revealing a transition from a persistent Up
state (gray region) to SO (colored region). Bottom panel: %Down along the red horizontal dashed line, illustrating the progressive reduction of SO with increasing C.
(C) Effect of asymmetric adaptation. Heatmap shows %Down in JR, as a function of g, (x-axis) and g, (y-axis), with symmetric coupling fixed at C=30. The white
diagonal dashed line corresponds to the vertical white dashed line in panel A. The green horizontal dashed line indicates that varying gy, alone can induce a transition
from a persistent Up state to SO in JR,, despite g, being constant. Bottom panel: %Down along the green dashed line, showing that in JR}, (where g varies) the time in
the Down state increases continuously, whereas in JR, (where g is fixed) it increases but quickly reaches a plateau. (D) Effect of asymmetric coupling. Heatmap shows
%Down in JR, as a function of Cp,, (x-axis) and C,, (y-axis), with g fixed at 11.5. The diagonal red dashed line corresponds to the horizontal red dashed line in panel B.
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

Neurolmage 329 (2026) 121817

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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Figure 4. Impact of disconnection and disfacilitation on slow wave propagation in a toy network. (A) Schematic representation of the toy network model,
composed of a perilesional network (blue) and a distant network (red), here shown in the pre-lesion control condition (i.e., before performing any disconnection).
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),
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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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Figure 6. Whole-brain modeling of slow wave generation and propagation following lesion. (A) Whole-brain network model with nodes defined by the
Automatic Anatomical Labeling (AAL) atlas (Tzourio-Mazoyer et al., 2002). The lesion of a node (here, the right calcarine cortex) is represented as a black circle, with
the impact on the spared nodes quantified as the time spent in the Down state (%Down). The node colors indicate %Down, as shown in the accompanying color bar,
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the lesion, Down states emerge along with an increase in 8 power in power spectral density (psd). The & band is highlighted by the yellow span in the psd. (B)
Percentage of time spent in the Down state (%Down) as a function of the Euclidean distance from the lesion. The red curve represents an exponential fit (R?=0.21),
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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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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