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JOAKIM VIANNEY NGAMSA TEGNITSAP et al.

Understanding how neurodegenerative diseases disrupt brain dynamics requires models capable of capturing
the interplay between network structure and functional activity. This study presents a hardware emulation
of progressive disconnection, implemented using a physical network of transistor-based chaotic electronic
oscillators inspired by a biological neuronal culture. We evaluate several node disruption scenarios under
different coupling strengths. These included single-node disruption and progressive damage sequences from
core to periphery and periphery to core. The changes in network and node-level dynamics are assessed through
the evaluation of synchronization, entropy, spectral content, and graph-theoretic properties. These analyses
show that the network’s response to progressive alteration depends strongly on its topology and the coupling
strength. The single-node disruption scenario revealed a high level of network resilience. Changes in average
phase synchronization and topology remained modest in this scenario, consistent with functional imaging and
lesion studies showing early compensatory mechanisms in healthy and mildly impaired brains. While the
periphery-to-core scenario causes gradual and delayed deterioration, the core-to-periphery scenario leads to a
sharp breakdown in synchronization, as well as structural and functional graph-based metrics. These profiles
of degradation are comparable to those observed in neurodegenerative diseases and, in particular, Alzheimer’s
disease, characterized by marked damage to central regions. Remarkably, it is found that modularity reaches a
peak and then decreases just before the network collapses, a pattern that may be considered a meaningful marker
of network degradation. Spectral analyses reveal a progressive shift toward low frequencies and fragmentation
of the oscillatory dynamics, characterized by a decrease in high-frequency power and emergence of local
frequency peaks. This study provides insights into how topology-dependent degeneration shapes brain rhythms
and functional connectivity. It demonstrates that physical oscillator networks are suitable for emulating the
progressive breakdown of neural circuits. The obtained insights could form the basis for hypothetical biomarkers.
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I. INTRODUCTION

A. Complex networks and resilience to attacks

Complex networks are ubiquitous, emerging across diverse
domains [1,2]. Among the most studied examples are social
networks [3-5], information networks [6], technological net-
works [7,8], and biological networks [9,10]. However, such
networks are vulnerable to attacks and perturbations that may
critically impair their functionality and stability [11,12]. Net-
work resilience is therefore a fundamental concept that allows
understanding how complex networks respond to change. Al-
though its definition varies across disciplines, it mainly refers
to their ability to withstand and recover from disruptions.
Attacks on networks can take several forms, namely, targeted
attacks, where specific nodes or links are deliberately disabled
[13], random attacks, where nodes or links are removed unpre-
dictably [13,14], and locally clustered attacks, in which entire
groups of neighboring nodes (regional clusters or communi-
ties) are simultaneously removed [15].

Since the connectivity structure of a network is a key
determinant of its resilience, different topologies confer dis-
tinct vulnerabilities as well as protective mechanisms. To
understand and model the structure and dynamics of com-
plex networks, a wide range of generative models has
been proposed. Among the classical models are the Erdos-
Rényi (ER) random graph [16], the Watts-Strogatz (WS)
small-world network [17], and the Barabasi-Albert scale-free
network [18]. These models are distinguished by their topo-
logical features. The WS model, in particular, combines high
clustering with short characteristic path length, a hallmark
property also observed in brain networks [19]. On the other
hand, scale-free networks, characterized by highly heteroge-
neous degree distributions following a power law (a minority
of highly connected nodes referred to as hubs against a back-
drop of many sparsely connected nodes), are prevalent in

diverse real-world systems, including power grids [20], airline
transportation networks [21], and in some functional networks
of the brain [22,23]. It has been shown that random networks
are relatively homogeneous, such that failures are evenly dis-
tributed [20], whereas small-world networks combine local
robustness with efficient global communication [17,24]. By
contrast, scale-free networks exhibit overall strong resilience
to random failures, owing to the abundance of low-degree
nodes, but extreme fragility when hubs are selectively tar-
geted [25]. Consequently, extensive graph-theoretic research
has focused on identifying the most central nodes, whose
removal would severely compromise global connectivity and
functionality [26-28].

Although classical metrics such as degree and betweenness
centrality are useful benchmarks, they often fail to predict
the potential influence of a node on system dynamics. In
fact, the functional effects of a disruption depend as much on
the structure as on the dynamic interactions between network
elements [29,30]. It has been shown in the experimental work
in Ref. [31] that altering a node can paradoxically improve
overall synchronization, highlighting the need to move toward
physical networks to better capture the effects of damage.
Besides, the analyses of network resilience are crucial for
understanding how structural alterations in brain networks
translate into cognitive decline, fostering growing interest in
network neuroscience, with efforts directed toward quantify-
ing and predicting the loss of resilience in these networks. A
major goal is to identify early pathological biomarkers and
therapeutic targets to counteract progressive disconnection
[32,33].

B. Lesion patterns in brain networks and disease

The brain is often conceptualized as a complex net-
work of structurally and functionally interconnected regions
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(commonly referred to as the connectome) whose collec-
tive dynamics support cognition, perception, memory, and
behavior [34,35]. Features such as small-world topology,
modular arrangement, and rich-club organization facilitate
both local specialization and long-range integration, promot-
ing rapid, efficient communication while minimizing wiring
and metabolic costs [19,23,36—40]. This structural organi-
zation, together with the nonlinear dynamics that play out
across its constituent nodes, underpins functional connec-
tivity, defined as the statistical interdependence of activity
between brain regions. In other words, this interdependence,
at least partially, reflects the synchrony of neuronal activ-
ity and the brain’s capacity to reconfigure itself and form
dynamic coalitions of interacting areas. Although resilience
in the brain is attributed to its organization, the same fea-
tures also introduce vulnerabilities. For instance, selective
damage to hubs or connector nodes disproportionately dis-
rupts communication efficiency and functional integration,
denoting a hallmark of many neurodegenerative conditions
[41-44]. Lesions in the brain are therefore suitable for being
conceptualized as network attacks, whether random, targeted,
or localized. Evidence from functional magnetic resonance
imaging (fMRI), diffusion tensor imaging (DTI), postmortem
staging, and animal models has consistently demonstrated
that the core areas of the connectome are preferentially tar-
geted in most cases of progressive, particularly degenerative,
brain disorders. In other words, disruptions preferentially
originate in hub regions and propagate outward, reflecting
long-standing imbalances in connectivity between core and
peripheral systems [45—49]. The peripheral regions of the
brain are organized into specialized subnetworks that support
localized sensorimotor and other unimodal functions, such as
the primary visual cortex for vision, the somatosensory cortex
for tactile perception, and the auditory cortex for sound pro-
cessing. These regions are structurally situated at the edge of
the cortical hierarchy and functionally dedicated to processing
specific modalities of sensory input.

A typical example of neurodegenerative conditions where
hubs are preferentially targeted is Alzheimer’s disease
(AD). Positron emission tomography, resting-state functional
magnetic resonance imaging (rs-fMRI), and DTI studies
conjointly show that the accumulation of amyloid-8 and hy-
perphosphorylated tau peptides affect synaptic transmission,
impairing pathways between distant, interconnected regions
[43,47,50-57]. Although pathological changes often originate
in subcortical structures, they rapidly affect hub regions re-
sponsible for function. This vulnerability is explained by the
high metabolic activity of these regions, which renders them
more susceptible to metabolic stress and amyloid accumula-
tion [38,47,55,58-60]. Numerous studies have identified the
hub regions preferentially affected during AD progression,
including the posterior cingulate cortex, medial and lateral
prefrontal cortices, lateral temporal cortex, and lateral parietal
cortex. Besides, the entorhinal cortex and hippocampus have
consistently been identified as the earliest sites of amyloid-
B deposition, leading to localized atrophy and explaining
the early impairments of memory and spatial navigation
[38,39,52,55,61-65].

For example, Fig. 1 shows that the distribution of func-
tional hubs found in healthy controls closely matches the

Functional

Amyloid

_Hubs ‘ercentage of particitpant:
Non-hubs .30

i =

ALY
(a)

(b)

FIG. 1. Spatial correspondence between functional hub distri-
bution and amyloid-B deposition in AD. (a) Functional hub and
nonhub regions derived from rs-fMRI. (b) Regional prevalence of
amyloid-8 deposition across participants, illustrating the preferential
vulnerability of high-centrality hubs. Adapted from Ref. [66] with
permission from the authors.

spatial pattern of amyloid-f accumulation. It shows that re-
gions such as the posterior cingulate, lateral parietal, and
medial prefrontal cortices exhibit high centrality and ele-
vated amyloid burden. Moreover, the regional prevalence of
amyloid-B deposition across participants in these regions
underscores the preferential vulnerability of integrative hub
regions to amyloid-8 deposition [66]. This spatial conver-
gence between network centrality and amyloid-8 deposition
supports the view that AD selectively disrupts the functional
core of the brain.

By contrast, other neurodegenerative diseases, such as
Parkinson’s disease (PD) and amyotrophic lateral sclerosis
(ALS), originate in relatively peripheral or subcortical parts
of the network and progressively invade the cortical hubs. As
shown in Ref. [45], typical idiopathic PD is initially confined
to the brainstem and peripheral nervous structures and only
involves cortical hubs later in the course of disease progres-
sion, after which global network topology becomes severely
disrupted. The same study reported that ALS initially targets
lower motor neurons in the spinal cord or brainstem along-
side upper motor neurons in the primary motor cortex, but
in later stages also extends to higher-order areas, including
core networks such as the default mode network (DMN).
Compared to AD, these diseases hallmark an opposite se-
quence of cumulative network damage, which starts from the
periphery rather than the core. Moreover, certain sudden-onset
brain injuries, such as focal ischemia or localized traumatic
lesions, affect neural networks in a largely random manner.
Such damage is analogous to randomly removing nodes in a
complex network, a perturbation that the brain can partially re-
sist thanks to its plasticity [25]. However, when neuronal loss
exceeds a critical threshold, functional integrity inevitably
deteriorates. This phenomenon is related to the concepts of
cognitive reserve and network redundancy, which are far from
being fully understood [15]. Besides, focal lesions such as
ischemic strokes affect specific brain regions and are analo-
gous to the removal of connected nodes in a network. Their
impact depends critically on location: damage to a hub can
disrupt the entire network, whereas peripheral lesions often
remain localized in their influence. Simulations confirm that
lesions in central areas such as the medial prefrontal cortex
or the temporoparietal junction severely disrupt connectivity
between brain regions, whereas those in primary sensory or
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FIG. 2. Schematic representation of the three damage sequences
implemented in the experimental network model. From top to
bottom are single-node damage, modeling localized lesions; core-to-
periphery damage, modeling targeted hub disruption as in AD; and
periphery-to-core damage, modeling progression of neurodegenera-
tive diseases such as PD and ALS.

motor areas have more limited global effects, as the network
can compensate, even though their clinical significance may
be substantial. A similar pattern is observed clinically where a
small stroke in the thalamus or posterior cingulate cortex can
induce cognitive deficits far beyond the lesion’s size, whereas
a larger lesion in peripheral regions might have surprisingly
domain-specific effects [67].

Taken together, these examples illustrate that the brain is
potentially subject to all three archetypal lesioning sequences.
The diversity of these pathological mechanisms highlights
that the functional outcome of damage cannot be explained
by lesion size alone but critically depends on the topological
embedding of the affected regions within the broader network.
These paradigms inspire the three disruption strategies consid-
ered in this work (see Fig. 2).

C. Physical experiment and purpose of the work

A variety of computational approaches have enabled ad-
vances in understanding brain function and dysfunction
through the analysis of dynamics and synchronization in
networks of coupled systems [68]. Biological models of neu-
ronal dynamics have been extensively developed to study
brain dynamics, ranging from microscopic spiking neuron
models [69-71] to mesoscopic neural mass and mean-field
descriptions [72—75]. In parallel, abstract dynamic systems
such as the Kuramoto model and the Ising model have
been used to study synchronization transitions in oscillator
networks [76-78]. More recently, connectome-based frame-
works integrating anatomical connectivity from diffusion
magnetic resonance imaging or tract tracing have enabled
whole-brain simulations, where local dynamics are modeled
using the aforementioned approaches [79-82]. This frame-
work has proven useful for examining disorders associated
with the disease under real-world conditions. Notable ex-
amples include projects such as The Virtual Brain [83-85].
Biological modeling approaches complement computational
frameworks by introducing an additional layer of realism
through the use of living tissues. These include in vivo
animal models, ex vivo brain slices, in vitro cultures of
neuronal cells, and brain-derived organoids. These models

allow the direct investigation of activity patterns, plasticity,
and proteinopathies under experimental manipulation, offer-
ing insight into cellular and molecular mechanisms [86—88].
In addition, graph-theoretic methods have yielded insights
into topology-driven phenomena such as synchronization
transitions, clustering, and resilience [19,23,30,89]. Despite
these advances, computational approaches on the one hand
remain limited by underlying simplifying assumptions and
often require significant computational resources for large-
scale simulations. On the other hand, biological models face
challenges in terms of reproducibility, limited experimental
control, and ethics.

By contrast, physical systems are particularly well suited
to emulate the complex, heterogeneous, and noisy nature
of brain function due to their inherent susceptibility to
imperfections such as parameter mismatches, nonidealities,
and noise; these are features that are challenging to cap-
ture numerically but essential for encapsulating the complex
and imperfect nature of biological systems. Furthermore,
such physical systems evolve naturally over time and, un-
like biological recordings, provide a well-defined ground
truth together with extensive possibilities for experimental
manipulation. Since the seminal work of Pecora and Car-
roll [90] on synchronization in a pair of electronic chaotic
oscillators, experimental research on synchronization has ex-
panded across multiple domains, including mechanics, optics,
and electronics, thereby allowing a better understanding of
real-world systems. Experiments across these fields have suc-
cessfully demonstrated synchronization and revealed emer-
gent patterns, including community formation and remote
interdependencies [81,91-98].

Despite significant advances in optics and early break-
throughs in laser synchronization [99], most experimental
setups remain limited to two-node configurations. Only a few
studies explore small networks with regular topologies, such
as rings and lattices [100,101], while others rely on contin-
uous media or virtual-node architectures with time-delayed
feedback [102]. Moreover, although delay-line system strate-
gies enable large-scale dynamics, they lack true parallelism
and flexible topologies [103—105]. Similar constraints affect
mechanical and chemical systems, which are typically limited
to small networks, such as coupled pendulums, metronomes,
or reaction-diffusion media [106—109]. Although these imple-
mentations are powerful, since they offer precise control over
parameters and fast sampling, they nevertheless lack effec-
tive node scalability, structural flexibility, and consequently
the ability to model irregular, asymmetric, and biologically
plausible connectivity patterns, as observed in neural systems.
In contrast, while less energy efficient, electronic imple-
mentations have reached relatively larger scales. Although
most circuits remain confined to regular network topologies,
such as chains or rings, they offer scalability, flexibility,
and parallelization, making them suitable for biologically
plausible emulations. Notably, some studies have demon-
strated that such regular arrangements of electronic networks
can successfully reproduce core neurodynamical phenom-
ena, including synchronization transitions, chimera states, and
modular community formation under controlled perturbations
[110]. Similarly, it has also been demonstrated that a network
of coupled transistor-based chaotic oscillators, designed as a
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“toy” model of the DMN, successfully replicates the prefer-
ential generation of low-dimensional chaotic dynamics in hub
regions [96].

As said, the number of experimental studies investigat-
ing synchronization phenomena in physical systems remains
very limited compared to computational studies and is gener-
ally restricted to simple configurations. Recently, large-scale
experimental platforms have started to bridge this gap. For
example, the experimental platform FUSHIGHI-1, proposed
in Ref. [111], implements a large-scale analog emulator of
a low-resolution human brain connectome with 360 nodes,
realized as a low-power array of complementary metal-oxide
semiconductor (CMOS)-based chaotic oscillators. Another re-
cent platform dubbed QOHELET-1, based on a mesoscopic
representation of a neuronal culture, reproduced noteworthy
emergent features of biological neural networks in a 59-node
configuration of single-transistor chaotic oscillators [112].

Building upon the analog electronic circuit board designed
from the connectivity scheme of the neuronal culture model
introduced in Ref. [112], this study experimentally emulates
the hallmark patterns of network disruption that charac-
terize primarily neurodegenerative diseases across different
etiologies. To this end, systematic structural alterations are
introduced by selectively damaging connections of targeted
nodes. Three disruption schemes are considered: (1) dam-
aging a single randomly chosen node at each step with no
propagation to evaluate the effect of a focal lesion on the
network integrity; (2) progressively damaging nodes starting
from the most connected and spreading toward the least con-
nected (core to periphery); and (3) progressively damaging
nodes starting from least connected and spreading toward the
most connected ones (periphery to core). As reviewed above,
the disruption schemes (2) and (3) represent, in a generic
sense, two notable trajectories commonly reported in neu-
rodegenerative diseases such as AD, Fontotemporal dementia
(FTD), and ALS. Voltage signals were recorded across a
range of coupling strengths, and dynamical analyses, includ-
ing phase synchronization and graph-based metrics, were then
performed to quantify how these structural alterations reshape
network synchrony and dynamic complexity.

The remainder of this paper is organized as follows.
Section II briefly describes the network topology and the
associated experimental setup. The node disruption protocol is
provided along with the data acquisition settings. Section III
details the disruption modeling. In Sec. IV, the data analy-
sis methods are presented. Section V illustrates the results
obtained as the damage progresses over a systematic sweep
of the voltage controlling the coupling strength. Section VI
discusses the relevance, implications, and outlook for disease
modeling.

II. CONCEPTUAL OUTLOOK, NETWORK, AND
EXPERIMENTAL SETUP

A. Conceptual outlook and network topological features

A conceptual overview of the present study is shown in
Fig. 3. The dashed box indicates the preliminary steps car-
ried out in Ref. [113], where spontaneous spiking activity
from self-organized in vitro neuronal cultures was recorded

s A

( . ) . .
Electronic chaotic circuit Disease progression model

e 3
Lesion sequence

damage inspired by

e - N
i | Self-organized network
i

1%
1 ¥

Spiking activity

60

) \___ Coupling strength

FIG. 3. Conceptual outlook of the study, illustrating the steps
from the in vitro neuronal culture through the progressive dam-
age procedures implemented on the electronic oscillator network.
Dashed box denotes the steps undertaken in Ref. [113]. The subse-
quent steps until the construction of the board were undertaken and
described in Ref. [112]. Reprinted and adapted from Ref. [112] with
permission from Elsevier.

using multielectrode arrays. The activity from a representative
culture was subsequently transformed into a structural con-
nectivity matrix, which served as the blueprint for the physical
network realization introduced in Ref. [112]. The remaining
steps represent the specific contribution of the present work,
which involves, on the one hand, the introduction of progres-
sive damage of the connections of nodes on the physical board
inspired by synaptic failures to emulate neurodegenerative
processes, and, on the other hand, the dynamical analysis of
the network under damage based on time series recorded from
each node, thereby capturing the interplay between structural
damage and functional reorganization.

As mentioned previously, the network topology plays a
crucial role in shaping synchronization patterns, and, as such,
connectome-based or biologically derived networks are more
realistic and well suited for studying brain function and, con-
sequently, neurodegenerative disorders compared to regular
topologies and abstract models. Here, the structural con-
nectivity of the network was obtained from a mesoscopic
representation of a real biological culture of dissociated neu-
rons, which led to an undirected graph consisting of 59 nodes
and 1352 links.

As reported in Ref. [112], this network exhibits hallmark
features of small-world organization, with an average cluster-
ing coefficient of 0.73, an average shortest path length of 1.75,
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FIG. 4. Structural connectivity. (a) Adjacency matrix, with nodes
ordered according to the initial order of multielectrode array chan-
nels, (b) adjacency matrix with nodes sorted from lowest to highest
degree, allowing a better view of the distribution, and (c) graph
representation of the network with nodes labeled and laid out as in
the realized circuit board. Node diameter represents the structural
degree, whereas color encodes their betweenness centrality, and (d)
degree distribution.

a link density of 0.395, and a coefficient of variation of 0.7. It
shows a small-worldness coefficient of $ = 1.71 £ 0.07 (p <
0.001) computed as S = (C/Crang)/(L/Liana) [89], with C and
L, respectively, the average clustering coefficient and average
shortest path length of the culture-derived network, and Ciang
(0.40 £0.10, p < 0.001) and Lyang (1.60 £ 0.10, p < 0.001)
the corresponding values computed from an ensemble of 100
ER random networks [114] with matched size and density,
and with average degree of 22.9 & 3.7 (coefficient of variation
of 0.16). The culture-derived network under consideration
features a notable small-world organization alongside degree
heterogeneity.

Considering 100 generated WS small-world networks [17]
of identical size and density, these networks exhibited high
clustering (0.68 % 0.01) but substantially shorter path lengths
(0.75 £ 0.02) and extremely low heterogeneity (average de-
gree of 22 &+ 0.74, coefficient of variation of 0.03) compared
to the network under consideration. While the WS model
is classically associated with a small-world organization, it
fails to reproduce the heterogeneous degree distribution and
intermediate path length that characterize the culture-derived
network.

Figure 4(a) shows a representation of the adjacency matrix,
while Fig. 4(b) visualizes the adjacency matrix with the nodes
sorted in ascending degree order to allow a better visualization
of the distribution. Figure 4(c) illustrates the network with the
nodes arranged following the physical layout of the experi-
mental circuit board, in an 8 x 8§ grid-based coordinate system
with five excluded, as the network contains only 59 nodes
corresponding to the active electrodes used to record the ini-
tial neuronal culture [112]. This configuration was henceforth
chosen to maintain the spatial organization of the neuronal

culture. Nodes are labeled based on the 8 x 8 grid-based
coordinate system using an alphanumeric designation where
columns are indexed by letters (A—H) and rows by numbers
(1-8). Labels (Al, A5, A8, HI, H8), corresponding to the
unused coordinates, were removed. As observed, the network
contains a prominent number of nodes with a high number
of connections (hubs). Notably, in Fig. 4(c) where nodes are
colored according to their betweenness centrality, nodes B1,
B7, C3, C4, C5, D2, El, E4, F4, F6, G5, and H6 (degree 37,
49, 45,48, 29, 51, 36, 6, 45, 3, 6, and 43, respectively) possess
relatively high betweenness centrality, more marked for the
node D2 (degree 51), possessing the highest. These nodes may
therefore act as bridges, being critical for information flow
and resources. However, the disruption of nodes can reshape
the network structure, resulting in a shift in the nodes with
high betweenness centrality. Figure 4(d) shows the degree
distribution of the network, further illustrating its structural
heterogeneity. It shows a bimodal distribution consisting of
a large group of peripheral nodes having low connectivity
and a smaller set of nodes that are highly connected. This
configuration is evidently different from standard models,
such as ER or WS, which exhibit Poisson-like and peaked
distributions with limited variance, respectively. The degree
distribution observed from the designed network indicates a
level of complexity that cannot be characterized using simple
descriptors such as mean and standard deviation. This analysis
of the network topology suggests the existence of a core-
periphery organization, where a densely interconnected core
of high-degree (hub) nodes coexists with a sparsely connected
periphery of low-degree nodes. Such a structure underpins the
emergence of functionally distinct dynamical regimes across
the network, reflecting differences in synchronization propen-
sity and dynamical roles between core and peripheral regions.

B. Experimental setup

The dynamics of the network is driven by a simple au-
tonomous chaotic oscillator (Minati-Frasca circuit [115,116])
comprising a bipolar junction transistor, two inductors (L
and L), one capacitor (C}), a resistor (R), and a dc voltage
supply (V;). The inductors connect the base and collector of
the transistor to a junction point, which in turn routes current
through C; to ground and through R from the voltage source.
The corresponding circuit diagram is shown in Fig. 5(a).

In this circuit, chaotic oscillations arise from the mutual in-
teraction between two subcircuits: a relaxation-type oscillator,
driven primarily by the inductor L,, resistor R, and transistor
nonlinearity, and a damped resonator composed of L; and
C;. The relaxation unit emits pulses that periodically reset
the resonant subcircuit, whose decaying oscillations feed back
into the dynamics of the relaxation process. This bidirectional
interplay, particularly under conditions where neither subcir-
cuit dominates, produces persistent chaotic behavior. When
appropriately tuned, especially when L, far exceeds L, the
system reveals a period-doubling route to chaos as the resistor
R or the dc voltage supply (V;) is varied. The resulting dynam-
ics is rich and varied, ranging from limit cycles to oscillations
generating funnel-like attractors as spiking activity [116].

The pairwise coupling between oscillators in the network is
realized by a voltage-controlled coupling circuitry, operating
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FIG. 5. Constituent elements of the network and experimen-
tal setup. (a) Chaotic oscillator circuit instantiated to realize each
node in the network, (b) coupling circuit approximating a voltage-
dependent resistor between the coupled oscillator outputs V, and V,,
and (c) photograph of a prototype board with external interconnec-
tion wiring. The enlarged view on the right illustrates how damage is
implemented, as indicated in panel (b) by the scissors. (d) Network
board integrated into the overall experimental setup. Figure adapted
from Ref. [112] with permission from Elsevier.

as a tunable resistive link between two voltage nodes, denoted
V, and W, as illustrated in Fig. 5(b). The coupling circuit
comprises two n-type metal-oxide semiconductor transistors
(NX7002AKA, Nexperia BV), labeled M; and M,, arranged
in reverse series configuration: the source terminals of M,
and M, are, respectively, connected to V, and V,, while their
drain terminals are connected through a coupling capacitor
Cepl- This design suppresses unwanted current flow through
the body diodes of the metal-oxide-semiconductor field-effect
transistors (MOSFETS). Moreover, this symmetric topology
enables bidirectional conduction, allowing regulated flow of
current ic across the coupling capacitor Cep, which allows
decoupling the dc biases of the oscillators while facilitating in-
teraction exclusively through dynamic components of ic. The
coupling strength is tuned through an external gate voltage
V., which alters the effective conductance G of the transistors
[112,117].

Figure 5(c) shows the photo of a representative prototype,
including the external interconnection wiring, and Fig. 5(d)
shows the overall experimental setup. The hardware realiza-
tion of the network is based on a custom four-layer printed
circuit board that enables systematic separation of signal path-
ways, ground references, and distribution lines. In order to
minimize resistance and reduce interference, the nodes were
arranged in a regular matrix with long-range interconnections
that is routed orthogonally on separate layers. The global volt-
ages, which are necessary for the biasing of the oscillator and
for the modulation of the coupling parameter, were provided

via a programmable power supply. This is interfaced through a
general-purpose interface bus. The outputs of the nodes were
routed to a high-speed peripheral component interconnect
acquisition card, thereby enabling automated high-resolution
measurement.

Each oscillator was tuned to an operating point that en-
hances sensitivity to interactions across the network, that is,
near the transition zone between periodic and chaotic regimes.
The nominal values of the component were chosen as follows:
inductors L; = 4.7 mH and L, = 10 mH, and a capacitor
C = 22 nF. The resistor R and voltage source V;, key control
parameters of the chaotic oscillator, were fixed to 470 €2 and
3 V, respectively, to ensure the desired operating regime. The
coupling capacitor was set to Cep = 1 uF, and the external
gate voltage V., modulating the coupling strength, was varied
from 2 to 3 V in steps of 1/59 V. In the following sections, the
coupling strength is directly represented by the control voltage
V.. The detailed specifications on the experimental board are
available in Ref. [112].

III. EXPERIMENTAL MODELING
OF NETWORK DEGENERATION

In neurodegenerative diseases, brain regions do not stop
functioning all at once. The pathology accumulates gradu-
ally, and the brain regions transition through stages of partial
dysfunction, maintaining a certain level of activity while ex-
hibiting increasing impairment [118]. In other words, these
regions remain connected and responsive, yet operate with
reduced efficiency and altered dynamics. The disruption strat-
egy adopted in this study conceptually emulates such synaptic
weakening, while its electronic realization ensures a con-
trolled and progressive reduction of connectivity.

In the hardware implementation, each structural link of the
network is realized as a bidirectional MOSFET-based cou-
pling stage acting as a voltage-controlled resistor [Fig. 5(b)].
The conductance of this stage is dynamically modulated
by the gate bias voltage V. and increases monotonically
with the bias voltage, following a sigmoidal-like nonlinearity
as reported in Refs. [112,117]. At this level, the coupling
stages do not represent specific synaptic mechanisms, but
provide a controllable physical interaction through which
collective network dynamics can emerge. The gate termi-
nals of all MOSFETs corresponding to the links of a given
node are routed through a multiplexed control channel, al-
lowing centralized disruption of that node’s connectivity.
Selective damage was therefore implemented by isolating the
corresponding gate line, forcing the MOSFET into a high-
resistance (open circuit) state.

Additionally, on the board, each node was constructed
along with a proportion of its designated MOSFET-based
coupling stages, realizing connections built into it locally, and
the remaining were distributed among its neighbors across
the board (see Fig. 6). This choice was motivated primarily
by routing constraints. As a result, when a node is targeted,
all its MOSFET-based coupling stages are damaged. In this
way, the targeted node remains electrically active and par-
tially connected, but its effective participation in network
communication is compromised. Because each disconnection
also deprives the corresponding neighbors, the effect is both
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FIG. 6. Illustration of the disruption procedure in a simplified
star subgraph. (a) A hub node (center) connected to six peripheral
leaves, with three coupling units integrated within the hub (blue
rectangles) and the remaining realized in the leaves. (b) The hub
node is targeted for disruption, its internal couplings are disabled (red
rectangles and dashed red lines), while the hub remains electrically
active (undamaged link).

local and distributed, consistent with the cascading nature of
connectivity loss in the brain. This approach used to establish
connections in the proposed model provides a biologically
meaningful framework for emulating partial dysfunction by
preventing the instantaneous isolation of a node and thereby
promoting a gradual degradation of connectivity as seen in
disease progression. Indeed, it should be noted that neurons
possess axonal outputs (outgoing synapses) and dendritic
inputs (incoming synapses), and dysfunction often first mani-
fests as impaired transmission rather than a sudden loss of all
connectivity (inputs can still be received).

As mentioned earlier, the damage sequences are anatomi-
cally inspired, although highly abstracted. They evolve either
from hubs to peripheral nodes or from peripheral nodes to
hubs. This supports the modeling of different disease-specific
propagation patterns, such as core-to-periphery failure in AD
or periphery-to-core progression observed in ALS and PD. At
each step, one node is targeted according to the predefined
scenarios. Consequently, as disruption progresses, nodes that
were previously targeted indirectly begin to lose additional
connections in the subsequent steps during the targeting of
their neighboring nodes. This leads to a gradual reduction in
overall connectivity. The case of the single-node disruption
serves as a baseline for normal operation and allows for track-
ing of cascading effects across the network.

The experimental sequence started with a baseline condi-
tion in which all nodes were fully connected (V. applied to
every MOSFET gate). Disruptions were then applied step by
step from this initial state according to the selected scenario.
After each step, a time delay of a few seconds was allowed to
avoid transient regimes, and the time series corresponding to
the voltage v at each step from all 59 nodes were simultane-
ously recorded through the data acquisition card at a sampling
rate of 250 kS/s over a range of coupling strengths. This
process was automated to be iteratively repeated following

the sequence in each scenario. The recorded data were subse-
quently analyzed to trace how emergent collective behaviors,
such as synchronization, entropy, frequency, and graph-based
metrics, respond to alterations of the structural connectivity.

Figure 6 illustrates the disruption procedure in a simplified
star configuration. In this example, a hub is connected to
six leaves. The hub node is designed with three coupling
units (small blue rectangles), while the remaining connections
are realized within the leaves [Fig. 6(a)]. When the hub is
targeted, all its internal coupling units are disabled (red rect-
angles and dashed lines), as shown in Fig. 6(b).

IV. DATA ANALYSIS
A. Synchronization, entropy, and correlation coefficient

Let us consider X = [X|, ..., Xy], collecting all signals
recorded at each node of the network, quantifying the states
visited over time by the underlying dynamical system, with N
being the total number of nodes. To characterize the impact
of progressive node disruptions on network dynamics, mul-
tiple metrics, including phase synchronization, permutation
entropy, and cross-correlation coefficient, were employed.
Phase synchronization captures the consistency of the phases
of pairs of nodes over time. Permutation entropy quantifies
the dynamic complexity of the network. Finally, the cross-
correlation coefficient assesses the effect of the network’s
topology on its dynamics.

For each node pair {X;, X;}, phase synchronization was
assessed by computing the discrete-time analytic signals

vi) = X0 + X0 = A (1)
and ¢;(1), where j = /=T, with X" (1) = X:(t) — (Xi); ({- )
the temporal average) the mean-centered signal of node i

e © T . .
and Xi(o)(t) = %P_V. f_oooo X”IT(T)dr is the Hilbert transform of

Xi(o) (). P.V. denotes the Cauchy principal value of the integral
[119]. The instantaneous relative phase for the pair {X;, X} is
computed as

Agij(r) = arg[ei(t)g;(1)] )
and finally, the phase synchronization value is given by
rij = (/840 0), . 3)

From Eq. (3), the average synchronization of node i with all
other nodes in the network, r;, and the global synchronization
r, are, respectively, computed as

1 N
ri= —/——— Tij 4
N=1, 57 ’ @
and
1 N N
P I ®
i=1 j=1,j#i

Permutation entropy used here to quantify the complexity
of network dynamics captures the temporal irregularity of a
signal based on the distribution of ordinal patterns within the

time series [120,121]. For a time series X = x1, X2, . .., Xy,
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the permutation entropy is defined as

S pilog pi

Hn) =~ logn!

(6)
where p; represent the relative frequencies of the ordinal
patterns derived from the time series and n is the order of
the permutation entropy, which determines the length of the
ordinal patterns. Given the burstlike nature of the node’s local
dynamics, time-series local maxima are used in the computa-
tional process to reduce redundant information and enhance
sensitivity to eventlike dynamics. In this context, low entropy
values reflect regular and predictable activity, while high val-
ues indicate more complex and irregular dynamics.

The relationship between network topology and dynam-
ics is assessed by correlating the node degree distribution
with node-level permutation entropy values, thereby enabling
assessment of the relationship between node connectivity
and dynamical complexity. Similarly, the correlation between
node degree and average synchronization is computed to
evaluate how connectivity influences the ability of nodes
to maintain coherent activity across the network. These
relationships were quantified using Spearman’s rank cor-
relation coefficient p, measuring the association between
the node degree vector k = [ky, ks, ..., ky] and the two
nodewise metrics, i.e., the permutation entropy vector H =
[H, H,, ..., Hy] and the average synchronization vector r =
[r1, 2, ..., ry]. Notably, the Spearman’s correlation is com-
puted by replacing the raw values with their ranks and then
calculating the Pearson correlation [122] between the ranked
variables. This allows capturing linear or nonlinear monotonic
relationships between variables. Values of p range from —1 to
+1, with 0 meaning no correlation, +1 positively correlated,
and —1 negatively correlated.

B. Graph-based metrics from structural
and functional connectivity

To investigate how network organization evolves under the
progressive effect of damage, four fundamental graph-based
measures were evaluated, namely, the clustering coefficient,
the characteristic path length, the modularity, and the effi-
ciency. These measures were computed for both the structural
connectivity and functional connectivity graphs. The former
was derived directly from the neuronal culture connectivity
and represented as binary, undirected adjacency matrices,
and the latter was derived from pairwise synchronization
matrices after applying a threshold to suppress spurious
or noisy links, with the resulting networks represented as
weighted graphs. The thresholding procedure was based on
a percolation approach. This consists of initially setting
a high threshold and then gradually decreasing it till the
largest connected component spans all the nodes. This dual
analysis allows understanding how structural and functional
architecture (pairwise synchronization matrices) respond to
disruption. The four indicators provide complementary in-
formation on local segregation, global integration, modular
structure, and communication efficiency.

Let \V be the set of nodes and recall that N the number of
nodes. For functional networks, r;; denotes the weight of the
functional connection between nodes i and j (0 < r;; < 1),

while in structural networks, a;; indicates the presence (a;; =
1) or absence (a;; = 0) of a structural connection, with a; = 0
(no self-connection). Analogously, r; is manually set to zero
in functional graphs, removing the trivial information that 7;;
is always equal to 1 when i = j. The sum of all weight in the
functional graphis [ = ) i, jenr Tij» While the number of links
[ in the structural graph was computed using the same formula
but with 7;; = a;; and counting each undirected link twice, as
aij and a i+

The weighted clustering coefficient C* was used to evalu-
ate local segregation in the functional network by measuring
how neighboring nodes are interconnected and was computed
as the ratio of existing triplets (triangular connections) to
the total possible triplets. Notably, the average weight of
connections in each triplet was considered such that for a
vertex i [89],

1 2t¥
cY =— —_—, (7
N%WW—U

where k" =}, rij is the weighted degree of node i and

=1y nenTij i i) 3 the geometric mean of weighted
triangles around i. For the clustering coefficient C in the
structural graphs, the same formula applies with r;; = a;;.
The functional characteristic path length L* was computed
to assess the network functional integration by measuring the

average shortest path between all pairs of nodes [89],

1 . ) l.dl.“%
Lw —— E ZJGN,‘];E J , (8)
N “ N —1
ieN

where djj = Z(p, Degio,; f(rpq) is the shortest weighted path
length between i and j, g;..; denotes the geodesic between
i and j, and f(r,y) = 1/r, is the weight-to-length map-
ping adopted so that stronger synchronization corresponds
to shorter effective distance. For characteristic path length
L in the structural graphs, the same formula applies, with
flapy) =1if a,; =1, and oo otherwise, so that path length
counts the number of hops (a single step or transition from
one node to another adjacent node in path).

Furthermore, functional modularity Q% was computed to
evaluate the extent to which the network can be decom-
posed into distinct communities. The computation method
was particularly based on Louvain’s algorithm, consisting
of greedy optimization to maximize modularity of network
partition [123],

l k;l)klf(l
"= [n, - l—wf}smm )
i,jeN

where m; is the community membership and Sm;m; the
Kronecker’s delta. For structural graphs, modularity Q was
computed with the same formula, with r;; = a;;.

Finally, the efficiency was computed to quantify how the
network transmits information (in the structural graph) and
to measure the level of integration (in the functional graph)
at both global and local levels. Global efficiency from the
functional graph E* was computed as the average inverse
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shortest path length across all nodes [89]:

w -1
l Z Zje./\f,j#i (dij)

E"Y = ,
N N—1

(10
ieN

and local efficiency E?. was computed analogously at the

neighborhood level [89]:

1 1
D e
2 = kitki — 1)

Z (rijrih[dﬁz(Ni)]il)l/S-

J.heN, j#i
(1)

The same formula applies in the structural graph for the
global efficiency E and the local efficiency Ej,.. Again, in this
case, path length counts the number of hops.

These graph-theoretic measures have been extensively
used to characterize both structural and functional brain net-
works. In particular, the emergence of small-world properties
(high clustering combined with short path length) has been
documented in structural connectomes as well as in func-
tional networks derived from electroencephalography (EEG),
magnetoencephalography (MEG), and fMRI data, where it
is interpreted as reflecting an optimal balance between local
segregation and global integration [19,23]. All the aforemen-
tioned graph-based metrics were conducted in this study using
the Brain Connectivity Toolbox [89].

In the following section, nodes are sorted according to
their connectivity, from the lowest degree node to the highest
one, as illustrated in Fig. 4(b). For the single-node disruption
scenario, although the disruption sequence targeted one ar-
bitrarily chosen node at each step, the results are reordered
so that they reflect a progression from disruptions of the
lowest-degree node to the highest-degree node. This reorder-
ing facilitates direct comparison with the core-to-periphery
and periphery-to-core disruption sequences.

V. RESULTS

A. Synchronization and complexity shifts in the network

Figure 7 depicts the interplay between coupling strength
(Vo) and network topology. It provides an overview of how
the progressive alteration of network connectivity impacts
global synchronization and dynamic complexity. It is es-
sential to note that steps 1-60 represent the progression of
disruption events. For the core-to-periphery and the periphery-
to-core damage sequences, the number of disrupted nodes
at a given step is equal to the step index minus one, with
step 1 corresponding to the initial situation, where the net-
work is undamaged. However, this description does not apply
to single-node disruption, where exactly one node was dis-
rupted per step regardless of its degree, but in such a way
that by the final step each node in the network had been
damaged.

1. Baseline focal disruption: synchronization
and complexity signatures

The left panel shows results for the single-node disruption
condition, where a randomly selected node is damaged at each
step. As observed in Fig. 7(a), global phase synchronization
gradually increases with coupling strength. Furthermore, the

16
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FIG. 7. Global network metrics as a function of coupling
strength and disruption progression. (a) Average phase synchro-
nization, (b) difference in average phase synchronization between
connected [r] and unconnected [r*'] nodes, highlighting topo-
logical effects on synchronization, (c) permutation entropy, (d)
correlation between node degree and their permutation entropy, and
(e) correlation between node degree and their average phase syn-
chronization. From left to right: single-node, core-to-periphery, and
periphery-to-core disruption scenarios.

impact on global synchronization remains weak even with
the high-degree nodes (hubs) being disrupted. This translate
the inherent resilience of the network, which contains a
substantial proportion (*60%) of such nodes. In fact, the
distributed nature of these hubs prevents any single one from
critically compromising global coordination when disrupted.
Figure 7(a) further highlights that the disruption of nodes
having only a single neighbor [see Fig. 4(b)] leads to a slight
reduction in the global synchronization, as observed between
steps 2 and 10 (step 1 representing the undisturbed state, as
previously mentioned).

Figure 7(b) shows the global synchronization difference
between structurally connected and nonconnected nodes. It
provides insight into the influence of network topology on
synchronization dynamics. The latter is computed as

1 1

Ar=rD — 0 = A Zr,'j—lv Zrij, (12)

¢ ijeC uij¢c
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where r1) is the global synchronization of connected nodes,
) is the global synchronization between unconnected nodes,
C is the set of connected node pairs, N, is the number of
connected node pairs, and N, is the number of unconnected
node pairs. Three regimes are observed to emerge. The first
one being a weak coupling regime given by the range of
coupling voltage V, € [2.0, 2.15] V, where the synchro-
nization difference remains almost zero. It indicates that the
network’s dynamics cannot be significantly influenced by
either the structural connectivity or the coupling strength.
Thus, this regime reflects a completely desynchronized state
dominated by chaoslike fluctuations. The second regime is
an intermediate one with V, € [2.15, 2.3] V, where the syn-
chronization difference increases and peaks at approximately
V. = 2.2241 V. This peak marks the onset of topologically
driven synchronization, where structurally connected nodes
increasingly align their dynamics more strongly than uncon-
nected pairs. Finally, the third one is a strong coupling regime
Ve > 2.3 V, where the synchronization difference decreases
and returns close to zero. In fact, the system is observed
to tend toward a fully synchronized state here. This can be
justified by the fact that the coupling strength dominates and
enforces global coherence across the network, regardless of
the topological structure.

Figure 7(c) shows the entropy of the network dynamics
that captures the system’s overall complexity. Two distinct
regimes emerge. A region of weak or intermediate coupling
strength, corresponding to low synchronization, where the en-
tropy remains high. This indicates rich, disordered dynamics
characteristic of strong chaotic behavior among nodes. The
second one is a strong coupling regime, which is characterized
by low entropy due to the emergence of more predictable
behavior, which in turn facilitates synchronization. Remark-
ably, a localized decrease in entropy is observed within the
intermediate coupling range V. € [2.15, 2.3] V, the same
regime identified earlier where synchronization is strongly
influenced by topology. This highlights that the interplay
between node dynamics and network topology shapes the
onset of different levels of synchronization in nodes with
diverse topological characteristics within this transition win-
dow. Moreover, for V. > 2.5 V, the sustained decline in
entropy reflects a progressive loss of dynamical complexity
of nodes, contributing to the full synchronization observed in
this regime.

Figure 7(d) provides insights into how network topology
influences the dynamical complexity of individual nodes,
revealing a complex relationship between node degree and
entropy. Notably, throughout the analysis it was found that
while some hub and low-degree nodes tended to exhibit high
entropy, others exhibited lower entropy. More specifically,
in the regions of low entropy, typically corresponding to
moderate or strong synchronization, a propensity for positive
correlations is observed, indicating that hub nodes exert a
dominant influence in the resulting collective dynamics. In-
terestingly, the transition region in the intermediate coupling
regime, where the synchronization is topologically driven,
shows a substantially higher correlation (p = 0.9). For higher
entropy regions, a propensity for negative correlation is ob-
served, revealing that hubs no longer exert dominant control,
and dynamic complexity is more evenly distributed across the

network. Notice that in certain cases this negative correlation
is even pronounced, reaching p =~ —0.8, revealing an in-
verse situation where the peripheral nodes have more complex
dynamics.

Figure 7(e) corroborates these findings. It shows a strong
positive correlation between node degree and synchronization
at intermediate coupling strengths. This effect is pronounced
particularly in the transition region, where node topological
features govern the synchronization. Moreover, this corre-
lation remains stable across damage steps. Because strong
couplings enhance network synchronization while reducing
entropy, it can be inferred that the synchronization of certain
peripheral nodes increases due to the reduced complexity of
the node dynamics, hence the lower correlation observed.
Conversely, at lower values of coupling, even the hub nodes
struggle to synchronize due to their higher intrinsic complex-
ity, which is also reflected by the entropy. Thus, it leads to
weakening of their influence on global dynamics.

2. Progressive network degradation: topology-driven
transitions and resilience

In the middle panel of Fig. 7, nodes are progressively dam-
aged in a targeted manner, starting from the most connected.
As previously noted, this targeted progression of damage
generically reflects the vulnerability patterns observed in
neurodegenerative diseases such as AD [32,45,47,55,66,81].
During the initial phase, ranging from the intact state to the
disruption of a few hub nodes, the global synchronization pro-
file remains comparable to the single-node damage case for
the entire range of the coupling strength [Fig. 7(a)]. However,
as high-degree nodes are successively disrupted, the interme-
diate synchronization regime observed at moderate coupling
progressively shifts to higher coupling strengths following a
trajectory reminiscent of a square-root function. This reflects
a nonlinear reorganization of functional connectivity in re-
sponse to structural damage. Such a pattern highlights the
compensatory role of coupling strength in maintaining syn-
chronization as damage accumulates, until the ultimate step
at which the most critical node is disrupted. Specifically, after
approximately 35 nodes (mainly those with degrees above the
network mean degree) are disrupted, complete desynchroniza-
tion occurs, regardless of the coupling strength. This collapse
emphasizes the central role of high-degree nodes as essen-
tial integrators that sustain global functional connectivity and
facilitate the transmission of information across the network
[55]. Notably, a subtle increase in synchronization is observed
in weak coupling regimes following the disruption of around
ten nodes, further highlighting the functional reorganization
of the network.

The synchronization difference between connected and
unconnected nodes [Fig. 7(b)] reflects the topology-driven
effects already visible in the global phase synchronization
patterns. As the coupling strength increases, the difference
gradually intensifies and reaches its maximum around V, =
2.43 V. Figure 7(c) shows that for strong couplings, the
entropy of the network remains low throughout the early
phases of disruption progression as long as a high level of
synchronization is maintained (until the perturbation of about
15 nodes). In contrast, for lower levels of synchronization
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as well as for completely desynchronized states, the entropy
values are seen to be relatively high. In particular, they are
observed before the disruption of the majority of hubs. As
more hubs are disrupted, entropy steadily declines, indicating
a progressive loss of dynamic complexity in the network,
which becomes incapable of sustaining diverse activity pat-
terns. Furthermore, the correlation between node degree and
entropy [Fig. 7(d)] reveals a propensity for weak positive
correlation in the very low entropy regions observed in the
strong coupling regime and negative correlation in regions
with higher entropy, as observed in the single-node damage
scenario. Especially, a high positive correlation (lower than
in the single-node case) is observed around and along the
curve marked by a moderate synchronization level in the
parameter space, belonging to the transition region from low
to high coupling regime and from moderate or sustainable
damage to complete breakdown of the network, which de-
lineates the regime of high synchronization and complete
desynchronization. This indicates that hubs in this region,
even when structurally compromised, likely retain more ir-
regular dynamical activity than peripheral nodes until the
network collapses. After the collapse, this correlation first
drops to zero regardless of the coupling strength, after which
it slightly increases before decreasing again to zero when
all nodes become isolated. As shown in Fig. 7(e), the most
connected nodes have a higher propensity for synchronization
when the coupling is moderate, even if the network suffers
some damage. Conversely, this correlation weakens when the
coupling is too weak (the nodes interact little) or too strong
(all the nodes synchronize uniformly). However, as disruption
progresses, the correlation between degree and node average
synchronization diminishes and eventually becomes null or
even negative, particularly once most hub nodes are disrupted.
While this reversal in the sign of the correlation occurs more
rapidly in the weak coupling regime, high positive correlation
is observed until the damage of approximately 15 nodes, em-
phasizing the central role of hubs in maintaining topological
influence on synchronization.

The right panel shows the results of the periphery-to-core
damage sequence. This scenario of node disruption mirrors
the impairment observed in diseases such as PD or ALS, in
which the pathology originates in peripheral or subcortical
regions before affecting the integrative cortical hubs [45]. In
this case, contrasting with the targeted disruption of hubs,
which induces early and disproportionate disruption of global
dynamics, the observed delayed collapse highlights that while
low-degree nodes contribute to the global coordination, their
influence is less distributed, thereby preventing the cascading
breakdown observed in the core-to-periphery scenario. This
further supports the crucial role of hubs as integrative struc-
tures that maintain coherence and synchronize distributed
activity across the network. Additionally, before the onset of
critical disruption at which the network collapses, the overall
synchronization remains lower than in the core-to-periphery
damage sequences and declines more gradually as more nodes
are disrupted [Fig. 7(a)]. This paradoxical observation sug-
gests that some nodes, although peripheral and not critical for
the network coordination, contribute to the network’s synchro-
nization in a way that is not immediately compensated for by
the remaining nodes.

Figure 7(b) shows that the synchronization difference be-
tween connected and unconnected node pairs remains high
within both the intermediate coupling regime and the strongly
synchronized regime under high coupling. This implies that
both coupling strength and network topology continue to
coregulate synchronization in the network. As in previous
cases, Fig. 7(c) shows low entropy values in regimes of high
synchronization and after full network collapse, supporting
the observation that synchronization becomes more difficult
to achieve, the network being almost completely disconnected
in this case.

In Fig. 7(d), which shows the correlation between node
degree and entropy, similar observations to those made in the
previous scenarios can be noted. In particular, a high positive
correlation is still observed around and along the boundary
curve in the parameter space, marked by a moderate synchro-
nization level, as observed in the previous cases. Finally, in
Fig. 7(e), strong positive correlations between node degree
and node average synchronization are observed at intermedi-
ate coupling strengths. However, this correlation continuously
decreases as the progressive disruption of high-degree nodes
occurs, similar to the core-to-periphery damage sequences.
High correlations are also observed in regions of strong cou-
pling prior to the critical step that causes network collapse.
This is consistent with the finding that, in many networks,
strong coupling promotes synchronization, with the efficacy
being determined by the underlying structural organization of
the network [119].

3. Summary

All these analyses reveal a consistent observation; that
is, the interplay between topology and coupling strength
jointly shapes the resilience and complexity of synchro-
nization within the network. Peripheral damage, whether in
single-node or periphery-to-core disruption, highlights that
even weakly connected nodes contribute to the network’s
overall synchronization, as one might expect, since their dis-
ruption rapidly isolates them and makes synchronization more
difficult to achieve. In contrast, the core-to-periphery scenario
initially compromises the densely interconnected core; how-
ever, the redundancy of high-degree nodes’ connections keeps
the network connected and sustains synchronization until a
large fraction of the nodes are disrupted. This explains why
synchronization remains stronger in core-to-periphery dam-
age sequences than in periphery to core before the network
collapses. Overall, high-degree nodes act as critical integra-
tors sustaining global information flow, and their disruption
triggers abrupt desynchronization. It is found that coupling
strength preserves synchronization, acting as a key modula-
tor of resilience. Entropy analysis further reveals a complex
interplay: While coupling strength shapes node dynamics, net-
work topology further modulates these patterns as observed
during core-to-periphery and periphery-to-core damage se-
quences, where the disruption of high-degree nodes leads to
the emergence of high entropy in strong coupling regimes
(low in the single-node scenario). Notably, once extensive
high-degree nodes are disrupted, causing the network to col-
lapse, the entropy drops regardless of the coupling strength.
Moreover, high-degree nodes consistently exhibit stronger
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FIG. 8. Nodewise metrics in terms of the disruption progression
at V. = 2.2241 V. (a) Average phase synchronization, (b) permuta-
tion entropy, and (c) average phase synchronization and entropy’s
corresponding correlation coefficients with degree. From left to
right: single-node disruption, core-to-periphery, and periphery-to-
core damage sequences.

synchronization and elevated entropy in the intermediate cou-
pling regime, and, in particular, in the region of moderate
synchronization, underscoring their dual role as drivers of
coherent yet dynamically rich collective behavior.

B. Node-level contribution to network
synchronization and dynamic complexity

The analyses presented in Fig. 7 focused on global net-
work metrics, offering an overview of synchronization and
dynamical complexity as functions of disruption progression
and coupling strength. To gain deeper insights into the con-
tribution of individual nodes to the network resilience and
failure, a finer node-level analysis was performed. Two spe-
cific coupling strengths were examined, i.e., V, = 2.2241 V
and V, = 2.7586 V. In the former, synchronization is strongly
governed by node topological properties, while the latter rep-
resents a strong coupling regime.

1. Intermediate coupling regime: topology-driven synchronization
and entropy dependencies

Figure 8 presents the results for the intermediate cou-
pling case (V. =2.2241 V). As observed in the left panel
[Fig. 8(a)], for the single-node disruption scenario, the
average synchronization of each node is preserved through-
out the steps. Also, the least connected nodes show weak
synchronization even in the absence of damage. In the core-
to-periphery and the periphery-to-core damage sequences
(middle and right panels), the synchronization levels of the
most connected nodes (those forming the functional core) pro-
gressively decline as damage accumulates. Specifically, the
targeted node shows a marked drop in synchronization while

the remaining nodes experience a more moderate decline. This
reflects the combined effects of local degradation and global
propagation resulting from structural damage. This pattern is
clearly visible in the heatmaps, where the effect of separation
observed in the diagonal or antidiagonal due to the decrease in
synchronization intensity is representative of node disruption.
Indeed, when a node is disrupted, it becomes less synchro-
nized with respect to the other nodes. In the single-node case,
the antidiagonal highlights the localized effects of the loss of
synchronization of the disrupted nodes with the rest of the
network. In contrast, in the other two scenarios, these effects
propagate with the progress of disruption since the nodes
remain disrupted. The diagonal or antidiagonal accounts for
the direction of the disruption sequence (core to periphery
or periphery to core). The emergence and expansion of low-
synchronization regions across the heatmap illustrate the role
of structural deterioration in driving the spatial redistribution
of synchrony.

Furthermore, the low-synchronization level observed in
weakly connected nodes, even when they are not disrupted,
emphasizes the central role of hubs in maintaining network
synchronization, as predicted in Fig. 7. Generally, synchro-
nization increases with node degree across all disruption
scenarios. However, with the progressive disruption of the
hubs, the compensatory capacity of the network eventually
declines. Nonetheless, even with the residual synchronization
persisting for a limited number of disruptions, the system
ultimately collapses as topological redundancy is exhausted.

The patterns of entropy in individual nodes reveal intricate
dependencies on node degree and disruption scenario. Under
the single-node disruption scenario, most nodes retain high
entropy regardless of whether they are damaged or not, and
only subtle reductions are observed in some nodes. Notably,
when a node with only a single connection (degree = 1) is
damaged, a striking localized effect occurs: either the entropy
of the targeted degree-1 node decreases or the one of another
degree-1 node, eventually not directly connected to the tar-
geted one, as highlighted by the dark blue points in the left
panel of Fig. 8(b). This indicates the presence of nontrivial
long-range dependencies in the network dynamics.

While in the core-to-periphery damage sequences (middle
panel), the entropy of nodes remains high and only starts
decreasing after the network has collapsed; the periphery-to-
core scenario (right panel) exhibits a combined effect of the
single-node and core-to-periphery scenarios. As low-degree
nodes (especially degree-1 nodes) are progressively disrupted,
they undergo a drop in entropy almost in a similar way as
observed in the single-node scenario; i.e., the disruption of
some of these nodes triggers the drop in entropy in oth-
ers not yet being disrupted (node 9 clearly exemplifies this
situation, showing an early drop of entropy). However, un-
like in the single-node scenario, these drops persist through
subsequent steps because previously damaged nodes remain
or even worsen. Entropy declines more gradually, similar
to the core-to-periphery damage sequences. However, even
after the complete loss of synchronization, entropy remains
high for several steps before decreasing substantially. This
lag suggests a delayed degradation of dynamic complexity.
Figure 8(c) provides the correlation between node degree and
phase synchronization and entropy. The previous observations
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FIG. 9. Nodewise metrics in terms of the disruption progression
at V., = 2.7586 V. (a) Average phase synchronization, (b) permuta-
tion entropy, and (c) average phase synchronization and entropy’s
corresponding correlation coefficients with degree. From left to
right: single-node disruption, core-to-periphery, and periphery-to-
core damage sequences.

reveal that although low-degree nodes contribute minimally to
network-wide information processing, they play a dispropor-
tionate role in maintaining local dynamical diversity.

2. Strong coupling: abrupt collapse and entropy variability

At a slightly higher coupling strength, V. = 2.7586 V, the
average synchronization of each node in the network increases
due to high connectivity (strong coupling), as illustrated in
Fig. 9. In the single-node disruption scenario (left panel), all
nodes maintain a high level of synchronization, regardless of
which node is damaged.

For the core-to-periphery and periphery-to-core damage
sequences (middle and right panels, respectively), the network
demonstrates higher resilience, preserving synchronization
even as increasingly high-degree nodes are disrupted. How-
ever, this higher resilience conferred by high connectivity has
drawbacks: a sudden collapse in synchronization and dynamic
complexity occurs once the critical disruption threshold is
exceeded. The sharp decline in entropy accompanying the
synchronization loss in this case indicates a simultaneous loss
of functional integration and dynamic complexity, in contrast
to the previous case at lower coupling strengths, where degra-
dation in dynamic complexity was delayed. Furthermore, the
diagonal and antidiagonal features of the synchronization pat-
terns can still be observed, and their effect appears to be
more pronounced for the nine degree-1 nodes. Additionally,
significant fluctuations in node entropy are observed for all
three scenarios, depending on whether the disrupted node is a
high- or low-degree node. The observed entropy fluctuation
reflects an increased instability in the network’s functional

reorganization. Figure 9(c) provides the correlation between
node degree and phase synchronization and entropy.

The correlation coefficients in Figs. 8(c) and 9(c) reveal
a clear interplay between node degree, entropy, and phase
synchronization, which was challenging to discern in the pa-
rameter sweep of Fig. 7. Moreover, the entropy fluctuations
observed in Fig. 9(b) are reflected in the variability of the
correlation between node degree and both phase synchro-
nization and entropy shown in Fig. 9(c). This contrasts with
the smoother trends observed at the lower coupling strength
in Fig. 8(c). Furthermore, in contrast to Fig. 8(c), the high
propensity for a negative correlation between node degree and
entropy observed for strong coupling in Fig. 9(c) reveals that
hub nodes morphed their role as regards the complexity of the
dynamics, almost swapping with peripheral nodes.

3. Pairwise synchronization and modular reorganization

Pairwise synchronization across the nodes provides in-
sights into the role of disruptions to structural connectivity
in reshaping functional interactions. Indeed, it allows for the
identification of localized effects along with the dynamic re-
organization of functional modules. Moreover, these pairwise
synchronization matrices constitute the foundation for sub-
sequent graph-theoretical analyses. Figures 10 and 11 show
the pairwise synchronization matrices across nodes for V, =
2.2241 V and V, = 2.7586 V, respectively. In both figures,
the first column corresponds to the single-node disruption
scenario, while the second and third columns depict the
core-to-periphery and periphery-to-core damage sequences,
respectively.

In all scenarios studied, it is consistently observed that net-
work topology strongly influences synchronization patterns.
High-degree nodes tend to synchronize more strongly with
each other to form a tightly integrated core, while weakly con-
nected nodes display a low pairwise synchronization index.
However, such a functional organization is largely preserved
under the single-node disruption scenario since the damage is
localized. Consequently, the influence is quite limited on the
broader network synchronization pattern.

In the second column, synchronization between all node
pairs gradually decreases as disruptions progress, reflecting
the gradual disintegration of global connectivity. As disrup-
tions continue, the highest synchronized group of nodes,
mainly composed of hubs, begins to fragment (starting from
step 15) and forms localized clusters in which synchroniza-
tion is maintained. The observed fragmentation occurs due
to the deactivation (loss of synchrony) of intermediate-degree
nodes (considered as hubs with degree slightly greater than
the network mean degree), specifically spanning nodes 35—
48 (D6, E2, E3, C7, H2, H3, A6, D7, E7, A4, B2, B3,
El, BI, respectively). The resulting clusters extend between
nodes 25-35 (F2, C8, G2, B6, B8, E6, A7, G3, C5, F3,
D6, respectively) and 48-59 (B1, F5, F1, G7, H4, G8, H6,
C3, F4, C4, B7, D2, respectively), which preserve moderate
synchronization both internally and with each other, meaning
that they remain functionally connected. At this stage, approx-
imately 24 nodes are effectively disrupted, including nodes
35-48 [Fig. 8 (middle panel)]. However, our simulations re-
vealed that the breakdown of the subnetwork composed of
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FIG. 10. Pairwise synchronization matrices at V, = 2.2241 V.
Panels (a)—(f) correspond to disruption steps 1, 5, 15, 25, 35, and 45,
respectively. In each panel, from left to right: single-node disruption,
core-to-periphery, and periphery-to-core damage sequences.

intermediate-degree nodes does not occur abruptly following
the disruption of all its constituent nodes but instead, unfolds
progressively with the sequential damage to individual nodes
(data not shown). Finally, as additional nodes are damaged
beyond this threshold leading to fragmentation, intracluster
and intercluster synchronization progressively deteriorates,
ultimately culminating in the collapse of global network co-
ordination.

As shown in the right column, a distinct pattern emerges in
the periphery-to-core scenario. With the low-degree nodes be-
ing gradually disrupted, the level of pairwise synchronization
between them and the rest of the network gradually decreases,
while the remaining nodes maintain a large and cohesive
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FIG. 11. Pairwise synchronization matrices at V., = 2.7586 V.
Panels (a)—(f) correspond to disruption steps 1, 5, 15, 25, 35, and 45,
respectively. In each panel, from left to right: single-node disruption,
core-to-periphery, and periphery-to-core damage sequences.

synchronized cluster. Unlike the core-to-periphery scenario,
this cluster size shrinks as more nodes are disrupted and does
not fragment into smaller communities until very late-stage
damage (data not shown). This observation underscores an
important difference in the network’s responses to the dif-
ferent disruption scenarios. It reveals that cluster formation
is not solely a consequence of node loss, but rather of the
strategic disruption of structural bottlenecks (central nodes),
whose disruption in a specific condition catalyzes a structural
partitioning and a profound functional reorganization of the
network. In this case, nodes 25-45 (F2, C8, G2, B6, BS,
E6, A7, G3, C5, F3, D6, D6, E2, E3, C7, H2, H3, A6, D7,
E7, A4, B2, respectively) retain a relatively higher level of
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synchronization throughout the disruption progression com-
pared with the core-to-periphery scenario. Nevertheless, as the
disruption progresses, the loss of available structural pathways
leads to a steady degradation of network synchrony, ultimately
leading to a complete breakdown of network synchrony.

The same analysis was performed for the higher coupling
strength, and the results are presented in Fig. 11. While a
qualitatively similar pattern of synchronization is seen to
emerge, several key differences can be observed. First, syn-
chronization remains higher for the three scenarios, including
among peripheral nodes. However, as disruptions accumulate,
degradation becomes more abrupt, and the network ultimately
loses long-term integrity (data not shown).

Under the core-to-periphery scenario, the region spanning
nodes 28-43 (B6, B8, E6, A7, G3, C5, F3, D6, D6, E2,
E3, C7, H2, H3, A6, D7, E7, respectively) becomes func-
tionally disconnected from the rest of the network. However,
the emerging clusters preserve relatively high synchronization
levels both internally and with each other, even among weakly
connected nodes. Further disruptions lead to the emergence of
smaller clusters consisting of peripheral and highly connected
nodes. While a high synchronization persists both within and
between these clusters, the remaining nodes are found to be
entirely desynchronized. Notably, pairwise synchronization
levels between some weakly connected nodes are observed
to increase at intermediate stages. This can be observed in
Figs. 11(a) and 11(b), which illustrates the transition from the
state of no damage to the state where four hub nodes have
been disrupted.

In contrast, the periphery-to-core scenario generally re-
veals more resilience of the network, although the network
remains vulnerable to local damage, as evidenced by the
abrupt drop in synchronization between the least connected
nodes (especially degree-1 nodes) and the rest of the network.

4. Summary

Summing up, the node-level analyses provided substan-
tial information. Disrupting degree-1 nodes causes entropy
to drop in distant nodes, uncovering hidden long-range de-
pendencies. Therefore, peripheral nodes are found to be
determinant in maintaining local dynamic diversity. More-
over, a delayed degradation of dynamic diversity, persisting
after the network collapses, is clearly observed at intermediate
coupling. This is not observed for strong coupling, where the
collapse of the network almost simultaneously suppresses the
nodes’ diversity. Furthermore, apart from the sudden drop of
entropy observed in the case of strong coupling, the effect
of damage on nodes’ synchronization is clearly reflected in
their entropy. Pairwise synchronizations finally highlighted
the early emergence of functional modules (cluster synchro-
nization) through the core-to-periphery scenario, revealing
that the emergence of such clusters results from a strategic
disruption of nodes with high degree/betweenness centrality.

C. Spectral analysis and time series
1. Global spectral shifts toward low frequency

The spectral analysis of the network under progressive
damage reveals marked alterations in spectral content, as
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FIG. 12. Global and local spectral metrics based on centroid and
dominant frequencies. (a) Average of the centroid frequencies across
all nodes as a function of coupling strength and the progression
of the disruption. The centroid frequency was computed from the
spectra after removing frequency components above 60 kHz, which
were considered meaningless due to their extremely low contribution
to the power spectrum. (b) Average dominant frequency across all
nodes as a function of coupling strength and the progression of the
disruption. (c), (d) Nodewise variation of the dominant frequency as
a function of the progression of the disruption for V, = 2.2241 V and
V. =2.27581 V, respectively. From left to right: single-node dis-
ruption, core-to-periphery, and periphery-to-core damage sequences,
respectively.

shown in Fig. 12. Both the centroid and dominant frequencies
(averaged across all nodes) were evaluated as functions of
coupling strength and the progression of disruption.

As shown in Fig. 12(a), the centroid frequency is sensitive
to coupling strength and decreases progressively with damage
in the core-to-periphery and the periphery-to-core scenarios.
This decrease in the centroid frequency appears earlier for
the core-to-periphery scenario, reflecting the sharper dynamic
breakdown. In contrast, the single-node disruption scenario
shows a relatively stable centroid frequency across steps.

The corresponding distributions of dominant frequencies
[Fig. 12(b)] further emphasize the shift in spectral content
toward the lower frequency bands. Additionally, these pat-
terns closely mirror the synchronization trends observed in
Fig. 7(a). In the single-node and periphery-to-core scenarios,
high-frequency components are preserved longer during the
disruption progression. In contrast, in the core-to-periphery
scenario, the dominant frequency drops rapidly. Such a drop in
frequency becomes particularly pronounced at the critical step
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where the network collapses, thus reflecting its fragmentation
into sparsely connected modules. However, regardless of the
coupling strength, a slight rebound of the dominant frequency
is observed beyond this transition. This suggests a spectral
homogenization linked to the structural disintegration. Indeed,
the nodes decouple and oscillate independently. For very low
coupling strengths in the core-to-periphery scenario, a small
increase in dominant frequency is observed around the disrup-
tion of approximately ten nodes. This local peak corresponds
to a transient increase in synchronization, as noted previously
in Fig. 7(a).

2. Node-level spectral differentiation

Figures 12(c) and 12(d) show the evolution of the dom-
inant frequency at the node level for V, = 2.2241 V and
V. = 2.7586 V, respectively. The trends observed in the syn-
chronization patterns of Figs. 8(a) and 9(a) are also reflected
here in the nodes’ dominant frequencies as the disruption
progresses. Hub nodes are seen to possess a substantially
higher dominant frequency compared to peripheral nodes. The
dominant frequency is therefore highly representative of the
dynamical role of the nodes in the network. However, as cou-
pling increases, the frequency of these peripheral nodes also
increases, revealing frequency convergence due to synchro-
nization. Additionally, as disruptions progress the dominant
frequency at each node decreases in accordance with the
trends in Fig. 12(b), further indicating that the overall slowing
down of dynamics accompanies functional degradation.

Figure 13 shows the spectrograms (averaged over the spec-
tral content of the nodes) of the top 10% highest-degree
nodes (hubs) and bottom 10% lowest-degree nodes (periph-
eral) corresponding to the two chosen representative coupling
strengths: V. = 2.2241 V and V, = 2.7586 V. It provides ad-
ditional insights that complement and reinforce the entropy
findings reported earlier.

Across all disruption scenarios for V., =2.2241 V
[Fig. 13(a)], hubs and peripheral nodes generally exhibit a
broad spectral content in the initial steps, despite notable
differences in spectral power. This power is more concentrated
in three specific frequency bands in the peripheral nodes,
but more distributed for hubs. This profile is almost main-
tained for the single-node scenario throughout the disruption
progression. However, while for the periphery-to-core sce-
nario these peripheral nodes lose their complexity early, they
keep elevated complexity longer as disruption progresses in
the core-to-periphery scenario. These observations emphasize
once more that peripheral nodes contribute more significantly
to maintaining dynamic complexity than their limited con-
nectivity might suggest, which is also consistent with the
observations made on the evolution of entropy in Fig. 8(b).
Notice that the 10% least connected nodes considered are
composed essentially of degree-1 nodes, explaining the loss
of the spectral content richness from step 10.

At higher coupling strength V., = 2.7586 V [Fig. 13(b)],
the differences in spectral content between hubs and periph-
eral nodes diminish in the single-node and core-to-periphery
scenarios, revealing the convergence in dynamical behavior
driven by stronger coupling (synchronization effect). This
effect is not directly observed here in the periphery-to-core

10% Hub nodes

10% Hub nodes 10% Hub nodes

10% LCN

. Magnitude /dB

10% LCN

0 10% LCN nodes

o -
(b) 1 10 20 30 40 50601 10 20 30 40 50 601 10 20 30 40 50 60
Step Step Step

FIG. 13. Average amplitude spectrum from nodes in the top 10%
most connected (hubs) and bottom 10% peripheral or least connected
nodes (LCN) across the progression of the disruption for (a) V., =
2.2241 V and (b) V., = 2.7586 V. From left to right: single-node dis-
ruption, core-to-periphery, and periphery-to-core damage sequences,
respectively.

scenario since degree-1 nodes are quite isolated after their
disruption. Again, the rich spectral content is largely pre-
served under single-node disruption. However, in the core-to-
periphery scenario, the spectral richness deteriorates as soon
as a substantial number of hubs are disrupted, thus reflecting
the network’s functional collapse. Notice that in this strong
coupling regime, even the disruption of a single node can
lead to marked spectral depletion. This counterintuitive effect
observed in single-node disruption as well as in the early
and late phases of both the core-to-periphery and periphery-
to-core scenarios highlights the increased vulnerability of
the network at high coupling strengths, despite synchroniza-
tion remaining robust. Remarkably, the spectrograms of both
core-to-periphery and periphery-to-core scenarios also reveal
partial network reorganization, as evidenced by the transient
preservation of broad spectral content despite damage. The
observed depletion in local spectral content aligns closely
with the entropy trends, as shown in Fig. 9(b).

3. Temporal signatures of degradation: increase
in amplitude and loss of variability

Figure 14 illustrates the time series of selected represen-
tative nodes at V. = 2.2241 V, taken at disruption step 5
(early), step 25 (intermediate), and step 45 (more advanced).
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FIG. 14. Time series of some representative nodes for V., =
2.2241 V. Left to right: single-node, core-to-periphery, and
periphery-to-core scenarios, respectively. Panels (a)—(c) are steps 5,
25, 45, respectively. v, the output voltage across nodes.

The mentioned time series reveal the spiking activity across
the network and also highlight the contrasting degradation
patterns that are observed across the three damage scenarios.
Globally, there is a propensity for low-degree nodes and es-
pecially degree-1 node to produce more recurrent and large
spikes compared to high-degree nodes. This trend remains
consistent across all scenarios and is particularly evident in
the single-node disruption case.

During the early disruption stage [Fig. 14(a)], all three
scenarios preserve prominent oscillatory spiking with clear

amplitude variability (except the isolated degree-1 node in
the periphery-to-core scenario), although signs of dampening
begin to appear in the core-to-periphery scenario. At the in-
termediate stage [step 25, Fig. 14(b)] the core-to-periphery
scenario displays markedly reduced waveform amplitude in
higher-degree nodes, indicating a loss of power. By step 45
[Fig. 14(c)], all the chosen nodes exhibit periodic spiking
dynamics except the most connected node (node 59), which
still retains a certain level of variability. The observed pe-
riodic spiking activity is indicative of decoupled dynamics
and network collapse. In contrast, in the periphery-to-core
scenario, nodes retain spiking oscillations with amplitude
variance throughout the progression of the disruption, but with
a marked decrease in the baseline oscillations. In particu-
lar, the selected degree-1 node in this condition effectively
maintains its dynamics, exhibiting shorter interspike intervals
(more regular spiking) as damage progresses.

4. Summary

In short, spectral signatures provide a clear and com-
plementary fingerprint of neurodegenerative processes that
goes beyond synchronization and entropy, namely, the shift
of the spectral content toward low-frequency domains. The
dominant and centroid frequencies consistently highlight this
trend. In particular, the core-to-periphery scenario produces
the earliest and most pronounced downward shift in frequen-
cies, accompanied by a rapid loss of spectral richness. In
contrast, single-node and periphery-to-core scenarios preserve
high-frequency components and spectral richness longer. Un-
like intermediate coupling, small structural damage induces
pronounced spectral depletion for strong coupling, consistent
with entropy analysis. Moreover, node-level spectrograms and
time series reveal complex dynamics. Both high-degree and
low-degree nodes show richer spectral power before the col-
lapse of the network, except the degree-1 nodes that become
isolated in the early stage of the disruption in the periphery-
to-core scenario. As a result, low-degree nodes contribute
disproportionately to dynamical complexity and show height-
ened excitability, evidenced by shorter interspike intervals and
larger spikes.

D. Graph-based metrics from structural
and functional connectivity

To characterize the evolution of functional connectivity
organization, we computed graph-theoretical measures from
the pairwise synchronization matrices obtained at each step
of the disruption procedure. As mentioned previously, the
percolation threshold was applied to the synchronization ma-
trices to retain weak yet reliable interactions while excluding
spurious correlations. This approach allows the capture of
the progressive degradation of the network. All subsequent
analyses were performed on weighted, thresholded adjacency
matrices for functional networks. Additionally, equivalent
graph-theoretical measures were also computed directly from
the structural adjacency matrices after removing the damaged
links, as detailed in the following paragraph.

Figure 15 shows the evolution of four key topological met-
rics as a function of the coupling strength V., under the three
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FIG. 15. Graph-based metrics from functional connectivity, de-
rived from thresholded pairwise phase synchronization matrices.
Panels (a)-(d) show modularity, clustering coefficient, efficiency, and
characteristic path length, respectively. From left to right: the single-
node disruption, core-to-periphery, and periphery-to-core scenarios,
respectively.

disruption scenarios. These metrics are modularity, clustering
coefficient, efficiency, and characteristic path length.

1. Functional graph-based metrics

Modularity [Fig. 15(a)] quantifies the degree of commu-
nity structure in the functional network. At weak coupling
strengths, modularity remains relatively high across all sce-
narios since limited node interactions preserve localized
modules. As coupling increases, modularity typically de-
creases due to the emergence of global synchronization, which
blurs community boundaries.

In the single-node disruption scenario, modularity remains
relatively insensitive to stepwise changes, especially at inter-
mediate coupling, where it remains particularly low due to
the network’s flexibility and compensatory capacity. At higher
coupling strengths, the network becomes more rigid. The ef-
fect at local level of damaging nodes with a relatively high
degree slightly increases modular partitioning. However, this
effect is absent when low-degree nodes (especially degree-1
nodes) are disrupted.

In the core-to-periphery and periphery-to-core scenarios,
modularity steadily increases during early and intermediate
stages of disruption, peaking once a substantial number of hub
nodes have been disrupted. This indicates fragmentation into
weakly synchronized modules. As the damage progresses in
the core-to-periphery scenario, modularity declines sharply,
reflecting the collapse of modular organization. Consistent

with Fig. 7(a), stronger coupling slows down fragmentation in
the early stages. However, beyond a critical level of damage,
the coupling effect becomes negligible, and fragmentation
occurs more abruptly due to the network’s rigidity. However,
in the periphery-to-core scenario, it resulted in a more modest
increase in modularity since they mainly contribute to local
clusters. These findings further highlight the role of hubs in
preserving modular integration and confirm that increased
modularity can serve as an early indicator of functional
collapse.

Figure 15(b) shows the clustering coefficient (averaged
across all nodes), which quantifies the degree of local inter-
connectedness among nodes. Across all disruption scenarios,
it shows patterns largely consistent with the synchroniza-
tion trends in Fig. 7(a), indicating stronger local aggregation
among nodes as coupling strength increases. It remains rela-
tively stable under single-node disruption scenario. However,
in the core-to-periphery scenario, clustering drops markedly
as a large proportion of hubs are disrupted, especially at higher
coupling, since hubs are involved in several local node triplets
and their disruption breaks numerous local connections. In
contrast, in the periphery-to-core scenario, clustering declines
more gradually with noticeable reductions only after the hubs
are disrupted.

The network global efficiency shown in Fig. 15(c), which
here measures the level of integration or coordination between
different nodes, increased with coupling strength, reflect-
ing stronger synchrony and enhanced functional integration.
The observed trends are, like the clustering coefficient, very
similar to the synchronization patterns in Fig. 7(a). In the
single-node disruption scenario, efficiency remained stable
across damage steps and was particularly high for interme-
diate and strong coupling strengths. Disruption to degree-1
nodes had little impact since they contribute minimally to
long-range connectivity. In contrast, the core-to-periphery
scenario led to a progressive and then accelerated decline in
efficiency, especially beyond the critical number of disrupted
nodes. Since hubs facilitate short paths across the network,
their disruption weakens long-range connectivity and disrupts
global information flow. In the periphery-to-core scenario, ef-
ficiency was largely preserved until a critical number of hubs
were affected later in the damage progression, confirming
again the central role of hubs in sustaining global commu-
nication in the network.

Figure 15(d) finally shows the characteristic path length,
the evolution of which can be related to that of efficiency.
It decreases with stronger coupling, reflecting enhanced
integration (increase in efficiency), and increases with the pro-
gression of disruption. In the single-node disruption scenario,
the characteristic path length remains constant throughout the
disruption progression. In contrast, in the core-to-periphery
and periphery-to-core scenarios, the characteristic path length
substantially increases with progressive damage, especially
under strong coupling, peaking at the transition step where the
disruption of central integrators destroys intermodule bridges
and severely hampers communication. This inverse relation-
ship with efficiency underscores their complementary roles in
capturing global integration and its vulnerability to targeted
hub disruption. It should be noted that the evolution of the
characteristic path length, which follows a trajectory similar
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FIG. 16. Graph-based topological indices vs graph-based met-
rics from functional connectivity at V. =2.2241 V and V., =
2.7586 V. Panels (a)—(d) show modularity, clustering coefficient,
efficiency, and characteristic path length, respectively. From left to
right: single-node disruption, core-to-periphery, and periphery-to-
core scenarios, respectively.

to that of modularity (reaching a maximum before decreasing
just as the network begins to collapse) in the periphery-to-core
and core-to-periphery scenarios, reflects the homogenization
of dynamics within the network.

2. Correspondence between structural and functional
graph-based metrics

The previous graph metrics (Fig. 15) derived from pair-
wise synchronization matrices always give information about
the network dynamics. However, topological indices of the
network under damage can reveal insights into the interplay
between topology and synchronization dynamics. Figure 16
illustrates the evolution of graph-theoretic indices derived
from both structural connectivity and phase synchronization
matrices, across the three disruption scenarios. Functional
metrics are considered for two coupling strengths, V, =
2.2241 Vand V., =2.7586 V.

In the single-node disruption scenario, both structural
and functional metrics fluctuate around a constant value.
These fluctuations are more pronounced for functional graph
measures, particularly at stronger coupling. For the core-to-
periphery scenario, modularity increases monotonically for
the structural connectivity, peaking around step 50. Afterward,

it decreases, revealing steady fragmentation of network com-
munities. The functional modularity of the network begins
to increase later in the course of the damage progression,
then rises rapidly, reaching its maximum at step 40. After
that, it declines sharply, approaching zero around step 50.
In the periphery-to-core scenario, the structural connectivity
exhibits two distinct phases: during the early stages, modu-
larity decreases, and then increases again after the disruption
of approximately 25 nodes. In contrast, the functional mod-
ularity remains relatively low and stable, and begins to rise
later in the progression. Structural and functional measures of
clustering coefficient and efficiency show a close correspon-
dance. They remain almost constant with some fluctuation
(more pronounced for strong coupling) in functional mea-
sures for the single-node disruption scenario, and decrease
together, maintaining similar profiles for core-to-periphery
and periphery-to-core scenarios. A steep decline is espe-
cially observed in the core-to-periphery scenario, where these
metrics approach zero in midstage damage. Functional char-
acteristic path length remains nearly constant and low for
the single-node disruption scenario and increases progres-
sively with damage in core-to-periphery and periphery-to-core
scenarios. The structural characteristic path length follows
similar trends but diverges, becoming infinite when degree-1
nodes are disrupted or when the network becomes discon-
nected. For clarity of representation, infinite values were
capped at 15.

Visualizing the evolution of networks under damage
provides insight into the interplay between the network’s
structural integrity and its functional organization. These
representations provide a spatiotemporal view of how the
structural degradation of the network translates into func-
tional disintegration. Figure 17 shows the progression of
structural connectivity (left panel) and the corresponding
thresholded synchronization graphs (right panel). The nodes
are color coded based on whether they are targeted in the
structural graph (gray for the targeted nodes) and on their
average pairwise synchronization in the functional graph. In
the single-node disruption scenario, structural connectivity
remains largely preserved, resulting in uniformly connected
graphs with minimal disconnection. Correspondingly, func-
tional graphs retain high synchronization values across most
nodes with an emerging localized decrease in synchroniza-
tion. In the core-to-periphery scenario, structural degradation
rapidly affects core connectivity, and the topological back-
bone becomes fragmented as early as panels (c) and (d). This
is clearly reflected in the functional graphs, where the high-
synchrony cores visible in the early stages [panels (a) and (b)]
progressively lose their cohesion and eventually give rise to
isolated and desynchronized node clusters [panels (e)—(g)]. In
contrast, in the periphery-to-core scenario, structural connec-
tivity degrades slowly and retains a cohesive backbone longer
in the disruption progression. As seen in the synchronization
graphs, nodes involved in early damage exhibit decreased
average synchronization; however, the core remains highly
active and cohesive even into later stages [panels (e) and
(H)]. The homogenization of the dynamics in the network at
a very late stage of damage, translated by a densely connected
functional graph while the structural one is completely dis-
connected, can also be noticed.
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FIG. 17. Visual representation of the structural connectivity matrices and the thresholded functional connectivity matrices derived from the
pairwise phase synchronization. This representation allows high-degree nodes to be attracted to the center and low-degree nodes to be repelled
at the periphery, for better visualization. First, third, and fifth columns: graph of the network structural connectivity; second, fourth, and sixth
columns: graph of the network functional connectivity. In both structural and functional connectivity graphs, node size represents the degree
centrality. For structural connectivity, color blue encodes the undamaged nodes and color gray the damaged nodes. In the case of functional
connectivity, color encodes the average phase synchronization of the nodes. Edge widths are proportional to the pairwise synchronization
index. Rows represent from top to bottom, the damage progression, specifically (a) no damage, (b) step 5, (c) step 15, (d) step 25, (e) step 35,

(f) step 45, and (g) step 59.

3. Summary

Overall, these graph-theoretical analyses demonstrate
that modularity increases until it peaks, then decreases just
before the network collapses. This observation suggests that
modularity may be a key marker of network degradation. Al-
though structural and functional metrics show similar trends,

functional collapse precedes structural degradation. It is
especially observed under the targeted attacks on high-degree
nodes, which underscores the predictive value of functional
connectivity analysis. Furthermore, graph visualization offers
a spatial correspondence between structural and functional
node centrality for the three damage scenarios. Nodes with
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high degree centrality in structural networks also emerge as
high-degree nodes in the functional network located near
its core. Notably, along the core-to-periphery scenario, this
correlation deteriorates sharply, as the targeted disruption
of high-degree nodes causes a shift in functional hubs
organization within the same spatial regions. Conversely,
under the periphery-to-core scenario, the structural-functional
alignment of high-degree nodes is maintained for a longer
period, indicating that the organization of functional hubs
remains resilient as long as the structural core is preserved.

VI. DISCUSSION

Building on prior work in Ref. [112], the present study
adopted an experimental approach to emulate targeted and
progressive alteration of a complex network of coupled single-
transistor chaotic oscillators whose connectivity scheme was
designed from an in vitro neuronal culture. Three distinct
and systematic damage sequences were applied to the cir-
cuit to roughly mimic different pathologies observed in
neurodegenerative conditions. The single-node scenario was
representative of localized or focal lesions, serving as a base-
line for the analyses; the core-to-periphery scenario mimicked
the spread of neurodegenerative diseases such as AD, which
first affect densely connected regions before disseminating to
other areas, and the periphery-to-core scenario emulated the
propagation of diseases such as PD and ALS, which mostly
originate in specialized modules with reduced connectivity
and subsequently extend toward core regions.

The systematic simulations carried out in this work
indicated that network topology and coupling strength fun-
damentally determine the network’s ability to maintain
synchronization and resilience against localized and progres-
sive damage. Generally, the increase in coupling strength
ensures a high level of synchronization across different sce-
narios. Damaging peripheral nodes resulted in a gradual
decline in synchronization, indicating a high resilience to
isolated damage. This is consistent with fMRI and DTI studies
on patients with early PD and ALS, which demonstrate intact
core network organization before the emergence of cognitive
symptoms in the very late stages, as a result of cumulative
loss involving hubs [124-126]. Damaging hubs did not di-
rectly result in the abrupt failure of the network; rather, it
was tolerated for multiple successive steps until a critical
amount of cumulated damage was reached. The network was
able to maintain global synchronization through redundancy
while remaining efficient through functional reorganization.
This phenomenon may be paralleled by what is observed in
mild cognitive impairment in patients with AD, demonstrating
how the brain initially uses compensatory mechanisms to deal
with the cognitive decline. However, this is followed by a
sudden collapse of brain function in later stages of the disease,
particularly when key hubs are damaged [49,55,127]. More
specifically, only specific resting-state networks such as DMN
are selectively disrupted in individuals at risk for AD, which
correlates with memory loss.

The coupling strength was identified as a key modulator
of resilience and dynamic diversity across the experiments.
Intermediate couplings were demonstrated to engender com-
plexity through a delicate balance between global and local

behaviors. Initially, strong couplings resulted in the preser-
vation of coherent behavior in the network across damaging
steps. However, this ultimately resulted in dangerous rigid-
ity, which limited functional diversity and exposed the
network to abrupt collapse. This interplay is consistent
with computational and empirical findings, suggesting that
hyperconnectivity, as frequently observed in early disease
stages, can be both compensatory and ultimately maladap-
tive [32,47,55,66,81,128—131]. This coupling strength can be
likened to the effective strength of interneuronal communi-
cation. The latter integrates synaptic efficacy, transmission
reliability, and modulatory gain. Indeed, coupling between
neurons is intrinsically heterogeneous and probabilistic, rang-
ing from weak synapses prone to failure to highly reliable
or strengthened connections under specific physiological
or pathological conditions [132-134]. It should also be
noted that modulating the coupling strength in the exper-
imental network induced gradual changes, moving from
largely independent chaotic dynamics to coherent activ-
ity, via partially synchronized regimes. This spectrum of
behaviors qualitatively reflects the coupling-dependent dy-
namics observed in the brain and is therefore consistent
with theoretical and empirical results showing that sufficient
effective connectivity is essential for the emergence of large-
scale neural synchronization [78,135]. Within this framework,
progressive reductions in coupling can be viewed as an
abstraction of synaptic weakening, metabolic impairment,
or neuromodulatory dysregulation associated with neurode-
generative processes, whereas excessively strong coupling
reflects hypersynchronous states that reduce dynamical flex-
ibility [32,47,55,66,128-131,136,137].

Entropy analysis complemented these findings by high-
lighting a nuanced relationship between network damage,
coupling strength, and complexity. A decrease in average
entropy was noticed after critical damage steps involving the
majority of hubs, suggesting a global decrease of complex-
ity in network dynamics [55,138]. This underscores the role
of high-degree nodes as vital integrators that sustain global
information flow and oscillations complexity. The disruption
of these nodes instigates the progressive loss of these vital
functions, a phenomenon consistent with the progression of
many neurodegenerative diseases. This may be transposed to
neurological observations, which characterize healthy brains
as exhibiting high complexity and consider loss of complexity
as an indicator of AD onset. A low level of entropy was
also observed for strong couplings and a high level of syn-
chronization, revealing the loss of signal diversity across the
network. The nonmonotonic variation of entropy across pro-
gressive damaging steps suggests the sensitivity of network
dynamics to topological changes, especially under strong cou-
plings. Spectral analyses provided an orthogonal perspective
on the network’s functional state, especially under the core-
to-periphery scenario. As damages accumulate, the network
oscillations exhibited a progressive shift toward lower fre-
quency bands and a loss of high-frequency components. This
phenomenon, often referred to as the “slowing” directly paral-
lels a hallmark signature of some neurodegenerative diseases,
where EEG and MEG recordings consistently show a reduc-
tion in higher-frequency activity and a corresponding increase
in lower-frequency power. This corresponds to a dominance
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of slower brain waves, specifically delta (0.5-4 Hz) and theta
(4-8 Hz). While these wave types are normally associated
with deep sleep and relaxation, their presence during wake-
fulness is considered a potential indicator of various cognitive
or neurological conditions [138—140].

The loss of high-frequency components, in conjunction
with the decrease in entropy measures, provides further evi-
dence that slowing and complexity loss in oscillatory modes
represent core mechanisms of network decline, especially in a
core-to-periphery scenario.

Targeted damaging of high-degree nodes does not always
lead to a random loss of network cohesion; instead, the sys-
tem can fragment into distinct clusters. This principle applies
across a wide range of complex systems, from power grids,
ecosystems, to the human brain. For instance, the Internet
would partition into regional networks if its core routers were
to fail, and a power grid could break into self-sufficient islands
if a major transmission junction were lost. In social networks,
removing key connectors can lead to the formation of iso-
lated “echo chambers.” Similarly, a functional shift toward a
more segregated network and modular structures due to the
degradation of long-range connections is observed in the AD
condition [141,142].

Modularity was then found to be a meaningful indicator of
the critical step at which the network collapses, supporting the
idea that the increase of modularity may be a red flag before
global functional failure [143,144]. This was supported by
graph-based analyses, which reveal that modularity increases
as the network accumulates damage and peaks before critical
steps that cause the network to collapse. Empirical evidence
across multiple domains supports such a nonmonotonic pat-
tern of modularity under progressive disruption. In ecological
networks, Sheykhali et al. [145] observed that the loss in
the successive species initially increased modular segregation
before its global collapse. Similarly, Shi et al. [146] reported
a sharp rise in modularity during the 2010 Flash Crash, which
was then followed by a decline during recovery. In brain
networks, Gratton et al. [147] showed that lesions in connector
hubs transiently enhanced modular segregation prior to a loss
of global integration. These results indicate that modularity
often peaks at an intermediate stage of structural degradation,
which marks a transition between partial segregation and full
collapse.

Furthermore, the trends observed from clustering coeffi-
cient and efficiency showed that the loss of hubs undermines
local and global communication, thus underscoring the
vulnerability of hub-dominated architectures. The loss of
alignment between structural and functional hubs as observed
under the core-to-periphery scenario emerged as an indicator
of network fragility, signaling that the system is in a less opti-
mal and compensatory state that is not sustainable in the long
term. In addition, functional network failure often precedes
structural breakdown. This suggests that analyzing functional
connectivity can provide an early warning of impending struc-
tural decline.

This work presents a nonconventional framework integrat-
ing a biologically informed structural connectivity with a
physically realized network of simple oscillators for analyz-
ing the network response to different damage scenarios with
perspectives in neurosciences and engineering. The proposed

approach deviates from traditional methods, such as neural
mass models, network diffusion equations [43,148,149], or
spread dynamics [150,151], that generally maintain a high
level of mathematical abstraction without direct physical
embodiment. Moreover, these models are contingent upon
numerical environments, which impose inherent limitations,
including substantial demands on computational resources,
considerable simulation time, high energy consumption, and
the risk of numerically induced inaccuracies stemming from
the discretization and approximation of the governing dif-
ferential equations. Even though these established models
are biologically grounded and commonly used to simulate
brain dynamics across both healthy and various pathological
conditions, simpler and more experimental approaches can
still reliably capture universal aspects of network dynamics
and even reproduce some specific features observed in brain
networks under diverse conditions.

In this context, the presence of intrinsic mismatches, com-
ponent tolerances, and electronic noise, often regarded as
imperfections, constitutes important sources of variability that
enrich the collective dynamics and give rise to diverse dy-
namic and synchronization patterns. However, it is essential to
emphasize that these factors only introduce variability at the
level of individual trajectories and do not qualitatively alter
the behaviors observed at the network level. To assess their
impact at the network scale, we repeated the full progressive
lesion experiment in an independent trial, and almost identi-
cal qualitative trends were observed, notably the differential
impact of targeted damage on central nodes compared to pe-
ripheral damage on network synchronization and measures.
Prior experiments on the same network have even demon-
strated this aspect [112]. Only one realization was therefore
presented in the results for the sake of simplicity.

A preliminary example of such a physical approach was
presented in an earlier work, where a network designed as
a “toy” model of the DMN was constructed using cou-
pled transistor-based chaotic oscillators [96]. Although that
network featured a simple topology and no lesions, it demon-
strated how real-world imperfections can generate complex
and biologically relevant synchronization patterns, motivating
the present framework. Indeed, the proposed framework is
physical in nature and consequently not subject to the afore-
mentioned numerical constraints. Furthermore, its analog and
parallel processing capabilities allow real-time observation of
dynamical changes in response to the progressive topologi-
cal damage. It is a unique tool for experimentally exploring
compensatory mechanisms and the interplay between network
topology, synchronization, and dynamics. Although currently
focused on neurodegenerative diseases, the presented frame-
work applies to diverse network perturbations. To further
support reproducibility of the current work and facilitate in-
dependent verification, the complete board design and all
recorded time-series data are openly available.

While the current implementation operates at a meso-
scopic scale, several of the observed dynamical patterns, in
particular, transitions from coherent to incoherent dynamics
as damage accumulates, shifts in dynamical complexity, and
“slowing” effects are consistent with behaviors reported in
computational and empirical studies of complex networks
across scales stages [78,80,152,153]. This suggests that the
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qualitative trends reported here are not specific to network
size. However, the location of critical transitions and the
detailed synchronization patterns are expected to depend on
network size, density, coupling strength, and topology. For
example, more homogeneous networks may exhibit a more
gradual loss of synchrony due to redundant pathways, whereas
a larger network with similar properties to the network under
study will have more densely connected hubs and may display
greater initial resilience followed by a more abrupt collapse
under targeted attack [25].

A major limitation of the proposed framework resides in
the inability of the used platform to achieve a node-to-node
correspondence between anatomical brain regions and board-
level oscillator nodes, which is fundamental to emulate a
more realistic spread of different neurodegenerative diseases
across brain networks. This refers to the sequential staging,
describing how specific misfolded proteins aggregate into
pathogenic assemblies exhibiting prionlike properties [154].
This mechanism is now recognized, at least partially, in major
neurodegenerative diseases, including AD (amyloid and tau),
PD («-synuclein), FTD, and ALS (TDP-43) [155]. However,
this issue could be addressed in future work by considering an
experimental platform derived from the human connectome.

Finally, the present framework should be viewed as a po-
tentially complementary approach to existing computational
and biological models of brain dynamics that occupies an
intermediate niche between in silico modeling and biologi-
cal experimentation, offering a synthetic yet experimentally
accessible test bed for probing principles relevant to network
dysfunction in neurodegenerative diseases.

Looking beyond the topologically driven damage se-
quences adopted in the present study, future works aim to
integrate pathology-informed damage rules to better track
the disease course. The adoption of high-density CMOS
technology could enable large-scale connectome simulations,
allowing the model to emulate full brain disease trajecto-

ries like Braak staging with a node-to-node correspondence
while maintaining ultralow power consumption. In the near
future, such platforms could advance our understanding of
neurodegenerative diseases by integrating crucial pathologi-
cal phenomena, such as cell and synapse loss, with existing
staging methods [156]. Adopting a network analysis-rooted
grading approach, based on a physical system, would allow
for a more nuanced disease description, combining the to-
pographical spread (staging) with a qualitative assessment
of the disease’s characteristics (grading), similar to the inte-
grated staging and grading system standard in oncology. More
importantly, these physical platforms represent a promising
advance in the field of experimental network science, enabling
connectivity-based interventions such as noninvasive brain
stimulation to be optimized in a physical system.
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