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ABSTRACT

The structural connectome serves as the foundation for neural information signaling, playing a
primary constraint on brain functionality. Yet, its influence on emergent dynamical properties
is not fully understood. Generally, a key measure of a system’s structural impact on dynamical
phenomena is its dimension. By tracking the temporal evolution of diffusive perturbations, we
estimate a scale-dependent measure of dimension of empirical connectomes. At the local
scale, it is highly heterogeneous and follows a gradient from sensory-motor to high-cognitive
areas. At the global scale, it encapsulates mesoscale topological information related to the
balance between segregation and integration. Furthermore, by comparing connectomes from
stroke patients, we find that dimension captures the local effects of lesions and, at a global
level, is linked to impaired critical patterns and decreased cognitive performance. Overall, the
dimension of the connectome may serve as a powerful descriptor for bridging the gap between
structure and function in the human brain.

AUTHOR SUMMARY

The brain’s white matter connections form a complex network whose topology fundamentally
constrains how neural signals propagate and ultimately how cognition emerges. In this work,
we characterize the dimension of empirical connectomes and show that it captures key
aspects of brain organization across multiple scales. At the regional l`evel, dimension reflects
the hierarchical specialization of cortical areas and their role in integrating information across
the brain. At the whole-brain level, it serves as a compact indicator of the network’s overall
organizational principles. By studying stroke patients, we demonstrate that this single metric
can track structural damage, correlate with cognitive impairment, and explain the disruption of
critical brain dynamics. Our results suggest that connectome dimensionality offers a unifying
lens through which structure and function can be jointly understood.

INTRODUCTION

The intricate backbone of white matter connections—axonal tracts linking together distant
gray matter regions—constitutes the so-called “structural connectome” of the brain (Sporns,
Tononi, & Kötter, 2005). It acts as the brain’s communication network, enabling signaling

an open a c ce s s j o u r na l

Citation: Barzon, G., Allegra, M., Aarabi,
M. H., Pini, L., De Domenico, M.,
Corbetta, M., & Suweis, S. (2026).
Structural connectome dimension
shapes brain dynamics in health and
disease. Network Neuroscience.
Advance online publication. https://doi
.org/10.1162/NETN.a.593

DOI:
https://doi.org/10.1162/NETN.a.593

Supporting Information:
https://doi.org/10.1162/NETN.a.593

Received: 16 October 2025
Accepted: 14 May 2026

Competing Interests: The authors have
declared that no competing interests
exist.

Corresponding Author:
Giacomo Barzon
giacomo.barzon.1@studenti.unipd.it

Handling Editor:
Alex Fornito

Copyright: © 2026
Massachusetts Institute of Technology
Published under a Creative Commons
Attribution 4.0 International
(CC BY 4.0) license

The MIT Press

D
ow

nloaded from
 direct.​m

it.​edu/​netn/​article-pdf/​doi/​10.​1162/​N
ETN

.​a.​593/​2605919/​netn.​a.​593.​pdf by guest on 13 August 2026

https://orcid.org/0000-0002-9981-1027
https://orcid.org/0000-0002-5587-1861
https://orcid.org/0000-0002-5550-9782
https://orcid.org/0000-0002-9305-3376
https://orcid.org/0000-0001-5158-8594
https://orcid.org/0000-0001-8295-3304
https://orcid.org/0000-0002-1603-8375
http://crossmark.crossref.org/dialog/?doi=10.1162/NETN.a.593&domain=pdf&date_stamp=2026-7-2
https://doi.org/10.1162/NETN.a.593
https://doi.org/10.1162/NETN.a.593
https://doi.org/10.1162/NETN.a.593
https://doi.org/10.1162/NETN.a.593
https://doi.org/10.1162/NETN.a.593
https://doi.org/10.1162/NETN.a.593
https://doi.org/10.1162/NETN.a.593
https://doi.org/10.1162/NETN.a.593
https://doi.org/10.1162/NETN.a.593
https://doi.org/10.1162/NETN.a.593
https://doi.org/10.1162/NETN.a.593
https://doi.org/10.1162/NETN.a.593
mailto:giacomo.barzon.1@studenti.unipd.it


between neural populations, and hence, most of cognition, from basic sensory processing to
complex cognitive tasks (Avena-Koenigsberger, Misic, & Sporns, 2017 Q2; Seguin, Sporns, &
Zalesky, 2023). Like many empirical networks, the structural connectome is highly heteroge-
neous, with broad distributions of connection strengths (Piazza, Barabási, Ferreira Castro,
Menichetti, & Barabási, 2025), hierarchical modular organization (Moretti & Muñoz, 2013;
Villegas, Moretti, & Munoz, 2014), spatially dependent connectivity following the exponential
distance rule (resulting in strong local and sparse long-range connections) (Pósfai et al., 2024),
and diverse local connectivity motifs (Wainberg et al., 2024), with all these various topological
properties intricately interconnected (De Domenico, 2023). This nonrandom topological struc-
ture is thought to arise from an optimal compromise between signal processing demands and
biological constraints (such as wiring cost) (Bassett & Sporns, 2017; Pulvermüller, Tomasello,
Henningsen-Schomers, & Wennekers, 2021) and to determine an optimal balance between
segregation and integration (Deco, Tononi, Boly, & Kringelbach, 2015; Fukushima & Sporns,
2020; Sporns, 2013; Wang et al., 2021).

The transfer of electrical and chemical signals in the brain is strongly shaped by the con-
nectome’s topological properties, and previous research has highlighted the functional influ-
ence of global features (such as modularity or small-world propensity) and local ones (such as
degree) (van den Heuvel & Sporns, 2019). However, dynamical processes evolving on com-
plex networks are not determined by single, isolated topological properties but are instead
constrained by the geometry induced by the full connectivity structure (Barrat, Barthelemy,
& Vespignani, 2008; Barzon, Artime, Suweis, & De Domenico, 2024; Hens, Harush, Haber,
Cohen, & Barzel, 2019; Seguin et al., 2023).

As for any dynamical process, emergent properties can be be strongly shaped by the dimen-
sionality of the underlying connectivity space. In classical Euclidean spaces, dimensionality
can be framed in simple geometric terms: It describes how the number of reachable points
(found within a given distance from a reference point) increases as the distance grows. The
rate at which this accessible set expands defines the dimension of the space (Daqing,
Kosmidis, Bunde, & Havlin, 2011). Higher dimensionality implies that activity or signals
can propagate along a larger number of distinct paths. Conversely, lower-dimensional spaces
constrain propagation to fewer available directions. Consequently, dimensionality fundamen-
tally shapes the dynamics of diffusion processes (ben-Avraham & Havlin, 2000; Weiss, 1994)
and the nature of phase transitions that can occur (Cardy, 1996; Wilson, 1983), thereby
favoring or hindering the emergence of criticality (Aizenman & Wehr, 1989; Imry & Ma,
1975; Imry & Wortis, 1979; Martin, Bonachela, & Munoz, 2014).

In real-world networks, which are characterized by highly heterogeneous structures, the
notion of geometric distance is not uniquely defined. As a result, scaling relations based on
spatial distance are not immediately generalizable, making the definition of dimensionality
less straightforward (Almagro, Boguñá, & Serrano, 2022; Burioni & Cassi, 1996; Hattori,
Hattori, & Watanabe, 1987; Lacasa & Gómez-Gardeñes, 2013; Macocco, Mira, & Laio,
2024; Millán, Gori, Battiston, Enss, & Defenu, 2021; Millán, Torres, & Bianconi, 2019; Moretti
& Muñoz, 2013; Song, Gallos, Havlin, & Makse, 2007; Song, Havlin, & Makse, 2005; Wei,
Wei, Hu, Zhang, & Deng, 2014). However, since the way diffusion unfolds depends systema-
tically on the underlying dimension, one can infer dimensionality by measuring the network’s
dynamical response to diffusive perturbation. This idea was recently operationalized in Peach,
Arnaudon, and Barahona (2022) by simulating the spreading of diffusive perturbations across
the network. This method involves perturbing one node at a time and then observing how
other nodes transiently respond to the perturbation over a defined period of time (Figure 1A).
This allows defining a local dimension of the network for the selected node (Silva & Costa,

Modularity:
A measure of how strongly a network
is organized into distinct, internally
dense communities or modules.

Criticality:
A dynamical regime poised between
order and disorder, thought to
optimize information processing in
the brain.

Structural connectome:
The map of white matter fiber tracts
connecting distinct brain regions,
forming the brain’s physical
communication network.
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2012; Figure 1B). The local dimension is a “mesoscale” metric as it does not depend just on
the nearest neighbors (“microscale”) nor on the structure of the entire network (“macroscale”).
The variation of the local dimension across nodes provides insight into the network’s structural
complexity and the way information propagates through its intricate architecture (Ghavasieh &
De Domenico, 2024; Moore et al., 2024). Furthermore, a global measure of dimensionality
can be obtained by averaging the local dimension over all nodes (Figure 1C).

In this study, we show that the dimension of the human connectome, both on the local and
global scales, encapsulates key properties of the brain’s macroscopic organization (Figure 1D).
In particular, the local dimension of the connectome correlates significantly with the anatomical
and functional organization of the brain, with higher dimensions found in the dorsal and medial
regions involved in integrative functions. Additionally, local dimension is negatively correlated
with myelin content, suggesting that areas involved in complex cognitive processes rely more on
integrative connectivity than rapid, highly myelinated pathways. Instead, the global dimension is
able to jointly capture seemingly disparate topological properties, including the network’s
overall strength but also by mesoscale features such as community structure and topological
heterogeneity, providing a comprehensive “holistic” topological indicator, directly related to
the efficient transport of information in the brain. By focusing on the key example of stroke,
we show that this indicator can be particularly suitable as a biomarker of structural damage
in neurological disorders, which significantly affect the connectome and its properties (Thiebaut
de Schotten, Foulon, & Nachev, 2020; van den Heuvel & Sporns, 2019). The dimension discrim-
inates between healthy and damaged connectomes, quantifies the differential effect of the
lesions in perturbing local networks centered around each brain area, and successfully captures
the global impact of the lesion on information transport in the brain and cognitive impairment.

Figure 1. Multiscale dimensionality of the human connectome. (A) We track the spreading of diffusive
perturbations across the connectome over time. (B) This temporal evolution allows us to estimate a local
(nodal) measure of dimensionality at each scale τ (see Methods). (C) From the local dimensions, we
derive a global measure of the network’s dimensionality. (D) The local dimension of the connectome
is highly heterogeneous and aligns with a gradient from sensory-motor to associative areas. (E) The local
dimension is influenced by focal lesions, leading to a decrease in areas near the lesion center. (F) The
global dimension is influenced not only by overall connectivity (average strength) but also by how links
are organized, reflecting the network’s integration. An optimal connectivity region is identified where
critical features of the brain dynamics emerge. Focal lesions lead to reduced connectivity, impaired
integration, and a loss of critical emergent features, overall shifting the connectome away from this opti-
mal region which is captured by a decrease in the global network dimensionality.

Stroke:
A sudden interruption of blood
supply to the brain, causing focal
tissue damage and potentially lasting
neurological deficits.

Network Neuroscience 3

Structural connectome dimension shapes brain dynamics

D
ow

nloaded from
 direct.​m

it.​edu/​netn/​article-pdf/​doi/​10.​1162/​N
ETN

.​a.​593/​2605919/​netn.​a.​593.​pdf by guest on 13 August 2026



Finally, by using a connectome-informed model of brain activity, we observe that the dimension
is strongly related to the ability of the connectome to support critical dynamics, with drops in
dimensionality accompanying the loss of critical dynamics observed in stroke patients (Rocha
et al., 2022).

RESULTS

Unraveling the Effects of Mesoscopic Topological Features on Network Dimensionality

We hypothesized that the nonrandom structure of complex networks directly influences their
dimensionality. To this aim, we examined both the impact of the overall connectivity level (aver-
age strength) and nonrandom topological features that are commonly observed in brain connec-
tomes. These features encompass the balance between integration and segregation, the degree of
order versus disorder, and the heterogeneity of link strength within the network (Figure 2). Spe-
cifically, we generated synthetic networks with different levels of topological disorder using the
Watts–Strogatz model (Watts & Strogatz, 1998) by varying the probability of rewiring, with dif-
ferent levels of community structure, using the stochastic block model (SBM; Peixoto, 2017) and
varying the ratio between inter- and intracommunity connections (see Methods). Recognizing
that nonrandom structure involves not only the distribution of connections but also their
strengths, we incorporated this aspect in our analysis by assigning weights to the network links.
Since connectivity strengths in the cortex are well established to follow a Lognormal distribution
(Buzsáki & Mizuseki, 2014; Hagmann et al., 2008; Piazza et al., 2025), we generated connection
weights from a Lognormal distribution by changing its variance (see Methods).

By systematically adjusting these parameters, along with the overall average strength, we
were able to observe how changes in network topology affect dimensional metrics. At the

Figure 2. Effects of topological features on network dimensionality. (A) Segregation versus integra-
tion, modeled by stochastic block networks with four communities, for different mixing parameters
μ. (B) Order versus disorder, modeled by Watts–Strogatz small-world networks with different rewir-
ing probability prew. (C) Weight heterogeneity versus homogeneity, modeled by an Erdős-Renyi ran-
dom network with weight generated from a lognormal distribution with same mean but different
variance σ. To ensure a consistent visualization, we plot the inverse of σ, since dimensionality
increases as heterogeneity decreases. In (A–C) we compute the local dimension, while in (D–F)
we compute the global dimension by varying also the average strength k. The colorbar for each
column represents the values of both the local dimension (top row) and the global dimension
(bottom row) for the corresponding network ensemble.

Stochastic block model:
A generative network model where
nodes are grouped into communities
with defined probabilities of
connection between groups.
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local level, we found that dimension is often highly heterogeneous (Figure 2A–C). For
example, nodes positioned between two communities tended to have a larger dimension than
nodes connected within a single community (Figure 2A). This suggests that nodes from which
one can easily reach different parts of the network have a higher local dimension (Arnaudon,
Peach, & Barahona, 2020; Peach et al., 2022). Similarly, more connected nodes displayed a
larger local dimension (Figure 2B–C). Our analysis thus suggested that the dimension is larger
for more central nodes, which is consistent with previous studies (Arnaudon et al., 2020;
Peach et al., 2022).

While local dimensions provide valuable insights into the role of individual nodes within
their network surroundings, they do not fully capture the network’s overall structural organiza-
tion or its capacity for global information integration and communication. Therefore, we
extended our analysis to the global scale by computing the average of local dimensions across
all nodes. This global dimension serves as an integrated measure that encapsulates the network’s
overall potential in supporting efficient information transfer. We found that average strength
positively correlates with the global dimension in all classes of networks (Figure 2D–F). We also
found a nonrandom topological structure that significantly influences the global dimension of a
network: segregation or integration. Highly segregated networks exhibited low dimensions,
which increase with a higher probability of intracommunity links (Figure 2D). A similar effect
was observed when increasing the number of shortcuts in a regular ring structure (Figure 2E).
Conversely, heterogeneity in connection weights tended to decrease the global dimension of a
network (Figure 2F).

Overall, our findings indicated that network dimensionality effectively captures the
influence of mesoscopic topological features on the network organization, both on local
and global scales.

Variation of the Local Dimension Across the Human Brain Connectome

After establishing that the local dimension effectively captured information about the hierar-
chical and central position of nodes within synthetic networks, we turned our attention to
healthy human brain connectomes to examine whether the local dimension of brain regions
within the whole-brain network is associated with the regions’ microstructural features and
their functional role.

We thus considered structural connectivity data from 33 healthy participants, parcellated
according to the Schaefer brain atlas (Schaefer et al., 2018) (200 cortical regions, see
Methods). We computed the local dimension for each individual connectome and we aver-
aged the results across all subjects for each cortical region (Figure 3A). We found that the local
dimension exhibits a significant correlation with the brain’s anatomical organization. Specif-
ically, we observed that dorsal regions tend to have a higher local dimension, which progres-
sively decreases as we move toward ventral ones (Figure 3B, ρ = 0.55, p < 0.001). Similarly,
we found a gradient along the medial-lateral axis, with the local dimension being higher in
medial regions and decreasing laterally (Figure 3C, ρ = −0.35, p < 0.001). Instead, we did not
find any relationship with the anterior-posterior axis nor did we observe any left-right asym-
metry (see Supporting Information Figure S1).

We then examined the relation between the regions’ dimension and their membership in
the canonical resting-state networks, which are well-established functional communities
(Schaefer et al., 2018). By averaging the local dimensions of regions belonging to each func-
tional network, we found that transmodal regions, such as those involved in the default mode
and frontoparietal networks, exhibited significantly higher dimensions compared to unimodal
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regions, like those in the visual and somatosensory networks (Figure 3D). Overall, the ventral-
dorsal, the lateral-medial, and the limbic-unimodal-transmodal gradients of the local dimen-
sion may reflect the fact that regions more involved in higher-order processing (which belong
to transmodal networks and are prevalently dorsal and medial) have more complex connec-
tivity patterns allowing them to effectively engage in long-distance communication with many
other areas to sustain their integrative role.

This hypothesis was further supported by examining the relationship between local dimen-
sion and the T1w/T2w Q3ratio, a measure commonly used as a proxy for cortical myelination
(Glasser & Van Essen, 2011). Previous studies have demonstrated that myelin distribution in the
brain is not uniform, as regions associated with higher cognitive functions typically have lower
levels of myelin compared to primary sensory and motor areas (Glasser & Van Essen, 2011;
Huntenburg, Bazin, & Margulies, 2018). It is widely held that this variation reflects a lower
reliance on areas involved in complex, integrative processes with highly myelinated connec-
tions allowing for rapid communication. Consistent with the literature, our analysis showed that
regions with higher local dimensions tend to have a smaller T1w/T2w ratio (Figure 3E, ρ =
−0.30). The negative correlation remained significant after performing a spin test (pspin =
0.04, Nspin = 104; see Methods), indicating that the relation is not trivially explained by spatial
autocorrelation in the two maps.

Importantly, these spatial and functional patterns are significantly disrupted when the local
dimensionality is computed on strength-preserving, shuffled versions of the connectome
obtained through Maslov-Sneppen weight-shuffling or degree-preserving randomization
(Milisav, Bazinet, Betzel, & Misic, 2025; Supporting Information Figure S2). These finding cor-
roborates the specificity of the relationship between local dimensionality and the explored
brain features, demonstrating that the observed dimensionality maps are not merely a

Figure 3. Organization of local dimension in the human brain connectome. (A) Average local
dimension across all control subjects. (B) Relation between local dimension and ventral-dorsal axis.
(C) Relation between local dimension and medial-lateral axis. (D) Average local dimension within
canonical resting-state networks. (E) Relation between local dimension and regional T1w/T2w ratio
(Glasser & Van Essen, 2011), that is publicly accessible via the neuromaps toolbox (Markello et al.,
2022). The single connectomes and associated maps were parcellated using the Schaefer 200 par-
cellation scheme (Schaefer et al., 2018).
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reflection of nodal degree or strength but are rooted in the nonrandom, higher-order topolog-
ical organization of the human brain.

Connectome Dimensionality Captures Structural and Cognitive Alterations After Focal Lesions

While the local dimension offers insights into regional variations within the brain, the global
dimension can shed light on the overall structural organization of individual connectomes,
potentially highlighting the impact of pathological conditions. To investigate this, we
compared the global dimensions of connectomes from stroke patients with those from healthy
controls (see Methods). We observe a significant reduction in global dimension for stroke
patients compared to healthy controls (Figure 4A, independent-samples t test: t = −4.01,
p < 0.001). Unsurprisingly, this decrease became more pronounced for subjects with larger
lesions (Figure 4B, ρ = −0.31, p = 0.03), supporting the intuition that more extensive brain
damage leads to a greater impact on the overall structure of the network.

In patients, we observed a positive correlation between the global dimension and the total net-
work connectivity, as measured by the average strength (Figure 4C, ρ = 0.54, p < 0.001). Aweaker
relation was observed in healthy controls (ρ = 0.34, p = 0.07). This suggests that the dimension
decrease observed in patients can be partially explained in terms of simple disconnections.

Nevertheless, the reduction in global dimension cannot be solely attributed to a decline in
overall connectivity. In particular, the brain’s capacity for integrated communication across
regions plays a critical role in shaping large-scale dynamics. We captured this property using
a measure of network integration, defined as I = 1 − Q, where Q is the modularity of the
structural connectivity graph (see Methods). Higher integration reflects a network that is less seg-
regated into isolated communities and better supports global communication. We found that

Figure 4. Local and global dimension in pathological connectomes. (A) Decrease in network
dimension in stroke patients compared to controls. (B) Relation between dimensionality in stroke
connectomes and lesion volume. (C) Relation between dimensionality and structural features.
Points are color-coded according to their global dimension, with warmer colors indicating higher
dimensionality. An arrow is overlaid to highlight the principal trend in the data, showing that con-
nectomes with both higher integration and greater average strength tend to exhibit higher global
dimensionality. (D) Relation between dimensionality and cognitive abilities in stroke patients. (E)
Relation between local reduction in dimensionality and distance from the lesion (computed as
the shortest network path to the lesion center), as shown by the random, subject-wise (gray), and
fixed, group (orange) effects. (F) Decrease in local dimension for connected and disconnected
regions. (G) Example of lesion mask and local reduction in dimensionality for one patient.
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individual differences in global dimensionality were more strongly associated with variations in
integration than with total connection strength (Figure 4C), both in healthy controls (ρ = 0.89,
p < 0.001) and in stroke patients (ρ = 0.96, p < 0.001). This result was robust with respect to the
community detection method used (Supporting Information Figure S3). This relationship
remained significant even after accounting for the effect of average strength through partial cor-
relation analysis (control: ρ = 0.95, p < 0.001; stroke: ρ = 0.96, p < 0.001; see Methods). This
suggests that the observed reductions in dimensionality are shaped not only by the extent of
disconnection, but also by how those disconnections alter the brain’s integrative architecture.

As the observed global dimensionality reduction was associated with focal lesions, we
hypothesized that it corresponds to a pattern of local reductions, with regions closer to the
lesion exhibiting more pronounced decreases. To test this hypothesis, we calculated the
change in dimension for each region in stroke patients relative to the average local dimension
in healthy controls. We then used a linear mixed model, incorporating subjects as a random
factor for both slope and intercept, to assess the impact of a region’s graph distance from
the lesion center (computed as the weighted shortest path distance) on its dimensionality
(Figure 4E, see Methods). We found that it significantly affected the local reduction in dimen-
sionality (F test, F = 44.7, p < 0.001), with a stronger effect than the spatial (Euclidean) dis-
tance (F test, F = 6.76, p = 0.012; see Supporting Information Figure S4). Thus, reductions in
dimensionality were more pronounced in regions closer to the lesion, and this effect
decreased with increasing distance. Notably, the network (graph) distance from the lesion pro-
vided a better explanation of this pattern than simple spatial (Euclidean) distance, underscor-
ing that the impact of a lesion propagates primarily along the brain’s structural connectivity
rather than through physical proximity alone at the level of individual subjects (Figure 4G).

To further investigate the role of structural disconnection in shaping local reductions in
dimensionality, we compared the average dimensionality change between regions that
remained connected and those that became disconnected following stroke (Figure 4F). Dis-
connected regions were defined as those whose connection strength to the rest of the network
was more than two standard deviations below the mean network strength observed in healthy
controls. This analysis revealed that the decrease in local dimensionality was significantly
more pronounced in disconnected regions (independent-samples t test: t = −12.2, p =
0.006), supporting the hypothesis that the pattern of structural disconnection critically contrib-
utes to the observed reductions in dimensionality.

Given that the global dimension reflects broad alterations in network organization and the
extent of focal damage caused by stroke, we hypothesized a direct relation between the global
dimension and cognitive impairment. To test this, we examined its association with behavioral
factors previously identified via factor analysis of a comprehensive neuropsychological battery
administered to the same cohort (Pini et al., 2025) (see Methods). This analysis identifies
underlying latent variables thatsummarize key cognitive domains, such as memory, visuospa-
tial abilities, and executive function. We found that a lower global dimension was associated
with more pronounced cognitive deficits, as identified by a factor related to memory and
visuospatial abilities (Figure 4D). This relationship was observed exclusively in stroke patients,
as no significant correlation was found in healthy controls, nor in the other behavioral factors
(see Supporting Information Figure S5). This finding underscores the functional significance of
network dimensionality in supporting cognitive abilities and highlights the potential of global
dimension as a biomarker for stroke-related cognitive impairments.

To test the robustness of all these findings, we also computed the spectral dimension of the
connectomes (see Methods and Supporting Information Figures S6–S8), confirming that the

Structural disconnection:
The loss of white matter connections
following brain injury, impairing
communication between affected
regions.
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observed decrease in connectome dimension is consistent across different estimation methods
of network dimensionality.

Connectome Dimensionality Affects Criticality

Finally, we investigated how the global dimension of the structural connectome affects large-
scale dynamics. To do so, we implemented a personalized whole-brain model using the cor-
responding individual connectome as input. Specifically, we simulated a variant of the
Greenberg-Hastings cellular automata with homeostatic normalization (Barzon et al., 2022;
Haimovici et al., 2013; Rocha et al., 2018, 2022; Figure 5A, see Methods). The dynamics
of this model is notably influenced by the threshold parameter T, which regulates the system’s
excitability and serves as a key control parameter.

We compared the average activity levels—defined as the average number of active nodes
(see Methods)—across different threshold levels for network topologies with different global
dimensions. Specifically, we analyzed a typical healthy connectome alongside two extreme
cases: a fully connected network, which is characterized by an infinite global dimension in the
thermodynamic limit, and a disconnected network, which corresponds to a null global dimen-
sion (Figure 5B).

In a fully connected network, the dynamics exhibited a bistable phase, aligning with the
analytical predictions from mean-field analysis (Barzon et al., 2022). In a completely discon-
nected network, the activity remained low for all values of T. In contrast, when using the
human connectome, the dynamics exhibited symmetry-breaking phenomena leading to a con-
tinuous (critical) transition (Haimovici et al., 2013). This suggests that connectomes corre-
spond to an “optimum dimension”—shaped by various mesoscale features—that is instrumental
in facilitating the emergence of critical dynamical properties. If the dimension is reduced, as in
stroke patients, this may lead to a loss of critical properties. To show this, we simulated the
model using both healthy and stroke connectomes. The trajectories of neural activity in

Figure 5. Connectome dimension and its relation with emergent dynamical patterns. (A) Stochas-
tic whole-brain model (Barzon et al., 2022; Haimovici et al., 2013; Rocha et al., 2018, 2022).
Shaded regions represent the standard error across independent simulation runs (see Methods).
(B) Network dimension predicts transition type. (C, D) Example of simulated trajectories from a
healthy and stroke connectome (T = 0.16). (E) Relation between connectome dimensionality and
metastability. (F) Relation between connectome dimensionality and fragmentation.
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healthy brains exhibited a high degree of complexity and variability (Figure 5C). In contrast,
the trajectories for stroke patients showed more stereotyped patterns with distinct periods of
sparse activation (Figure 5D). From the simulated trajectories, we computed several key
observables that typically peak at intermediate values of T corresponding to the critical tran-
sition (see Supporting Information Figure S9). For instance, we calculated the average activity
variance at the critical point, often referred to as “metastability” (Deco, Kringelbach, Jirsa, &
Ritter, 2017; Tognoli & Kelso, 2014), which reflects the degree of variability and fluctuations in
neural activity. Additionally, as done in Rocha et al. (2022), we assessed the integral of the
second cluster size over all the threshold values, which we termed “fragmentation” (see
Methods). While the largest cluster changes monotonically, transitioning from an integrated
active core to a completely deactivated one, the second largest cluster captures the formation
of major separate active components. By integrating this value, we quantify the total extent to
which the system’s activity is distributed among these disconnected groups. Our analysis
revealed a significant correlation between the values of these metrics and the dimensionality
of the connectome. Specifically, a reduction in the dimensionality of stroke connectomes was
associated with diminished metastability (Figure 5E) and increased fragmentation (Figure 5F),
indicating that anomalous activity patterns unfolding over connectomes with a reduced net-
work dimensionality were associated with a loss of critical properties.

DISCUSSION

The large-scale organization of the brain reflects the tension between local processing and long-
distance communication, that is, segregation and integration. At a structural level, this tension
results in a structural connectome characterized by highly nonrandom features (clustering, mod-
ularity, and the small-world property) and a hierarchical structure where integration is
predominantly exerted by associative regions. At a functional level, the tension reflects in
dynamics poised between order and disorder, presenting many of the characteristics of
so-called critical phenomena. In this work, we showed that a single metric, the network’s dimen-
sion, can capture both the local balance between segregation and integration in different brain
areas and the global balance struck by the connectome as a whole. Furthermore, this metric
sheds light onto the structure-function relation in the brain: Only a small range of dimensions
will allow the connectome to support critical-like dynamics. Alterations of the structural connec-
tome caused by brain pathologies typically disrupt the healthy integration/segregation balance,
both at the local and global level, leading to dramatic dynamical anomalies. By focusing on a
prototypical case of brain pathology, stroke, we showed that dimension alone can suffice to
track the occurring shift in the integration/segregation balance and the consequent loss of critical
features in the dynamics. Thus, dimension arises as a powerful marker of brain pathology. Nota-
bly, we replicated this analysis using both coarser (100 nodes) and finer (500 nodes) parcellation
schemes, confirming the robustness of our findings (see Supporting Information).

Dimension of a Complex Network

In recent decades, simulating the response of diffusive dynamics has emerged as a powerful
approach to estimate network properties that go beyond trivial, first-order geometric features
(Masuda, Porter, & Lambiotte, 2017; Zamora-López & Gilson, 2024). The time horizon of the
diffusion acts as a natural scale factor: As activity spreads from a node, it progressively
explores the network along multiple, heterogeneous pathways, capturing how the structure
constrains and channels signal propagation (Arnaudon et al., 2020; Ghavasieh & De
Domenico, 2020, 2024). This approach can be extended for estimating the dimension of a
complex network (Peach et al., 2022). An optimal scale naturally emerges as the peak of

Integration/segregation balance:
The trade-off between locally
specialized processing and globally
coordinated communication across
brain regions.

Metastability:
The degree of variability in brain
activity over time, reflecting
flexibility and complexity of
neural dynamics.
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the global dimension: While in Euclidean lattices, this is the scale that reproduces theoretical
predictions, in empirical connectomes, it captures a scale long enough to move beyond purely
local features, yet short enough to maintain sensitivity to structural details that are averaged
out at the global scale. This approach to measure dimensionality is conceptually similar to the
spectral dimension (Burioni & Cassi, 1996; Ghavasieh & De Domenico, 2020; Millán et al.,
2019, 2021), in that it relies on the spreading of diffusive perturbations to define the dimension
of a complex network. However, the framework introduced by Peach et al. (2022) allows the
dimensionality to bedefined at the local (nodal) level. The concept of global dimension pro-
vides important characteristics about the embedding space and dynamical process on net-
works (ben-Avraham & Havlin, 2000; Burioni & Cassi, 1996; Daqing et al., 2011; Martín
et al., 2014; Martín, Moretti, & Munoz, 2015; Millán et al., 2021, 2019; Moretti & Muñoz,
2013), but substantially richer information can be obtained by characterizing the dimension
locally (Peach et al., 2022; Silva & Costa, 2012), enabling a multiscale characterization of the
network that global measures cannot provide. Importantly, comparative analyses revealed that
local dimension captures unique topological information compared to classical centrality
measures (see Supporting Information Figure S11), and comparisons with randomized null
models confirmed that the observed spatial gradients and global organization are not mere
reflections of nodal degree or strength, but are rooted in the nonrandom architecture of the
human connectome (see Supporting Information Figure S2).

Dimension and the Integration/Segregation Balance

The organization of the brain connectome, not only in primates but across species, is shaped
by two major forces: the need to minimize physical and metabolic costs and the necessity to
maintain efficient communication (Avena-Koenigsberger et al., 2014; Avena-Koenigsberger,
Goñi, Solé, & Sporns, 2015; van den Heuvel & Sporns, 2019). Cost minimization encourages
the formation of dense, localized connections between nearby neural elements, resulting in
compact network modules that facilitate specialized neural processing (Betzel et al., 2013;
Smith et al., 2009; van den Heuvel, Mandl, Kahn, & Hulshoff Pol, 2009). On the other side,
the brain has evolved to form long-range connections, which, though costly, are essential for
promoting global communication and functional integration across spatially and functionally
distinct brain regions (Betzel & Bassett, 2018; Markov et al., 2013; van den Heuvel, Kahn,
Goñi, & Sporns, 2012). These long-range connections support a small-world topology, with
a decrease in the average path length between nodes.

The competition between these forces determines an optimal dimension, both at the local
and global levels. Locally, all nodes in the connectome exhibit a dimension between 1.7 and
2.3 (Figure 3A), values that are broadly compatible with the notion that the cortex is organized
as a folded surface with an intrinsic dimension close to 2, but with regional variations (Kiselev,
Hahn, & Auer, 2003). These local differences reflect a “segregation-integration” gradient,
revealing a clear distinction between sensorimotor processing networks (SMN/VIS Q4) and
high-cognitive functions (DAN/VAN/DMN Q5) (Figure 3D). Sensorimotor regions, which are gen-
erally more segregated and modular, typically exhibit lower dimensions. Limbic regions,
which are relatively isolated and specialized in emotional processing, memory, and basic
survival functions, also show lower dimensions. Instead, associative regions, involved in
executive functions and cross-modal integration, exhibit higher local dimensions. These
high-dimensional regions are predominantly dorsal and medial, contributing to the observed
organization of dimensional variation along a ventral-dorsal and medial-lateral axis (Figure 3B–
C). Notably, this axis does not align with the well-known principal gradient of functional con-
nectivity (Margulies et al., 2016), which is not primarily a segregation-integration axis, as it

Network Neuroscience 11

Structural connectome dimension shapes brain dynamics

D
ow

nloaded from
 direct.​m

it.​edu/​netn/​article-pdf/​doi/​10.​1162/​N
ETN

.​a.​593/​2605919/​netn.​a.​593.​pdf by guest on 13 August 2026



mainly distinguishes between regions devoted to external (SMN, VIS, and DAN) versus inter-
nal (DMN) cognition. The stronger/weaker integrative role of different regions also explains
the observed anticorrelation between the local dimension and the myelin map (Figure 3E):
Primary networks tend to be more myelinated because they handle immediate sensory input
and motor control, requiring fast, reliable communication to ensure rapid responses to the
external environment; in contrast, higher-order association networks are less myelinated, as
they rely more on complex, integrative processing than on rapid signal transmission
(Huntenburg et al., 2018). In future work, it will be interesting to compare the local dimension
results in humans with other nonhuman primates’ connectomes: As associative regions have
undergone significant expansion during cortical evolution (Hill et al., 2010), we expect to
observe an increase of their local dimension in humans.

Globally, the connectome as a whole also strikes an optimal balance between segregation
and integration. This can be visualized in the so-called “connectivity morphospace” (Avena-
Koenigsberger et al., 2014, 2015), an abstract space defined by a set of independent topological
features, where each network occupies a specific location. In Figure 1F, we see a simplified
morphospace defined by two features: integration and average strength. “Optimal” connectomes
occupy a limited region of this space, characterized by intermediate dimensions. Through
experiments with synthetic networks, where we manipulated nonrandom network features
(modularity, the small-world property, and weight heterogeneity), we showed that all these fea-
tures influence the global dimension (Figure 2D–F). We can thus hypothesize that most of the
previously observed nonrandom features of the connectome collectively shape the observed
network’s dimensionality, thus concurring to determine the optimal integration/segregation bal-
ance of the network. This hypothesis is supported by evidence of a strong correlation between
dimensionality and the level of integration in individual connectomes (Figure 4C).

Dimension and Critical Dynamics

In recent years, the brain criticality hypothesis has gained traction as a framework to explain
the emergence of global functional patterns in brain dynamics (Barzon, Busiello, & Nicoletti,
2025; Chialvo, 2010; Cocchi, Gollo, Zalesky, & Breakspear, 2017; Mariani et al., 2023;
Zimmern, 2020). This hypothesis suggests that the brain operates near a critical point, balan-
cing between order and chaos, which enables optimal information processing, flexibility, and
responsiveness to stimuli (Beggs, 2008; Kinouchi & Copelli, 2006; O’Byrne & Jerbi, 2022). The
nonrandom topological features of the connectome—such as structural disorder, long-range
connections, and hierarchical modularity—seem to play a crucial role in the emergence
and maintenance of criticality (Barzon et al., 2022; Fuscà et al., 2023; Moretti & Muñoz,
2013; Villegas et al., 2014). Since all these seemingly disparate features jointly concur in deter-
mining the integration/segregation balance, summarized by the network’s dimension, one may
conjecture a strong relation between dimension and criticality.

To investigate such relation, we employed a well-established whole-brain model (Barzon
et al., 2022; Haimovici et al., 2013; Rocha et al., 2018, 2022; Figure 5A). Despite its simplic-
ity, this model has proven effective in linking topology with functional patterns both in healthy
individuals (Haimovici et al., 2013; Rocha et al., 2018) and in pathological conditions (Rocha
et al., 2022). In networks with higher dimensionality, like fully connected graphs, the model
exhibits two stable equilibria, leading to a region of bistability with an associated discontinu-
ous (noncritical) transition, in agreement with analytical predictions obtained in the mean-field
limit (Barzon et al., 2022). In weakly connected networks, it yields a single stable phase char-
acterized by low activity. Between these two extremes, the model can feature symmetry
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breaking and the emergence of critical transitions (Haimovici et al., 2013). This phenomenon
mirrors effects extensively studied in the context of the physics of impure materials, where the
nature of phase transitions can shift from discontinuous to critical in the presence of quenched
disorder. Crucially, this shift occurs only below a certain dimension (Aizenman & Wehr, 1989;
Imry & Ma, 1975; Imry & Wortis, 1979).

The topology of the human brain connectome is poised toward this critical regime
(Haimovici et al., 2013). Our analysis suggests that this occurs because the connectome topol-
ogy lies within a specific dimensional range that supports criticality and complex spatiotem-
poral activity patterns (Figure 5B–D). Therefore, our findings strongly support the idea that the
dimensionality of the underlying structural topology is a crucial factor in reconciling the
bistable nature of activity with criticality through a symmetry-breaking mechanism (Fousek
et al., 2024; Pillai & Jirsa, 2017).

Comparisons with synthetic random networks performed in previous works (Barzon et al.,
2022; Zarepour, Perotti, Billoni, Chialvo, & Cannas, 2019) have highlighted the specificity of
the critical regime, demonstrating that critical transitions only arise within a narrow range of
low degree and limited rewiring, closely matching the human connectome; outside this range,
loss of criticality occurs, yielding either discontinuous or stable dynamics. Our observations
allow us to reinterpret previous results, both in empirical and synthetic networks, in terms of
the network’s dimensionality, providing a unifying framework to understand the conditions
under which critical dynamics emerge.

To further assess the specificity of the observed dynamics beyond degree statistics alone, we
performed additional simulations using degree-preserving randomized connectomes (Support-
ing Information Figure S12). Degree-preserving rewiring significantly alters the dynamical
order parameters while preserving signatures consistent with a critical transition, despite
increasing global dimensionality (Supporting Information Figure S2E–F). These findings are
consistent with previous results obtained in synthetic networks (Barzon et al., 2022), where
imposing empirical weight structure onto random connectivity restored the critical regime.
Together with our results in Figures 2C and 2F, this suggests that heterogeneity in the connec-
tivity weights contributes to reducing network dimensionality relative to homogeneous net-
works, thus fostering the emergence of criticality.

Structural lesions in stroke patients act as a “natural” perturbation of network topology. The
loss of critical dynamics in stroke patients, previously traced back to specific topological
changes (average connectivity and integration) (Rocha et al., 2022), can be clearly explained
in terms of a reduced global dimension, demonstrating the relevance of dimensionality in
shaping network dynamics.

Notably, the emergence of continuous transitions at intermediate dimensionality is not
unique to the specific dynamical model we employed. Similar behavior has been reported
in other neural dynamics models in which node activation depends on the integrated input
from connected neighbors (Martín et al., 2014, 2015; Moretti & Muñoz, 2013). This conver-
gence across models reinforces the idea that the link between dimensionality and criticality is
a general feature of dynamical systems governed by integrative activation mechanisms, rather
than a model-specific effect.

Dimension and Brain Pathology

In stroke patients, we consistently observed a reduction in global network dimensionality as
compared with healthy subjects (Figure 4A). This reduction is not a mere consequence of a
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decrease in the number of connections, but rather reflects a reduction in integration (Adhikari
et al., 2017; Figure 4C), pushing the brain away from the optimal region in connectivity mor-
phospace. Thus, the network dimension may serve as a valuable metric for characterizing
pathological shifts in the connectivity morphospace, or the “disconnectivity landscape” (van
den Heuvel & Sporns, 2019). As such, it holds promise as a biomarker for clinical assessment,
offering insights into the impairments that result from brain damage.

The local dimension was significantly reduced in regions that became structurally discon-
nected following stroke (Figure 4F). Rather than simply reflecting spatial proximity to the
lesion, this reduction was driven by the extent to which a region lost integrative connections
to the rest of the brain. This supports the interpretation that local dimension reflects a
region’s capacity to integrate diverse inputs—an ability that is compromised when structural
disconnection isolates the region functionally. This interpretation is further supported by our
mixed-effects analysis, which showed that graph distance from the lesion—capturing how
the impact of a lesion propagates along structural pathways—was a stronger predictor of
dimensionality loss than Euclidean (spatial) distance (Figure 4E). Thus, the drop in local
dimension is more closely tied to disconnection than to anatomical distance, consistent with
the idea that the loss of critical white-matter pathways impairs a region’s capacity for inte-
gration (Griffis, Metcalf, Corbetta, & Shulman, 2019; Rocha et al., 2022). From a functional
perspective, this loss in dimensionality may reflect a decline in the flexibility and adapt-
ability of local processing, which could contribute to the cognitive and behavioral deficits
observed in stroke patients (Bisogno et al., 2021; Corbetta, Siegel, & Shulman, 2018;
Facchini et al., 2023).

Indeed, we observed a negative correlation between the dimensionality of stroke-affected
connectomes and performance on tasks involving memory and visuospatial skills (Figure 4D),
indicating that lower global dimension is associated with greater cognitive impairment. In
contrast, we found no significant relationship between global dimension and sensory-motor
deficits. This is consistent with previous work (Pini et al., 2025), which showed that both
local and whole-brain structural (dis)connectivity patterns were more strongly associated
with cognitive dysfunction than with sensory-motor impairments. The absence of motor
correlations in both studies highlights a selective sensitivity of structural organization—
and, in our case, of global connectome dimensionality—to higher-order cognitive function.

This link between structural disconnection and reduced local dimension has broader
implications for understanding how network topology shapes brain dynamics. In models of
disordered materials, a reduction in dimensionality can suppress critical phenomena, poten-
tially causing the critical transition to vanish (Imry & Wortis, 1979). A similar principle may
apply in the brain: Earlier studies showed that focal lesions reduce markers of criticality in
whole-brain dynamics (Rocha et al., 2022). Here, we extend these findings by showing that
such impairments can be explained through a reduction in the dimension of the connectome
(Figure 5E–F). In stroke patients, this lower dimensionality was associated with a marked
decline in metastability and an increase in dynamical fragmentation. Metastability has been
linked to optimal information processing capabilities, cognitive flexibility, and memory capac-
ity (Alderson, Bokde, Kelso, Maguire, & Coyle, 2020; Deco, Rolls, & Romo, 2009; Tognoli &
Kelso, 2014), and this interpretation is supported by prior computational (Adhikari et al., 2017;
Váša et al., 2015) and empirical studies (Allegra, Favaretto, Metcalf, Corbetta, & Brovelli,
2021; Hellyer, Scott, Shanahan, Sharp, & Leech, 2015; Rocha et al., 2022). Therefore, the
dimensionality of the connectome appears to be a crucial factor in understanding impaired
information processing and the related cognitive deficits.

Network dimension:
A property capturing how broadly
and diversely activity can propagate
from any given point in the network.
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Limitations and Future Perspectives

The relation between structural dimension and criticality was investigated with the aid of a
computational model. While these models have proven to be reliable tools for reproducing
functional activity both in health and disease (Deco et al., 2015; Patow, Martin, Sanz
Perl, Kringelbach, & Deco, 2024), they may not fully capture the dynamical mechanisms
occurring in real brains. Future research should focus on directly comparing network
dimensionality with empirical functional data to further validate the obtained insights.
Additionally, it would be valuable to investigate how these relationships hold across different
neurological and psychiatric conditions and during normal aging. In this context, it would
be intriguing to investigate the potential disruption of criticality occurring in pathologies
characterized by structural overconnectivity (rather than disconnection), such as autism
spectrum disorder.

METHODS

Estimation of Network Dimension

To estimate the dimension of a network, we apply the algorithm proposed in Peach et al.
(2022). Briefly, this model capitalizes on the temporal response of impulsive perturbations that
diffuse on on graphs to infer a nodal measure of dimensionality. In a d-dimensional lattice, the
time evolution of a localized perturbation placed at position x0 is

p x; tð Þ ¼ 4πσtð Þ−d=2exp − x − x0k k2
4σt

 !

that is the solution of the diffusion equation given p(x, 0) = δ(x − x0) as initial condition and σ

as a diffusion coefficient. The transient response display a maximum of amplitude p̂ at time t̂ in
any other location x given by Arnaudon et al. (2020)

t̂ xð Þ ¼ x − x0k k2
2dσ

; p̂ t̂
� � ¼ 4eπσ t̂

� �−d=2
:

Such values can be then used to infer the dimension of the lattice as

d xjx0ð Þ ¼ −2 lnp̂
ln 4eπσ t̂
� � (1)

The same recipe can be generalized on graphs. Given a network described by an adjacency
matrix W, the temporal evolution of the time-dependent node vector p(t) follows

∂tp tð Þ ¼ −Lp tð Þ (2)

where L = K−1(K −W ) is the (normalized) graph Laplacian and K is the diagonal matrix of node
degrees. By perturbing the node i with intensity δi, such that p(0) = (0, 0, …, δi, …, 0), the
response of node j is given by pj(t|i) = δi(e

−Lt)ij. Therefore, by numerically simulating (2) and

measuring the amplitude p̂ij and the time t̂ ij at which a maximum appears, a (relative) dimen-

sion can be computed similarly to (1) as

dij ¼
−2 lnp̂ij

ln 4eπσ t̂ ij
� � (3)

Differently from Euclidean spaces, where the dimension is independent of the starting and
observing point (and is always equal to d ), in complex networks the response is heterogeneous
and typically changes between nodes. Moreover, for some pairs of nodes the peak in transient
response may be even missing due to boundary effects (Arnaudon et al., 2020). Thus, the local
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dimension of a node i at a given scale τ can be defined by averaging the relative dimension of
nodes displaying a peak in their response before a given time τ

Di τð Þ ¼
Pn

j¼1;j≠i dij τð Þ1t̂ ij<τPn
j¼1;j≠i 1t̂ ij<τ

(4)

and, finally, the global dimension of the network as D τð Þ ¼Pn
i¼1 Di τð Þ=n.

Following previous work (Peach et al., 2022), we identify the optimal scale τ at the peak of
the global dimension D(τ), as this is the scale where the framework’s results match theoretical
predictions in Euclidean lattices. For empirical connectomes, where no theoretical expectation
exists, this provides an a priori choice of scale, ensuring a consistent and statistically robust
framework for comparison across the cohort. The robustness of this criterion is further sup-
ported by the broad and smooth shape of D(τ) across all subjects, with individual peak loca-
tions clustering consistently in the range τ ≈ 4–7 (see Supporting Information Figure S7).

To verify that the observed reduction in dimension after stroke is robust to different estima-
tion methods of network dimension, we also compute the spectral dimension (Burioni & Cassi,
1996; Millán et al., 2019, 2021) of the connectomes. The spectral dimension Ds of a network
can be estimated from the average return probability R(t) since it is expected to scale as

R tð Þ ¼ 1
N

XN
i¼1

e−tL
� �

ii ¼
Z tð Þ
N

≈ t−Ds=2; (5)

where Z(t) = Tr(e−tL) is the partition function of the associated propagator (Ghavasieh & De
Domenico, 2020, 2024) (see Supporting Information Figure S6 for more details about its
computation).

Synthetic Networks

To quantify the effect of some paradigmatic topological features on network dimensionality,
we generate random networks from different ensembles. Specifically, to investigate the effect
of topological disorder, we generate small world networks (Watts & Strogatz, 1998)—that is,
models where nodes are initially connected in a lattice-like regular pattern, and then the links
are shuffled with a given rewiring probability prew to introduce topological shortcuts. There-
fore, these networks span from regular topologies with nodes connected only to their nearest
neighbors, up to randomized structures.

Instead, to investigate the interplay between segregation and integration on network dimen-
sionality, we consider a stochastic block network (Peixoto, 2017)—that is, models reproducing
groups or communities of nodes that are randomly connected internally with probability pin
and externally with probability pout—with four communities. This class of models is useful to
investigate the mesoscale organization of complex networks. We vary the mixing parameter,

defined as μ ¼ kout
kinþkout

, where kin is the average number of connections a node has with the

nodes in its community, and kout is the average number of external connections. Values of
μ ≪ 1 generate a highly segregated network with most connections existing only within a
community, whereas μ ≈ 1 gives a network with no particular community structure, resem-
bling Erdos-Renyi random networks.

Moreover, to account for weight heterogeneity, we generate Erdős-Rényi networks with
weights drawn from a lognormal distribution. The parameters of the lognormal distribution,
μ and σ, are selected to vary the distribution’s variance while maintaining a constant average
link strength (equal to unity).

Network Neuroscience 16

Structural connectome dimension shapes brain dynamics

D
ow

nloaded from
 direct.​m

it.​edu/​netn/​article-pdf/​doi/​10.​1162/​N
ETN

.​a.​593/​2605919/​netn.​a.​593.​pdf by guest on 13 August 2026



Average strength k was also systematically varied across all models to disentangle the effect
of link strength from the other topological features.

Stroke Dataset

We re-analyzed the dataset recently published in Pini et al. (2025), which comprises patients
with first-time stroke enrolled at Washington University in Saint Louis. Specifically, 79 patients
were included (mean age = 60.1 ± 11.5 years; mean education = 13.3 ± 2.5 years). All
stroke patients were enrolled in the subacute phase, within 2 weeks of stroke onset. A healthy
control group of n = 33 participants was also included, matched to the patients by age (t =
0.927, p = 0.356), sex (χ2 = 1.433, p = 0.231), and years of education (t = −0.897, p = 0.372).

Structural connectivity matrices were derived from diffusion-weighted imaging using
tractography and parcellated according to the Schaefer atlas at multiple spatial resolutions
(100, 200, and 500 parcels). Full details on diffusion preprocessing and tractography proce-
dures can be found in Pini et al. (2025). The dense connectomes were then thresholded
to retain the top 20% of connections, to improve the signal-to-noise ratio (Roberts, Perry,
Roberts, Mitchell, & Breakspear, 2017) and to ensure that the two groups had the same net-
work density.

Participants underwent an extensive behavioral battery assessing the following cognitive
domains: memory, language, visuospatial attention, executive functions, and motor abilities
(see Pini et al. [2025] for details). Dimensionality reduction was performed using hierarchical
factor analysis, applied separately to stroke patients and healthy controls. This revealed five
main latent factors accounting for approximately 50% of the total behavioral variance. The
first factor primarily loaded on verbal memory, language, and executive function tests. The
second and third factors captured right and left motor function, respectively. The fourth factor
reflected visual memory, working memory, and general attention performance, while the fifth
factor was mainly associated with lateralized visuospatial abilities. For a full description of the
latent behavioral dimensions and their relation to structural disconnection patterns, we refer
the reader to Pini et al. (2025).

Network Integration

We quantify network integration as I = 1 − Q, where Q is the modularity index for a specific
network partition. The modularity Q is given by

Q ¼ 1
2m

X
i;j

Wij −
kikj
2m

� �
δ ci ; cj
� �

(6)

where m is the sum of all edge weights in the network, ci is the community to which vertex i is
assigned, and δ(ci, cj) is the Kronecker delta function, which is 1 if nodes i and j belong to the
same community, and 0 otherwise. Modularity is the fraction of the edges that fall within the
given groups minus the expected fraction if edges were distributed at random. Therefore, it
measures the extent to which nodes within the same community are more densely connected
to each other than to nodes in other communities. High modularity indicates a strong commu-
nity structure, with more intracommunity connections than would be expected by chance. By
contrast, a higher integration value implies that communities are more interconnected, with an
increased number of links bridging different communities, thus promoting global cohesion
within the network.

To define the most representative partition, we used consensus clustering from 1,000 rep-
etitions of the Louvain algorithm (Bassett et al., 2013). Given that this partitioning method

Network Neuroscience 17

Structural connectome dimension shapes brain dynamics

D
ow

nloaded from
 direct.​m

it.​edu/​netn/​article-pdf/​doi/​10.​1162/​N
ETN

.​a.​593/​2605919/​netn.​a.​593.​pdf by guest on 13 August 2026



might not yield statistically significant community structure (Peixoto, 2023), we also identify
network partitions via statistical inference using the SBM (Peixoto, 2017, 2018) (see Supporting
Information Figure S3).

While network integration can be assessed using other metrics (such as network entropy or
global efficiency, see Rocha et al. [2022]), the choice of modularity is motivated by its intuitive
interpretation and its direct manipulability in generative models, such as those used for our
synthetic networks. To further validate this choice empirically, we assessed the relationship
between modularity Q and global efficiency across all subjects, finding a significant negative
correlation ρ = −0.34, p = 0.003; see Supporting Information Figure S13), supporting the use
of 1 −Q as a proxy for integration in connectome-like networks.

Stochastic Whole-Brain Model

To simulate neural activity at the individual level, we employed the whole-brain stochastic
model introduced in Haimovici et al. (2013) to describe the dynamics of the human brain
at a mesoscopic scale. Such a model is a variation of the Greenberg and Hastings cellular
automaton (Greenberg & Hastings, 1978). Briefly, each node in the system belongs to one
of three states: quiescent Q, excited E, or refractory R. The original dynamics of the GH
automaton is modified in such a way that the states undergo the following stochastic
transitions:

Q → E if
P

jWijsj tð Þ > T or with prob: r1
E → R with prob: 1
R → Q with prob: r2

8<: (7)

where sj(t) 2 {0, 1} is the state of node j at a certain time step t—set to 1 if the node is in the E
state, and 0 otherwise. Wij is the weighted connectivity matrix of the underlying network, r1 is
the probability of self-activation, and r2 is the probability of recovery from the refractory state.
In particular, T is a threshold that governs the induced activation due to interaction with neigh-
boring nodes, which acts as a control parameter of the model. Importantly, we include homeo-
static plasticity in the model, implemented as a normalization of the excitatory input of the

incoming node (i.e., eWij ¼ Wij=
P

jWij). It has been shown that its addition improves the cor-

respondence between simulated neural patterns and experimental brain functional data
(Rocha et al., 2018).

Following previous works (Barzon et al., 2022; Rocha et al., 2018, 2022), we set the model

parameters to the following values, r1 = 2/N, r2 ¼ r1=51 , and we vary the activation threshold.

We updated the network states si(t) for a total of ts = 104 time steps, starting from a random
initial configuration and discarding an initial transient of additional 5 ⋅ 103 time steps. All
reported quantities were averaged over 30 independent simulation runs with different random
initial conditions.

To characterize the simulated brain activity, for each value of threshold Twe computed: the

mean network activity, A ¼ 1
ts

Pts
t¼1 A tð Þ, where is the instantaneous activity A tð Þ ¼PN

i¼1 si tð Þ;
the metastability, that is, the standard deviation σ(A) of the average activity A(t); the average
sizes of the largest S1 and the second largest cluster S2, called fragmentation. Clusters were
defined as ensembles of nodes that are structurally connected to each other and simulta-
neously active. The value of the critical threshold can be numerically identified by the peak
in metastability and fragmentation.
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Statistical Analysis

To assess the significance of correlations between brain maps while accounting for spatial
autocorrelation, we employed the spin test, a nonparametric permutation method (Alexander-
Bloch et al., 2018; Markello et al., 2022). First, each brain map was projected onto a spherical
surface, approximating the brain as a sphere for this analysis. We then performed random
rotations of the spherical maps, preserving the spatial structure but altering the spatial
alignment between the maps. For each rotation (Nspin = 104), we computed the correlation
between the rotated map and the other map of interest, resulting in a distribution of correlation
values under the null hypothesis of no specific alignment. The observed correlation between
the unrotated maps was compared to this null distribution to determine statistical significance.

To investigate the relationship between network integration and the dimension of brain con-
nectomes, while controlling for potential confounding effects of node degree, we performed par-
tial correlation analysis. Specifically, we first removed the effects of node degree from both the
network integration measure and the dimension by regressing each on node degree. We then
computed the correlations between the residuals of these regressions to determine the direct asso-
ciation between network integration and dimension, independent of degree-related variability.

To assess whether the decrease in local dimension in each region of interest (ROI) in stroke
patients is predicted by the (network shortest path and spatial Euclidean) distance of each ROI
from the lesion center, we employed a mixed linear model. Specifically, we used the following
model: ΔDi ≈ Li + (1 + LijID), where ΔDi is the change in local dimension of the i-th ROI for
the j-th patients with respect to the average among healthy controls, Li is the distance of the i-th
ROI from the lesion center, and ID is each participant’s unique ID.
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DynGDim package (https://github.com/barahona-research-group/DynGDim). Spin test was
performed using the neuromaps toolbox (https://github.com/netneurolab/neuromaps). The
SBM inference was performed using the graph-tool module (https://git.skewed.de/count0
/graph-tool).
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