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Generative Network Model Reveals Different
Trajectories in Brain Networks of PSA

and Stroke Patients
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Seedahmed S. Mahmoud , Senior Member, IEEE, and Yu Sun , Senior Member, IEEE

Abstract— Post-stroke aphasia (PSA), induced by acute
brain injury, is an acquired language disorder resulting
from stroke, primarily characterized by impairments
across multiple linguistic functions including spontaneous
speech, auditory comprehension, repetition, naming,
reading, and writing. Previous studies have demonstrated
that the topological features of healthy brains align with
complex networks, whereas key topological features
in PSA patients (e.g., interhemispheric connectivity,
functional connectivity (FC) of language networks)
undergo significant alterations due to acute brain injury.
However, traditional graph-theoretical approaches fail to
elucidate the dynamic evolutionary patterns underlying
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functional reorganization in brain networks. Moreover,
existing research lacks systematic exploration of trajectory
characteristics and economic cost regulation mechanisms
in network generation among PSA patients. To address
these gaps, this study introduces a framework based on
generative network modeling, integrating non-geometric
rules (power-law functions of topological relationships)
and geometric rules (connection distance calculations)
to simulate the formation process of functional brain
networks. By parametrically modulating the balance
between nodal connection propensity and distance cost,
and comparing the optimal matching between simulated
and observed networks, we explored the evolutionary
mechanism of brain networks in PSA patients. Key
findings include: For the FC matrix with 10% sparsity,
1) The homogeneous model combined with geometric
distance-based economic costs generates optimal
simulated networks; 2) PSA patients exhibit significantly
higher absolute values of parameter η compared to
general stroke patients (p < 0.05), indicating increased
economic costs for connections with distal nodes; 3)
PSA patients show the highest γ values, with significant
reduction in inter-nodal connection propensity versus
healthy controls (p < 0.05), suggesting impaired network
integration efficiency; 4) Trajectory analysis reveals
decreased parametric values in thalamus-related regions
but elevated values in occipital and cerebellar regions
among PSA patients, with distance costs showing negative
correlation with stroke patients (R2

= 0.86), uncovering
region-specific trajectories of functional reorganization
around lesions. By constructing a computational model
incorporating economic clustering rules, this study
clarifies differential network evolution patterns between
PSA and general stroke patients, provides theoretical
foundations for targeted neuromodulation and intervention
strategy optimization, and addresses the limitations of
traditional graph theory in dynamic mechanism analysis.

Index Terms— Post-stroke aphasia, generative network,
functional connectivity, graph theory.

I. INTRODUCTION

STROKE is a brain disease that arises from multiple
factors damaging the blood vessels of the brain, leading to

localized or widespread damage to brain organization, which
continued to rank as the second-highest Level 3 cause of
mortality and the third-highest Level 3 cause of both death and
disability globally in 2019 [1]. Stroke is a significant cause of
aphasia, leading to the loss of language function in patients
dueto acute brain injury [2], [3]. The long and short-term
loss of speech function and the complex transformations
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of different types of post-stroke aphasia (PSA) during the
recovery period make the rehabilitation of aphasia particularly
challenging [4].

As the primary target of stroke, the brain acts as a vast
and complex network, where different brain atlases divide
the brain into various regions based on anatomy or brain
function. The functional connections between regions are
considered as nodes and edges of a graph, forming a brain
functional connectivity (FC) matrix that represents the net-
work of connections between brain regions. Due to the
availability of large public datasets and freely accessible
highly integrated toolboxes [5], [6], [7], the application of
graph theory principles on network neuroscience has become
widespread [8], [9], [10], [11], [12], [13], [14], [15], [16].
Representing the connections between neurons and neural
elements in the brain as a graph, analyzing network topology
and characteristics has been a common approach to explore
the complexity of the brain. Graph theory analysis reveals
several key properties of healthy brain networks, including
small-world characteristics with short and efficient connections
between nodes [17], [18], highly central hubs with a power-law
distribution of node degrees [19], [20], modular organization
of different brain regions based on functional modules or
network subsystems [21], [22], and rich club structures formed
by densely connected hub nodes [23]. Many studies have
demonstrated that aphasia can alter the topological structure
and graph theory properties of the brain, providing insights
into the mechanism behind primary aphasia [14], [15] and the
aphasia caused by stroke [16], [24]. Chen et al. [16] compared
whole-brain FC networks constructed using Power264 atlas
in 24 right-handed PSA patients and 19 healthy controls,
and found that small-worldness, normalised clustering coeffi-
cients, and local efficiency values were reduced and that local
efficiency values were positively correlated with linguistic
competence, repetition, naming, and auditory comprehension
in PSA patients. Johnson et al. [24] explored changes in graph
theoretic properties in 26 PSA patients before and after speech
therapy and revealed that patients’ mean network strength
and overall efficiency controlled lesion volume and predicted
treatment outcome. The graph theory-based statistics provide
a concise description of the organisational features of brain
networks, including the functional balancing that supports
the segregation and integration of brain functions [25] while
emphasizing the trade-off between cost and function [26].

Although graph theory-based statistics are useful for finding
disease biomarkers by comparing healthy individuals and
patients, they provide limited insight into the mechanisms
of network function, growth, and evolution [27]. Aphasia
typically involves long-term or short-term periods of ill-
ness and recovery processes that are accompanied by the
destruction and recovery of FCs of brain networks over time,
under the support of plasticity [28], [29]. These processes
are beyond the insights that can be provided by existing
commonly used graph-theoretical statistics. To shift the focus
from graph-theoretical statistics to mechanisms and processes,
the network generative model is a flexible framework for
generating synthetic networks from a set of parameterized
wiring rules [30], [31]. As long as the wiring rules are

sufficiently informed and have a biological basis, generative
models can be used to test and identify potential mechanisms
of growth and evolution of biological neural networks. With
these mechanisms, it is possible to distinguish topological
features that drive network growth from those that appear
only as byproducts [32], and to take targeted intervention
measures [33]. This study aims to investigate the growth
and evolution of brain networks under PSA by construct-
ing network generative models, and further provide potential
interventions for PSA rehabilitation. Specifically, we utilized
a dual-parameter model, incorporating connections formed
based on non-geometric rules on a shared topological rela-
tionship and a power-law function based on the geometric
rules of interregional connectivity distances in the brain [34],
[35]. Over time, a simulated brain network was probabilisti-
cally formed to analyze the overall model performance and
compare the differences between the simulated network and
the real network directly. To generate more accurate simulated
networks, we used a traversal method to adjust model param-
eters, revealing finer rules of network wiring. These simulated
networks exhibited similar characteristics to observed real
networks, further elucidating the differences and underlying
mechanisms of different types of PSA.

The following sections of the article will be presented in the
following order: Section II presents the research methodology,
including an introduction to the datasets, data preprocessing
procedures, and the formation of brain networks based on
wiring rules in probability order over time, followed by an
introduction to statistical analysis methods for comparing
the differences between generated networks and observed
networks. Section III focuses on the mathematical model
construction of the generative simulation network and the
results of the statistical analysis with the observed network.
Section IV discusses the results and drawbacks of simulating
generative networks. Section V summarizes the overall work.

II. METHODS

A. Datasets
1) Participants and fMRI Acquisition: In order to achieve the

goal of investigating the differences between the growth of
PSA brain networks and observed networks by constructing
a generative model of functional brain networks, we inte-
grated two publicly available datasets for analysis, which are
described below:

Dataset 1: Resting-state fMRI scans were acquired from
the University of South Carolina and the Medical University
of South Carolina [36]. The Institutional Review Board (IRB)
at the University of South Carolina determined that the study
was exempt from further review. The dataset included 148 PSA
patients and 26 general stroke patients after excluding patients
with head motion exceeding 3mm. For each patient, the fMRI
scan closest to the stroke onset time was selected. Participants
were instructed to remain still in the scanner with their eyes
open and stay awake. All fMRI images were acquired using a
Siemens Trio 3.0T scanner equipped with a 16-channel head
coil.

Dataset 2: 28 healthy participants served as a control group
and underwent whole-brain imaging at UNCG’s Gateway MRI
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Center using a Siemens 3.0T Tim Trio MRI scanner with
a 16-channel head coil. The study was approved by the
University of North Carolina at Greensboro IRB [37]. Resting-
state functional data were collected after the anatomical scans,
and 300 measurements were taken during the 10-minute scans.
Subjects were asked to remain quiet and awake with their eyes
open. Functional scans were acquired using echo-planar image
sequences sensitive to blood oxygen level-dependent (BOLD)
contrast, with a scan thickness of 4.0 mm, 32 slices, a TE of
30 ms, a TR of 2000 ms, and a flip angle of 70. The scans
sequentially covered the entire cerebral cortex and part of the
cerebellum.

The initial aim of this dataset was to investigate the
ability of connectome-based modeling approaches exploring
intrinsic FC in default mode networks to predict memory
discrimination in young versus old adults. In this study,
we used this dataset in conjunction with an open-access
fMRI dataset with the aim of modelling brain FC in patients
with PSA, general stroke patients, and healthy individuals
to simulate the generation of brain FC matrices and to
explore the modelling of the mechanisms underlying the
emergence of PSA. Informed Consent was obtained for both
datasets.

2) fMRI Pre-Processing: Before constructing the functional
brain network, for the fMRI raw scan data of a total of
202 subjects in the above two datasets, we performed pre-
processing operations. The first ten volumes of each scan
were excluded to ensure magnetic stability and to optimize the
generation of a consistent blood oxygenation level-dependent
(BOLD) activity signal. The preprocessing pipeline was imple-
mented utilizing the Gretna toolbox [7]. Subsequently, the
fMRI data underwent the following procedures:

1. Correction for slice timing; 2. Realignment to correct for
head motion; 3. Normalization to a 3 mm MNI space using
an EPI template provided by the Gretna software package; 4.
Application of linear temporal detrending to remove the linear
drift of the BOLD signal; 5. Covariate regression, including the
white matter signal, cerebrospinal fluid (CSF) signal, and head
motion signal, utilising the Fristion-24 Parameters strategy; 6.
Temporal filtering with a bandwidth of 0.01-0.1 Hz.

B. Construction of the FC Matrix

The Fair34 brain atlas [38] was used to partition the brain
into 34 anatomically meaningful regions, and the averaged
BOLD signals of these brain regions were constructed. Pearson
correlation calculations were performed on BOLD signals
of each brain region to determine the FC strength between
different brain regions, resulting in a symmetric brain FC
matrix.

The FC matrix for each participant was thresholded to con-
struct a binary network. In order to ensure sparsity, the binary
FC matrices were created by preserving more connection
information and capturing the relationships between different
nodes. We used 5%, 10%, and 15% sparsity thresholds in
the initial FC matrices to avoid the subjectivity of threshold
selection and better reflect the topological structure of the brain
network.

C. Generative Network Models
Based on the above constructed real brain FC matrices (or

observed networks), we explored the generation of simulated
networks based on wiring rules under different rule models.
The generative network model was generated using simple
wiring rules that calculated the probability of connection
formation by balancing connection cost and the potential value
of forming connections. Connections were probabilistically
formed, and the relative probability of connecting nodes i
and j was determined by a specific Eq. 1 that utilized
13 non-geometric rules to generate an energy landscape,
taking into account both the Euclidean distance and power-law
between nodes. The probabilistic matrix formed based on
wiring rules is continuously updated over time. Starting from
a sparse binary seed network, connections were gradually
added until the total number of connections reaches the target
value. Each connection addition considered the possibility of
connecting unconnected nodes. Topological parameters were
calculated using functions adapted from the Brain Connectiv-
ity Toolbox (https://sites.google.com/site/bctnet/) and previous
research findings by [39].

The generative network probability was calculated as
follows:

Pi j ∝
(
Di, j

)η(Ki, j
)γ (1)

where Di, j denotes the Euclidean distance between nodes i
and j , i.e., the “cost of forming a connection”, and Ki, j
denotes a specific relationship between the nodes, reflecting
the value of connection formation, i.e., the “attractiveness”
of forming a connection, which can be chosen from any
non-geometric growth rule model used to build social and
economic networks. Di, j is parameterized by a scalar η, which
is negatively correlated with the distance between nodes,
reflecting the probability that the cost of the distance between
nodes affects the probability of connection formation. Ki, j is
parameterized by a scalar γ , and γ is positive. In short, the
generative network grows according to the wiring equation
matching rule, and connection formation between nodes pri-
oritizes neighbouring nodes that are similarly connected and
spatially proximate.

In order to find the optimal η and γ in the wiring equation to
determine the appropriate probability of forming a connection
between nodes, we defined the energy function (Eq. 2) to
measure the level of difference between the synthetic network
and the observed network, and determined the optimal param-
eters η and γ for each model to make the generative network
closest to the observed network by minimizing E , in which
the definition of K S was based on the Kolmogorov-Smirnov
statistics comparing the four graph-theoretic metrics of the
generated and observed networks. K Sk , K Sc, K Sb, and K Se
represented the statistics for degree, the clustering coefficient,
the betweenness centrality, and the edge length distribution,
respectively.

E = max (K Sk, K Sc, K Sb, K Se) (2)

These four graph-theoretic metrics in the energy equation
were good candidates for assessing the scalability of simulated
networks according to previous studies [10], [11], [14], [15],
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[16], [31], [39], [40], [41], in addition to being key statistical
properties of network metrics and relevant to many neuro-
logical disorders [8], [9]. Their calculation formulas are as
follows:

1) Degree: The degree of a node is the number of edges
connected to that node. The higher the degree of a node, the
more closely it is connected to other nodes. High degree nodes
play a important role in the network and is more likely to
influence other nodes [42]. Degree can be calculated by the
following formula:

ki =

∑
j

Ai j (3)

where Ai j is the FC matrix, of which the corresponding
elements equal to 1 if there is a connection between nodes
i and j , and 0 otherwise.

2) Clustering Coefficient: The clustering coefficient is a
metric that be used to measure the degree of closeness between
nodes in a network. It describes the density of connections
between a node and its neighbouring nodes, indicating the
probability of closed triangles forming between the adjacent
nodes of a node [43]. It helps to understand the connection
patterns between nodes in a network, revealing the community
structure of the network and the intimacy between nodes. The
formula of clustering coefficient is as follows:

Ci =
2 ∗ ei

ki ∗ (ki − 1)
(4)

where ei is the number of edges that exist between neighbours
of node i , and ki is the degree of node i .

3) Betweenness Centrality: Betweenness centrality is a met-
ric used to measure the extent to which a node plays an
important intermediary role in a network [44]. Betweenness
centrality measures the extent to which a node acts as a bridge
or intermediary in a network, i.e., the node’s importance in
connecting other nodes in a network. Specifically, betweenness
centrality is measured by counting the number of times a node
acts as an intermediary node in all shortest paths [43], [44].
The formula of betweenness centrality is as follows:

Bi =

∑
s ̸=i ̸=t

σi

σ
(5)

where σst is the total number of shortest paths from node s
to node t and σst (i) is the number of shortest paths through
node i .

4) Edge Length Distribution: Edge length distribution is a
statistical feature that can describe the distribution of edge
lengths in a network. It reveals the distance between nodes in
the network, connection patterns and network structure. The
formula of edge length distribution is as follows:

P (d) =
N (d)

M
(6)

where N (d) is the number of edges of length d and M is the
total number of edges in the graph.

Degree, clustering coefficients, median centrality, and edge
length distributions can well characterize the geometric con-
nectivity of the brain. Degree reflects the number of neurons

or brain regions that are directly connected to other nodes, and
nodes with a high number of heights (hub neurons or brain
regions) may be responsible for integrating multiple sources
of information and rapidly propagating signals through the
network [42], e.g., “rich club” regions in the cortex are often
characterized by a high number of heights [45]. Clustering
coefficients are used to measure the degree of interconnectivity
between neighbors of nodes, reflecting local modularity, with
high clustering coefficients indicating dense connectivity
(functional modules) within local brain regions [43], and in
addition, the brain often exhibits “small-world” characteristics
(high clustering as well as short pathways) to balance
local processing with global integration [46]. Betweenness
centrality is often used as a measure of a node’s ability to
act as a “bridge” between different groups, reflecting its
mediating role in the global information flow [43], [44]. High
median nodes may coordinate the activities of different brain
regions to support complex cognitive tasks, but such nodes are
vulnerable to pathological attacks (e.g., abnormalities in the
salience network in schizophrenia), resulting in less efficient
whole-brain communication [47]. Edge length distributions
are used to define the physical or functional length distribution
of connected edges in a network to observe connectivity costs
and efficiencies - short edges (localized connections) conserve
energy and support fast local communication, and long edges
(connected across hemispheres or brain regions) facilitate
global integration. Psychiatric disorders (e.g., schizophrenia)
may exhibit a reduction in long connections [48], leading
to functional separation; in neurodegenerative diseases,
edge length distributions may reorganize, affecting network
dynamics [49].

Simulations based on Eqs. 1, 2 with the approximations
evaluated in previous study [39] were determined for each
generative rule in a predefined parameter space of 2,500
combinations of uniform intervals (−7 ≤ η ≤ 7, −7 ≤ γ ≤

7, with a step size of 0.28 for each interval) to determine the
minimum E ranges and to estimate their relative effective-
ness in generating reasonable networks based on the energy
landscape maps. Subsequently, approximately 50,000-60,000
simulations were performed in a finer range of minimum
energy consumption for the proximity algorithm (the range
of intervals for each type of PSA at different sparsities is
shown in Table. I) for all subsequent analyses. This is because
the proximity algorithm yields the lowest-energy network that
most closely approximates the connectivity of the real brain
in the economic model. The analysis pipeline of this study is
shown in Fig. 1.

D. Coefficient of Variation and Node Distribution of Cost
for the Decomposition of the Wiring Equation

To determine the variability of the network generated over
time, we decomposed the wiring probability (Pi, j ) into two
components for independent analysis: distance cost (Di, j )

η,
parameterized value (Ki, j )

γ [35]. The wiring equation param-
eters (η and γ ) for the best-simulated network of each
subject were obtained through the aforementioned method.
Regarding distance cost, since the static Euclidean space
distance matrix was unique and deterministic, the distance
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Fig. 1. The basic workflow of this investigation. (1) Preprocessing of the data from the dataset, including temporal layer correction, head movement
correction, normalisation to a 3-mm EPI space, removal of linear drift from the signals, regression of covariates including white matter signals,
cerebrospinal fluid signals, and head movement signals using the Frission −24 parametric strategy, and the use of bandwidths ranging from
0.01-0.1 Hz filtering. Brain FC matrices were constructed using Fair34 brain templates. (2) The initial weight matrix was binarized using different
sparsities (5%, 10%, 15%) to construct a binary network. (3) Among the 13 wiring rules, selected the “homogeneous matching rule” with low energy
consumption according to the energy equation, and run it further in the low-energy fine window. (4) Generated the simulated network by iteratively
updating the wiring equations over time. (5) Statistically analyzed the graph-theoretic metrics of the observed and generated networks, comparing
correlations and significant differences.

TABLE I
FINER RANGE OF MINIMUM ENERGY CONSUMPTION PARAMETERS IN

NEIGHBOURHOOD ALGORITHMS FOR DIFFERENT TYPES OF PSA AT

VARIOUS SPARSITIES

cost for each subject was determined by the η value. For
the time-varying solutions of parameterized value and wiring
probability, we first computed the edges present in the network

generation model at each time point, calculating their mean (µ)
and standard deviation (σ ) [39]. Subsequently, we determined
the coefficient of variation (CV ) using Eq. 7. To explore the
variability of brain regions, we further summed the matrix to
ascertain the changes in the node elements.

CV =
σ

µ
(7)

where CV stands for coefficient of variation, σ is the standard
deviation, µ is the mean value.

E. Statistical Analysis
This study employed univariate linear regression analysis

to evaluate the fitting effects of multiple indicators between
simulated networks and real observed networks. Specifically,
a p-value less than 0.05 for the regression coefficient was
considered statistically significant. Additionally, the coefficient
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of determination (R2) was calculated to quantify the pro-
portion of variation in the dependent variable that could be
explained by the independent variables. To further compare
the differences in energy E , η values, and γ values among
patients with PSA, patients with ordinary strokes, and healthy
individuals, a one-way ANOVA was conducted. Post-hoc
multiple comparisons were performed using the most stringent
Bonferroni correction, with a confidence level set at 95%.

III. RESULTS

A. Results of Parameter Selection for Generative
Network Models

According to the wiring rules of Eq. 1, functionally con-
nected simulation networks were generated, where the model
choice was determined by the energy equation. We initially
defined the parameter ranges for η and γ (−7 ≤ η ≤ 7,
−7 ≤ γ ≤ 7) and observed the generated energy landscape
maps. The results and analysis process are shown in Fig. 2(A)
and (B). In all samples of PSA patients, ordinary stroke
patients and healthy individuals, we found that the generation
networks based on homogeneity (matching and neighbours)
models exhibit a more concentrated and lower energy dis-
tribution compared to other generative rules. Although the
degree-based average rule (D-Avg) had the lowest average
energy, its low energy distribution was uneven, making it
difficult to further identify low-energy bands for fine-tuning
simulations [39]. This suggests that the economic cost gener-
ated by the homogeneity model in conjunction with geometric
distance can produce optimal simulated networks.

Based on the generated energy landscape, further optimiza-
tion of the economical model parameters was conducted to
match the topological profiles of brain networks (Fig. 2(C)),
with relevant parameters shown in Table. I. Within the selected
narrow low-energy band range, simulations were performed
between 50,000 to 60,000 times, resulting in finely tuned
networks with lower energy compared to previous analyses.

We further analyzed the relevance of four graph-theoretic
metrics used for energy E optimization between observed
and simulated networks. It was observed from Fig. S1 (see
Supplementary materials) that degree (R = 0.41, p = 0.015),
betweenness centrality (R = 0.51, p = 0.0017), and edge
lengths (R = 0.76, p = 1.59e-07) exhibited significant pos-
itive correlations between observed and generated networks.
However, clustering coefficients (R = 0.22, p = 0.21) did
not show a significant correlation. That is, spatial embedding
of these network properties appeared to reflect the observed
network, and although not specified during growth, simple
homogeneity rules gave rise to many of the observed brain
network properties according to previous study [39].

To demonstrate whether these spatial patterns of network
properties solely arise from the generated model, node effi-
ciency was introduced as an external evaluation metric. It was
observed that there remained a significant positive correlation
(shown in Supplementary Fig. S2) between observed and
generated networks (R = 0.34, p = 0.04), confirming the
similarity in node properties between generated and observed
networks. In addition, component differences were analyzed
for the simulated network (right panel) and the observation

network (left panel). They were consistent in binary networks
with 10% sparsity.

To eliminate subjective factors in the binarization of sparse
matrices, we incorporated binarized matrices with sparsity
levels of 5% and 15% as comparisons. We found that as
the sparsity increased, the correlation and significance of the
nodes’ degree, betweenness centrality, and clustering coeffi-
cient exhibited a notable decline. The edge length showed the
highest significance at a sparsity level of 10%, while the other
metrics demonstrated varying degrees of decline compared to
the binarized network results generated at 10% sparsity. This
suggested that simulating network generation based on wiring
rules using the binarized matrix at 10% sparsity yields optimal
simulation results. The results of the comparison between
the generative network and the actual functional network at
different sparsities are given in detail in Table S1 of the
Supplementary Material.

B. Differences in Generative Network Model Parameters
for Stroke and PSA

Further, when comparing the parameters η and γ of the
generated networks, we found significant differences between
PSA patients and general stroke patients, the results are shown
in Fig. 3. Specifically, the absolute value of η was larger for
PSA patients compared to general stroke patients (p = 0.0174),
indicating that aphasic patients incurred higher economic costs
in forming connections with distant nodes. Furthermore, PSA
patients exhibited the highest γ , suggesting a lower tendency
for connections between nodes compared to healthy controls,
with significant differences observed (p = 0.0304).

These findings were consistent in brain networks with a
sparsity of 15%. In simulated networks at 15% sparsity,
both η and γ for PSA patients remained significantly higher
compared to the other two groups. Specifically, the differ-
ence in η between PSA patients and general stroke patients
increased significantly (p < 0.0001) compared to networks
with 10% sparsity. However, the significant difference in γ

between PSA patients and healthy controls observed in the
10% sparsity networks disappeared (p = 0.2559) in the 15%
sparsity networks.

In summary, it was shown that PSA patients differed sig-
nificantly from ordinary stroke patients and healthy controls
in terms of the economic cost of brain network connectivity
and the propensity to connect, with PSA patients having
significantly higher η values, especially in networks with a
sparsity of 15%, whereas the γ difference tended to disappear
at higher sparsities.

C. Variability of Parameter Combinations Leading to
Changes in Connection Generation Trajectories

From Eq. 1, it is easily found that small parameter dif-
ferences can lead to different generative networks. To further
investigate how such differences arise with the formation and
development of network connections, we quantified the net-
work connection formation trajectory by decomposing Eq. 1
in terms of distance cost (Di, j )

η, parameterized value (Ki, j )
γ ,

and wiring probability (Pi, j ) at each time point for each
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Fig. 2. Visualization of the average energy E difference of samples under different generation rules. (A) A violin diagram of energy statistics from
13 generation rules for optimal performance simulation. The central black dot in the box diagram represents the median of the data, and the box
length is used to measure the dispersion of the data. The box plot is covered by the kernel density map, and the larger the area of the graph in
a certain area, the greater the probability of distribution near a certain value. The scatter points in the violin represent each individual data. (B)
The homogeneity-based methods calculate the shared neighborhood measure between nodes using matching and neighbor algorithms. Spatial
methods entirely ignore γ and rely solely on spatial relationships for network assessment. Clustering-based methods compute the aggregate
measure between two nodes using their clustering coefficients. Degree-based methods determine the aggregate measure between two nodes
based on their degrees. In the energy landscape diagram of 13 different models with a total of 2,500 parameter combinations, the darker the blue
colour, the lower the energy consumption of forming connections. (C) Among the 13 wiring rules, selected the “homogeneous matching rule” with
low energy consumption according to the energy equation, and run it further in the low-energy narrow window. The global landscape map with
50,000-60000 parameter combinations was determined under the “matching” rule, and the relationship between energy and KS statistics of four
local indexes involved in energy function calculation (node degree, cluster coefficient, betweenness centrality and edge length) under different
parameter combinations was determined.

subject under the optimal simulation parameter combinations
(η and γ ) to observe the differences of network connection
formation trajectories in PSA, healthy, and normal stroke.
Observing the variability exhibited at the level of the cortex
and their connections between PSA, healthy, and normal stroke
subjects, and thus to determine which aspects of network
formation differ the most, and to examine their differences
at the group level.

For all subjects in each group, we calculated the coefficient
of variation (CV) for their distance cost (Di, j )

η, parameterized
value (Ki, j )

γ , and wiring probability (Pi, j ) to compare the
variability of subject-specific coefficients during the iterative

process of generating simulated networks (See Fig. 4). Fig. 4a
exhibits the CV of the three items decomposed in the wiring
equation, and it is clear that the CV of the wiring probability
is the largest, while the CV of the parameterized value is
much larger than the CV of the distance cost. Fig. 4b further
collapses the subjects based on network nodes on the basis
of Fig. 4a, showing the spatial distribution of parameterized
value and distance cost of the brain, and a clear difference can
be seen in the three groups. In addition, as shown in Fig. 4b,
the spatial patterns of distance costs and parameterized values
were not random but showed some regularity. For patients
with PSA, the parameterized values were relatively evenly
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Fig. 3. In generative binary networks with 5%, 10%, and 15% sparsity
levels, one-way ANOVA was used to compare the intergroup signifi-
cance differences in energy E (A), gamma η (B), and eta γ (C) among
patients with PSA, general stroke patients, and healthy controls.

distributed across the nodes, whereas in healthy individuals
and ordinary stroke patients, the parameterized values were
mainly concentrated in the medial cortex, especially in the
anterior part of the thalamus and the middle part of the
cingulate cortex. Notably, the distribution of distance costs
was similar in patients with PSA and healthy individuals,
with high distance costs mainly concentrated in the lateral
cortex, whereas ordinary stroke patients showed the opposite
distribution pattern.

In order to further investigate the relationship between the
distance cost of nodes for PSA and healthy subjects compared
to that of ordinary stroke subjects, we conducted a linear

analysis of the nodes, with results illustrated in Fig. 5. The
distance cost of nodes for PSA and healthy subjects showed
a significant negative correlation with the distance cost of
nodes for ordinary stroke patients (R2

= 0.86 and R2
= 0.94,

respectively).

IV. DISCUSSION

We explored a wiring generation modelling approach that
balances the cost of forming connections with the potential
value of those connections. The equation iteratively renego-
tiated its costs and values across parameter combinations,
thereby minimising energy costs to optimise connection prob-
abilities [50]. Importantly, connection probabilities changed
dynamically over time, reflecting the interactive nature of
real brain functional connectivity [27], [34], [35], [39]. This
dynamic change was simulated and remodelled using con-
straint equations to quantify how stroke and PSA remodel and
alter brain connectivity. In the wiring generation model, every
time a node formed a new connection, it dynamically changed
the topological properties of its neighbours, which affected the
attractiveness of the remaining nodes to form subsequent con-
nections until the number of generated connections matched
the number of observed networks [51]. Therefore, we further
observed the dynamic characteristics of the generated network
based on the static analysis of the network, and in the analysis
of the unwrapping of the wiring equation, we found that there
were significant differences in the parameterized value and
distance cost of the nodes at the time of the formation of the
probabilistic connections between PSA, common stroke and
healthy subjects. The following summary will further discuss
the results we obtained:

A. Selection of Homogeneity Rules for the Wiring
Equation

We found that the simulated networks generated based
on homogeneity rules consumed less energy compared to
those generated by other rules except for Average and Max
Degree-based methods. Although D-Max and D-Avg perform
better in terms of energy consumption compared to Neighbor
and Matching methods, degree-based methods optimized the
wiring design mainly by considering the degree of a node.
However, this approach focuses mainly on local information
and tends to ignore the importance of global optimization. This
limitation explained the inconsistency in the performance of
the five models based on degree; compared to the two models
based on homogeneity, the degree-based approach appeared to
be weaker in terms of stability and was more likely to fall into
a locally optimal solution. Given that the primary objective
of brain network operation was to achieve optimal computa-
tional capacity within limited biological resources [34], [35],
we could infer that the simulated networks generated by homo-
geneity rules are closer to the whole-brain network. Although
different regions within the whole-brain network exhibited
anatomical and functional differences, their interconnectivity
and modes of information transmission might adhere to certain
common rules or principles [39]. This was akin to the dynamic
coordination and synchronization among different regions of
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Fig. 4. The wiring probability (Pi ,j ) was divided into two components for independent analysis: distance cost (Di ,j )
η was uniquely determined by

the η value for each subject, and parameterized cost (Ki ,j )
γ , on the other hand, was dynamically updated with the matching rule. (A), (B), and (C)

correspond to the coefficient of variation (CV) analysis of the iterative parameters updated over time for PSA, healthy, and normal stroke patients,
respectively, where a denotes the histogram of the CV of the distance cost (Di ,j )

η , parameterized cost (Ki ,j )
γ , and wiring probability (Pi ,j ) for the

group, and b denotes the distribution of (Di ,j )
η and (Ki ,j )

γ in the brain of samples within the group.

the whole-brain network. The generation rule model based
on homogeneity might aim to capture specific features of
such dynamic network models, such as the pathways and
integration methods of information transmission, which could
incur lower informational costs and thus be more biologically
plausible [35], [39].

B. Effect of the Choice of Sparsities on the Simulation
Results

In the results, we were surprised to find that simulated
generative brain networks according to wiring rules were
significantly influenced by sparsity. In sparse networks, the
limited number of connections between nodes results in a low
probability of mutual connections among neighbouring nodes,
making it difficult to form strong community structures [52].

Consequently, the lack of effective local structural clustering
features in sparse networks hinders the clustering coefficient
from accurately reflecting the complex interactions and cluster
structures that may exist in real networks [53], [54]. Fur-
thermore, sparse networks tend to have irregular topological
structures, lacking clear structural and modular characteristics,
which diminishes the effectiveness of the fitting model in
capturing these features [55]. This explains why simulated
networks generated from low-sparsity binary networks were
unable to effectively fit the real observed brain networks in
terms of clustering coefficients and local node efficiency.

In contrast, in dense networks, there is often a higher
probability of connections among neighbouring nodes, which
may lead to an increased clustering coefficient. However,
when the network approaches a fully connected network, the
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Fig. 5. Linear correlation of distance cost (Di,j)
η between different

groups. (A) indicates a linear correlation of (Di,j)
η for regular stroke

subjects with PSA patients, and (B) indicates a linear correlation of
(Di,j)

η for regular stroke subjects with healthy subjects.

clustering coefficient may tend toward 1, making it difficult
for the model to accurately capture and distinguish subtle
variations in high clustering coefficients, resulting in poor
fitting performance [55]. Additionally, in dense networks,
the shortest paths between nodes are relatively short, and
many nodes have fewer opportunities to act as bridges within
these paths, which may lead to a concentrated distribution of
betweenness centrality [53], [54]. Certain nodes may exhibit
excessively high betweenness centrality, while others may have
significantly low values. The calculation of betweenness cen-
trality in dense networks may be influenced by edge density,
thereby affecting the fitting results. The dense connectivity
of the networks makes it more challenging to reflect the
differences between the simulated networks and the actual
networks, as the real networks may exhibit uneven connection
patterns or unique structural features, making this discrepancy
more pronounced in dense networks [56].

C. Higher η Indicates More Long-Range FCs in PSA
Patients

We also noted that previous studies have consistently
demonstrated significant differences in the topological features
of PSA compared to healthy populations, including longer
characteristic path lengths, lower clustering coefficients, and
reduced local node efficiency [15], [35]. This shift towards
a more random network topology can be simulated through
generative models that reduce the distance penalty parameter
(η), thereby increasing the probability of long-range connec-
tions. This explains why the absolute value of η is greater
in PSA and shows significant differences when compared to
typical stroke patients. This finding resonates with some prior

neuroimaging results, suggesting that the brain networks of
PSA may possess a greater number of long-range connections
than those in normal brain networks [15], [35]. This provides
a valuable reference for future research utilizing network
formation model parameters to summarize and understand
other neurological disorders.

D. Variability of Distance Costs and Parameterized
Values Shows Different Network-Generated Trajectories
for PSA and Stroke Patients

It is easy to see from Fig. 4a that while the effect of
distance cost on the probability of connection generation
exhibits a certain degree of variability (CV = 0.48, 0.61 and
0.42), the parameterized values change dynamically over time
as the simulated brain network is continuously updated and
iterated, leading to larger coefficients of variation (CV = 3.26,
3.50 and 3.55). This leads to significant individual differences
in wiring probabilities, indicating inter-individual differences
in brain organization. Among the three groups of subjects,
healthy subjects had the largest mean coefficient of variation
for distance costs and the smallest difference from the mean
coefficient of variation for parameterized values, which may
be attributed to the relative functional integrity of the brain and
individual differences [39]. The average coefficient of variation
of distance cost was smaller in normal stroke patients and PSA
patients due to the occurrence of acute brain injury resulting
in the loss of FC between site-specific nodes.

In Fig. 4b, parameterized values are increased in the lateral
parietal lobe, lateral cerebellum, and inferior cerebellum in
patients with PSA compared with healthy and normal stroke
patients. Distance cost node distributions are similar between
PSA and healthy individuals, with higher distance costs in the
limbic nodes of the brain, but the distribution is in the opposite
direction from that of normal stroke patients (see Fig. 5 for the
linear relationship). More notably, the parameterized values are
lower in the thalamus of PSA and normal stroke patients com-
pared with healthy individuals, but the distance cost is higher
in the thalamus of normal stroke patients. This may be due to
the fact that the thalamus is the relay station for most sensory
information (closely linked to language-related regions such as
Broca and Wernicke [57]), which receives sensory signals from
the body other than smell and further transmits them to the
cerebral cortex for processing [58], which is consistent with
the finding that damage to the thalamus may be associated with
PSA [57], [59], [60], [61]. In addition, higher parameterized
values are found in the occipital lobes of the right and left sides
of brain with the inferior cerebellum in PSA patients compared
to normal stroke and healthy subjects, which is consistent with
the finding that there may be functionally relevant restoration
of or residual speech functioning in aphasic patients with
enhanced activity in the vicinity of the cerebellum following
brain damage [62], [63].

E. Comparison With Previous Studies of PSA With FC
and Brain Networks

Previous research has consistently highlighted substantial
differences in the topological characteristics of PSA compared
to healthy populations, including longer characteristic path
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lengths, lower clustering coefficients, and reduced local node
efficiency [15], [35], alongside a reduction in small-worldness
and normalized clustering coefficients [16]. Additionally, brain
network strength and overall efficiency have been linked
to the treatment outcomes in PSA patients [24]. While
graph theory-based metrics have proven useful in identifying
biomarkers by contrasting healthy and PSA patients, they offer
limited understanding of the underlying mechanisms govern-
ing network function, growth, and evolution [27]. Therefore,
we introduced the network generative model, which serves
as a versatile framework for generating synthetic networks
based on parameterized wiring rules [30], [31]. By integrating
multiple rules to simulate the formation of functional brain
networks, this study is expected to reveal specific brain
network evolution mechanisms associated with aphasia and
explain the PSA-related network features found by previous
studies. For example, the reduction of the distance penalty
parameter (η) in PSA could increasing the probability of long-
range connections, and this explains why the brain networks of
PSA may possess a greater number of long-range connections
than those in normal brain networks [15], [35].

F. Limitations and Future Directions
Although our results demonstrate that these models are

statistically robust, a good fit of the model does not necessarily
prove that the brain network optimizes model parameters by
calculating minimal energy consumption through specific met-
rics. Moreover, for some local metrics, the generated simulated
networks do not fit well, indicating that future work needs to
further explore the impact of different node counts in brain
templates and the selection of binary sparsity on the generation
of simulated networks. In addition, this computational frame-
work still has limitations. Our generative model is restricted
to producing simple binary networks while neglecting the
complex weighted structural information inherent within the
networks [39], [64]. Developing methods to enable network
connections to change in a more gradual manner is next step
in generative modeling, which presents opportunities for future
improvements to the model to achieve a more accurate fit with
observed networks.

V. CONCLUSION

The human functional brain network exhibits a complex
topological structure, with this complexity arising from the
connections and interactions between different regions of the
brain. When constructing spatial geometric functional con-
nections, this process can be viewed as a trade-off between
geometric distance and the propensity for connections between
nodes. The consistency of the constructed mathematical mod-
els of simulated brain networks with observed metrics of real
brain networks indicates the effectiveness of these models in
capturing the essence of brain FC. For patients with PSA, the
differences in the parameters of their brain network models
compared to those of typical stroke patients and healthy
individuals may reflect the unique characteristics of language
processing and cognitive function in PSA. Further analysis of
the parameter changes in the process of dynamic formation

of probabilistic connections based on the wiring rule model
showed that the parameterized value and distance cost of
PSA in the thalamus, occipital lobe and cerebellum regions
were significantly different from those in healthy people and
ordinary stroke patients. These differences can provide a math-
ematical explanation for the distinctive topological structure
observed in PSA, offering deeper insights into the process of
functional reorganization in the brain under this pathological
condition.
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