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Abstract

This PhD dissertation focuses on the investigation and analysis of neuro-muscular function in stroke
patients through the integration of electroencephalography (EEG) data and muscle ultrasound imaging.
The primary aim of this research was to understand how stroke impacts both the brain’s structural
connectivity and the condition of muscle tissue, and to identify reliable biomarkers that can support

clinical evaluation and rehabilitation strategies.

The research was carried out in five interconnected studies. The first study was a case study designed to
explore the effects of dry needling on brain network structure in a stroke patient. Using EEG recordings
and complex network analysis techniques, the study demonstrated that dry needling could induce
significant changes in the brain's network architecture. This suggested a potential neuroplastic response
triggered by the intervention, highlighting the brain’s capacity for structural reorganization even in chronic

stroke phases.

The second study was a systematic review aimed at synthesizing existing literature on brain network
organization in stroke patients. By analyzing studies that used EEG and functional connectivity metrics,
this review revealed that brain network topology can vary significantly among stroke survivors. These
variations were influenced by factors such as lesion location, severity of the stroke, and time since onset.
The study underscored the importance of individualized network analysis for understanding post-stroke

brain dynamics.

In the third study, the focus shifted from the brain to the muscle system, specifically the gastrocnemius
muscle, using B-mode ultrasound images. The goal was to identify a potential biomarker within these
images that could reflect the degree of muscle involvement due to stroke. The study introduced and
validated "Echovariation"—a measure of pixel intensity variability, as a promising quantitative biomarker.
A strong correlation was found between Echovariation and the Heckmatt scale, a clinical grading system
for muscle tissue changes. This indicated that Echovariation could serve as an objective, image-based

indicator of neuromuscular impairment in stroke patients.

Building on these findings, the fourth study aimed to refine and validate predictive models developed
from the third study. Two models were constructed based on Echovariation and Echointensity,
respectively. Both models demonstrated strong performance in estimating muscle damage, but the
Echovariation-based model showed superior accuracy and correlation with clinical assessments. This

reinforced the role of Echovariation as a reliable tool for muscle evaluation.



The fifth and final study introduced an innovative image analysis approach based on patch-based
segmentation. This method involved dividing ultrasound images into smaller, consistent patches for
separate analysis. The findings revealed that patch-based analysis could detect significant local variations
in Echovariation, thereby enhancing sensitivity to subtle muscle changes. Interestingly, this technique did
not produce meaningful changes in Echointensity, suggesting that Echovariation is more responsive to

localized structural alterations.

In conclusion, this thesis presents a comprehensive approach to understanding stroke-induced changes
in both brain and muscle systems. Through the integration of EEG-based network analysis and advanced
ultrasound imaging techniques, it introduces novel, quantitative methods for assessing neuro-muscular
dysfunction. These findings contribute to the growing field of neurorehabilitation by offering new tools

for diagnosis, monitoring, and treatment planning in stroke recovery.



RESUMEN

Esta tesis doctoral se centra en la investigacion y andlisis de la funcién neuromuscular en pacientes con
accidente cerebrovascular mediante la integracién de datos de electroencefalografia (EEG) y de imagenes
de ultrasonido muscular. El objetivo principal de esta investigacion fue comprender como el accidente
cerebrovascular afecta tanto la conectividad estructural del cerebro como el estado del tejido muscular,
e identificar biomarcadores confiables que puedan apoyar la evaluacién clinica y las estrategias de

rehabilitacion.

La investigacion se llevd a cabo en cinco estudios interrelacionados. El primer estudio fue un estudio de
caso disefiado para explorar los efectos de la puncidén seca en la estructura de la red cerebral de un
paciente con accidente cerebrovascular. Utilizando registros de EEG y técnicas de analisis de redes
complejas, el estudio demostré que la puncién seca puede inducir cambios significativos en la arquitectura
de la red cerebral. Esto sugiere una posible respuesta neuropldastica desencadenada por la intervencion,
lo que destaca la capacidad del cerebro para reorganizarse estructuralmente incluso en fases crénicas del

ictus.

El segundo estudio fue una revisién sistematica cuyo objetivo fue sintetizar la literatura existente sobre la
organizacién de las redes cerebrales en pacientes con accidente cerebrovascular. Al analizar estudios que
utilizaron EEG y métricas de conectividad funcional, esta revisidon revelé que la topologia de las redes
cerebrales puede variar considerablemente entre los sobrevivientes de un accidente cerebrovascular.
Estas variaciones estaban influenciadas por factores como la localizacién de la lesidn, la gravedad del
accidente cerebrovascular y el tiempo transcurrido desde el evento. El estudio subrayé la importancia del

analisis de redes individualizado para comprender la dindmica cerebral post-ictus.

En el tercer estudio, el enfoque se desplazé del cerebro al sistema muscular, especificamente al musculo
gastrocnemio, utilizando imagenes de ultrasonido en modo B. El objetivo fue identificar un posible
biomarcador dentro de estas imagenes que pudiera reflejar el grado de afectacién muscular debido al
accidente cerebrovascular. El estudio introdujo y validd la "Ecovariacidn"—una medida de la variabilidad
de la intensidad de los pixeles—como un prometedor biomarcador cuantitativo. Se encontré una fuerte
correlacién entre la Ecovariacién y la escala de Heckmatt, un sistema clinico de evaluacién del cambio en
el tejido muscular. Esto indicé que la Ecovariacidn podria servir como un indicador objetivo basado en

imagenes de la disfuncién neuromuscular en pacientes con accidente cerebrovascular.



Sobre la base de estos hallazgos, el cuarto estudio tuvo como objetivo refinar y validar los modelos
predictivos desarrollados en el tercer estudio. Se construyeron dos modelos, uno basado en la
Ecovariacién y otro en la Ecointensidad. Ambos modelos mostraron un buen rendimiento en la estimacién
del dafio muscular, aunque el modelo basado en la Ecovariacién demostré mayor precisién y correlacién
con las evaluaciones clinicas, reforzando el valor de la Ecovariacién como herramienta confiable para la

evaluacion muscular.

El quinto y ultimo estudio introdujo un enfoque innovador de analisis de imagenes basado en la
segmentacién por parches. Este método consistio en dividir las imagenes de ultrasonido en parches
pequeiios y consistentes para su analisis por separado. Los resultados mostraron que este analisis por
parches podia detectar variaciones locales significativas en la Ecovariacidon, aumentando asi la sensibilidad
a cambios sutiles en el musculo. Curiosamente, esta técnica no mostrd cambios significativos en la

Ecointensidad, lo que sugiere que la Ecovariacidn es mas sensible a alteraciones estructurales localizadas.

En conclusidn, esta tesis presenta un enfoque integral para comprender los cambios inducidos por el
accidente cerebrovascular tanto en el cerebro como en los sistemas musculares. A través de la integracion
del analisis de redes basado en EEG y de técnicas avanzadas de imagen por ultrasonido, se introducen
métodos cuantitativos novedosos para la evaluacion de la disfuncién neuromuscular. Estos hallazgos
contribuyen al campo en expansidn de la neurorrehabilitacién, ofreciendo nuevas herramientas para el

diagndstico, monitoreo y planificacidn del tratamiento en la recuperacidn post-ictus.



Introduction

Stroke remains a major public health challenge and is consistently reported among the leading causes of
long-term disability across the globe (1-3). It is estimated that approximately 13.7 million individuals
experience a stroke annually, a figure that is expected to rise due to global population aging and increased
life expectancy (4, 5). Notably, up to 70% of stroke survivors endure moderate to severe post-stroke
impairments, contributing to a substantial physical, emotional, and socioeconomic burden for patients,
caregivers, and healthcare systems alike (1). These impairments often include persistent motor, sensory,
and cognitive deficits that compromise functional independence, limit participation in daily activities, and

reduce overall quality of life.

Given the chronic and often progressive nature of stroke-related dysfunction, coupled with the economic
demands of long-term care, there is a critical and growing need for cost-effective, evidence-based
rehabilitation strategies that can be implemented across diverse clinical settings. The urgency of this need
is underscored by the increasing incidence of stroke in low- and middle-income countries, where access
to specialized rehabilitation services may be limited and healthcare resources are often constrained (3,

5).

Early intervention during the subacute and chronic phases of stroke recovery has been shown to play a
pivotal role in facilitating neuroplasticity, promoting functional gains, and mitigating the risk of secondary
complications such as spasticity, contractures, and deconditioning (1). Moreover, the integration of
structured rehabilitation programs can significantly reduce long-term disability and dependence, thereby
alleviating the overall burden on caregivers and health systems. In this context, timely and targeted
rehabilitation enhances individual outcomes and contributes to broader public health goals by improving

reintegration into the community and reducing rehospitalization rates.

Implementing objective, reliable, and clinically feasible assessment tools is essential to achieve these
goals. Such tools serve multiple purposes: they enable clinicians to accurately monitor patient progress,
inform data-driven decision-making, and tailor interventions to meet individual recovery trajectories.
Furthermore, objective assessment methods enhance the reproducibility and comparability of research
findings, supporting the development of standardized rehabilitation protocols and advancing evidence-

based practice.

As stroke continues to be a significant global health burden, both in terms of its clinical outcomes and its

socioeconomic ramifications, it remains imperative to invest in scalable and scientifically grounded



approaches to rehabilitation (3, 4). This includes the integration of modern technologies such as
neuroimaging, wearable sensors, and machine learning-based analytics, which hold promise for refining
diagnostic precision and optimizing treatment efficacy. Ultimately, the strategic application of
comprehensive, patient-centered rehabilitation supported by accurate and objective assessment can
transform stroke care, reduce disparities in health outcomes, and improve the lives of millions affected

by this debilitating condition.

Rehabilitation in stroke survivors typically involves multifaceted, interdisciplinary protocols designed to
address both neural and musculoskeletal impairments resulting from central nervous system injury. These
protocols often combine a variety of physiotherapeutic interventions such as motor retraining, task-
specific practice, stretching, and strengthening exercises with pharmacological treatments aimed at
reducing spasticity and enhancing functional independence. Common pharmacologic strategies include
administering oral antispastic agents, such as baclofen or tizanidine, and localized botulinum toxin type A
(BTX-A) injections. BTX-A, in particular, has gained widespread clinical use for its ability to temporarily
block neuromuscular transmission, thereby reducing hypertonicity and facilitating improved voluntary

movement patterns.

Despite their benefits, pharmacologic treatments may be limited by systemic side effects, cost, and the
need for repeated administration. Consequently, there has been growing interest in exploring non-
pharmacological interventions that can complement or, in some cases, substitute traditional approaches.
Among these, DN has emerged as a promising technique for the management of spasticity and

sensorimotor dysfunction in individuals with chronic stroke (6).

DN involves inserting thin, solid needles into myofascial trigger points to improve tissue extensibility and
modulate neuromuscular activity. Beyond its peripheral mechanical effects, evidence suggests that DN
may also exert central neurophysiological effects through mechanisms involving altered cortical
excitability, spinal reflex modulation, and enhanced sensorimotor integration (7-9). These findings imply
that DN contributes to muscle relaxation and pain reduction and may also facilitate neuroplastic changes

essential for functional recovery after stroke.

Moreover, DN has been recognized as a cost-effective intervention, especially when integrated into
multidisciplinary rehabilitation programs (10). Its relative safety, simplicity of application, and minimal risk
of adverse effects further underscore its potential as a valuable adjunctive tool in modern

neurorehabilitation frameworks.



Neurophysiological assessment of stroke

EEG has emerged as a valuable neurophysiological tool for investigating the functional status of the central
nervous system (CNS) in stroke patients, particularly in response to therapeutic interventions (11-14). As
a non-invasive, real-time, and cost-effective method, EEG allows for continuous monitoring of cerebral
activity with high temporal resolution, uniquely evaluating spontaneous and stimulus-induced brain
dynamics. This technique offers critical insights into the pathophysiological alterations that occur
following cerebrovascular events, such as ischemic or hemorrhagic strokes, and contributes to a deeper

understanding of neuroplasticity during recovery.

Post-stroke brain regions, particularly those affected by the lesion, frequently demonstrate a slowing of
oscillatory activity, which can be quantified by examining the spectral composition of the EEG signal. A
standard method involves calculating the power ratio between low-frequency bands (e.g., delta: 0.5—4
Hz) and high-frequency bands (e.g., alpha: 8-12 Hz, beta: 13—30 Hz, gamma: >30 Hz) (15). An increase in
delta power relative to alpha or beta activity in the lesioned hemisphere often reflects impaired cortical

function, disrupted neural synchronization, or compromised thalamo-cortical connectivity.

EEG-based spectral and connectivity metrics are promising biomarkers for assessing stroke severity,
evaluating treatment efficacy, and tracking functional recovery over time. These markers can be
particularly useful during the early, pre-treatment phases, providing clinicians with objective data to
inform short-term clinical decisions and long-term prognostic assessments. Furthermore, by capturing
dynamic changes in cortical excitability and inter-hemispheric communication, EEG may also serve as a
guide for tailoring neurorehabilitation strategies and optimizing patient-specific interventions to enhance

neuroplasticity and functional outcomes (15).

The study of brain network organization has significantly advanced over the past two decades, particularly
through applying quantitative approaches rooted in graph theory. This mathematical framework allows
modeling the brain as a complex system composed of interconnected regions, offering a robust
methodology for evaluating its structural and functional architecture (16). Brain networks, representing
the physical and functional interactions among neural regions, are inherently dynamic and subject to
significant disruption following neurological injury, such as stroke. Indeed, lesions caused by stroke
frequently induce widespread alterations in the organization and efficiency of these networks, often

affecting not only the injured hemisphere but also the intact contralesional side.



Stroke may damage local neural structures and disrupt large-scale brain networks, affecting structural and
functional connectivity. Stroke-induced lesions can impair the integrity of major networks such as the
default mode network (DMN) and the cortico-thalamic circuits, resulting in reduced global efficiency and
altered modular organization of the brain. These disruptions compromise the brain’s capacity to
coordinate activity across widespread regions, particularly between the two hemispheres, vital for
complex motor and cognitive functions. Impaired connectivity within the DMN has been linked to deficits
in attention, memory, and self-referential thinking, while damage to cortico-thalamic pathways affects
sensory integration and motor execution. Furthermore, the resulting imbalance between hemispheres
may trigger maladaptive plasticity or excessive compensatory activity in contralesional areas, further
complicating recovery. Such network-level dysfunctions can hinder neuroplasticity, reduce the brain's
adaptability, and limit the effectiveness of rehabilitation. Understanding these widespread effects
underscores the importance of targeting brain network reorganization through personalized interventions

and neuromodulation techniques to support functional recovery following stroke (17).

In clinical neuroscience, graph theoretical analysis provides a robust tool for mapping and quantifying
these post-lesional changes in brain connectivity. Network analysis contributes to the clinical
characterization of stroke patients by offering objective metrics that describe the integrity and efficiency
of information processing within the brain (18). One of this field's most widely utilized concepts is the
small-world (SW) index, which captures the balance between local specialization and global integration in
brain networks (19). A network with high SW characteristics typically combines short path lengths (global
integration) with high clustering coefficients (local segregation), features thought to support efficient

information transmission and processing.

Graph analysis enables researchers to explore the temporal and frequency-specific dynamics of brain
reorganization following stroke when applied to EEG data. For example, studies have demonstrated that
ischemic stroke is associated with a frequency-dependent reconfiguration of interhemispheric
information flow, often manifested as decreased efficiency in long-range connections and altered
synchronization across cortical regions (20). These insights underscore the utility of EEG-based graph

metrics for tracking post-stroke changes in brain connectivity with high temporal resolution.

Its rapidly expanding body of literature reflects the field's growing relevance. Since 1985, the number of
publications indexed under the term “brain network” has increased dramatically, with a notable rise from
8,387 articles in 2016 to over 14,256 in 2021 (PubMed database), indicating a surging interest in network

neuroscience and its applications in clinical research.



From a topological perspective, stroke leads to functional reorganization of brain networks, as evidenced
by changes in spontaneous connectivity patterns and information flow dynamics (21, 22). These
alterations reflect compensatory mechanisms triggered by ischemic lesions, aiming to restore lost
functionality by recruiting alternative pathways and reweighted connections [18]. Graph theory
conceptualizes brain networks as sets of nodes (i.e., brain regions) and edges (i.e., functional or structural
connections), which can be analyzed using various parameters to describe the overall architecture and

performance of the system (23).
Among the most informative metrics used in network analysis are:

e Clustering Coefficient (CC): This parameter assesses the tendency of nodes to form local clusters,
reflecting segregated processing within specialized brain regions. The local CC calculates the
interconnectedness of a node’s immediate neighbors, while the global CC summarizes this
behavior across the entire network (24).

e Path Length (PL): Defined as the average number of steps required to connect any two nodes in
the network, PL is a measure of global integration, indicating how efficiently information is
transmitted across distant brain regions (19, 21-23, 25).

e Small-World Index (SW): This composite measure is calculated as the ratio of CC to PL (26, 27). A
network with SW > 1 exhibits small-world properties, which are thought to support specialized

processing and distributed communication hallmarks of healthy brain function.

Deviations from normal small-world configurations often correlate with impaired cognitive or motor
function in post-stroke individuals, emphasizing the relevance of network topology as a biomarker for
clinical outcomes. Understanding how these network parameters shift after stroke and how they may be

modulated through rehabilitation offers a promising avenue for precision medicine in neurorehabilitation.

In EEG research, functional connectivity refers to the statistical interdependence or coordination of neural
activity between distinct brain regions over time. Among various methods used to quantify this
interdependence, EEG coherence has emerged as a widely accepted and robust metric for assessing
general synchronization between two EEG signals (16, 28). Coherence reflects the consistency of phase
and amplitude relationships across frequencies, thus offering insights into the degree to which distant

cortical areas engage in coordinated oscillatory activity.

An increase in EEG coherence is typically interpreted as an indication of functional coupling between two

anatomically or functionally distinct brain regions (29). Such coupling implies that the regions work in



concert either directly via structural connections or indirectly through shared neural networks to support
a cognitive, sensory, or motor process. Importantly, coherence can be assessed within specific frequency
bands (e.g., delta, theta, alpha, beta, gamma), allowing researchers to track frequency-specific network

interactions that underlie different aspects of brain function and dysfunction.

Beyond its role in assessing connectivity, EEG coherence serves as a valuable tool for investigating the
"binding problem," the longstanding neuroscientific question of how the brain integrates information
from distributed areas into a unified perceptual or behavioral output (30). In this context, coherence is
viewed as a neural signature of synchrony, potentially reflecting the mechanism by which temporally

aligned activity across brain areas leads to the integration of spatially distinct signals (31).

This aspect of coherence analysis is particularly relevant in clinical populations such as stroke survivors,
where disrupted communication between brain regions, especially between hemispheres, is a common
consequence of cortical or subcortical damage. Monitoring coherence patterns provides critical
information about neurophysiological disruptions, compensatory mechanisms, and the efficacy of

rehabilitative interventions to restore functional network connectivity.

Overall, EEG coherence allows researchers and clinicians to quantify functional connectivity with high
temporal resolution and provides a theoretical and practical framework for understanding how

distributed neural circuits synchronize to produce coherent behavior, perception, and cognition.

Musculoskeletal assessment with Ultrasound

Medical imaging technologies have become indispensable tools in modern healthcare, serving as a
cornerstone not only for the accurate diagnosis and localization of pathological changes but also for the
detailed quantification of tissue properties, longitudinal monitoring of disease progression, and objective
evaluation of treatment efficacy across a wide range of medical conditions (32). The integration of imaging
modalities into routine clinical workflows has significantly enhanced the ability of clinicians to detect early
pathological alterations that may not be evident through traditional examination methods. In recent
years, rapid and transformative advances in digital image processing, computational modeling, and
artificial intelligence, particularly through the use of machine learning algorithms, have further amplified
the utility of medical imaging by enabling the extraction of high-dimensional, clinically relevant
information from complex datasets with unprecedented levels of precision and consistency (33-35). These
developments have opened new frontiers in predictive diagnostics, personalized medicine, and

automated decision support systems, transforming healthcare delivery. Importantly, such innovations



hold particular promise in rehabilitation sciences, where detailed and quantitative analysis of soft tissue
architecture, such as muscle echogenicity, echotexture, and deformation patterns, can yield valuable
insights into the underlying biological processes associated with injury, degeneration, or recovery. This, in
turn, supports more informed prognosis, facilitates targeted therapeutic interventions, and enhances the

overall quality of clinical decision-making and patient outcomes in rehabilitation settings.

Among the various imaging modalities available, ultrasound has emerged as a particularly attractive and
versatile tool for musculoskeletal assessment, especially in populations with neurological disorders such
as stroke patients. Its non-invasive nature, real-time imaging capability, and relatively low operational
cost make it highly suitable for routine clinical practice and advanced research settings (36-38). Unlike
other imaging techniques requiring ionizing radiation, contrast agents, or costly infrastructure, ultrasound
provides a portable and accessible alternative that allows dynamic evaluation of soft tissue structures,
including muscles, tendons, and fascia, during functional tasks or therapeutic interventions. This dynamic
capability is particularly valuable in stroke rehabilitation, where clinicians and researchers seek to monitor
muscle architecture, tone, and quality changes over time to guide individualized treatment plans.
Furthermore, the method’s high temporal resolution and responsiveness to subtle physiological changes
facilitate immediate feedback during assessment and training sessions, enhancing its utility in
neurorehabilitation protocols. Ultrasound imaging carries minimal biological risk, as it uses low-intensity
acoustic waves rather than ionizing radiation, rendering it safe for repeated and longitudinal use, even in
vulnerable populations such as older adults or individuals with impaired neurological function (39). This
safety profile and its practicality and diagnostic value position ultrasound as a critical component in
developing objective, scalable, and patient-centered assessment frameworks for musculoskeletal and

neurorehabilitation care.

Ultrasound has been extensively utilized to evaluate the structural and functional properties of skeletal
muscle in a variety of health conditions, including but not limited to stroke, amyotrophic lateral sclerosis,
chronic low back pain, myofascial pain syndrome, breast cancer-related musculoskeletal complications,
and muscle-tendon injuries (39-43). Its ability to capture macrostructural features (such as muscle
thickness, pennation angle, and fascicle length) and microstructural echotexture patterns makes it a

valuable tool for understanding the impact of neuromuscular disorders on tissue integrity and function.

In the case of stroke-related muscle pathology, ultrasound imaging holds particular promise for assessing

muscle changes associated with disuse atrophy, spasticity, and fibro-adipose tissue replacement. These



changes are often subtle and progressive, necessitating imaging modalities that can detect and quantify

such alterations with precision and repeatability qualities that US imaging inherently offers.

Texture analysis is a well-established computational technique used to quantify pixel intensities' spatial
distribution within an image's defined region of interest (ROI) (44, 45). Initially developed for applications
in computer vision and digital image processing, this method has found significant utility in medical
imaging for the quantitative characterization of tissue structure. Texture analysis is particularly valuable
when visual assessment alone cannot detect subtle structural variations. In clinical settings, especially
within ultrasound imaging, texture analysis has been adapted to evaluate the microstructural integrity of

soft tissues through a process known as echotexture analysis (40, 46, 47).

Echotexture analysis focuses on ultrasound-specific texture features that describe how the grayscale
intensity values are distributed and related spatially across the muscle image. These features can be

categorized into several classes of statistical descriptors:

First-order statistics constitute a fundamental category of intensity-based image features that are
commonly extracted from grayscale histograms in ultrasound imaging. These features are calculated
without considering spatial relationships between pixels and are widely used to quantify tissue properties
based on the overall distribution of pixel intensities within a ROI. A range of descriptors can be obtained
through histogram-based analysis, including measures related to central tendency, dispersion,
asymmetry, peakedness, uniformity, and randomness. This class of features typically includes
echointensity, variance, standard deviation, skewness, kurtosis, energy, and entropy (40, 48-55). Such
metrics are applicable at both the ROl and patch levels and are essential tools for quantitatively assessing
muscle tissue quality in post-stroke ultrasound evaluations. Table 1 briefly shows the first-order

parameters.

Table 1. Histogram-based parameters with their formula are shown.

Statistical
Feature Brief Description Formula
approach

The ability of tissues to reflect
Histogram-based
¢ ) Echogenicity, also ultrasound waves. Specifies the
irst-order

called Echointensity average  brightness of the mean(ROI)
features
ultrasound image.




Measures the dispersion of pixel

N

. 1

Variance — C—u)?

intensity values. Nz (i =)
i=1

Standard Deviation The square root of variance. /—var(image)

Echovariation, also

Variation in echo intensities in an .
called the Coefficient std(image) * 100

ultrasound image. mean(image)
of variation
Measures the asymmetry of the
N 3
Skew distribution of pixel intensity Zi=1 (i~ 1)
(N -1)03
values.
Measures the "tailedness" of the
N 4
Kurtosis distribution of pixel intensity Yi=1 (i —#)
(N —1)c*

values.

Second-order statistical features, most notably derived from the GLCM, provide a quantitative framework
for analyzing the spatial relationship between pairs of pixels in an image. Unlike first-order statistics, which
focus solely on the distribution of individual pixel intensities, second-order features capture how intensity
levels co-occur at a given offset and orientation, offering deeper insights into texture organization and

local spatial patterns.

Among the most widely used second-order features are the Haralick descriptors, introduced by Haralick
etal.in 1973. These descriptors include contrast, correlation, homogeneity, energy, and others (56). These
features are especially valuable in medical imaging, where subtle changes in tissue architecture, such as
fibrosis, atrophy, or infiltration, may not significantly affect average intensity values but do alter spatial

texture patterns. Some of these second-order parameters are:

e Contrast: it measures the local intensity variation, emphasizing differences between neighboring
pixel values. High contrast indicates greater texture heterogeneity, often seen in disorganized or
pathological tissue.

e Correlation reflects the linear dependency of gray levels across the image, offering insights into

structural alignment within the tissue.



e Homogeneity (also known as inverse difference moment): it evaluates the closeness of the

distribution of elements in the GLCM to the GLCM diagonal, with higher values indicating more

uniform textures.

e Energy: it represents textural uniformity and is derived from the sum of squared GLCM elements.

Higher values denote repetitive or highly ordered patterns (57).

These features are particularly useful in musculoskeletal ultrasound and neuroimaging, where GLCM-

based analysis has been employed to detect microstructural abnormalities, quantify muscle degeneration,

or differentiate healthy versus pathological tissues.

As briefly outlined in Table 2, the selected GLCM features used in this study capture diverse aspects of

image texture and contribute to a more objective and reproducible evaluation of tissue quality beyond

visual interpretation.

Table 2. Grey Level Co-occurrence Matrix (GLCM) parameters with their formula are shown

Statistical
Feature Brief Description Formula
approach
Correlation Measures the statistical correlation i (- u)(j — w)P@))
between neighboring pixels. 00j
Dissimilarity Measures the mean absolute difference L
li = JjIP(, j)
between neighboring pixel values. 8]
Contrast Measures the intensity contrast

Grey Level Co-
occurrence

Matrix (GLCM)

between a pixel and its neighbor over

the whole image.

PG
Lj

Homogeneity

Measures the closeness of the
distribution of elements in the GLCM to

the GLCM diagonal.

P@,j)
T+[i—/l

Angular Similar to energy, it measures the . 2
> PG

Second uniformity of the GLCM. 7]

Moment

Energy The sum of squared elements in the

GLCM represents texture uniformity.




complexity of the texture

Max The highest value in the GLCM. max (P(i, )))
Probability
Entropy Measures  the randomness  or

=) PG plog (PG
iLj

Cluster Shade

Measures the skewness of the

distribution of the GLCM.

D (== wy) PG
0

Cluster

Prominence

Measures the peakedness of the

distribution of the GLCM.

i+ - 1) PG

ij

Run-length statistics, derived from the Gray-Level Run-Length Matrix (GLRLM), offer a valuable method

for analyzing the directional and linear texture properties within medical images. GLRLM quantifies the

number of consecutive pixels (runs) that share the same gray-level intensity in specific directions,

effectively capturing repetitive structural patterns such as muscle fiber alignment or tissue organization

(58).

Each element (i, j) of the GLRLM represents the count of runs with gray level i and run length j, from this

matrix, several texture descriptors are calculated, which provide insights into the texture granularity,

linearity, and uniformity of the region of interest.

Some key GLRLM-based features include:

e Short Run Emphasis (SRE): This emphasizes the prevalence of short, homogeneous pixel runs,

which indicate fine textures or granular tissue patterns.

e Long Run Emphasis (LRE): it emphasizes the presence of long, continuous runs, typical of coarser,

more uniform textures.

® Gray-Level Uniformity (GLU): Measures the consistency of gray levels across all runs. Higher GLU

values reflect a uniform intensity distribution, suggesting homogeneous tissue composition or less

textural complexity.

® Run-Length Uniformity (RLU): Quantifies the uniformity of run lengths across the image. A high

RLU indicates that runs tend to be of similar lengths, which may imply orderly or repetitive tissue

structure. At the same time, low RLU suggests greater variation and possibly disorganized or

pathological textures.




e Run Percentage (RP): This measure reflects the density of runs relative to the size of the ROI,

providing an estimate of overall textural activity.

These features are particularly effective in distinguishing normal from abnormal muscle tissue, as seen in
conditions like stroke, ALS, or muscular dystrophy. For instance, lower GLU and RLU values might indicate

heterogeneous textures or fiber disarray, which is common in muscle atrophy or neurogenic damage.

As presented in Table 3, the extracted GLRLM parameters contribute to a quantitative, objective muscle
and tissue quality assessment, offering complementary information to first-order statistics and GLCM-
based analyses. Their inclusion strengthens diagnostic precision and enhances disease progression or

rehabilitation outcomes monitoring.

Table 3. Gray Level Run Length Matrix (GLRLM) parameters with their formula is shown

Statistical
Feature Brief Description Formula
approach
Short Run | Measures the distribution of short runs. 1 Z P(i,))
. N jZ
Emphasis 7]
Long Run Measures the distribution of long runs. 1 N2
=D PG
Gray Level | Emphasis 77
Run Length | Gray Level Measures the uniformity of gray levels. Z P(i, j)?
Matrix Uniformity 0]
(GLRLM) Run Length Measures the uniformity of run lengths. N2
> O PEH
Uniformity I 7
Run The ratio of the number of runs to the Number of Runs
Percentage number of pixels. Number of Pixel

Advanced computational approaches include Fast Fourier Transform (FFT) for frequency domain analysis,
machine learning algorithms, and, more recently, patch-based echotexture analysis, which divides the ROI

into multiple subregions to extract localized texture patterns (59).

While these echotexture descriptors have shown promising potential for identifying pathological changes
in muscle tissue, especially in conditions like stroke and neuromuscular disorders, several limitations often
hinder their clinical translation. Chief among these are challenges related to reproducibility and

standardization, which stem from variability in ultrasound machine settings, operator technique, probe



orientation, and patient-specific anatomical factors (49, 60-63). These sources of variation can
significantly influence the extracted texture features, limiting the comparability of results across studies

and impeding their integration into routine clinical workflows.

To overcome these limitations, recent research efforts have emphasized the need for protocol
standardization, robust statistical validation, and multi-center collaboration to ensure the development
of reliable echotexture-based biomarkers. As a result, texture analysis is increasingly recognized not
merely as a research tool but as a viable quantitative imaging biomarker in rehabilitation and diagnostic

medicine.

El is the most extensively studied and widely applied feature among the various echotexture parameters
investigated in post-stroke populations. El represents the average grayscale intensity within the muscle
fascia, and elevated El values are generally interpreted as indicators of pathological changes such as

muscle atrophy, fibrosis, and fibro-adipose tissue infiltration (40, 64-68).

El can be evaluated through both qualitative and quantitative approaches. The qualitative method is
typically based on the Heckmatt scale, in its original or modified version, which classifies muscle
echogenicity into four levels of impairment using visual inspection (69, 70). Although widely used in clinical
settings, this approach is inherently subjective and dependent on the examiner's experience. On the other
hand, quantitative El assessment employs image processing software to extract pixel intensity values
directly from ultrasound images, offering greater precision and repeatability. Nevertheless, this method
has limitations, as it remains highly sensitive to factors such as ultrasound system settings, probe

orientation, and the delineation of the region of interest (49, 62, 63).

In recent years, an alternative parameter known as EV, defined as the degree of grayscale intensity
variation within the ROI, has gained increasing attention as a potentially more sensitive and informative
measure of muscle tissue heterogeneity (71-73). Unlike El, which only captures the central tendency of
pixel values, EV provides additional insight into the internal texture fluctuations that may better reflect

the microstructural integrity of the muscle.

Notably, studies in stroke patients have reported a strong correlation between EV and the modified
Heckmatt scale, suggesting that EV may serve as a quantitative surrogate marker for muscle quality,
particularly in populations with upper motor neuron lesions (73). However, much of the existing evidence
has been derived from relatively small and selective image sets, often based on expert-chosen subsets of

extreme cases. This introduces a risk of selection bias and limits the generalizability of findings. As such,



further research involving larger datasets, standardized acquisition protocols, and rigorous statistical

validation is needed to fully establish the clinical utility of EV in post-stroke muscle assessment.

Following a stroke, the nervous system undergoes a range of changes that directly affect the structure
and function of skeletal muscles. One of the most prominent neuromuscular consequences is the
progressive infiltration of fatty and fibrous tissue into previously healthy, contractile muscle fibers (68,
74). These changes are primarily the result of reduced voluntary activation, muscle disuse, and neurogenic
atrophy, all of which are common in individuals with upper motor neuron lesions, such as those caused

by stroke.

These pathological muscle transformations can be visualized and quantified using ultrasound imaging
through direct structural measurements and echotexture analysis. Structurally, stroke-induced muscle
degeneration may appear as reductions in muscle thickness, shortening of fascicle length, and alterations
in pennation angle, which are typically evaluated to assess the macroscopic architecture of muscle tissue

(75-78).

However, structural measurements alone may not fully capture the underlying tissue quality. Therefore,
echotexture-based features, particularly El and EV, have become essential tools in characterizing the

microstructural changes that occur post-stroke (79, 80).

El reflects the muscle's average grayscale brightness, which increases with the accumulation of fibrous
and fatty tissue. On the other hand, EV represents the variation or dispersion of grayscale values within

the muscle, offering insight into tissue heterogeneity and internal texture irregularities.

While El is useful for detecting general increases in echogenicity due to degeneration, it may overlook
localized variations within the muscle. In contrast, EV provides complementary information by
highlighting inconsistencies and disruptions in the tissue structure that El alone may not detect (73). This
makes EV particularly valuable in capturing the complex and uneven nature of muscle remodeling in

stroke survivors.

Together, these parameters offer a comprehensive and non-invasive means of evaluating stroke-related
muscle alterations, supporting more accurate diagnosis, monitoring, and personalized rehabilitation

planning.

One of the most important and sometimes most difficult steps in echotexture analysis is deciding which

part of the muscle image should be analyzed; this area is called the ROI. In some studies, researchers



select the entire muscle area between the superficial and deep fascia as one large ROI (73). In other
studies, however, this area is divided into multiple smaller regions, or "patches", to allow for more
detailed analysis (39, 41, 43, 81, 82), new methodologies, such as patch-based analysis, are proposed to
address this limitation. The idea behind patch-based analysis is to reduce measurement errors and
improve accuracy by: 1) Dividing the large ROl into smaller, more uniform regions; 2)Extracting multiple
measurements across these patches instead of relying on a single average value; 3)Detecting local

differences in muscle texture that may not be visible when analyzing the whole area as one unit.

Even though this method seems promising, many unanswered questions remain about how the size of
the patches or how they are selected affects the values of important features like El and EV. Because of
this, researchers are still concerned about how standardized and reproducible these measurements are
when using patch-based techniques. More research is needed to understand how these choices influence
the final results and to develop clear guidelines that ensure consistency across different studies and

clinical applications.

Obijectives

Study 1: The Effect of Dry Needling in Chronic Stroke with a Complex Network Approach: A
Case Study

Despite the increasing clinical adoption of DN as a non-pharmacological intervention in post-stroke
rehabilitation, particularly for managing muscle spasticity and improving motor function, the underlying
neurophysiological mechanisms, especially those involving CNS activity, remain poorly elucidated. While
a growing body of evidence supports the peripheral effects of DN on muscle tone, trigger point
modulation, and nociceptive pathways, far less is known about its influence on central neural processes,
including cortical excitability and functional brain connectivity. Several studies have documented
improvements in clinical outcomes such as spasticity reduction, enhanced voluntary motor control, and
improved gait dynamics in patients with chronic stroke following DN treatment. However, no systematic
investigation has explored how DN may affect large-scale brain network organization, particularly through
EEG-based complex network analysis. This presents a critical gap in the literature, especially given the
increasing recognition of functional brain network plasticity as a key mechanism underlying motor
recovery and behavioral gains after stroke. EEG, as a non-invasive and temporally precise method of
measuring brain activity, provides valuable insights into the dynamic functional architecture of the brain.

When coupled with graph theoretical approaches, which enable quantitative modeling of connectivity



patterns through indices such as clustering coefficient, characteristic path length, global efficiency, and
small-worldness, this method offers a robust framework for assessing network-level changes in brain
organization. The integration of these tools allows researchers to move beyond regional activation
patterns and instead determine how distributed brain networks may reorganize in response to

therapeutic interventions such as DN.

Based on the information above, the objective of this study was to evaluate whether DN induces
measurable alterations in EEG-derived brain network topology in a chronic stroke patient. The study seeks
to determine whether DN can facilitate functional reorganization of cortical connectivity by applying
graph theoretical metrics to resting-state EEG data before and after DN. This neuroplastic process may
contribute to the observed clinical benefits in motor recovery. The findings from this exploratory analysis
could provide foundational insights for future controlled trials and contribute to a more mechanistic

understanding of DN's role within neurorehabilitation paradigms.

Study 2: Brain Analysis with a Complex Network Approach in Stroke Patients Based on

Electroencephalography: A Systematic Review and Meta-Analysis

Stroke results in a broad spectrum of clinical manifestations, ranging from mild motor deficits to severe
and persistent impairments in cognition, perception, and sensory integration, often depending on the
location, extent, and type of cerebrovascular insult. This clinical heterogeneity presents a significant
challenge in research and clinical practice, as it is further compounded by the inconsistent use of
assessment methods and measurement tools across studies, many of which suffer from limited

psychometric validation, poor reproducibility, or context-specific applicability (31, 32).

As a result, the lack of methodological standardization limits the comparability of findings across different
research settings. It impedes the development of tailored, evidence-based interventions designed to
address the nuanced needs of diverse stroke phenotypes. Among the many domains of post-stroke
research, one remarkably underexplored yet up-and-coming area is the quantitative analysis of functional

brain network reorganization using EEG-derived connectivity metrics.

While several neuroimaging studies employing MRI, PET, and fNIRS have examined structural, perfusional,
and metabolic alterations in regions such as the Broca’s area, cerebellum, thalamus, and areas supplied
by the middle cerebral artery, there remains a relative paucity of research that systematically investigates
the dynamics of EEG-based functional connectivity, especially using advanced analytical frameworks such

as graph theory across different stages of stroke recovery (i.e., acute, subacute, and chronic).



Furthermore, despite the increasing popularity of EEG as a non-invasive, cost-effective, and temporally
sensitive modality for tracking neural activity, there is currently no universally accepted framework or

consensus for applying complex network analysis to EEG data in stroke populations.

Our objective in this study was to systematically review research that has examined brain networks in
stroke patients and to identify potential biomarkers within these networks. We sought to find specific
indicators or parameters that show higher or lower values in individuals who have experienced a stroke.

Identifying such biomarkers could significantly contribute to the advancement of neurorehabilitation.
Study 3: Characterizing Muscle Tissue Quality Post-Stroke: Echovariation as a Clinical Indicator

As discussed in the introduction, there is currently no standardized or universally accepted framework for
classifying the extent of muscle involvement in individuals affected by stroke using ultrasound-derived
guantitative metrics. This gap presents a major limitation in musculoskeletal ultrasound's clinical utility
and research reproducibility, especially in neurorehabilitation. A critical challenge observed in prior
studies lies in the inconsistent selection and application of echotexture features, such as grayscale
histograms, entropy, contrast, and echogenicity, which often leads to divergent findings, suboptimal
diagnostic accuracy, and limited comparability across studies. These methodological inconsistencies
hinder the establishment of normative reference values and compromise efforts to develop reliable

imaging-based biomarkers for muscle integrity assessment.

Given these limitations, the primary objective of the study presented in study 3 is to systematically
investigate and identify the most informative echotexture features extracted from B-mode ultrasound
images of the gastrocnemius medialis muscle in individuals with chronic stroke. The focus is particularly
placed on evaluating the potential of EV. This quantitative measure captures textural heterogeneity within
muscle tissue as a robust and sensitive biomarker capable of distinguishing varying degrees of muscle
degeneration and structural disorganization. By quantifying EV across different levels of impairment, this
study aims to determine its discriminative power in classifying muscle condition and to examine its
correlation with established clinical grading tools, such as the Heckmatt Scale, through blinded expert
assessments. The study seeks to bridge the gap between quantitative imaging science and real-world
clinical decision-making by combining objective image-based analysis with subjective clinical judgment.
The findings are anticipated to contribute toward standardizing ultrasound-based muscle evaluation
protocols and enhance the diagnostic and prognostic value of sonographic imaging in post-stroke

rehabilitation contexts.



Study 4: Improving the Reliability of Muscle Tissue Characterization Post-Stroke: A Secondary

Statistical Analysis of Echotexture Features

In Study 3, we identified and initially validated specific echotexture features, most notably EV and El, as
promising objective indicators of muscle tissue deterioration in individuals with stroke. These parameters,
derived from B-mode ultrasound images, demonstrated strong potential for reflecting pathological
changes in muscle architecture and were found to correlate meaningfully with established clinical scales
used to assess muscle quality. However, while these initial findings are encouraging, the clinical
implementation of EV and El as standardized biomarkers remains contingent upon further methodological
refinement and validation. Despite yielding significant associations, the original analysis was constrained
by several limitations, including the potential for selection bias and a degree of reliance on subjective

expert interpretation for clinical scale ratings, which may affect reproducibility and generalizability.

To address these shortcomings, the primary objective of the follow-up investigation presented in Study 3
is to perform a rigorous secondary statistical analysis designed to enhance objectivity and methodological
robustness. This is accomplished using advanced statistical approaches, such as correlation modeling, ROC
curve analysis, and inter-rater reliability assessment, to evaluate the diagnostic accuracy and consistency

of the echotexture features across different severity levels of muscle impairment.

The objective of this study was to explore the strength and nature of the relationship between
guantitative ultrasound-derived measures and categorical clinical muscle classifications, such as those
provided by the Heckmatt Scale, in a more systematic and unbiased manner. By minimizing the influence
of subjective interpretation and improving the analytical framework, this research aspires to establish a
stronger scientific foundation for integrating EV, El, and potentially other echotexture parameters into
routine clinical assessment protocols for post-stroke muscle evaluation. Ultimately, this could pave the

way for more precise, accessible, and objective diagnostic tools in stroke rehabilitation settings.

Study 5: A Complementary Patch-Based Histogram Analysis for Quantifying Muscle Tissue in

Ultrasound Imaging

Building on previous investigations that typically analyzed the entire muscle region as a single ROI, the
current study introduces a novel and complementary methodological approach to enhance the
granularity and accuracy of ultrasound-based muscle analysis. Specifically, Study 5 explores the effects of
subdividing the global ROI into multiple smaller patches of varying sizes to assess the distribution and

variability of key echotexture features, namely EV and El. Rather than relying on a single averaged value



that may obscure important localized variations, this study employs a patch-wise histogram-based
analysis to evaluate how these echotexture parameters fluctuate across different regions within the

muscle.

The objective of this study is to determine whether finer spatial resolution improves sensitivity in
detecting subtle or heterogeneous patterns of muscle degeneration in stroke patients by systematically
altering the size and number of analyzed patches. Such spatial heterogeneity is often masked in global
analyses but may hold clinical significance. This methodological framework also allows for a more nuanced
understanding of muscle tissue organization and the potential to detect region-specific abnormalities not

apparent in traditional assessments.

Ultimately, the overarching objective of this study is to assess the methodological implications and
diagnostic value of localized versus global echotexture quantification. By capturing intra-muscular
variability more accurately, this approach can improve ultrasound-based biomarkers' reliability,
sensitivity, and clinical relevance in evaluating and monitoring post-stroke muscle alterations. If validated,
this technique could serve as a foundation for more individualized and spatially-informed rehabilitation

strategies, advancing the role of quantitative ultrasound in neurorehabilitation research and practice.



Methodology

Study 1

The Effect of dry Needling in Chronic Stroke with a complex Network Approach: A Case Study
This is a single-case quasi-experimental study using a pre- and post-intervention design.
Participant

A 62-year-old male with chronic ischemic stroke and right hemiplegia in Brunnstrom Stage 3

participated. Written informed consent was obtained.
EEG Assessment

Resting-state EEG was recorded for 5 minutes with eyes closed before and during dry needling (DN), and
compared to a healthy age-matched control (61 years old). EEG data were collected using 18 electrodes

(10-20 system) and sampled at 256 Hz.
Intervention

DN was applied for 60 seconds at the motor point of the brachialis muscle using a sterile 50x0.3 mm

needle, using a fast in—fast-out technique at ~ a 1 Hz frequency.
Data Processing

EEG data were exported in EDF format, preprocessed in MATLAB using EEGLAB, and further analyzed in

Python using NetworkX and SciPy. Artifacts such as blinks and EMG noise were removed.
Network Construction

A functional brain network was created using the electrodes as graph nodes and edges defined by
generalized partial directed coherence (GPDC). Weighted coherence matrices were binarized using a

0.15 threshold.
Frequency Bands

2700 directed binary matrices were generated across five frequency bands: delta (<4 Hz), theta (4-8 Hz),

alpha (8-13 Hz), beta (13—-30 Hz), and gamma (30—45 Hz).

Graph Metrics



Network analysis included five key topological metrics: Density, Average shortest path length, Clustering
coefficient, Betweenness centrality, and Small-worldness; these metrics were used to assess functional

network changes before and after DN in the stroke patient.

Study 2

Brain Analysis with a Complex Network Approach in Stroke Patients Based on Electroencephalography:

A Systematic Review and Meta-Analysis

This systematic review and meta-analysis was conducted following PRISMA guidelines and registered in

PROSPERO (CRD42021285761).
Databases

PubMed, Cochrane, and ScienceDirect were searched up to October 2021 using a PICO-based strategy:
Population: adults with stroke; Intervention: EEG assessment; Comparison: healthy controls; Outcome:

brain network parameters.
Study Selection

Two independent reviewers screened titles, abstracts, and full texts based on the inclusion criteria: studies
on stroke patients using EEG for brain connectivity analysis published in English. Exclusion criteria:

interventional studies (e.g., rehabilitation trials).
Data Extraction

The data included the study design, sample characteristics, EEG and connectivity methods, outcome

metrics, and main findings. Quality was assessed using the Newcastle—Ottawa Scale.
Data Analysis

Statistical analyses were performed in R. Mean and SD values were calculated or estimated from medians

using standard methods. When unavailable, data were extracted from plots using WebPlotDigitizer.

Meta-analysis focused on the Small-World Index (SW) using a random-effects model. Heterogeneity was
assessed using T3, Q, and I? statistics. Subgroup analyses were based on SW calculation methods.

Publication bias was evaluated via funnel plots, Egger’s and Begg’s tests, and the trim-and-fill method.



Study 3

Characterizing Muscle Tissue Quality Post-Stroke: Echovariation as a Clinical Indicator

This observational study followed STROBE guidelines and the principles of the Declaration of Helsinki.
Participants were recruited between February and April 2024 and provided written informed consent.
Ethical approval was obtained (ID: P124/030), and the study was registered at ClinicalTrials.gov
(NCT06411587).

Participants and Data Collection

Post-stroke individuals were enrolled based on predefined inclusion and exclusion criteria at Hospital
Clinico Universitario Lozano Blesa. Ultrasound (US) images of the gastrocnemius medialis were captured
using a Butterfly iQ+ device under standardized settings. Each participant underwent image acquisition

focused on whole-muscle ROIs, performed by experienced physiotherapists.
Echotexture Feature Extraction

First-order histogram-based features, gray-level co-occurrence matrix (GLCM) features, and gray-level
run-length matrix (GLRLM) features were extracted from the selected ROIls without prior image
preprocessing. GLRLM features were averaged across five different directions to ensure rotational

invariance.
Ultrasound Imaging Assessment

An initial exploratory analysis identified features with the greatest potential to characterize muscle
impairment. Three independent physiotherapists, blinded to participant information, rated muscle tissue
quality and assessed the images with the modified Heckmatt scale scores. Inter-rater reliability was

assessed, and relationships between extracted features and Heckmatt grades were examined.
Statistical Analysis

Data processing was performed in Python (v3.11.5), and statistical analyses were conducted using RStudio
(v2024.09.0). Pearson’s correlation was used to explore associations between features and Heckmatt
scores. Differences among Heckmatt grades were analyzed using ANOVA or Kruskal-Wallis tests, followed

by post hoc comparisons when appropriate. Statistical significance was set at p < 0.05.



Study 4

Improving the Reliability of Muscle Tissue Characterization Post-Stroke: A Secondary Statistical Analysis

of Echotexture Features

The secondary analysis was based on the same dataset as the original study but employed a more refined
and conservative image selection strategy. While the initial study included 420 regions of interest (ROls),
specifically, 20 ROIs per each of the 21 texture features selected based on their top and bottom values,
the secondary analysis used a reduced and independent subset of 44 ROls, choosing only one
representative whole-muscle ultrasound image per limb for each patient. This approach was intended to

eliminate redundancy and minimize potential bias from including multiple ROIs per individual.

Two expert physiotherapists conducted the initial feature selection and image classification in the original
study. In contrast, the secondary analysis involved three physiotherapists, who independently assessed
muscle tissue impairment (low and high) and modified Heckmatt scale scores. To ensure methodological
rigor, inter-examiner reliability was reassessed, and the correlation between visual muscle impairment

ratings and the Heckmatt scale was re-evaluated for the 44-image dataset.
Statistical Analysis

All analyses were performed in R (v4.1.3), with significance set at p < 0.05. Inter-examiner reliability was
assessed using Cohen’s and Light’s kappa. Correlations were analyzed with polychoric correlation. Mann—
Whitney U tests and Fisher’s exact tests were used to explore group differences. Binary logistic regression
models were developed using backward stepwise selection, optimizing the Akaike Information Criterion

(AIC), and predictive performance was evaluated with ROC curve analysis.

Study 5

A complementary patch-based histogram analysis for quantifying muscle tissue in ultrasound imaging

In this follow-up study based on the original dataset, a novel patch-based analysis approach was
introduced to enhance the assessment of muscle tissue. Unlike the initial study, which treated each ROI
as a single, undivided unit, this analysis involved segmenting each ROI, already encompassing the entire
muscle region, into multiple smaller patches of varying sizes. As a result, instead of extracting a single
value per feature from each ROI, multiple feature values were obtained from individual patches within
the same ROI. This granular representation allowed for a more detailed and localized evaluation of muscle

tissue characteristics, thereby improving the sensitivity and precision of muscle impairment assessment.



Data Analysis

The grayscale ROl was divided into patches of varying sizes (10x10, 20x20, 30x30, 40x40, and 50x50
pixels). The echogenicity index (El; mean pixel brightness) and echovariation (EV; standard deviation
divided by mean intensity) were calculated for each patch. Descriptive statistics (mean, SD, median, IQR,
skewness) characterized the distribution of El and EV. Distribution shape was classified based on
skewness. Normality was assessed visually through histograms; normally distributed features used

mean/SD, while skewed distributions used median/IQR.

Kendall’s tau coefficient was employed to analyze the correlation between feature intensity and
dispersion. The extracted El and EV values were compared graphically against the original ROI values.
Furthermore, EV values were mapped onto a stroke-specific EV function derived from the primary
research, illustrating the relationship between EV levels and muscle tissue quality. No equivalent

functional mapping was available for El.

Results

Study 1

Significant differences were observed between the stroke patient and the healthy control in the delta,
theta, and alpha bands. During DN treatment, the patient's values moved closer to normal. Beta and
gamma bands showed minor differences. Stroke patients exhibited smaller variations than controls,
notably in the delta, theta, and alpha bands. DN application shifted the patient’s values towards normal.
Although no initial differences existed in beta and gamma bands, DN increased the parameter values.
Significant differences were found in delta, theta, and alpha bands, with DN making the patient's brain
network structure more similar to that of the healthy control. Patterns were similar to those observed
for network density. Stroke patients had lower values across all bands compared to controls. DN
treatment consistently moved the patient's measures toward normal, with the most pronounced
differences in the delta, theta, and alpha bands. Significant alterations were noted in delta, theta, and
alpha bands, with DN inducing a normalization effect. There were no differences in beta and gamma
bands, although DN still promoted structural brain changes. Overall, DN treatment shifted the patient's
brain network metrics towards patterns typical of healthy individuals, particularly in lower-frequency

EEG bands.



The results of the EEG analysis using complex dynamic networks are presented in Figures 1 to 5, which
show the variations of the metrics for each of the EEG bands. Each figure presents three curves showing
the changes in the network metrics considered from their maximum value to their minimum value. The
green and blue lines show the changes in the network parameter considered for the patient before and
during the DN treatment, respectively, and the red line shows the parameter for the healthy subject as a

control.
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Figure 1. Variations in network density show delta (a), theta (b), and alpha (c) bands that becoming more similar to those of the
healthy control during DN application. The beta (d) and gamma (e) bands show no significant differences between the stroke
case and the healthy control.
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Figure 2. Variations in average shortest path show delta (a), theta (b), and alpha (c) bands becoming more similar to the healthy
control during DN application. The beta (d) and gamma (e) bands show no significant differences between the stroke case and
the healthy control.
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Figure 3. Variations in global clustering coefficient show delta (a), theta (b), and alpha (c) bands becoming more similar to the
healthy control during DN application. The beta (d) and gamma (e) bands show no significant differences between the stroke
case and the healthy control.
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Figure 4. Variations in betweenness centrality show delta (a), theta (b), alpha (c), beta (d), and gamma (e) bands becoming
more similar to the healthy control during DN application.
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Figure 5. Variations in small-worldness show delta (a), theta (b), and alpha (c) bands becoming more similar to the healthy
control during DN application. The beta (d) and gamma (e) bands show no significant differences between the stroke case and
the healthy control.

Study 2

The electronic search initially identified 64 articles, with two additional records included from other
sources. After removing duplicates and screening, 10 studies were ultimately selected (9 cohort studies
and one cross-sectional study). All studies investigated changes in brain networks in stroke patients,

consistently observing brain lesions that led to network alterations.



In network analysis, various parameters such as PL, CC, SW, cohesion, and FC were used, although there
was no full consistency across studies. The risk of bias assessment showed that six studies had a low risk
of bias, while three presented a moderate risk. There was considerable heterogeneity (1> = 60%), and the
overall effect size (Hedges' g = 0.189) was small and not statistically significant in favor of healthy controls
(p = 0.592). Sensitivity analyses revealed that the study by Fanciullacci had the greatest influence on the
meta-analysis results. Heterogeneity varied depending on the method used to calculate the small-
worldness index. However, none of the subgroup analyses revealed a significant effect size. Tests for

publication bias (Begg’s and Egger’s tests) indicated no evidence of publication bias.

Study 3

A total of 130 ROIs were extracted from ultrasound images of the gastrocnemius medialis muscles of 22
stroke patients (16 men and 6 women, mean age 64.32 + 13.25 years). Most participants had ischemic
strokes, and only one was on spasticity medication during the study. ROIs were analyzed to identify
features most relevant to muscle impairment, with three features (Echovariation (EV), Echointensity (El),

and kurtosis) selected as the most informative.

Lower values of EV and kurtosis were associated with greater muscle damage, while higher El values were
linked to worse tissue quality. A strong, significant correlation was found between EV and the modified

Heckmatt scale (r = —0.81) and between El and the scale (r = 0.87), but not for kurtosis.

A mathematical model (y = a * e?** + ¢ * e¥** + () was used to fit the EV distribution, achieving high
accuracy (R? = 0.993). The graph showed that lower EV values corresponded to more severely impaired
muscle tissue. Figure 6 illustrates the curve fitting applied to the EV values extracted from ultrasound

images of stroke patients.
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Figure 6. Fitted function on the distribution of the echovariation (EV) in the 130 ROIs extracted from the US images. The scale on
the X-axis shows the number of the US image, while the Y-axis shows the echovariation (EV) values.

The EV and El also showed a very strong inverse correlation (r = —0.90), indicating that as El increased, EV
decreased (Figure 7). Analysis of EV values across the four Heckmatt scale grades revealed significant
differences (p < 0.001) between all groups, confirmed through post hoc Bonferroni-corrected comparisons
(Figure 8). Mean and standard deviation values for each Heckmatt grade were visually presented, showing

a clear trend of decreasing EV with worsening muscle quality.
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Figure 7. Graphical representation of the correlation between echovariation (EV) and echointensity (El), the only one that has
shown a Pearson's correlation coefficient >0.80. The scale on the X-axis shows the number of the US image, while the Y-axis
shows the echovariation (EV) and echointensity (El) values normalized on a scale from O to 1.
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Figure 8. Distribution of the four grades of the modified Heckmatt scale along echovariation (EV) values, with mean and
standard error bars for each grade. The scale on the X-axis shows the number of the US image, while the Y-axis shows the
echovariation (EV) values.

Study 4

The study included 22 participants (16 males, 6 females) with a mean age of 64.32 + 13.25 years. Inter-
examiner reliability was excellent and significant for El, EV, dissimilarity, entropy, GLU, homogeneity,
kurtosis, RLU, and RPC. Agreement among examiners regarding the level of muscle impairment was very
strong (Kappa = 0.85, p < 0.001), and their classification correlated highly with the modified Heckmatt
scale (r = 0.98-1.00).

Among the 44 selected ROIs, 21 were classified as low impairment and 23 as high impairment. Significant
differences were observed between groups for EV, El, dissimilarity, energy, contrast, maximum

probability, skewness, and the Heckmatt scale (p < 0.05) (Table 4).



Table 4. Descriptive statistics and comparison of echotexture features between ROIs classified as low and
high impairment after the secondary analysis.

Overall Low impairment  High impairment “p value
N
44 21 23 NA

Main outcomes
Echovariation 46.26116.69 56.84116.52 36.6019.58 <0.001*
Echointensity 82.89+23.60 66.56+17.92 97.80x£17.58 <0.001*
Secondary outcomes

Grade "
Heckmatt scale, n (%) 1 3(6.8) 3(14.3) 0(0.0) <0.001

Srade 21 (47.7) 18 (85.7) 3(13.0) NA

grade 12 (27.3) 0(0.0) 12 (52.2) NA

frade 8 (18.2) 0(0.0) 8 (34.8) NA
Variance 1237.73+£324.37 1267.46+301.08 1210.59+348.76 0.568
Standard Deviation 34.87+4.71 35.34+4.42 34.45+5.02 0.536
Skewness 0.50+0.34 0.65+0.32 0.37+0.31 0.005*
Kurtosis 0.0310.65 0.221+0.81 -0.15+0.40 0.056
Correlation 0.971+0.01 0.971+0.01 0.98+0.01 0.103
Dissimilarity 5.97+0.74 6.21+0.81 5.7510.60 0.037*
Energy 0.021+0.01 0.031£0.02 0.02+0.00 0.042*
Contrast 62.00+£14.82 68.20+£15.69 56.35£11.65 0.007*
Homogeneity 0.17+0.03 0.18+0.04 0.17+0.02 0.444
Angular Second 0.00+0.00 0.0040.00 0.00£0.00 0.058
Moment
Maximum Probability 0.01+0.02 0.01+£0.02 0.00+0.00 0.013*
Entropy 7.04+0.22 7.00+0.24 7.07+0.20 0.275
Cluster Shade 8.03£0.23 7.9910.25 8.07+0.20 0.234



Cluster Prominence
Short Run Emphasis
Long Run Emphasis
Gray Level Uniformity
Run Length Uniformity

Run Percentage

10.87+0.36 10.81+0.42 10.92+0.28 0.294
0.73+0.08 0.73+0.07 0.72+0.08 0.49
440.64+134.70 447.98+173.53 433.94+89.38 0.734

10957.52+2970.64 10237.13+2319.04 11615.27+3378.09 0.126
17268.72+4566.54 17109.75+2938.33 17413.87+5732.68 0.828

15.27+3.28 15.37+2.45 15.1743.95 0.837

Data expressed with meanztstandard deviation or with absolute and relative values (%). a significant if p<0.05

(marked with an asterisk).

All features (except El) were higher in the low-impairment group, while El was significantly higher in the

high-impairment group. Following logistic regression analysis, after eliminating variables with a high VIF,

dissimilarity, entropy, EV, GLU, and El emerged as the main predictors of muscle impairment. Both models

(based on EV or El) demonstrated good model fit (lower AIC, non-significant Hosmer—Lemeshow test) and

high explanatory power (Nagelkerke’s R? around 0.74-0.76) (Table 5).

In the EV model:

® Each unitincrease in EV and dissimilarity increased the odds of low impairment by 1.28 and 17.86

times, respectively.

e Entropy was negatively associated with low impairment (<0.001 times).

In the El model:

e Each unit increase in El decreased the probability of low impairment by 0.86 times.

e Dissimilarity increased the probability of low impairment by 15.65 times.

Table 5. Final model summary.

ffici Z val iabl
Odds ratio (95%¢C1) ~ Coeffcient oo o value Variable
(SE) (:p value) importance
Echovariation main outcome model
7.77e+31 (111740.12, 73.43 11.62,
Int t .057
(Intercept) 1.63e+73) (SE=38.61)  168.57 0.05
Echovariation 1.275 (1.1, 1.62) 0.24 (SE=0.09) %(3;' 0.012* 2.52
P 0.96,
Dissimilarity 17.856 (2.61, 360) 2.88 (SE=1.19) 5.88 0.016* 24
-13.75 -29.66
<0. : . ’ .029* :
Entropy 0.001 (0.001, 0.01) (SE=6.31) 398 0.029 2.17
Level -0.001
Gray - Leve 1(099, 1) oce-0) O s 142
Uniformity 0



Echointensity main outcome model
47.34 -8.6,

(Intercept) 3.64e+20 (0, 5.00e+54) (SE=32.57) 125.95 0.146
. . -0.14 -0.29, - "
Echointensity 0.86 (0.74, 0.93) (SE=0.05) 0.06 0.009 2.62
.84
Dissimilarity 15.65 (2.33, 287.63) 2.75 (SE=1.17) 0586 6, 0.019* 2.33
-6.69 -18.43,
Entropy 0.001 (0, 5.02) (SE=4.87) 161 0.170 1.37
Gray 3 -0.001,
Level Uniformity 1(0.99, 1) 0 (SE=0) 0 0.142 1.46

95%CI: 95% confidence interval; SE: Standard Error. -significant if p<0.05 (marked with an asterisk).

Both models achieved high sensitivity (90.48%). The ROC curve analysis showed an AUC of 94.20% for the
EV model and 95.45% for the EI model. Classification accuracy was higher for the EI model (84.09%)
compared to the EV model (22.73%) (Figure 9).
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Figure 9. Model receiver operating characteristic (ROC) curves.

Study 5

In this study, the distribution characteristics and descriptive statistics of echointensity (El) and
echovariation (EV) were analyzed across five different patch sizes (10x10 to 50x50 pixels) extracted from

the original ROI of the medial gastrocnemius muscle.

The El feature demonstrated a normal distribution at all patch sizes, which allowed the use of mean and
standard deviation for data description. Both parameters remained relatively stable across the different
patch sizes, with values consistently approximating the original ROl mean of 81.89. Kendall’s correlation

coefficient between mean El and standard deviation was -0.4, suggesting no significant relationship



between these two metrics. These findings indicate that EIl measurements were robust and unaffected by

patch size variations (Figure 10).
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Figure 10. Line graph illustrating the mean and standard deviation values of echointensity for each patch size. The X-axis
represents the patch sizes, while the Y-axis indicates the corresponding values of the mean and standard deviation of
echointensity. The blue line represents the mean and the orange line the standard deviation.

In contrast, the EV feature exhibited a right-skewed, non-normal distribution. Consequently, the median
and interquartile range (IQR) were used for its description. A perfect positive correlation (Kendall’s tau =
1) was observed between median EV and IQR, highlighting a strong dependency between central tendency
and dispersion. As the patch size increased, the median EV and IQR values rose steadily, approaching but
remaining below the original ROl EV value of 45.54. The largest patch size (50x50 pixels) produced the
highest median EV (26.48). Notably, smaller patch sizes were associated with lower variability, while larger

patches reflected greater dispersion (Figure 11).
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Figure 11. Line graph illustrating the median and interquartile range (IQR) values of echovariation for each patch size. The X-axis
represents the patch sizes, while the Y-axis indicates the corresponding values of the median and IQR of echovariation. The blue
line represents the median and the orange line the IQR.

When median EV values were plotted against the function derived from Study 3, a clear trend emerged:
smaller patch sizes shifted the median EV toward values indicative of more affected tissue regions,
whereas larger patch sizes led the median EV to converge towards the original ROI's value. This

relationship suggests that patch size is critical in characterizing muscle tissue status in ultrasound images.



Discussion

This doctoral thesis presents a comprehensive investigation into neuro-muscular alterations following
stroke, utilizing EEG and ultrasound imaging modalities for biomarker identification and functional pattern
recognition. The research was structured around five studies; initially, a clinical case study showed that
dry needling intervention can induce measurable changes in EEG network structures in a post-stroke
patient. However, a cause-and-effect relationship cannot be established due to the study design. Building
upon this, a systematic review and meta-analysis provided robust evidence that stroke significantly
disrupts brain network architecture, analyzed through a complex network approach applied to EEG data.
Extending the scope to the muscular system, three subsequent studies focused on characterizing muscle
tissue quality post-stroke. These studies systematically explored echovariation and echotexture features
as potential clinical indicators, emphasizing the need for improved reliability and proposing novel
methodological advancements such as a complementary patch-based histogram analysis. Together, these
investigations offer a multifaceted perspective on the neuro-muscular sequelae of stroke, laying the
foundation for future developments in diagnostic biomarker discovery and functional recovery

assessment.

Study 1 provides valuable evidence reinforcing the conceptualization of stroke not merely as a focal
neurological event, but as a disorder that disrupts large-scale brain network connectivity, a perspective
increasingly supported in contemporary neuroscience literature (83). The findings demonstrate that
network-based metrics such as network density, global clustering coefficient, and small-worldness were
markedly elevated in the stroke patient relative to a healthy control across multiple EEG frequency bands,
specifically delta, theta, and alpha. These alterations suggest a compensatory or maladaptive network
reconfiguration, reflecting the brain’s attempt to reorganize following injury. Interestingly, following the
application of DN, these indices showed a trend toward normalization, indicating that DN may facilitate

partial restoration of brain network architecture.

However, specific graph-theoretical parameters, particularly betweenness centrality and average shortest
path length, remained consistently impaired in the stroke patient. Betweenness centrality, which reflects
the extent to which a given node acts as a critical connector or hub in network communication, was
especially disrupted, with abnormalities noted across all frequency bands. This finding suggests that while
DN may promote generalized improvements in network topology, certain high-order integrative functions

may require more targeted or prolonged interventions to recover.



The neurophysiological impact of DN on brain activity, as captured through EEG, aligns well with previous
findings from both EEG studies (84) and functional MRI investigations (9), which collectively indicate that
DN can modulate regional brain activation, especially in areas associated with pain modulation and motor
control. Nevertheless, the lack of significant reorganization in the beta and gamma bands observed in this
study is consistent with the growing body of research indicating that higher frequency oscillations, often
implicated in motor execution, attention, and cognitive processing, tend to exhibit significant changes
primarily during active task engagement rather than during resting-state EEG recordings (85-88). This
suggests that the resting-state paradigm may limit the detectability of DN-induced alterations in high-
frequency connectivity, and future studies might benefit from employing task-based or open-eyes EEG

protocols to capture a broader spectrum of DN’s neurophysiological effects.

Crucially, the observed normalization in low-frequency bands (delta, theta, alpha) holds significant clinical
relevance, as these oscillations are commonly associated with fundamental processes of neural plasticity,
sensorimotor integration, and inter-regional communication, functions essential for post-stroke recovery.
This is in agreement with previous studies that emphasize the role of low-frequency network dynamics in
supporting neurorehabilitation (20). Moreover, although beta and gamma bands did not exhibit large-
scale network remodeling, subtle but consistent improvements in betweenness centrality, even within
these higher frequencies, suggest that DN might influence the efficiency of network communication hubs,

laying the groundwork for future plastic changes.

The increase in small-worldness across delta, theta, and alpha bands further supports earlier reports of
disrupted network segregation and integration in stroke patients (20, 89, 90). Small-worldness reflects an
optimal balance between local specialization and global integration, a property that is typically
compromised following stroke. DN appears to support a shift toward more efficient, small-world-like

configurations in these critical low-frequency bands, which may underpin improved functional outcomes.

Despite the encouraging findings, one of the principal limitations of this study lies in its single-case design,
which restricts the generalizability of the results also hinders the establishment of cause and effect.
Additionally, the absence of clinical outcome measures such as spasticity grading, functional motor
assessments, or quality-of-life indices limits the ability to establish direct links between EEG-based
network changes and patient-centered rehabilitation outcomes. Therefore, future research should
incorporate multimodal assessments and larger cohorts in randomized controlled trials to validate and
extend these preliminary findings. Moreover, longitudinal follow-up could help determine DN's

sustainability and long-term effects on brain network reorganization.



In conclusion, the results from Study 1 suggest that DN exerts beneficial effects on the brain's functional
architecture in chronic stroke patients, particularly through enhancing low-frequency network
parameters associated with recovery-related neural processes. These findings contribute to a growing
body of evidence supporting DN as a neurotherapeutic tool and highlight the importance of advanced
EEG-based network analysis for understanding and optimizing post-stroke interventions. Future studies
with more robust methodological frameworks are essential to confirm these promising results and to

translate them into clinical practice.

The review study (Study 2) underscores the profound impact of stroke on brain connectivity, with
consistent evidence indicating that cerebrovascular insults lead to widespread reorganization of
functional brain networks. This reorganization primarily affects brain connectivity's internal structure and
efficiency, particularly in regions directly impacted by the lesion. Across multiple reviewed studies, stroke
patients demonstrated weaker connections, especially within the lesioned hemisphere, reflecting

disrupted local and global communication within the brain’s functional architecture (20, 84, 90-93).

A central finding is that the alterations in connectivity predominantly manifest in specific EEG frequency
bands, especially in the delta (1-4 Hz), theta (4-8 Hz), and alpha (8—13 Hz) ranges. These low-frequency
oscillations are crucial for coordinating large-scale neural activity and are often disrupted following stroke,

suggesting impaired neural synchronization and reduced integration across brain regions.

However, when examining SW, a key network parameter that captures the balance between local
clustering and global integration, findings across studies remain inconsistent and inconclusive. Some
investigations have reported increased SW in stroke patients (90, 93), possibly indicating a compensatory
reorganization of neural networks. In contrast, others observed a decrease in SW (91, 94), reflecting
network efficiency and modular integration loss. Still, some studies found no significant trend (95),
highlighting the variability and complexity of brain network responses to stroke. These inconsistencies
may stem from methodological differences, sample heterogeneity, and variations in stroke severity,

location, and time post-onset.

While functional and topological network changes are evident, particularly in higher-frequency bands
after acute stroke, no universally accepted post-stroke brain network reorganization model has emerged.
Immediate changes in EEG patterns likely result from acute reductions in cerebral blood flow, leading to
metabolic and synaptic dysfunction (96). These initial disturbances are often followed by long-term

neuroplastic adaptations, including synaptogenesis, dendritic remodeling, and cortical reorganization,



which may serve to restore lost function (97-99). Nevertheless, the precise relationship between these
neuroplastic processes and EEG-derived network metrics remains poorly understood, warranting further

investigation.

Some studies also reported changes in gamma-band activity (30—100 Hz), which play a critical role in
higher-order cognitive functions such as attention, working memory, and perceptual binding (100-108).
These alterations may reflect disrupted cortical-hippocampal communication and impaired information
integration (103, 104). However, findings were variable, with some stroke patients exhibiting increased
gamma power while others showed reduced activity (91, 92), underscoring the individualized nature of

cortical recovery dynamics.

Broadly, stroke is associated with a shift toward increased slow-wave activity (delta and theta) and a
reduction in higher-frequency oscillations (alpha, beta, and gamma) (29, 30, 84). This frequency shift likely
reflects both the acute pathophysiological effects of stroke and the subsequent compensatory

mechanisms engaged during recovery.

One critical source of variability in the literature is the heterogeneity of lesion locations, which presents a
major limitation in generalizing results across studies. Additionally, factors such as stroke type (ischemic
vs. hemorrhagic), cortical vs. subcortical involvement, recording conditions (resting vs. task-based EEG),
and patient demographics such as age and comorbidities may significantly influence EEG connectivity
outcomes (109). These confounding variables likely contribute to the inconsistent findings in network

parameters like small-worldness and gamma activity.

To address these limitations, future studies should prioritize larger, well-characterized patient cohorts,
with careful stratification based on lesion location, size, and type and uniform EEG acquisition protocols.
Moreover, incorporating resting-state and task-based paradigms may help disentangle state-dependent
network changes and provide a more comprehensive picture of functional brain reorganization after
stroke. Such methodological rigor will be essential for advancing our understanding of connectivity-based

biomarkers and developing personalized neurorehabilitation strategies.

In addition to analyzing brain activity via EEG in stroke patients, Study 3 focused on assessing muscle tissue
quality, emphasizing the limitations of conventional qualitative grading systems such as the Heckmatt
scale. While these scales are widely used in clinical practice, they are inherently subjective and may suffer
from inter-rater variability. Recognizing this gap, the study advocated for developing and implementing

objective, quantitative markers to enhance diagnostic precision and monitoring capabilities (110).



The study identified EV, El, and kurtosis as the most informative first-order statistical features for
differentiating muscle tissue quality through advanced ultrasound image analysis. Among these, EV
emerged as the most reliable biomarker, due to several advantages: it demonstrated high robustness, low
dependency on ultrasound system settings, and a strong correlation with clinical severity grades, making

it suitable for widespread clinical and research applications.

EV was mathematically modeled to strengthen its utility, revealing a consistent relationship between its
values and tissue condition: lower EV values were associated with degraded or fibrotic muscle tissue,
whereas higher EV values indicated healthier, more homogenous muscle structure. Notably, although the
model was initially validated in a stroke population, its theoretical foundation suggests potential

generalizability to other neuromuscular and musculoskeletal conditions.

One of the key contributions of this work is that EV provides a continuous, objective scale, enabling finer
discrimination of tissue changes over time compared to the categorical nature of traditional scales like
Heckmatt. This is particularly valuable for tracking rehabilitation progress, identifying subtle
improvements or deteriorations, and stratifying patients by impairment level, potentially guiding therapy

planning (111, 112).

Moreover, combining EV with El may offer complementary insights, as El captures overall brightness
related to fatty infiltration and fibrotic changes. In contrast, EV reflects the heterogeneity and dispersion
of pixel intensity. This dual-parameter approach could enrich clinical assessments, especially in complex

cases or during longitudinal evaluations.

The findings were also consistent with prior research in other pathologies such as Amyotrophic Lateral
Sclerosis (ALS) and various musculoskeletal injuries, where similar patterns in EV and El were observed
(41,42,72,113-115). These parallels suggest a broader relevance of EV and El across muscle degeneration

or remodeling diseases.

Despite these promising outcomes, several technical and methodological challenges were discussed.
Managing large imaging datasets, ensuring consistency in image acquisition protocols, and accounting for
software variability remain critical hurdles in clinical translation. Nevertheless, first-order features like EV
showed high reproducibility across different ultrasound software, reinforcing its viability for routine use

(116).



Among the study's strengths were its emphasis on standardized imaging protocols, objective and
automated ROI selection, and the use of quantitative, reproducible metrics. These methodological

considerations help reduce bias and enhance the reliability of measurements.

However, some limitations were acknowledged, including a small sample size, lack of adjustment for
demographic factors (e.g., age, sex, body composition), and the absence of inter- and intra-rater reliability
analyses, which are crucial for validating the reproducibility of imaging findings in broader populations
(117-121). These factors may limit the generalizability of the results and should be addressed in future

investigations.

In conclusion, EV represents a promising and practical biomarker for evaluating muscle tissue integrity in
stroke and potentially other neuromuscular disorders. Future research is recommended to assess the
longitudinal behavior of EV and El, evaluate their predictive value for clinical outcomes, and examine their
performance across a diverse range of patient populations and pathological conditions (122).
Incorporating these biomarkers into clinical workflows could significantly enhance the objectivity and

sensitivity of muscle assessment in neurorehabilitation and beyond.

This secondary analysis (Study 4) builds upon the foundation laid by the earlier exploratory investigation
(Study 3), with the primary aim of enhancing the clinical applicability and statistical robustness of the
original findings. This study contributes critical insights into the quantitative assessment of muscle
impairment following stroke by employing more sophisticated statistical techniques and refining the

dataset through improved image selection and examiner standardization.

A key advancement in this analysis was the demonstration of high inter-examiner reliability, which
strengthens the validity and reproducibility of the previously proposed muscle classification system that
categorizes individuals into low and high impairment groups. Notably, including a third independent
examiner helped to reduce potential bias further, minimize subjectivity, and enhance the consistency and

credibility of the classification outcomes.

Consistent with the original findings, this study reaffirmed the clinical relevance of echotexture features,
particularly El and EV, as reliable indicators of muscle tissue degradation in post-stroke individuals. Using
logistic regression models and Receiver Operating Characteristic (ROC) curve analysis, the study showed
that these features possess excellent discriminative power, yielding high sensitivity and specificity in
detecting clinically relevant muscle changes. These statistical measures support the strong predictive

capability of EV and El as biomarkers of muscle integrity.



In addition to confirming prior results, the study identified the diagnostic potential of additional second-
order texture features, such as dissimilarity, entropy, and Gray-Level Uniformity (GLU), extracted through
GLCM and GLRLM analyses. While these features received limited attention in the initial study, their
significance in the present analysis suggests that higher-order textural properties of muscle images may

capture subtle pathophysiological alterations not easily discernible through first-order metrics alone.

This reinforces that while expert visual evaluation remains a cornerstone of ultrasound-based
assessments, it may miss nuanced structural changes that are only detectable through quantitative
texture analysis. The study therefore advocates for integrating automated image feature extraction with

clinician expertise to maximize diagnostic precision.

Crucially, the analysis reconfirmed the inverse relationship between EV and muscle health, with lower EV
values indicating greater impairment, and the direct relationship between El and damage severity, which
aligns with earlier findings and broader literature. However, it also highlighted that while first-order
features such as EV and El are foundational, higher-order texture descriptors could further enhance
diagnostic granularity, particularly for differentiating between intermediate stages of impairment or

predicting recovery trajectories.

One of this study's methodological strengths lies in its correction of a notable limitation from the original
investigation: previously, three images per limb were analyzed, potentially introducing redundancy and
artificially inflating statistical power. In contrast, this study adhered to a more clinically realistic approach,
selecting only one representative image per limb, thereby improving ecological validity and better

reflecting the time-constrained realities of clinical practice.

Nonetheless, several limitations remain. Chief among them is the small sample size, which restricts the
generalizability of findings and precludes more detailed subgroup analyses, such as comparisons across
age, sex, stroke duration, or affected limb dominance. These variables may significantly influence muscle

degradation patterns and thus warrant inclusion in future work.

In conclusion, this study strongly supports using echotexture analysis as an objective, quantitative method
to evaluate muscle quality in post-stroke individuals. It adds to the growing body of evidence that
advanced texture features, particularly those derived from GLCM and GLRLM, can enhance the accuracy
of assessments beyond what is possible through visual inspection or simple grayscale metrics alone.

Looking ahead, larger-scale studies are needed to validate these findings, assess their predictive value for



functional recovery, and work toward standardizing ultrasound acquisition and analysis protocols to

facilitate wider clinical adoption.

In Study 5, we critically examined the reliability of the patch-based method in histogram-based
echotexture analysis of ultrasound images. While histogram-derived features have been widely used to
quantify tissue characteristics in musculoskeletal and neurological imaging (123, 124), many studies have
sought to enhance accuracy by segmenting the ROl before analysis. However, to date, no research has
rigorously explored whether subdividing the ROI into smaller patches alters the extracted histogram-

based metrics or how the size of these patches may influence the interpretation of echotexture features.

To address this gap, we applied a systematic patch-based strategy to the gastrocnemius medialis muscle,
a muscle often affected in post-stroke patients. Specifically, the full ROl was segmented into smaller
square patches of various sizes, and the resulting histogram features, particularly El and EV, were

compared against values derived from the original, unsegmented ROI.

The findings revealed that mean El values calculated from patches closely approximated the values
derived from the full ROI. This suggests that El maintains robustness across spatial subdivisions and may
be a reliable parameter for patch-based analysis. In contrast, median EV values obtained from patches
deviated significantly from those calculated over the entire ROI. This inconsistency is particularly
important given that EV is commonly used to classify muscle quality in individuals with stroke (73), and

raises critical concerns about the validity of patch-based EV analysis in clinical and research settings.

Further analysis of variability metrics provided additional insights. The standard deviation of El remained
stable regardless of patching, indicating low sensitivity to ROl partitioning. However, EV's interquartile
range (IQR) systematically increased with larger patch sizes, suggesting that patch dimensions introduce
artificial variability in EV, which could compromise diagnostic reliability. These findings are especially
relevant in light of EV's proposed role as a quantitative and device-independent ultrasonographic

biomarker in neurological disorders (41, 73).

Importantly, our results align with concerns raised in other imaging modalities, such as MRl and CT, where
segmentation methods have been shown to influence texture-derived outcomes significantly and lead to
variable interpretations of tissue characteristics (125, 126). These parallels emphasize the broader

relevance of evaluating preprocessing strategies across imaging disciplines.

Despite its novel contributions, this study is not without limitations. The analysis was based on a single

ultrasound image and one large ROI, which limits generalizability. Although findings suggest that El may



be suitable for patch-based evaluation, EV appears more sensitive to patching artifacts and warrants
cautious interpretation. Future research should include larger and more diverse datasets, multiple muscle
groups, and standardized ROI and patching protocols to validate whether patch-based methods can be

reliably applied, particularly for clinically significant features like EV.

Ultimately, this study underscores the need for methodological rigor in quantitative ultrasound analysis,
especially when using EV as a surrogate marker for muscle integrity. Future efforts should determine
whether patch-based strategies improve the diagnostic precision of ultrasonographic tools compared to
conventional clinical grading systems such as the Heckmatt scale, potentially enabling more objective and

reproducible assessments in clinical and research environments.

Future Research

The research presented in this dissertation lays the groundwork for a broader exploration of
neuromuscular alterations in stroke patients using EEG and ultrasound imaging. Moving forward, several
avenues of investigation are anticipated. First, while the initial case study demonstrated that dry needling
can modulate brain network architecture in a stroke patient, future research should validate this finding
in a larger cohort to enhance generalizability and statistical power. Moreover, a critical question remains
unanswered: do structural and functional changes in brain networks correspond with muscle tissue
alterations post-stroke? Investigating this potential interplay between neuroplasticity and echotexture

will be central to our upcoming studies.

Building upon our findings that Echovariation (EV) may be a reliable biomarker of muscle involvement,
future work should assess its responsiveness to physiotherapeutic interventions. Specifically, longitudinal
studies could evaluate whether changes in EV can reflect treatment efficacy, thus establishing it as a

dynamic indicator for clinical follow-up.

Another promising line of inquiry involves ROl segmentation in ultrasound imaging. Our results suggest
that patch-based ROI analysis yields different EV and El values compared to whole-ROl measurements,
with patch size influencing EV more significantly. However, the diagnostic relevance of these two
approaches, particularly concerning clinical grading systems such as the Heckmatt scale, remains unclear.
Future research with larger samples is needed to determine which ROI strategy aligns more closely with

clinical assessments.

Additional ongoing investigations include evaluating the effect of ROl size on extracted features and

further refining our methodological framework. Integrating EEG and ultrasound data presents a unique



opportunity to uncover meaningful associations between central and peripheral systems in stroke
pathology. Future studies that examine the effects of physiotherapy on both neural and muscular domains
and the interrelationship between them are likely to open new frontiers in personalized rehabilitation

strategies for stroke survivors.



Conclusion

1. Study 1 demonstrated the positive impact of dry needling on brain networks in a post-stroke
patient, as evidenced by improvements in delta, theta, and alpha band parameters, namely
density, average shortest path, global clustering coefficient, and small-worldness, toward more
normalized values. These promising findings highlight the need for further investigation through
well-designed clinical trials.

2. Study 2 is the first systematic review to examine EEG connectivity alterations for the diagnosis
and characterization of stroke. The results revealed structural differences and similarities
between the brain networks of post-stroke individuals and healthy controls. However, no distinct
distribution pattern has yet been identified for differentiation, underscoring the need for more
specialized and integrative research in this field.

3. In study 3, using a combined technical and clinical approach, Echovariance (EV) emerged as the
most informative echotexture feature for quantifying muscle tissue impairment in the
gastrocnemius medialis of individuals post-stroke. Higher EV values were associated with better
muscle quality, suggesting that EV is a cost-effective, non-invasive alternative for evaluating
muscle characteristics. Furthermore, EV shows promise as a monitoring tool in stroke
rehabilitation and may have potential applications in other neuromuscular conditions.

4. Study 4 strengthens the validity of echotexture analysis for assessing muscle quality in post-stroke
individuals by incorporating advanced statistical methods and addressing limitations from a
previous exploratory study. The findings affirm EV and El as the most reliable indicators of muscle
impairment while also identifying additional features such as dissimilarity, entropy, and GLU from
GLCM and GLRLM matrices. However, further studies are required to standardize imaging
protocols, validate these findings in larger populations, and explore the role of echotexture
features in guiding rehabilitation strategies and therapeutic decision-making.

5. Study 5 introduced a complementary patch-based histogram analysis for assessing muscle tissue
characteristics in ultrasound imaging, focusing on El and EV features. Results indicated that El
values from divided patches were consistent with the original region of interest (ROI), supporting
their reliability for muscle characterization. However, EV values showed significant variation in
smaller patches, raising concerns about their clinical applicability. Although the study was limited

to a single ultrasound image and ROl size, the findings emphasize the necessity for standardized



analysis methods and further research to refine the diagnostic utility of EV in ultrasound-based

evaluations.



Conclusion

e El Estudio 1 demostré el impacto positivo de la puncidn seca en las redes cerebrales de un
paciente en fase post-ictus, evidenciado por mejoras en los parametros de las bandas delta, theta
y alfa, como la densidad, la longitud promedio del camino mas corto, el coeficiente global de
agrupamiento y la propiedad de small-world, acercdndose a valores mds normalizados. Estos
hallazgos prometedores resaltan la necesidad de continuar la investigacion mediante ensayos
clinicos bien disefados.

e El Estudio 2 es la primera revisidn sistematica que examina las alteraciones en la conectividad del
EEG para el diagndstico y la caracterizacién del ictus. Los resultados revelaron diferencias y
similitudes estructurales entre las redes cerebrales de personas post-ictus y controles sanos. Sin
embargo, aun no se ha identificado un patrén de distribucion claro que permita su diferenciacion,
lo que subraya la necesidad de investigaciones mas especializadas e integradoras en este campo.

e En el Estudio 3, mediante un enfoque técnico y clinico combinado, la Ecovariacién (EV) surgié
como la caracteristica de ecotextura mas informativa para cuantificar el dafo en el tejido
muscular del gastrocnemio medial en personas post-ictus. Los valores mas altos de EV se
asociaron con mejor calidad muscular, lo que sugiere que EV es una alternativa rentable y no
invasiva para evaluar las caracteristicas del musculo. Ademas, EV muestra potencial como
herramienta de monitoreo en la rehabilitacidon del ictus y podria tener aplicaciones en otras
afecciones neuromusculares.

e El Estudio 4 refuerza la validez del analisis de ecotextura para evaluar la calidad muscular en
personas post-ictus, mediante la incorporacién de métodos estadisticos avanzados y abordando
las limitaciones de un estudio exploratorio previo. Los hallazgos confirman que EV y El son los
indicadores mas confiables del deterioro muscular, al tiempo que identifican caracteristicas
adicionales como disimilitud, entropia y GLU, provenientes de las matrices GLCM y GLRLM. Sin
embargo, se requieren mas estudios para estandarizar los protocolos de imagen, validar estos
resultados en poblaciones mas amplias y explorar el papel de las caracteristicas de ecotextura en
la orientacion de estrategias de rehabilitacion y toma de decisiones terapéuticas.

e El Estudio 5 introdujo un andlisis complementario del histograma basado en parches para evaluar
las caracteristicas del tejido muscular en imdagenes de ultrasonido, centrandose en las
caracteristicas El y EV. Los resultados indicaron que los valores de El en los parches divididos

fueron consistentes con los de la region de interés (ROI) original, lo que respalda su fiabilidad para



la caracterizacidn muscular. Sin embargo, los valores de EV mostraron una variacidn significativa
en los parches mads pequeios, lo que plantea dudas sobre su aplicabilidad clinica. Aunque el
estudio se limitd a una Unica imagen de ultrasonido y un tamano de ROI, los hallazgos enfatizan
la necesidad de métodos de andlisis estandarizados y de mas investigaciones para perfeccionar la

utilidad diagndstica de EV en evaluaciones basadas en ultrasonido.
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Annexes

Studies 1 to 5 are presented as image files in this document; these files are also provided separately as

PDF documents in the supplementary materials.

Study 1

Since Study 1, titled The effect of dry needling in chronic stroke with a complex network approach: a case
study, is fully copyrighted by its publisher, we were unable to include the entire article here. Therefore,
only the abstract and the DOl link to the article have been provided at:
https://journals.sagepub.com/doi/abs/10.1177/15500594221120136.

Abstract

Background: Dry Needling (DN) has been demonstrated to be effective in improving sensorimotor
function and spasticity in patients with chronic stroke. Electroencephalogram (EEG) has been used to
analyze if DN has effects on the central nervous system of patients with stroke. There are no studies on
how DN works in patients with chronic stroke based on EEG analysis using complex networks. Objective:
The aim of this study was to assess how DN works when it is applied in a patient with stroke, using the
graph theory. Methods: One session of DN was applied to the spastic brachialis muscle of a 62-year-old
man with right hemiplegia after stroke. EEG was used to analyze the effects of DN following metrics that
measure the topological configuration: 1) network density, 2) clustering coefficient, 3) average shortest
path length, 4) betweenness centrality, and 5) small-worldness. Measurements were taken before and
during DN. Results: An improvement of the brain activity was observed in this patient with stroke after
the application of DN, which led to variations of local parameters of the brain network in the delta, theta
and alpha bands, and inclined towards those of the healthy control bands. Conclusions: This case study

showed the positive effects of DN on brain network of a patient with chronic stroke.
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Abstract: Background and purpose: Brain function can be networked, and these networks typically
present drastic changes after having suffered a stroke. The objective of this systematic review was
to compare EEG-related outcomes in adults with stroke and healthy individuals with a complex
network approach. Methods: The literature search was performed in the electronic databases
PubMed, Cochrane and ScienceDirect from their inception until October 2021. Results: Ten studies
were selected, nine of which were cohort studies. Five of them were of good quality, whereas four
were of fair quality. Six studies showed a low risk of bias, whereas the other three studies presented a
moderate risk of bias. In the network analysis, different parameters such as the path length, cluster
coefficient, small-world index, cohesion and functional connection were used. The effect size was
small and not significant in favor of the group of healthy subjects (Hedges'g = 0.189 [-0.714, 1.093],
7 =0.582, p = 0.592). Conclusions: The systematic review found that there are structural differences
between the brain network of post-stroke patients and healthy individuals as well as similarities.
However, there was no specific distribution network to allows us to differentiate them and, therefore,
more specialized and integrated studies are needed.

Keywords: brain function network; electroencephalography; stroke

1. Introduction

Stroke represents one of the most common causes of disability with regards to its
impact on functional limitations [1]. In addition, because of the aging population, the
absolute number of strokes is expected to increase in the coming years [2]. Apart from
the positive and negative clinical features that may appear after a stroke, this type of
neural lesion is typically associated with alterations in the oscillatory brain activity that
can be measured from the lesioned areas in the brain. Typically, lesioned brain regions
present a slowing of rhythmic activity as compared to the contralesional side. This can be
observed by computing the ratio between the power at low frequency (e.g., delta) and high
frequency (alpha/beta/gamma) of spectral components in the EEG [3] Brain connectivity
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also undergoes changes, and this has been researched during the last years [4-13]. At
present, we mainly rely on structural images of the brain affected areas to take clinical
decisions and make predictions about evolution. Brain networks are a relevant feature of
brain function, and these networks typically present drastic changes after a certain region
gets damaged.

Taking all this into account, network analysis can help to improve the clinical charac-
terization of patients with a stroke, since brain networks determine which areas of the brain
are physically or functionally connected to support cognitive and behavioral functions
during the brain’s rest/default state [14]. A “small-world index” (SW) network repro-
duces the competence of the brain networks to locally and globally process the flow of
information [15]. In this regard, through the analysis of EEG graphs, it has been shown
that ischemic stroke leads to a rearrangement of the information flow between the two
hemispheres in the brain, which is frequency-dependent [13]. Regarding the interest in this
field, the number of articles with the ‘Brain Network’ keyword has grown very fast since
1985, and this interest has increased exponentially in the last years, from 8387 research
manuscripts published in 2016 to 14,256 in 2021 in Pubmed.

Studies on network topology highlight functional reorganization after stroke [16,17],
suggesting that changes in the spontaneous functional architecture of the brain connectivity
affecting function could be produced by ischemic lesions [18]. The complexity of functional
brain connectivity can be studied using graph theory, a mathematical approach used to
analyze networks that may be used to analyze the brain’s complex networks through
simplified schemes of nodes and edges [19]. In this field, a network is a mathematical
representation of a complex system in the real world and is defined by a set of nodes
(vertices) and links (edges) between pairs of nodes. Different parameters define the prop-
erties of a network, each of which defines the network in some way. These parameters
are used for network analysis and comparison between networks created from healthy
humans and stroke patients. Brain network theory considers brain segregation as the
network tendency to be organized in clusters and analyzes them using the local and global
clustering coefficient (CC). The local CC calculates the local cohesion of a node with its
neighbors [20]. Additionally, it provides an overall measure of the cohesion of the nodes in
the whole network.

The average shortest path length (PL) parameter is also used to analyze brain inte-
gration. This parameter represents the network ability to exchange information between
distant regions [15-19]. The measure of network small-world index (SW) is defined as
the ratio between CC and PL [21,22]. The SW coefficient is used to describe the balance
between the local connectedness and the global integration of a network. When SW is
larger than 1, a network is said to have small-world index properties. SW organization
mixes short PL and high CC.

The rapid development of imaging technology, such as computed tomography (CT),
positron emission tomography, magnetic resonance imaging (MRI) and EEG, allows re-
searchers to access latent knowledge about brain changes during stroke onset and the re-
covery process [23]. EEG provides a continuous, real-time and non-invasive measurement
of brain function and provides new insights into brain pathophysiology after stroke [24-26].
This technology has the advantage of being widely available, having a low cost and provid-
ing a good compromise in terms of spatio-temporal resolution for superficial structures in
the brain. EEG-based measures can provide neurophysiological biomarkers in the early
pre-treatment phase that may be used to make short- and long-term predictions regarding
the evolution of a patient, and that may even provide relevant information to determine
optimal treatment strategies [3]. Moreover, EEG technologies have advanced significantly
in recent years, making it possible to record signals unobtrusively without needing to move
patients from their beds; it is also possible to test neurofeedback interventions based on
the EEG signal and to modulate certain brain rhythms to study its potential therapeutic
effect [3,27].
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In EEG studies, functional connectivity between two signals can be evaluated by using
a measure of general synchronization [28], such as EEG coherence [29]. The increase of EEG
coherence can be interpreted as a functional coupling between two anatomically separated
regions [30]. In addition, EEG coherence can also be used as a measure of binding by
synchrony and is a proposed solution to the connecting problem [31], the way that the
brain integrates signals separated in space and time [32].

Stroke leads to a large variability in clinical presentation and outcomes [33]. There is
substantial heterogeneity in the procedures and tools used for outcome assessment after
stroke, most of which are poorly validated [34]. Consequently, the heterogeneity in the use
of outcome tools comprises the data quality [33]. No previous works looked into the brain
network changes as an outcome post-stroke. To the authors’ knowledge, there are not any
previous reviews of studies that have carried out brain network analysis of EEG in stroke
patients. Because of this, in this systematic review, our objective is to review the research
carried out on different stroke areas (Broca, cerebellum, middle cerebral artery, thalamus)
and clinical phases (i.e., acute, sub-acute), by networking analysis of EEG and to perform a
meta-analysis of the EEG-related outcomes in stroke patients.

2. Materials and Methods
2.1. Study Design

This systematic review was performed following the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) statement [35] and was registered with
the International Prospective Register of Systematic Reviews (PROSPERO), registration
number (reference number: 285761).

2.2. Data Sources

The electronic databases PubMed, Cochrane and ScienceDirect were searched from
their inception until October 2021. Search strategies were performed following the instruc-
tions described by Greenhalgh [36] (see Appendix A). The research question followed the
PICO format: in adults who suffered a stroke episode (P = population), taking EEG from
participants (I = intervention), comparing patients with stroke with healthy individuals
(C = comparison) and analyzing outcomes related to brain network (O = outcome). Due
to the limited number of cohort studies, cross-sectional studies and case reports were
also considered.

2.3. Study Eligibility Criteria

Experimental studies were eligible for inclusion if they met the following criteria:
(1) included patients with stroke, (2) used EEG tools for assessment, (3) used network anal-
ysis and (4) were published in English language. Rehabilitation studies, effect of physical
therapy and /or effect of any other procedure on stroke were excluded. Two independent
reviewers (BA and NC) performed the systematic search and screened the title and abstract
of the articles, with duplicates being removed. The full text of eligible papers was carefully
read to decide whether the eligibility criteria were met. The two reviewers compared their
findings, and a third reviewer (SC) helped to solve any possible discrepancies if needed. Af-
ter the selected articles were considered suitable for inclusion, one reviewer (BA) extracted
the following information: (1) study author(s), (2) year of publication, (3) characteristics
of participants (e.g., sample size, study groups, mean age, sex distribution, and types of
strokes), (4) type of study, (5) type of method used to measure connectivity between nodes,
(6) outcome measures, (7) assessment and intervention protocol and (8) main results. Then,
a second reviewer (NC) verified the findings, and possible disagreements were discussed.

The Newcastle-Ottawa Scale was used to assess the risk of bias and the quality of
nonrandomized studies in meta-analyses [37]. Three factors were considered to score
the quality of included studies: (1) selection, including representativeness of the exposed
cohort, selection of the non-exposed cohort, ascertainment of exposure and demonstration
that at the start of the study the outcome of interest was not present; (2) comparability,
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assessed on the basis of study design and analysis, and whether any confounding variables
were adjusted for; and (3) outcome, based on the follow-up period and cohort retention
and ascertained by independent blind assessment, record linkage or self-report. The
quality of the studies (good, fair and poor) was rated by awarding stars in each domain
following the guidelines of the Newcastle-Ottawa Scale. A “good” quality score required
3 or 4 stars in selection, 1 or 2 stars in comparability and 2 or 3 stars in outcomes. A “fair”
quality score required 2 stars in selection, 1 or 2 stars in comparability and 2 or 3 stars in
outcomes. A “poor” quality score reflected 0 or 1 star(s) in selection, 0 stars in comparability
or 0 or 1 star(s) in outcomes.

2.4. Data Analysis

For the statistical analysis, the program R Ver. 4.1.2 was used (R Foundation for Statis-
tical Computing, Institute for Statistics and Mathematics, Welthandelsplatz 1, 1020 Vienna,
Austria). In the articles showing the results with median and interquartile range, these
were transformed into mean and standard deviation using the appropriate formulas [38,39].
The combination of groups and the average of the means and standard deviations were
performed using the appropriate formulas [40]. Data were obtained by request from the
authors and, when it was not possible, by extracting data from the graphs available in
the articles (since these did not present them in table format) using the webplotdigitizer
software [41].

A meta-analysis was carried out taking the small-world index (SW) as measure of
brain networks. A random effects model was applied given the heterogeneity between the
studies and analyzing the level of significance between the groups of patients and healthy
participants through the standardized difference of means (SMD), based on the mean,
standard deviation and sample size in each group. Heterogeneity was analyzed by esti-
mating the between-studies variance 12 (calculated with the DerSimonian-Laird estimator
with Hartung-Knapp correction), with the Cochran Q test as well as with the I? estimator
being defined with the latter as: 0-30%, unimportant heterogeneity; 30-50%, moderate
heterogeneity; 50-75%, large heterogeneity; and 75-100%, significant heterogeneity. The
effect size was calculated with Hedges'g, defined as small effect below 0.2, moderate effect
between 0.2 and 0.8 and big effect above 0.8.

Heterogeneity was assessed by detecting the following: (1) outlier studies, defined
as studies with extreme effect sizes whose confidence interval does not overlap with the
confidence interval of the pooled effect and differs significantly from the overall effect [42];
and (2) influencing studies, defined as those which have a large impact on the pooled effect
or heterogeneity, regardless how high or low the effect is [42]. To analyze heterogeneity,
the following were used: (1) influence graphs, which indicate the fit of the studies to the
model; (2) Baujat plots, which detect studies that overly contribute to the heterogeneity
in a meta-analysis ([43]); and (3) leave-one-out meta-analysis, which are forest plots with
recalculated pooled effects, with one study omitted each time. In addition, a Graphic
Display of Heterogeneity (GOSH) was used, which plots the pooled effect size on the x-axis
and the between-study heterogeneity on the y-axis, which allows for looking for specific
patterns or clusters with different effect sizes and amounts of heterogeneity [44].

Subgroup meta-analysis were performed to explore the detected heterogeneity de-
pending on the mode to calculate SW brain networks: direct SW (SW calculated directly),
ratio of the raw weighted clustering coefficient (Cw), weighted characteristic path length
(Lw) or the ratio of raw global efficiency (Eg) to local efficiency (El). Publication bias was
analyzed using the Begg and Eggers tests and standard and trim and fill funnel plots [45].
Finally, the overall and subgroup meta-analysis powers were calculated.

3. Results

The PRISMA flow diagram (Figure 1) illustrates the screening process. The electronic
search identified 64 records, and 2 other results were added through alternative sources.
After removing 2 duplicated articles, 47 manuscripts were excluded for not meeting the
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inclusion criteria. From the 17 results selected, 7 of them were removed for not meeting the
eligibility criteria. Finally, a total of 10 studies were kept, 9 of which were cohort studies.

Records identified with the
search strategies (n=64) Records removed before

screening:

[ Identification

] Additional records identified 4

records

Eligibility

Included

through other sources(n=2) Duplicate

removed (n=2)
! Records removed for
l other reasons (n=47)

Records screened
(n=17)

Reports sought for retrieval
(n=0)

A

Reports assessed for eligibility y
(n=17)

Reports excluded:

Did not use EEG for
analysis (n=1)

Related to effect of
rehabilitation after stroke

(n=5)

Related to
electroacupuncture in stroke
(n=1)

Studies included in review
(n=10)

Figure 1. Preferred Reporting Items for Systematic reviews and Meta-Analyses (PRISMA) flowchart.

Table 1 summarizes the studies included in this systematic review investigating the
analysis of brain networks in stroke patients [4-13]. These studies include research on
stroke that has had effects such as hemianopsia [8] and Broca [5] in patients. In all the
included studies, the presence of a lesion in the brain was observed, and in fact, the lesion
caused a change in the network, which is discussed below. All included studies are case-
cohort studies [4-10,12,13] except one, which was a cross-sectional study [11] that helps to
understand the network change at the time of stroke and after. The networking methods in
the studies were different, as well as the analysis performed, although they all had some
similarities. In the network analysis, different parameters were used, which include the
PL, CC, SW, cohesion and functional connection (FC). Each of the articles examined some
parameters and were not consistent in this regard.
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Table 1. Data of the studies investigating the analysis of brain networks in stroke patients.

Study

Population

Control

Intervention

Outcome

Results

Liu, Shuang
etal., 2016 [6]

30 acute thalamic
ischemic stroke
patients

30 healthy
subjects

EEG in resting
condition with eyes
closed was recorded.

The functional
connectivity was
estimated with
partial directed
coherence (PDC) [46].

Compared to the control group, the
stroke group showed a trend of
weaker cortical connectivity and a
symmetrical pattern of functional
connectivity; that is, there was less
information transfer between
electrodes on the brain.

Vecchio,
Fabrizio et al.,
2019 [4]

30 patients with
middle cerebral
artery stroke and
11 with
cerebellar stroke.

30 healthy
subjects

EEG was measured
in resting state (at
least 5 min) with eyes
closed with
19 electrodes in the
International
10-20 system
position and
sampling rate fixed at
256 Hz.

Functional
connectivity of EEG
data was carried out
with eLORETA. The
eLORETA algorithm

is a linear inverse
solution for detection
of the EEG signals’

source [47].

Beta2 and gamma small-world
index were increased in the right
hemisphere of patients with
cerebellar stroke, respectively,
compared to healthy subjects, while
the alpha 2 small-world index was
increased only in patients with
middle cerebral stroke. Cerebellar
stroke differed from MCA in that it
did not cause reorganization of the
alpha 2 network, whereas it caused
reorganization of the
high-frequency network in the beta
2 and gamma bands with
small-world index enhancement.

Rutar Goriek,
Veronika et al.,
2016 [5]

Vecchio,
Fabrizio et al.,
2019 [7]

Wang, Lei
etal., 2012 [8]

10 Broca’s patients

139 consecutive
patients were
enrolled in the acute
phase of stroke

7 stroke patients with
hemianopia

10 healthy
subjects

110 healthy
subjects

7 healthy
control
subjects

The testing and EEG
recordings were
performed from 10 to
90 days (mean
54.4 + SD 30.7) after
the ischemic stroke.

The EEG recording
was performed at
rest, with closed eyes.

EEG data were
recorded with
30 scalp electrodes
with the patient kept
awake with eyes
closed throughout
the EEG recording for
2 min.

Coherences were
calculated by using
the mscohere
function in Matlab.

EEG functional
connectivity analysis
has been performed
using the eLORETA.

Phase
synchronization
index (PSI) [48] has
been used.

It was shown that the precise
balance between task-related theta
synchronization and
desynchronization found in healthy
subjects was severely disrupted in
Broca’s patients, and functional
networks in the theta frequency
band were significantly altered in
the patient group.Gamma
desynchronization was widespread
in healthy controls, but in Broca
patients, task-related
desynchronization was less in the
right hemisphere, and functional
networks in the gamma frequency
band were significantly altered in
the patient group.

When comparing the patients with
the control group, there were
significant differences, with higher
levels of SW in the healthy
subjects.A strong negative
correlation was found between the
NIHSS at follow-up and the
small-world index gamma index in
the acute phase, giving the SW
gamma index a predictive weight
for recovery.

For each case of the brain network
with a different number of edges,
the weighted clustering coefficient
of the network of hemianopia stroke
patients seems to be generally
higher than that of the normal
control group.Hemianopia stroke
patients generally had a lower
weighted characteristic path length
than the control group.
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Table 1. Cont.

Intervention

Outcome

Results

Study Population Control
Dubovik,

Sviatlana et al., 20 stroke patients %9 l}?‘al‘thY.

2013 [9] participants

EEG was recorded
with a 128-channel
EEG system in an
awake, resting
condition with eyes
closed.

The electromagnetic
neural activity at
each gray matter

voxel was
reconstructed with an
adaptive spatial filter
(beamformer)

Increased functional connectivity
(FC) was observed in non-lesioned
areas. These changes were mostly
related to the alpha frequency band,
and FC in the dysfunctional brain
regions was consistently reduced in
the alpha frequency band.

De Vico Fallani,

EEG signals were
recorded with a
sampling frequency
of 2048 Hz from 128
scalp electrodes.

Brain functional
connectivity is
achieved through the
computation of
task-related
coherence.

The differences mainly involved the
highest spectral contents (beta and
gamma bands). In these bands, the
global and local performances of the
patient were statistically lower than
the control subjects in the PRE
(during the planning period) and
EXE (movement execution)
intervals.Network topology
changes were particularly
prominent in the beta band, which
is already involved in motor tasks
[45], as well as in the gamma band.

Fabrizio et al., 1 stroke patient isﬁneméy
2009 [10] J
Vecchio, ’ i Before and

Fabrizio et al., & 723??;3{%5?“”" during a
2017 [11] = stroke attack

EEG Holter was
recorded for
evaluating signs of
stroke-related
epilepsy.

Magnitude squared
coherence used
(mscohere)

SW decreases in stroke and
increases after stroke.SW decrease
in the delta band and SW increase

in the alpha bands.Coherence
decreases during stroke and
increases after stroke.

33 unilateral post

; 3 stroke patients in the
Fanciullacci,

EEG was recorded
for 10 min with a
10/20 EEG system in
an awake, resting
condition with eyes
closed.

to explore
interconnectivity
between the ROIs,
and intracortical
lagged linear
coherence was
computed

In both groups of patients,
compared to healthy subjects, there
was an increase in the small-world
index of the resting-state network in

the 0 band.3-band network
measures differed significantly
between stroke patients, with
greater resolution and small-world
index in patients with cortical
involvement.

- sub-acute phase: 10 healthy
C121512r]a IT"?I o cortico-subcortical subjects
5 (1 =18) and
subcortical (n = 15)
].E:::_;nedt':;’ 30 patients with 30 healthy
e ischemic lesion subjects

2017 [13]

The EEG recording
was performed at
rest, with eyes closed
and no task condition
for at least 5 min
from 19 electrodes.

Connectivity analysis
using eLORETA in
both hemispheres.

Resting-state network changes were
mainly detected in low- and
medium-frequency EEG bands, i.e.,
delta, theta and alpha 2 rhythms,
while no network reorganization
was found in alpha 1, beta and
gamma bands.

The evaluation of the quality and risk of bias of cohort studies is shown in Table 2; five studies were of good
quality [4,5,7,8,13] and four were of fair quality [6,9-11].

The risk of bias analysis is shown in Figure 2. Six studies showed a low overall risk of
bias [5-7,9,12,13]. However, three studies presented an overall moderate risk of bias due to
some concerns about outcome measures and reported outcomes [4,8,10]. The overall risk
of bias is low to moderate due to missing data and the selection of reported studies.

Only one of the studies [11] assessed was a cross-sectional study (see Table 3). The
study [11] included in this review does not have a sufficiently defined protocol, and the
analysis was not repeated by more than one researcher to ensure reliability. However, it
has many positive strengths that are indicated in Table 3 with the answer “yes”.
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Table 2. Risk of bias assessment (Newcastle-Ottawa Quality Assessment Scale criteria).
Selection Comparability Outcome
2 felecton "f_ u:e Outcome of Follow-up Long N
Study E e Cohot fon Ascertainment of Interest Was Not ~ Comparability of of Enough for Adequacy of Quality Score
P Exposure Present at Start of Cohorts Outcome Outcome to Follow-Up
Cohort Same Source as Stud Oceur
Exposed Cohort ey i
Participants were Inclusion criteria of Comparison of .
in two groups: the patients consisted paramelers of brain AlnimLemiemts
Liu, Shuang ischemic thalamic Yes % of focal ischemic Yes % Nothing matched network between Yes % S e Fair
etal, 2016 [6]  stroke (n = 30) and lesion of the thalamus = & ischemic thalamic " b Morad . in th %
the healthy group and hand numbness as stroke patients and Earticipatecin e
3 study. %
(1 =30). % symptoms. healthy group. Y
Patients were in
[0 groups: The patenaaere Comparison of All stroke paticnts
P cerebellar and clinically assessed by & " 4 2%
Vecchio, - oy : parameters of brain from whom EEG
= middle cercbral the National Institutes Age and gender 7
Fabrizio et al., Yes & : 3 Yes % network between Yes k& was taken Good
artery strokes of Health Stroke Scale matched % 3 o =
2019 [4] ; stroke patients and participated in the
(1 =30) and (NIHSS) during the healthy group study. &
healthy group acule phase. ¢ By
(1 =30). %
Participants were -
in two groups: Comparison of All patients from
Rutar Gorisek, % S Boston Diagnostic parameters of brain ~
) Broca’s patients . e i " Sex and education whom EEG was "
Veronika etal., Yes % Aphasia Evaluation Yes % - network between Yes k- 5 Good
25 (1 =10) and = matched % 5 il taken participated
2016 [5] z (BDAE) stroke patients and 2
healthy group Vaalthe e in the study. %
(1= 10). % C2 Ty, BTOVP:
Participants were
in two groups: All patients were Comparison of .
Vecchio, patients with dlinically evaluated Soxand ane parameters of brain A1 patient from
Fabrizioetal,, stroke in the acute Yes 4 with three scales for Yes 4 mxl‘ch; d‘ i network between Yes & fakon axt: o4 a‘te d Good
2019 [7] phase (i = 139) stroke: NIFSS, Barthel 2 stroke patients and e m'; sm“i‘? 5
and healthy group and ARAT. healthy group. -
(n=110). %
- ) All patients were N —_—
Perdapantiy diagnosed with Somperisonof All patients from
Wang, Lei f‘t‘rl“l;’" SR o hemianopia stroke — Sex and age Pa"."f“"i’g ‘;‘ braii " whom EEG was. _n
etal,2012[5]  STOcepanen = according to visual = matched % IO Shye - taken participated =X

(n =7) and healthy
controls (1= 7). %

threshold test and
MRI/CT scanning.

stroke patients and
healthy group.

in the study. %
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Table 2. Cont.
Selection Comparability Outcome
Study P! P Ascertainment of Interest Was Not  C bility of A of Enough for Adequacy of Quality Score
of Exposed Cohort from
Exposure Present at Start of Cohorts Outcome Outcome to Follow-Up
Cohort Same Source as Stud Occur
Exposed Cohort y
Motor function was
Participants were evaluated by means of
in two groups: the Jamar
Bl patients with dynamometer, the Assessment All patients from
9viatlana’ ischemic stroke Yes % Nine Hole Peg test, the Yes % Koematihed resting-state functional Gegrk whom EEG was Fair
tal,, 2013 11 (1 =20) and 2 Stroke Rehabilitation z & connectivity with 3 taken participated
b el healthy Assessment of (EEG). in the study. S
participants Movement (STREAM)
(1=19). % and the Fugl-Meyer
score,
Participants were Analysis of cerebral All patients and
de Vico in two groups: electro-physiological healthy people
Fallani, healthy subjects A ) . activity during from whom LEG i
Tabrizioetal., (1 = 8) and one Yes No information Yes ke Nothing matched planning or execution Yes % was taken Faze
2009 [10] patient with of movement in in participated in the
stroke. Y stroke patients. study. %
Characterizing
Participants were resting-state EEG
5 . in two groups: s activity and functional All patients from
Fanciullacci, stroke patients in Brain injury was connectivity changes Whm PG Wag
Chiara et al,, the sub-acute Yes J assessed by means of a Yes Age matched in a cohort of Yes % = Tair
> e 3 P - taken participated
2021 [12] phase (n = 33) and standard CT scan. unilateral ischemic T Bhi6 study e
healthy subjects patients compared 4
(1=10). % with the healthy
group.
Rertidpantypes Whether and how
in 2 groups: _— A USSR AN N
i 2 ; Patients were clinically ischemic stroke in the All patients from
Caliandro, patients with ey ) : : hic]
= . { evaluated by the Age and sex acute stage may whom EEG was .
Beoerdl,  dxchemiclesion Yook National Insitutes of Y matched % delermine changes in Yk taken participated o
2017 [13] (n=30) and i e : e paricipy

healthy subjects
(11 =30). %

Health Stroke Scale.

the small-world index
of cortical networks.

in the study. %

* The quality of the studies (good, fair and poor) was rated by awarding stars in each domain ing the gui of the Newcastle-Ottawa Scale. A “good”
3 or 4 stars in selection, 1 or 2 stars in comparability and 2 or 3 stars in outcomes. A “fair” quality score required 2 stars in selection, 1 or 2 stars in comparabi
oulcomes. A “poor” quality score reflected 0 or 1 star(s) in selection, 0 stars in comparability or 0 or 1 star(s) in outcomes.

uality score required
and 2 or 3 stars in
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% 5% 50% 78 100%
BN =R =3
Risk of bias domains
® @® @ @ (C] @ [} @®
@ ® @® @® (S} ® @ (0]
® [©] @ @ 0] @ @® ®
® ® ® @® (©] @ ® ®
> ! | | ! !

a ® ® @® @ ©] ® (S} (€]
® ® @® @® (©] @ (0] @®
© ® ® =] o @ (©] ©
@® ® @ @® €] ® o @®
® @® @® @ @ ® o | @

Judgement
@ critcal
@ serious
Domains: = Moderate
D1: Bias due to confounding.
2 Bias due o soleton ofpartcioants. ® o
: Bias in classification of interventions.
D4: Bias due to deviations from intended interventions. @ Mo dormatin
DS: Bias due to missing data. Not applicable

D6: Bias in measurement of outcomes.

D7: Bias in selection of the reported result.
Figure 2. Risk of bias (RoB) traffic light plot. Assessment of the risk of bias via the traffic light plot of
the RoB of each included clinical trial and the weighted plot for the assessment of the overall risk of
bias via the Cochrane Robins-I tool (1 = 9 studies). Yellow circle indicates some concerns on the risk
of bias, and green circle represents low risk of bias [4-10,12,13].

Table 3. Quality assessment for cross-sectional study.

Vecchio, Fabrizio et al., 2017 [11]

Did the study address a clearly focused question/issue? Yes
Is the study design appropriate for answering the research question? Yes
Does the study have a well-defined protocol? No
Are both the setting and the subjects representative with regard to the population to s
which the findings will correlate?
Is the researcher’s perspective clearly described and taken into account? Yes
Are the methods for collecting data clearly described? Yes
Are the methods for analyzing the data likely to be valid and reliable? Are quality i
control measures used?
Was the analysis repeated by more than one researcher Lo ensure reliability? No
Are the results credible, and if so, are they relevant for practice? Are results easy Y
es
to understand?
Were there clinically relevant outcomes? Yes
Are the conclusions drawn justified by the results? Yes

Are the findings of the study transferable to other settings? No




Healthcare 2023, 11, 666

11 of 19

Study

Wang. 2012
Vecchio, 2019
Fallani, 2009
Fanciullacei, 2021
Caliandro, 2017

Total (95% CI)

Prediction interval

Meta-Analysis

The presence of relatively high values for T2 (0.25), the significant Cochrane Q test
(p = 0.04) and the value of I? of the 60% indicate large heterogeneity. The effect size is small
and not significant in favor of the group of healthy subjects (Hedges'g = 0.189 [-0.714,
1.093], Z = 0.582, p = 0.592) (Figure 3).

Patients Healthy Std. Mean Difference Std. Mean Difference

Mean SD Total Mean SD Total Weight IV, Random,95% CI IV, Random, 95% C1

018 004 7 016 005 7 168% 0.38[-0.68;1.44]
100 002 41 1.00 003 10 243% -0.03[-0.72;0.66]
013000 1 024008 80 7.1% -1.43[-3.42;055|
102 018 33 079026 10 230% 112[037;187]
098 028 30 101 045 30 288% -0.08[-058;043]

112 137 100.0%  0.19 [-0.71; 1.09]
[-1.71; 2.09]

Heterogeneity: Tau® = 0.2502; Chf = 10.02, df = 4 (P = 0.04); I =60% FTrTTTT

|4 24 0 1T 2 3
Favor Favor
patients healthy

Figure 3. Meta-analysis forest plot for small-world index brain network measure on healthy subjects
vs. stroke patients. SD: standard deviation; SMD: standardized mean difference; 95%CI: 95%
confidence interval; Tau2: 72 between studies variance estimation; Chi?: Cochran Q test; df: degrees
of freedom; I: proportion of the variance in observed effect is due to variance in true effects rather
than sampling error [7,8,10,12,13].

No study analyzed is an outlier that exceeds the 95% CI (Appendix A, Figure A1). The
influence analysis shows how the study published by Fanciullacci (red dot) exerts a great
influence on the result of the meta-analysis (Appendix A, Figure A2). The Baujat graph
shows again that the Fanciullacci study (upper right square dot) also exerts an excessive
influence on the heterogeneity detected (Appendix A, Figure A3). The sensitivity analysis
to the withdrawal of a study indicates, both by effect size and by 12 values, that the study
published by Fanciullacci is the one that most influences the result of the meta-analysis
(Appendix A, Figure A4). The GOSH graph shows the presence of two clusters of studies
with a heterogeneity around 60-80% and 0-20% respectively, with an effect that oscillates
around 0 and 0.5 in both (Appendix A, Figure A5).

When the meta-analysis of subgroups was carried out, we found that there is a decrease
in heterogeneity in the studies carried out with Raw Cw, Lw (12 changes from 60% to 0%),
whereas there is an increase in the studies carried out with Direct SW (I* changes from 60%
to 79%). Therefore, it is possible that studies with Direct SW are responsible for part of
the heterogeneity detected. We verified how the effect size in the studies carried out with
Raw Cw-Lw is small and not significant in favor of the group of healthy subjects (Hedges's
g =0.008, [-2.229, 2.245], Z = 0.047, p = 0.97). In the group of studies carried out with Direct
SW, the effect size is moderate and not significant and displaced in favor of the group of
healthy subjects (Hedges’s g = 0.535, [-6.76, 7.831], Z = 0.932, p = 0.522). Finally, in the
study carried out with Raw Eg-El, the effect size is large and not significant and displaced
in favor of the patient group (Hedges’s g = —1.431, [-3.416,0.555], Z = —1.412, p = 0.158).
Therefore, it can be concluded that none of the study groups produced significant effects.
Despite the disparity of the effect in each group (0.008 vs. 0.535 vs. —1.431), there are no
significant differences in the effect between groups depending on the calculation mode of
the SW (X2(2) = 2.86, p = 0.239) (Figure 4).

The tests of Begg (Kendall’s T =0, p = 1) and Eggers (t(3) = —1.187, p = 0.321) were not
significant and indicate the absence of publication bias. The funnel plots (both the standard
and the one obtained with trim and fill method) show a symmetrical distribution except
for the study carried out by Fallani, which corroborates the absence of publication bias
(Appendix A, Figure A6).



Healthcare 2023, 11, 666

12 of 19

Study or Patients Heaithy Std. Mean Difference Std. Mean Difference
Subgroup Mean SD Total Mean SD Total Welght IV, Random, 95% CI IV, Random, 95% CI
Raw Cw-Lw

Wang, 2012 018 0,04 7 016 005 7 168% 038[-068:144]

Caliandro, 2017 098 028 30 101045 30 288% -0.08[058;043]

tal (95% CI) 37 45.5% 01[-2.23; 2.2

Prediction interva
eneity. Ta P 5

Direct Sw

Vecchio, 2019 100 002 41 100 003 10 243% -0.03[0.72;0.66]
Fanciullacci, 2021 102 018 33 079 026 10 230% 1.12[037;187] =
Total (95% ( 20 47.3% 054[-676;7.8 | —————Tmme—
Prediction interva
Raw Eg-El
Fallani 013000 1 024008 80 71% -143[-3.42;055] —
ot 1 30 7 1.43[-3.42: 055 e ——.
Pr on interval
Total (95% CI) 112 137 100.0% 0.19 [-0.71; 1.09] >
Prediction interval = [-1.71; 2.09] ——
Heterogeneity: Tau® = 0.2502; Chi° = 10,02, df = 4 (P = 0.04); * = 60% T T T 1
Test for subgroup differences: Chi® = 2.86, @ = 2 (P = 0.24) -10 -5 0 5 10
Favor Favor

patients healthy

Figure 4. Subgroup forest plots for the different calculation methods of small-world index on
healthy subjects vs. stroke patients. Cw: weighted clustering coefficient; Lw: weighted characteristic
path length; Eg: global efficiency; El: local efficiency. SD: standard deviation; SMD: standardized
mean difference; 95%Cl: 95% confidence interval; Tau?: 72 between studies variance estimation;
Chi?: Cochran Q test; df: degrees of freedom; I?: proportion of the variance in observed effect is due
to variance in true effects rather than sampling error [7,8,10,12,13].

4. Discussion

Studying cortical connectivity changes in stroke can provide novel ways to characterize
clinical rehabilitation and suitable therapies for patients with brain lesions leading to
cognitive or motor disability. Here, we revise the existing literature supporting the use of
EEG-based metrics to analyze brain networks and how they are altered in stroke patients.
Despite the identified differences between the studies considered here in terms of recording
conditions (e.g., devices or number of channels used) and metrics used to assess cortico-
cortical connectivity, it was possible to find a common conclusion in them: the brain network
of stroke patients was shown to be different from that of healthy people. These differences
were only found in specific frequency bands. For example, there were neither significant
differences between post-stroke patients with hemianopia and the healthy controls in the
global weighted CC and PL [8] parameters nor in the network rearrangement in alpha 1,
beta and gamma bands [13].

In all the studies analyzed, the internal structure of the brain network changed
compared to healthy humans. The greatest impact was observed in the affected areas,
which showed weaker connections. If we consider delta, theta and alpha bands as low-
frequency bands, and assume beta and gamma as high-frequency bands, the functional
and topological network in high-frequency bands in patients after an acute stroke show
changes [4,5,7,10,12,13]. However, no conclusion can be drawn with certainty about the
SW index: in some studies, the patients had a higher SW in different bands [4,12], whereas
in others [11], the SW index increased after stroke. However, another study showed that
the SW parameter was higher in the control group [7]. It could be expected that healthy
patients have a higher SW so that transfer data in the brain is done faster from one point to
another, following the shortest path length, but this is still unclear, and data obtained in
different populations are still controversial.

As in the case of the small-world index, no statistically significant differences were
found in indices, such as the shortest path length and clustering coefficient, although
recently a case study showed significant changes in these parameters when the analysis
was performed by dynamic complex network, which shows higher variations in the global
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clustering coefficient and small-world index and lower variations in the average shortest
path length in the low-frequency bands, such as delta, theta and alpha bands, in the chronic
stroke patients [49].

Although evidence suggests that connections are less in the brain of post-stroke
patients, a model of brain network cannot be clearly considered, or there is not a standard
by which patients with stroke can be recognized. However, the immediate EEG changes
observed after stroke are a direct consequence of cerebral blood flow reduction that later
results in neuronal impairment or neuronal death. This neuronal impairment in turn leads
to a disorganization of the electrical activity that is reflected by the global EEG changes [50].
Subsequent neuroplastic changes after stroke have been largely reported [51]. Post-stroke
neuroplasticity can lead to reorganization in neural circuits that allow for regaining the
lost functionality [52,53]. However, according to our knowledge, there have not been any
publications discussing how neuroplasticity after a stroke leads to changes in brain network
parameters measured with EEG.

Oscillating neural activity in the gamma frequency band is involved in several cog-
nitive functions, including visual object processing [54,55], attention [56,57] and mem-
ory [58,59]. Additionally, several studies have demonstrated that gamma band activity
is strongly associated with behavioral performance in several memory tasks [60,61] and
that there is a higher gamma band activity in participants exhibiting superior recognition
memory performance [62]. Other findings [63,64] suggest that gamma oscillations not only
reflect brain activity related to memory processes, but also vary with the memory ability
of individuals. Two of the studies included in the review [5,7] described variation in the
gamma band, which could be supported by evidence that suggests that gamma oscillations
mediate information transfer between cortical and hippocampal structure for memory
abilities [58,59].

With some exceptions, a consensus is reached on how an increase in the slow band
frequencies, referred to as slow oscillation and delta oscillation, and is associated with not
only the slow-wave sleep state, but also brain ischemia. Conversely, high band frequencies,
such as the alpha, beta and gamma oscillations, are associated with wake states or cognitive
task engagement, and their presence frequently reduces after stroke. As it was found in one
study [10], changes were seen in gamma and beta bands. A possible explanation could be
that coherence in higher bands may be more involved in active (either motor or cognitive)
tasks [30-32].

In our review, differences in EEG signals were observed not only in parameters, but
also in different bands. For example, in one study [13], changes were seen in low-frequency
bands (delta, theta and alpha2), and no difference was seen in higher-frequency bands
(alphal, beta and gamma), which is consistent with the results of a recent case study [49].
In other studies, changes were seen in alpha [7,9] and theta and beta bands [12]. The
changes in the different bands that are seen can be related to the type of stroke, the type of
networking of the brain regions, the resting or active state, the examined area of the brain
and the age of the patient [65].

Regarding the usefulness of EEG-based connectivity measures to assess brain function
in stroke, we found some limitations related to the heterogeneity of the injured areas in the
patients participating in the studies included in our meta-analysis. Future studies should
include larger samples and grouping patients in terms of the exact locations of their lesions,
which would allow us to further understand how the spatial location of a brain lesion
affects the rearrangement of brain connections at the local and global scales.

5. Conclusions

This is the first systematic review carried out about EEG connectivity changes to
diagnose or characterize stroke. The systematic review found that there are structural
differences between the brain network of post-stroke patients and healthy individuals as
well as similarities. However, there is no specific distribution network that allows us to
differentiate them and, therefore, more specialized and integrated studies are needed.
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Appendix A
Patients Healthy Standardised Mean

Study Total Mean SD Total Mean S0 Difference SMD 95%-Cl Weight
Wang. 2012 7 01800394 7 016 0.0538 —— 038 [-0.68;1.44] 168%
Vecchio, 2019 41 10000183 10 1.00 00278 —— 003 [072:066] 243%
Fallani, 2009 1 013 00013 80 024 0.0782 ———&—1— -143 [342,055] 7.1%
Fanciullaccl, 2021 33 1020.1845 10 079 02648 | —— 112 [037;187] 23.0%
Callandro, 2017 30 098 02816 30 101 04493 - -0.08 [058;043] 288%
Random effects model 112 137 —_ 0.19 [-0.71; 1.09] 100.0%
Prediction interval " —— [-1.71;2.09]
Heterogenety: I = 60%, T = 0.2502. p = 0.04

4 24 09 2.8

Favor patients Favor healthy
Figure Al. Outliers forest plot. SD: standard deviation; SMD: standardized mean difference;
95%CI: 95% confidence interval; Tau?: T2 between studies variance estimation; p: Cochran Q test
p value; I: proportion of the variance in observed effect is due to variance in true effects rather than
sampling error [7,8,10,12,13].
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Figure A2. Influence graph. Stand. Residual: standardized residuals for each study; DFFITS:
difference in fit(s) of studentized residuals for each study; Cook’s distance: residuals removing each
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time from one study; Covariance ratio: ratio between variance pooled effect and initial average effect;
tau-squared (L-O-O): tau squared leave-one-out plot is the heterogeneity measure by tau squared
removing a single study each time; Q (L-O-O): Cochrane test leave-one-out plot is the heterogeneity
measure Cochran Q test removing a single study each time; hat: model predictions for each study;
weight: studies’ weight. Red points are influencing studies, blue points are not influencing studies.

Influence on pooled result

0.51

0 2 4 6
Overall heterogeneity contribution

Figure A3. Baujat plot [7,8,10,12,13].

Sorted by Effect gue Sorted by
Omiting Fancullacci, 2021 & - 005[061050); /' = 0% Omitting Fanciullace, 2021 —i— £ e 0%:6 « 005061050
Ormitting Wang, 2012 6.2 013121148 F = 70% Omitting Fadlani, 2009 —-0— F = 60%; 8. = 0.31[059-1.21]
Omitting Vecchio, 2019 6.0 023(-1.19-188]; F « 69% Omitting Callandro, 2017 _-#_ Fubtnboo 0.26[-1,17-1.69]
Omitting Caliandro, 2017 8= 026[-1.17-1 89], F = 84% Omitting Vecchio, 2019 —-—-i-—— P a69%; 8« 023)1.19.1.65
Omitting Fallan, 2009 6.2 031 [058121): F = 60% Omitting Wang. 2012 —-0-—- £ = 70%; B = 0.1311.21:1.48)

0 2 0 2
Effect Size (Random-Effects Model) Effect Size (Random-Effects Model)

Figure A4. Leave-one-out plots. I%: proportion of the variance in observed effect is due to variance in
true effects rather than sampling error [7,8,10,12,13].
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Figure A5. GOSH plot. I?: proportion of the variance in observed effect is due to variance in true
effects rather than sampling error.
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Figure A6. Publication bias funnel plots. Grey scale bands: significance levels from p < 0.1 (darker
gray) to p < 0.01 (lighter gray) [7,8,10,12,13].
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Abstract: Background/Objectives: Strokes remain a major global health concern, contributing
significantly to disability and healthcare costs. Currently, there are no established indicators to
accurately assess the degree of muscle tissue impairment in stroke-affected individuals. However,
ultrasound imaging with an echotexture analysis shows potential as a quantitative tool to assess
muscle tissue quality. This study aimed to identify specific echotexture features in the gastrocnemius
medialis that effectively characterize muscle impairment in post-stroke individuals. Methods: An
observational study was conducted with 22 post-stroke individuals. A total of 21 echotexture features
were extracted and analyzed, including first-order metrics, a grey-level co-occurrence matrix, and a
grey-level run length matrix. The modified Heckmatt scale was also applied to correlate with the
most informative echotexture features. Results: Among the features analyzed, echovariation (EV),
echointensity, and kurtosis emerged as the most informative indicators of muscle tissue quality. The
EV was highlighted as the primary feature due to its strong and significant correlation with the
modified Heckmatt scale (r = —0.81, p < (0.001) and its clinical and technical robustness. Lower EV
values were associated with poorer muscle tissue quality, while higher values indicated better quality.
Conclusions: The EV may be used as a quantitative indicator for characterizing the gastrocnemius
medialis muscle tissue quality in post-stroke individuals, offering a more nuanced assessment than
traditional qualitative scales. Future studies should investigate the correlation between the EV and
other clinical outcomes and explore its potential to monitor the treatment efficacy, enhancing its
applicability in clinical practice.

Keywords: stroke; ultrasonography; echotexture analysis; muscle tissue; Heckmatt scale; gastrocnemius
medialis

1. Introduction

Strokes are a significant health issue with a profound socioeconomic impact, being one
of the leading causes of disability worldwide [1]. Recent data indicate that approximately
13.7 million people experience a stroke annually, with substantial costs associated with
long-term care and rehabilitation [2]. The effective management of strokes implies objective,
accurate, and reproducible measurement tools that can be integrated into clinical practice
to assess patient progress and optimize therapeutic outcomes to ensure that interventions
are appropriately tailored to individual patient needs, enhancing their recovery and quality
of life.

Over the years, a texture analysis has emerged as a key technique to characterize
muscle composition in various diagnostic imaging technologies. A texture image is defined
by the mathematical evaluation of pixel intensities and their spatial distribution within a
region of interest (ROI) [3,4]. Statistical methods, classified into first-order (individual pixel
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intensities), second-order (ratios between pixel pairs), and higher-order features, provide
information on tissue patterns [5,6]. However, reproducibility and validation problems
have limited the clinical application of these methods [7-10].

In the concrete case of ultrasound (US), it has emerged as a readily accessible, non-
invasive, and cost-effective method for assessing skeletal muscle composition [11]. Fur-
thermore, the acoustic power levels employed in US devices are designed to minimize
the risk of adverse biological effects [6]. To date, US image analyses of muscle tissue have
mainly focused on muscle architecture characteristics, including the cross-sectional area,
thickness, fascicle length, and fascicle pennation angle [12,13]. Nonetheless, muscle echo-
texture features have also been explored in the context of certain medical conditions, such
as amyotrophic lateral sclerosis [14], myofascial pain syndrome [15], or low back pain [16],
as well as in healthy tissue [6]. However, considerable research is still required before these
features can be reliably implemented in clinical practice.

Regarding muscle echotexture features in individuals who have suffered a stroke,
the most extensively studied feature is the echogenicity /echointensity (EI), defined as the
mean pixel brightness within the muscle fascia boundaries [17]. This feature appears to
be altered in this population due to changes in histopathological features like atrophy
and the fibro-adipose replacement of hypoechoic contractile elements [18], resulting in a
higher EI due to the increased reflection of sound waves [19-21]. The EI can be assessed
both qualitatively and quantitatively. The original or modified Heckmatt scale can be used
for a qualitative analysis, which simply classifies the image into four possible degrees
of impairment without an extensive analysis [22]. This scale has demonstrated a good
reliability and validity in evaluating muscle changes in patients with spasticity [23]. Several
free software programs for quantitative analyses exist to calculate the EI, but their clinical
application is still limited due to the complexity and variability of the measurements. This
variability is influenced by factors such as the type of US device, the settings, the operator
technique, and image artifacts [24-26].

Another promising parameter for characterizing muscle composition in neuromuscu-
lar or neurological disorders is echovariation (EV), as a measure of the EI variation [27,28].
However, its application in the context of strokes has not yet been investigated. Addition-
ally, a critical issue in existing studies on other conditions is the substantial variability of
the echotexture features employed and the resulting data, often leading to the occurrence
of spurious findings [29]. Consequently, this study aimed to identify the most informative
echotexture features for characterizing gastrocnemius medialis muscle tissue in stroke-
affected individuals. This effort could assist future research in selecting these features and
evaluating their potential as reliable indicators for assessing the extent of muscle impair-
ment and determining any relationships with other clinical outcomes in stroke-affected
individuals.

2. Materials and Methods
2.1. Study Design

This observational study included stroke-affected individuals and analyzed the echo-
texture features of the gastrocnemius medialis muscle. The study followed the STROBE
recommendations for observational studies [30] and the Declaration of Helsinki [31].

The Aragon Ethics Committee (P124/030) approved the study and registered on
ClinicalTrials.gov (NTC06411587, https:/ /clinicaltrials.gov /study /NCT06411587, accessed
on 7 February 2024). This study was based on a subset of data from the trial registered
under the specified ClinicalTrials number, in which an analysis of the echotexture from
various US images was conducted.

2.2. Participants

Stroke-affected individuals were recruited at the Hospital Clinico Universitario Lozano
Blesa from February to April 2024 by a physician specializing in physical medicine and
rehabilitation. During consultations, the specialists assessed the patients based on the
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predefined inclusion and exclusion criteria. The inclusion criteria were as follows: (1) to be
aged over 18 years; (2) to have a stroke diagnosis confirmed by computed tomography (CT)
or magnetic resonance imaging (MRI); (3) to have more than 6 months of evolution since
the onset of the stroke; and (4) to be able to walk independently, with or without assistance.
The exclusion criteria were the following: (1) to have other neurological disorders (e.g.,
ataxia or dystonia); (2) to have undergone surgical intervention in the lower limb; and (3) to
have other medical conditions that may interfere with data collection.

Patients meeting the criteria were given detailed explanations about the study, includ-
ing its purpose, potential benefits, and associated risks. Those interested in participating
were given an informed consent form, and any questions or concerns were addressed.
Upon obtaining written informed consent, the patients were scheduled for an appointment
to be evaluated at the Hospital Clinico Universitario Lozano Blesa.

2.3. Data Collection

US images of the gastrocnemius medialis muscle were obtained using the Butterfly
iQ+ portable US system, specifically designed for external US imaging, manufactured by
Butterfly Network, Inc. The imaging protocol utilized a standardized preset of a 50% gain
and a 5 to 7 cm depth. The scans were conducted by a physiotherapist experienced in
using the US in stroke-affected individuals. The images were taken with the participant
seated, with 90° of knee flexion. The probe was placed at a point located proximally at
30% of the distance between the medial condyle of the tibia and the medial malleolus [32],
while adjusting the angle from horizontal to obtain the best possible image (usually around
35-45° from horizontal). Six images were taken in total, three for each lower limb of
the participant.

2.4. Variables and Data Analysis

The whole process, from data collection to analysis, is summarized in Figure 1. After
the physiotherapist (C.P-F) collected the US images, they were uploaded into a cloud server
and analyzed by an independent researcher (B.A.). Subsequently, two expert physiothera-
pists (D.L.-H and P.H.) manually selected the ROI for each image by consensus, including
the maximum gastrocnemius medialis muscle tissue, while excluding superficial and deep
fascia [33] (Figure 2). Images with an unclear delineation of the fascia or significant artifacts
that could affect the image analysis were excluded. This ROI selection process followed a
standardized image-acquisition protocol to minimize the variability. A specific ROI size
was not predefined to avoid bias. Instead, the ROI was selected manually for each image,
aiming to include the maximum amount of muscle tissue. This approach ensured a more
representative analysis, as chronic conditions are expected to affect the muscle uniformly,
unlike acute injuries, where selecting a specific ROI is necessary to target localized damage.

O Distribution function,
Collecting Uitrasound images Assessing best correlations and
N .
Data of gastrocnemius features validation with the
medialis Heckmatt scale
Physiotherapist 1
0 Features that
ROIs P 8 g best | ) represent the degree
Features Data features of muscle
impairment
Physiotherapist 2 and 3 r_’ — r_‘ == r_‘ == O,
Muscle tissue First-order, GLCM Graphs with data
between fascia and GLRLM features sorted from most

borders abundant to fewest
Physiotherapist 2 and 3

Figure 1. Research pipeline.
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Figure 2. Manual ROI selection process with as much muscle tissue as possible. The green rectangle

indicates the final selection of the ROI after consensus between two physiotherapists.

Three main types of features were extracted from each of the US images (Table 1)
without any image pre-processing:

e Ilistogram-based (first-order features): the EI [25], EV [28], variance, standard devi-
ation, skewness, and kurtosis [34]. These features were computed directly from the
pixel matrix of the images.

e  Grey-level co-occurrence matrix (GLCM): the correlation, dissimilarity, contrast, homo-
geneity, angular second moment (ASM), energy, maximum probability, entropy [35],
cluster shade, and cluster prominence [36]. The GLCM was calculated using the skim-
age.feature library (https:/ /scikit-image.org/docs/stable/api/skimage.feature. html,
accessed on 20 October 2024), with distances = 5, angles = 0, and levels = 256.

e Grey-level run length matrix (GLRLM): the short run emphasis (SRE), long run em-
phasis (LRE) [37], grey-level Uuniformity (GLU), run length uniformity (RLU) [38],
and run percentage (RPC) [39]. The GLRLM was calculated using a custom library
(https:/ /pypi.org/project/glrlm/, accessed on 20 October 2024). The final output of
the GLRLM was obtained for all angles: 0°, 45°, 90, 135°, and 180°, using a level
parameter of 16. The features were then extracted from each matrix, and the final
output was derived by averaging the features across all angles.

The methodology to select the most informative features for assessing muscle impair-
ment or muscle tissue quality assumed that each feature’s top and bottom 10 values should
correspond to the images with the most and the least affected tissue. Each feature’s images
were ordered from the highest to the lowest values for this exploratory analysis and graphi-
cally represented. The 20 images with the top and bottom 10 values were then selected for
each feature, and two physiotherapists (D.L.-H and P.H.) assessed the degree of muscle
impairment, considering that more significant impairment was indicated by an increased
loss of muscle echotexture (e.g., diffuse areas). These two physiotherapists underwent joint
training sessions before the analysis to standardize the evaluation process. Following train-
ing, each evaluator independently assessed the images while blinded to the participants’
clinical outcomes to ensure objective evaluations solely based on image-derived features.
Features were selected only when the top and bottom 10 values corresponded 100% with
high or low muscle impairment and when the images with high or low quality were in
the opposite extreme for both evaluators. For example, features characterizing 100% of
the images as highly affected for both the top and bottom 10 values were not considered
informative features. Following this process, the two evaluators summarized the number
of images grouped at each extreme according to the degree of impairment, allowing them
to determine the most informative features.
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Table 1. Description of the echotexture features extracted from each of the US images.

Statistical Approach

Feature Brief Description

Histogram-based
(first-order) features

The ability of tissues to reflect ultrasound waves.
Specifies the average brightness of the
ultrasound image.

Echogenicity, also called
echointensity (EI)

Variance Measures the dispersion of pixel intensity values.

Standard deviation The square root of variance.

Boriorvaciation (BY), alsalled Variation in echointensities in an ultrasound image.

Grey-level co-occurrence
matrix (GLCM)

coefficient of variation
Skew Measures the asymmetry of the distribution of pixel
intensity values.
: Measures the “tailedness” of the distribution of pixel
Kurtosis 3 3
intensity values.
" Measures the statistical correlation between
Correlation

neighboring pixels.

Measures the mean absolute difference between

Dy neighboring pixel values.

Measures the intensity contrast between a pixel and its

R, neighbor across the ROL
Homogeneity, also called inverse Measures the closeness of the distribution of elements in
different moment the GLCM to the GLCM diagonal.

Similar to energy, it measures the

Angular second moment (ASM) uniformity of the GLCM

Sum of squared elements in the GLCM, representing

Enesgy texture uniformity.
Max probability The highest value in the GLCM.
Entropy Measures the randomness or complexity of the texture.
Cluster shade Measures the skewness of the distribution of the GLCM.

Measures the peakedness of the

CiRRIsTinGneg distribution of the GLCM.

Grey-level run length
matrix (GLRLM)

Short run emphasis (SRE) Measures the distribution of short runs.
Long run emphasis (LRE) Measures the distribution of long runs.
Grey-level uniformity (GLU) Measures the uniformity of grey levels.
Run length uniformity (RLU) Measures the uniformity of run lengths.
Run percentage (RPC) The ratio of the number of runs to the number of pixels.

After this, a third independent physiotherapist (C.P.-F) classified the 130 US images
based on the four grades of the modified Heckmatt scale, which has been proven to
be both reliable and valid for assessing spastic muscle and is easier to use in clinical
practice compared to the original Heckmatt scale [23]. The relationship between the
most informative selected features and the modified Heckmatt scale was examined with
Pearson’s correlation coefficient. The correlations were assessed based on established
criteria [40]: (1) correlations greater than 0.80 were considered very strong; (2) correlations
between 0.60 and 0.80 were considered moderately strong; (3) correlations between 0.30
and 0.50 were considered moderate; and (4) correlations below 0.30 were considered weak.
Before the correlation analysis, all the data were normalized using Min-Max normalization
to ensure that the variables were on a comparable scale. The p-values for each correlation
coefficient were calculated to assess the statistical significance, with a threshold of p < 0.05
indicating significance.
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An additional secondary analysis was carried out after identifying the most informa-
tive features for muscle tissue characterization through the preliminary exploratory process
and correlation analysis. This analysis was based on the available scientific evidence and /or
the inherent characteristics of each feature to select only one as the reference feature. The
distribution of this feature was mathematically represented using a function. This approach
facilitated the characterization of the extent of muscle tissue impairment in individuals
who have experienced a stroke. Additionally, Pearson’s correlation coefficient between the
reference feature and each of the other 20 extracted features was calculated, following the
same established criteria as before [40]. Features exhibiting a correlation coefficient greater
than 0.8 with the reference feature and a p-value < 0.05 were selected as possible features
of interest. These features were chosen due to their potential to complement the reference
feature, indicating the strongest and statistically significant associations.

Finally, the mean and standard deviation of each of the four grades of the modified
Heckmatt scale were calculated using the reference feature values, allowing its dispersion
to be visualized along the distribution graph. In addition, to determine whether statistically
significant differences existed between the groups, an ANOVA test or a Kruskal-Wallis
test was performed, depending on the normality of the data distribution. Normality was
assessed by examining histograms and Q-Q plots. If statistically significant differences
(p < 0.05) between groups were detected, a post hoc analysis was performed using Tukey’s
honest significant difference or the Bonferroni correction to identify which specific pairs of
groups showed significant differences.

Data pre-processing and visualization, the image analysis, and the machine learning
analysis were performed in Python, version 3.11.5, using libraries such as numpy, os,
matplotlib, random, string, PIL, skimage.feature, mahotas.features.texture, cv2, pandas,
scipy.stats, scipy.optimize, sklearn.metrics, and sklearn. The programming environment
used was JupyterLab, version 4.0.11. The statistical analyses were performed in RStudio,
version 2024.09.0.

3. Results

A total of 130 ROIs extracted from US images of the gastrocnemius medialis muscles of
both the lower limbs of 22 stroke-affected individuals were analyzed. The sample consisted
of 16 (72.73%) men and 6 (27.27%) women, with a mean age of 64.32 + 13.25 years. The
distribution of time since the stroke onset among the participants was as follows: five
participants (6 to <12 months), eleven participants (12 to <24 months), five participants
(24 to <36 months), and one participant (36 to <40 months). Of the participants, 5 had
experienced a hemorrhagic stroke and 17 had an ischemic stroke. Notably, only one
participant was on spasticity medication during the study.

Following the selection of the ROIs and a subsequent analysis of the extracted features,
three features (EV, El, and kurtosis) were identified based on the methodology described.
These features were the most informative for assessing gastrocnemius medialis muscle
tissue impairment in individuals who had experienced a stroke. Specifically, reduced
values of EV and kurtosis indicated greater muscle tissue impairment, while the EI had
the highest values (Table 2). After the image classification by the third physiotherapist
using the modified Heckmatt scale, the analysis revealed a very strong and significant
correlation for the EV (r = —0.81, p < 0.001) and the EI (r = 0.87, p < 0.001), but not for
kurtosis (r = —0.37, p < 0.001).

The mathematical function for the distribution of the EV was calculated and fitted
using the model y = ae®™ + ce™ + E with parameter estimates of @ = 37.13, b = —0.14,
¢=132,052.16,d = —2 x 10 %, and E = —131,990.30. This model demonstrated a high degree
of accuracy, as evidenced by an R? error rate of 0.993, indicating that the function effectively
represents the distribution of the EV. The graphical representation of this distribution
is shown in Figure 3, where lower EV values along the Y-axis correspond to images in
which experts identified the muscle tissue as having a poorer quality and more significant
impairment (as illustrated in Supplementary Figure S1). Conversely, higher EV values were
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associated with images of less impaired muscle tissue, suggesting an improved quality
(Supplementary Figure S2). The location of each of the US images shown as an example of
low and high EV along the distribution in Figure 3 is presented as Supplementary Figure S3.

Table 2. The evaluation process was conducted by two physiotherapists using ultrasound images
with the top and bottom 10 values of each echotexture feature. The number of images was categorized
based on consistency with more affected muscle tissue patterns.

Top 10 Values Bottom 10 Values
Features
Physiotherapist 1 Physiotherapist 2 Physiotherapist 1 Physiotherapist 2

Echointensity * 10/10 10/10 0/10 0/10
Variance 8/10 10/10 7/10 8/10
Standard deviation 9/10 10/10 7/10 7/10
Echovariation * 0/10 0/10 10/10 10/10
Skew 2/10 3/10 10/10 10/10
Kurtosis * 0/10 0/10 10/10 10/10
Correlation 8/10 8/10 4/10 3/10
Dissimilarity 1/10 1/10 5/10 5/10
Contrast 3/10 4/10 5/10 5/10
Homogeneity 2/10 2/10 5/10 5/10
ASM 3/10 4/10 7/10 9/10
Energy 0/10 0/10 5/10 7/10
Max probability 0/10 0/10 7/10 8/10
Entropy 7/10 7/10 8/10 8/10
Cluster shade 8/10 10/10 2/10 2/10
Cluster prominence 7/10 10/10 1/10 1/10
SRE 8/10 9/10 7/10 8/10
LRE 3/10 3/10 7/10 9/10
GLU 8/10 8/10 10/10 10/10
RLU 10/10 10/10 10/10 10/10
RPC 10/10 10/10 9/10 9/10

Features marked with an asterisk (¥) indicate those that met the criteria to be selected as the most informative
features. For example, an indicator showing a score of 0/10 for the top 10 values and 10/10 for the bottom
10 values (or vice versa) would be optimal.

100 A — Data
-~~~ Fitted function
80 A
[ =
8
kel
5 60
>
[=]
£
fiv} 40
20

0 20 40 60 80 100 120

Figure 3. Graph showing the fitted distribution of EV values across ROIs. The scale on the X-axis
shows the number of the US image, while the Y-axis shows the echovariation (EV) values.

The correlations between the EV and the other features are detailed in Table 3. Among
these features, only the EI showed a Pearson’s correlation coefficient greater than 0.8,
demonstrating a statistically significant relationship (p < 0.05) with a value of —0.90. This
indicates a strong inverse correlation, suggesting that, as the EI increases, the EV decreases,
and vice versa. The correlation plot illustrating the relationship between the EI and the EV
is presented in Figure 4. In this plot, the data were sorted by the EV in descending order,
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and the values were subsequently normalized on a scale from 0 to 1 (Figure 4). Additional
correlations are provided in the Supplementary Material (Supplementary Figure S4).

Table 3. Correlations between each echotexture feature with echovariation (EV) as a reference.

Feature Correlation p-Value
Echointensity —0.90* <0.001°
Variance 0.34 <0.001?
Standard deviation 0.35 <0.001
Skew 0.68 <0.001*
Kurtosis 0.46 <0.001 2
Correlation 0.21 0.019°

Dissimilarity 0.03 0.753
Contrast 0.18 0.040 ¢
Homogeneity 0.53 <0.001 %
ASM 0.62 <0.001
Energy 0.65 <0.001°
Max probability 0.72 <0.001?
Entropy -0.20 0.024°
Cluster shade —0.23 0.009 2
Cluster prominence -0.37 <0.001

SRE -0.12 0.190
LRE 0.38 <0.001°

GLU —0.14 0.116

RLU —0.08 0.349

RPC 0.03 0.740

2 Statistically significant differences (p-value < (.05); * correlations with a Pearson’s coefficient > 0.80.

Echointensity

1.0 1

0.8 1

0.6 1

0.4

0.2 1

—— Echovariation (Normalized)
0.0 - ~—— Echointensity (Normalized)

0 20 40 60 80 100 120

Figure 4. Graphical representation of the correlation between echovariation (EV) and echointensity
(EI), the only one that showed a Pearson’s correlation coefficient > 0.80. The scale on the X-axis shows
the number of the US image, while the Y-axis shows the echovariation (EV) and echointensity (EI)
values normalized on a scale from 0 to 1.

After assessing the normality of the data, the Kruskal-Wallis test was performed to
assess any differences that existed between the EV values according to the four grades of
the modified Heckmatt scale, which revealed statistically significant differences between
the four grades (p < 0.001) (Table 4). A subsequent post hoc analysis, using the Bonferroni
correction, confirmed that significant differences existed between all possible pairs of
groups, with each comparison reaching statistical significance (p < 0.001) (Table 4). Figure 5
illustrates the distribution of EV values across the four grades of the modified Heckmatt
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scale. For each grade, the mean and standard deviation are shown, providing a clear
visualization of the distribution and variability of the data (Figure 5).

Table 4. Descriptive data and comparison analyses of echovariation (EV) values across the four
grades of the modified Heckmatt scale.

Feature

Echovariation

Grade 1
(n=24)

67.28 + 15.05

Grade 2 Grade 3 Grade 4 Belween-(.;roup Post Hoc Analysn.s (Wilcoxon
(11 = 58) (1= 24) (1 =20) Comparison Tests with
(Kruskal-Wallis Test) Bonferroni Correction)
Grade 1 vs. Grade 2: <0.001 *
Grade 1 vs. Grade 3: <0.001 %
7 4. a
46624717  3716+494  2685+406 <0.001 2 Gtade I'vs. Gidde & <0.001

Grade 2 vs. Grade 3: <0.001 ?
Grade 2 vs. Grade 4: <0.001 *
Grade 3 vs. Grade 4: <0.001

Data are presented as mean + standard deviation; ® statistically significant difference (p-value < 0.05).

100

80

60

Echovariation

20

] 20 40 60 80 100 120

Figure 5. Distribution of the four grades of the modified Heckmatt scale along echovariation (EV)
values, with mean and standard error bars for each grade. The scale on the X-axis shows the number
of the US image, while the Y-axis shows the echovariation (EV) values.

4. Discussion

One of the existing needs in the analysis of muscle tissue quality is to have an indicator
that can be used to quantify the degree of muscle impairment more objectively than
qualitative scales such as the original or modified Heckmatt scale, which has been the most
widely used to date, despite its limitations. An US is cost-effective in assessing muscle
tissue and could serve as an objective tool [41]. In line with our aim to identify the most
informative echotexture features for characterizing the degree of muscle tissue impairment
in the gastrocnemius medialis of stroke-affected individuals, the findings of our study
suggest that the EV, EI, and kurtosis may be the most informative features initially.

Considering the correlation between the modified Heckmatt scale and the three most
informative features, the EV and EI seemed the most informative. Different factors were
considered to propose only one feature that would be more easily transferable to clinical
practice, resulting in the EV being considered the most suitable feature for several reasons:
(1) previous studies have consistently identified the EV as a significant metric for assessing
muscle tissue across various neuromusculoskeletal conditions; (2) the EV includes the EI
in its calculation, as it is defined as the standard deviation of pixel intensity divided by
the mean pixel intensity (which constitutes the EI); (3) the EV can be considered a relative
measure that is inherently less susceptible to variations in the US image and device settings,
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unlike the EI, which is significantly influenced by settings such as the gain; (4) the EV
is a better measure of the overall relative variability when compared with kurtosis, that
takes into account only the extreme values, losing the information between the extremes;
and (5) when the EV values were analyzed, there were significant differences between the
different grades in the modified Heckmatt scale, which supports the use of this indicator
as a complement to quantify the degree of muscle impairment objectively. The decision
to retain only one feature was made to enhance its clinical applicability and facilitate its
transferability to practical settings.

Based on a mathematical model and considering that the pixel intensity values from
greyscale images may range from 0 (black) to 255 (white), when the image is uniform
(i.e., standard deviation—o—is small) and the mean () approaches its maximum value
of 255 (all pixels white), the EV is at its lowest. Conversely, when the image is more
heterogeneous (i.e., 0 is big) and p approaches its minimum value (all pixels blacker),
the EV is at its highest. These observations led us to hypothesize that lower EV values
correspond to poorer muscle tissue quality, while higher EV values indicate better muscle
tissue quality. Additional details regarding this hypothesis are provided in Supplementary
Figure S5.

This hypothesis recognizes the relationship between EV and muscle tissue quality
without attempting to restrict the EV range artificially. Although this study was performed
specifically on stroke-affected individuals, we believe its underlying principles can poten-
tially be extended to assessing healthy muscles and muscles in other populations with
different pathologies/conditions. However, further research into its use is needed to vali-
date the applicability and determine with confidence the generalizability of this model to
other populations, including the healthy population, in an attempt to define a normalized
score for muscle tissue.

The proposed model offers a robust framework for quantitatively assessing muscle
tissue quality in stroke-affected individuals, addressing limitations inherent to the modified
Heckmatt scale, which categorizes impairment into four discrete grades. By providing a
more detailed measurement of muscle tissue quality, our model enables physiotherapists
to detect subtle variations in muscle tissue that categorical scales may overlook. This
capability is crucial for tracking changes over time, responding to therapeutic interventions,
and objectively evaluating injury progression and prognoses. For instance, the modified
Heckmatt scale might categorize two images as reflecting the same degree of muscle im-
pairment, despite variations in their EV values. Though clinically relevant, such differences
remain undetected by the modified Heckmatt scale or even through visual inspection by
clinicians. Therefore, using an indicator like the EV may provide additional value in clinical
practice compared to a clinical scale like the Heckmatt scale, since it allows for the more
granular or objective quantification of muscle impairment. There is still controversy about
the modified Heckmatt scale, with recent studies suggesting that it would be better to
reduce it from four to three grades [42].

Although the modified Heckmatt scale is based on the EI, we propose the EV as a
more reliable indicator than the EI based on our results. Our results indicate that higher
EV values are associated with healthier or higher-quality muscle tissue, while lower EV
values correspond to more severely impaired muscle tissue in stroke-affected individuals.
Conversely, the relationship is inverted for the EI higher EI values mean a poorer muscle
tissue quality, whereas lower EI values indicate a greater similarity to healthy muscle tissue.
The strong correlation between the EV and EI allows us to assert that, as muscle tissue
becomes increasingly impaired, the EI values will rise while the EV values will decline.

From a clinical perspective, it may be beneficial to consider the complementary use
of both the EV and El in assessing muscle tissue characteristics. While we have presented
evidence supporting the relevance of the EV, the EI remains a familiar metric among phys-
iotherapists. Utilizing both may mitigate the limitations inherent to each when assessed
in isolation, thereby reducing potential biases and enhancing the overall characterization
of muscle tissue. In light of this, the EV shows great potential for practical applications



J. Clin. Med. 2024, 13, 7800

11 of 14

in clinical settings, particularly as an indicator for monitoring rehabilitation progress and
guiding therapeutic decisions. By providing quantitative assessments of muscle tissue
quality, the EV complements existing qualitative scales, enabling the detection of subtle
changes in muscle composition. For instance, during the rehabilitation process, changes
in the EV values may help a clinician quantify the treatment’s effects over time or the
adverse effects of some treatments, such as botulinum toxin injection. Furthermore, the EV
could serve as a diagnostic tool for stratifying patients according to the severity of muscle
impairment, helping to develop personalized rehabilitation plans and more targeted thera-
peutic strategies [43]. Our findings establish EV as a promising indicator, but its clinical
implementation requires further validation and research.

Our results are similar to those observed in individuals with amyotrophic lateral
sclerosis, where the muscles affected also show an increased EI and a reduced EV [44].
However, in contrast to our findings, GLCM features have been identified as relevant in
amyotrophic lateral sclerosis [14]. Similarly, the EV has been shown to discriminate between
different types of soleus injuries based on the EI patterns [45]. It has also been used to
differentiate between the plantar extrinsic musculature and the plantar fascia in individuals
with plantar fasciitis compared to healthy controls [28,46], as well as in individuals with
patellar tendinopathy who have a higher EV compared to healthy controls [47].

One of the challenges of a texture analysis is knowing how to handle the large amount
of data that can be extracted from a single image, as there can be hundreds of parameters,
which means that, even for that reason alone, high correlations can be found between
them [4]. In our study, we reduced twenty-one initial features to just one, combining an
exploratory analysis and different factors that may affect the possibility of comparing
the results and translating them into clinical practice. Another critical challenge is the
significant variability between the programs/software that calculate these echotexture
features, which makes it difficult to compare and interpret the results. However, concerning
the first-order features, an excellent concordance has been demonstrated between software
packages [48]. This reinforces our results regarding considering the EV (first-order feature)
as the main feature for characterizing muscle tissue quality in individuals who have suffered
a stroke.

The results presented in this study mix a clinical point of view, based on expert phys-
iotherapists, with a technical point of view, based on a data analysis and programming
without any data pre-processing. The main strengths of our study are the absence of
possible biases in the selection of the ROI, with the collection of the maximum amount of
muscle tissue to prevent the loss of relevant information, together with the standardization
of the US image collection protocol and the clarity with which all the settings, features, and
programs used have been shown. However, the results of this study are subject to certain
limitations inherent in its observational design. Firstly, various factors that could affect US
imaging, such as the age [49], sex [6], muscle strength [50], amount of skin, fascia, subcu-
taneous adipose tissue [51,52], genetic and epigenetic components [53], time from stroke
onset, and prior therapeutic interventions received, among others, were not considered. We
considered the standardized image collection procedure to be a strength, although it could
also be understood as a limitation, since we do not know if it can be extrapolated to the rest
of the gastrocnemius muscle areas or if there are differences between both sides or between
different muscles. However, considering that this is a chronic condition, we assumed that
the degree of impairment would be similarly distributed throughout the muscle, which
does not occur in other conditions like muscle tears. Furthermore, despite the large number
of US images used, they were only extracted from 22 stroke-affected individuals, which
is a notable limitation of the study, as it restricts the generalizability of the findings to the
general population. However, the results are a starting point for other studies on the same
population and on populations with different pathologies. Lastly, another limitation is
the absence of formal inter- and intra-rater reliability testing for the muscle tissue quality
assessments. Although minimal inter-rater discrepancies were observed, conducting such



J. Clin. Med. 2024, 13, 7800

12 of 14

References

assessments in future research would strengthen the robustness and reproducibility of
the findings.

Although this was an observational study in which the capacity of different echotexture
features to characterize the gastrocnemius medialis muscle tissue quality in stroke-affected
individuals was studied, it could be interesting to explore their use in the follow-up
and evolution of patients and the analysis of the effectiveness of treatments, as has been
proposed for other echotexture features in different populations [54].

5. Conclusions

Based on a mixed technical and clinical approach, the EV proved to be the most
informative echotexture feature for quantifying the degree of muscle tissue impairment
in the gastrocnemius medialis of post-stroke individuals, with a higher EV indicating a
better muscle tissue quality. The EV represents a cost-effective and non-invasive method for
assessing muscle tissue characteristics, providing a valuable alternative to other imaging
modalities. Furthermore, the EV offers a promising tool for monitoring stroke rehabilitation
and could be explored in other neuromuscular conditions.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article /10.3390/jcm13247800/s1. Figure S1: Example of an ultrasound image
exhibiting a high value of echovariation; Figure 52: Example of an ultrasound image exhibiting a low
value of echovariation; Figure S3: Location of the US images presented as Figures S1 and S2 along
the EV distribution graph; Figure S4: Correlation plots of each feature with the reference feature
(echovariation); Figure S5: Proposed hypothesis for echovariation as an informative feature of muscle
tissue quality.
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Abstract: Background/Objectives: Ultrasound (US) imaging and echotexture analysis
are emerging techniques for assessing muscle tissue quality in the post-stroke population.
Clinical studies suggest that echovariation (EV) and echointensity (EI) serve as objective
indicators of muscle impairment, although methodological limitations hinder their clinical
translation. This secondary analysis aimed to refine the assessment of echotexture by using
robust statistical techniques. Methods: A total of 130 regions of interest (ROIs) extracted
from the gastrocnemius medialis of 22 post-stroke individuals were analyzed. First, inter-
examiner reliability between two physiotherapists was assessed by using Cohen’s kappa
for muscle impairment classification (low /high) for each echotexture feature. For each
examiner, the correlation between the classification of the degree of impairment and the
modified Heckmatt scale for each feature was analyzed. The dataset was then reduced to
44 ROIs (one image per leg per patient) and assessed by three physiotherapists to analyze
inter-examiner reliability by using Light ‘s kappa and correlation between both assessment
methods globally. Statistical differences in 21 echotexture features were evaluated according
to the degree of muscle impairment. A binary logistic regression model was developed by
using features with a Cohen'’s kappa value greater than 0.9 as predictors. Results: A strong
and significant degree of agreement was observed among the three examiners regarding
the degree of muscle impairment (Kappayjgpy = 0.85, p < 0.001), with nine of the 21 features
showing excellent inter-examiner reliability. The correlation between muscle impairment
classification with the modified Heckmatt scale was very high and significant both globally
and for each echotexture feature. Significant differences (<0.05) were found for EV, EI,
dissimilarity, energy, contrast, maximum likelihood, skewness, and the modified Heckmatt
scale. Logistic regression highlighted dissimilarity, entropy, EV, Gray-Level Uniformity
(GLU), and EI as the main predictors of muscle tissue impairment. The EV and EI models
showed high explanatory power (Nagelkerke’s pseudo-R? = 0.74 and 0.76) and robust
classification performance (AUC = 94.20% and 95.45%). Conclusions: This secondary
analysis confirms echotexture analysis as a reliable tool for post-stroke muscle assessment,
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validating EV and El as key indicators while identifying dissimilarity, entropy, and GLU as
additional relevant features.

Keywords: ultrasonography; echotexture analysis; muscle tissue; stroke; logistic models

1. Introduction

In recent years, medical image analysis has become an essential tool in the health
sciences to improve diagnostic accuracy, disease monitoring, and treatment assessment [1].
The integration of advanced algorithms, including digital image processing, deep learn-
ing, and mathematical modeling [2,3] has dramatically improved the ability to extract
clinically relevant information from images. These methods facilitate the simulation and
quantification of key image features such as texture, structure, and dynamic behavior of
organs and tissues, providing clinicians with highly accurate, data-driven information to
enhance pathology prognoses and optimize treatment selection [4]. Medical fields that
have benefited the most from advanced imaging techniques include oncology [5] and
cardiology [6], which remain the leading causes of morbidity and mortality worldwide.

In line with this trend, musculoskeletal research has also benefited from advanced
image-based analysis, mainly through tools such as magnetic resonance imaging (MRI) or
computed tomography (CT) [7,8], but more recently also through ultrasound (US) imaging
and echotexture analysis [9]. Echotexture analysis involves extracting and processing
structural and intensity distribution features from US images by using digital image analysis
techniques. The most relevant parameters in this area include (1) first-order statistics, which
describe the intensity distribution without considering spatial relationships; (2) Haralick
features, derived from the gray-level co-occurrence matrix (GLCM), which quantify texture
based on the spatial relationships between pixels [10,11]; and (3) gray-level run-length
matrix (GLRLM) features, which assess intensity variability and uniformity within the
image [12].

US imaging and echotexture analysis are particularly advantageous due to their non-
invasive nature, accessibility, and cost-effectiveness, making them promising tools for
assessing muscle tissue quality [9,13]. Their application has been extensively studied in
various pathological conditions, such as stroke [14], amyotrophic lateral sclerosis [15,16],
myofascial pain syndrome [17], chronic low back pain [18], metastatic breast cancer [19],
and musculotendinous injuries [20,21], as well as in healthy individuals for various research
purposes [22,23].

In the case of stroke, it is characterized by significant neuromuscular alterations pro-
duced by central motor pathway disruption, reduced voluntary activation, and peripheral
disuse, which leads to pathophysiological changes such as muscle atrophy, fiber-type
changes, and progressive replacement of hypoechoic contractile elements with fibrous and
adipose tissue [24,25]. Early studies focused mainly on a combination of structural param-
eters, such as muscle thickness, pennation angle, and fascicle length [26,27], with other
echotexture features, mainly echointensity (EI), which have been shown to correlate with
clinical features such as spasticity and gait performance [28,29]. More recently, research
interest has expanded to additional echotexture features, such as echovariation (EV), which
quantifies tissue heterogeneity and may provide complementary information on muscle
architecture and degeneration [14]. This research motivation directly led to the further
exploration of echotexture features in the present study.

Despite its promising potential, the clinical application of echotexture analysis requires
rigorous methodological validation to ensure its reliability, standardization, and repro-
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ducibility before it can be incorporated into routine practice. The aforementioned study in
post-stroke subjects [14] identified EV and EI as key objective indicators of muscle tissue
deterioration, with EV showing a strong correlation with the modified Heckmatt scale, the
current gold standard for the qualitative assessment of muscle tissue in individuals with
stroke [30]. However, this initial study had several methodological limitations, including
a potential selection bias in the US imaging dataset. Rather than using robust statistical
validation, the analysis was based on the subjective opinion of expert physiotherapists
on the 10 images with the highest values and 10 images with the lowest values for each
echotexture feature from a dataset of 130 images. Given these limitations, thorough method-
ological validation is required before conclusions can be drawn and echotexture analysis
can be implemented in daily clinical practice in the post-stroke population.

Recognizing these limitations, the present study aims to perform a secondary analysis
to reduce the subjectivity and bias of the previous study by using more robust statistical
methods to refine and validate its methodology [14]. In addition, this study aims to
improve our understanding of the relationship between echotexture characteristics and
clinical muscle classification in individuals who have suffered a stroke. Ultimately, this
work aims to provide quantitative evidence to support the integration of echotexture
analysis into clinical decision making for the assessment of muscle tissue.

2. Materials and Methods

To facilitate a clear understanding of the work developed in this secondary analysis,
only the most relevant methodological information is presented in this section. Full details
regarding the materials and methods are available in the original article [14], which this
analysis is based upon.

2.1. Study Design

This secondary analysis was performed by using data from a previously published
observational study of the post-stroke population by Asadi et al. [14]. The original study
included 130 US images from 22 participants and is the basis for this secondary analysis.
The study followed the STROBE guidelines [31] and the ethical principles described in the
Declaration of Helsinki [32]. Ethical approval was granted by the Aragon Ethics Committee
(P124/030). The study was registered on ClinicalTrials.gov (NTC06411587).

2.2. Participants and Data Collection

In the original study, a physical medicine and rehabilitation specialist recruited post-
stroke individuals at Hospital Clinico Universitario Lozano Blesa between February and
April 2024. As this is a secondary analysis of existing data [14], the inclusion and exclusion
criteria were predefined in the original study. Participants were eligible for inclusion if they
were at least 18 years old, had a confirmed diagnosis of stroke based on CT or MRI, had
suffered a stroke at least six months before enrollment, and could walk independently with
or without assistive devices, with no additional requirements for specific motor impairment.
People were excluded if they had other concurrent neurological disorders, such as ataxia
or dystonia, had undergone lower-limb surgery, or had medical problems that could have
interfered with data collection.

US images of the gastrocnemius medialis muscle were obtained by using the Butter-
fly iQ+ portable US system (Butterfly Network, Inc., Burlington, MA, USA) in B-mode,
employing a linear transducer with a frequency range of 1 to 10 MHz. A standardized
imaging protocol was followed with a gain setting of 50% and a depth range of 5-7 cm.
Participants were seated with their knees flexed at a 90-degree angle. The US probe was
placed at a point corresponding to 30% of the distance between the medial condyle of the
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tibia and the medial malleolus, and the angle of the probe was adjusted to obtain an optimal
image. Six images were collected from each participant, comprising three different images
from each lower extremity, with only one region of interest (ROI) per image, specifically
a whole-muscle ROI The decision to assess the gastrocnemius medialis was determined
in the original study design. This muscle has been analyzed in previous studies [28] since
it plays a key role in gait mechanics, making it a clinically relevant muscle for assessing
post-stroke impairment.

2.3. Echotexture Feature Extraction

In this secondary analysis, the researchers analyzed the original database, which
contained the selected ROIs from the 130 US images used in the study by Asadi et al. [14].
In the original study, the ROIs were selected by two expert physiotherapists, who included
as much muscle tissue surface area as possible in the ROI (whole-muscle ROI). In this
secondary analysis, the same textural features as in the original study were extracted di-
rectly from the database: (1) first-order histogram-based features (see Table S1); (2) features
derived from the gray-level co-occurrence matrix (GLCM) [10,33], computed by using
an orientation of 0 degrees, a gray level of 256, and a pixel distance of 5 (see Table S2);
and (3) features based on the gray-level run-length matrix (GLRLM) [12,34,35], calculated
across five standard orientations (0, 45, 90, 90, 135, and 180 degrees) with a gray level of 16.
The final texture features were obtained by averaging the run-length matrix data and the
extracted parameters across all orientations (see Table S3).

2.4. Ultrasound Imaging Assessment

The original study published by Asadi et al. [14] performed an initial feature selection
process to identify the most informative texture parameters for assessing muscle tissue im-
pairment. Two independent expert physiotherapists (D.L.H. and P.H.) evaluated 420 ROIs
(20 ROIs for each of the 21 echotexture features, selected from the 10 highest and 10 lowest
values). Before the study, both physiotherapists jointly reviewed a set of sample US im-
ages to reach a consensus on the assessment criteria and standardize image interpretation
procedures. Each image contained only one ROI, as it included the maximum amount of
muscle, excluding fascia. Each ROI was classified according to two criteria: the degree of
muscle tissue impairment, categorized as low or high loss of muscle tissue echotexture, and
the modified Heckmatt scale, a four-point grading system, with higher values indicating
greater impairment [36]. However, the original study did not analyze the inter-examiner
reliability for the level of impairment (low-high), which was the first analysis performed in
this study. After performing this reliability analysis, the correlation between the level of
impairment, as assessed by the experts (low-high), and the modified Heckmatt scale was
also calculated.

After this initial analysis of the original dataset, which was based on echotexture
features, a secondary analysis was performed with only 44 ROIs, using a single US image
per limb (whole-muscle ROI) per patient to eliminate redundancy and potential bias from
multiple images of the same patient. The images were independently assessed by the
first two physiotherapists (D.L.H. and PH.) and a third expert physiotherapist (C.P.F.),
who classified them according to the degree of muscle tissue impairment (low-high) and
assigned a score based on the modified Heckmatt scale. To preserve methodological rigor
and standardization, this third physiotherapist was trained by the first two examiners. The
inter-examiner reliability for the level of impairment and the correlation between muscle
tissue impairment and the modified Heckmatt scale was reassessed for this final dataset.
With these 44 ROIs, a binary logistic regression model was developed by using the degree
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of muscle tissue impairment as the dependent variable and the echotexture features with a
Cohen’s kappa coefficient greater than 0.9 as explanatory variables.

2.5. Statistical Analysis

All statistical analyses were performed by using R software (version 4.1.3; R Foun-
dation for Statistical Computing, Vienna, Austria). A significance level of p < 0.05 was
used. The Shapiro-Wilk test assessed the normality of quantitative variables, presented as
means -+ standard deviation (SD), while categorical variables were reported as absolute
and relative frequencies.

The inter-examiner reliability for the level of muscle tissue impairment for each feature
was assessed with Cohen'’s kappa statistic and that among the three examiners with Light's
kappa statistic, with both cases being defined as poor (<0.6), moderate (0.6-0.8), strong
(0.8-0.9), or excellent (>0.9) [37]. On the other hand, for each examiner, the correlation
between the classification of the degree of impairment and the modified Heckmatt scale
both globally and for each feature was analyzed based on the polychoric correlation matrix,
defining it as negligible (<0.29), low (0.3-0.49), moderate (0.5-0.69), high (0.70-0.89), or
very high (>0.90) [38].

In this secondary analysis, the presence of significant differences in echotexture fea-
tures according to the degree of muscle tissue impairment was analyzed by using the
Mann-Whitney U test, while differences in the modified Heckmatt scale were assessed
by using Fisher’s exact test. Regarding the binary regression model, a backward stepwise
selection approach was applied to optimize the model, minimizing the Akaike Information
Criterion (AIC) while excluding variables with a Variance Inflation Factor (VIF) greater
than 5. Due to the correlation between EV and El, separate models were generated by
using each as the primary explanatory variable. From the final model, regression coeffi-
cients and odds ratios were estimated with their corresponding 95% confidence intervals
(CIs) and significance levels. Model fit was assessed by comparing the deviation of the
final model to that of the null model, assessing overall model effectiveness, and applying
the Hosmer-Lemeshow goodness-of-fit test. The proportion of variance explained was
quantified by using Nagelkerke’s pseudo-R?. Additionally, the relative contribution of each
explanatory variable to the model was evaluated. To assess the model’s predictive perfor-
mance, receiver operating characteristic (ROC) curve analysis was performed, calculating
sensitivity, specificity, area under the curve (AUC), and overall classification accuracy for
each significant variable.

3. Results

The sample consisted of 16 (72.73%) males and 6 (27.27%) females, with a mean
age of 64.32 + 13.25 years. The inter-examiner reliability for the original 420 ROIs was
excellent and significant for the variables EI, EV, dissimilarity, entropy, GLU, homogeneity,
kurtosis, RLU, and RPC (Table S4). A strong and significant degree of agreement was also
observed among the three examiners regarding the level of impairment (Kappajjgp = 0.85,
p <0.001). In addition, the correlation between each examiner’s classification of muscle
tissue impairment (low-high) and the modified Heckmatt scale grading was very high
and significant in total (Examiner; = 0.98 (0.91, 0.99), Examiner; = 0.98 (0.90, 0.99), and
Examiners =1 (1, 1)) and for all features (Table S5).

Of the 44 ROIs selected for this secondary analysis, 21 were classified as having low
impairment, while the remaining 23 were classified as having high impairment. Statistically
significant differences were observed in the level of muscle impairment for the variables
EV, EI, dissimilarity, energy, contrast, maximum probability, skewness, and the modified
Heckmatt scale (p < 0.05). Specifically, ROIs classified as low impairment had a higher
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proportion of Heckmatt grades 1 and 2, while those classified as high impairment predom-
inantly exhibited grades 3 and 4. In addition, all features evaluated, except EI, showed
higher values in the low-impairment group and lower values in the high-impairment group.
In contrast, EI showed opposite results, being significantly higher in the high-impairment
group and significantly lower in the low-impairment group (Table 1).

Table 1. Descriptive statistics and comparison of echotexture features between ROIs classified as low
and high impairment after the secondary analysis.

Overall Low Impairment High Impairment 4 p-Value
N 44 21 23
Main outcomes
Echovariation 46.26 + 16.69 56.84 + 16.52 36.60 + 9.58 <0.001*
Echointensity 82.89 + 23.60 66.56 +17.92 97.80 + 17.58 <0.001 *
Secondary outcomes
Heckmatt scale, 1 (%) Grade 1 3(6.8) 3(14.3) 0(0.0) <0.001 *
Grade 2 21 (47.7) 18 (85.7) 3(13.0)
Grade 3 12 (27.3) 0(0.0) 12 (52.2)
Grade 4 8(18.2) 0(0.0) 8(34.8)
Variance 1237.73 + 324.37 1267.46 + 301.08 1210.59 + 348.76 0.568
Standard deviation 34.87 +4.71 3534 =442 34.45 + 5.02 0.536
Skewness 0.50 + 0.34 0.65 + 0.32 0.37 + 0.31 0.005*
Kurtosis 0.03 + 0.65 0.22 + 0.81 —0.15 4 0.40 0.056
Correlation 0.97 + 0.01 0.97 + 0.01 0.98 + 0.01 0.103
Dissimilarity 597 + 0.74 6.21 4+ 0.81 5.75 + 0.60 0.037 *
Energy 0.02 £ 0.01 0.03 £+ 0.02 0.02 £ 0.00 0.042*
Contrast 62.00 + 14.82 68.20 + 15.69 56.35 + 11.65 0.007 *
Homogeneity 0.17 + 0.03 0.18 + 0.04 0.17 £ 0.02 0.444
Angular Second Moment 0.00 & 0.00 0.00 4 0.00 0.00 4 0.00 0.058
Maximum probability 0.01 + 0.02 0.01 +0.02 0.00 + 0.00 0.013 *
Entropy 7.04 £ 0.22 7.00 +0.24 7.07 £ 0.20 0.275
Cluster Shade 8.03+0.23 7.99 +0.25 8.07 +0.20 0.234
Cluster Prominence 10.87 + 0.36 10.81 + 0.42 10.92 + 0.28 0.294
Short-Run Emphasis 0.73 4+ 0.08 0.73 + 0.07 0.72 + 0.08 0.49
Long-Run Emphasis 440.64 + 134.70 44798 + 173.53 433.94 + 89.38 0.734
Gray-Level Uniformity 10,957.52 = 2970.64  10,237.13 4 2319.04  11,615.27 + 3378.09 0.126
Run-Length Uniformity 17,268.72 + 4566.54  17,109.75 + 293833  17,413.87 + 5732.68 0.828
Run Percentage 15.27 +3.28 15.37 £2.45 15.17 £ 3.95 0.837

Data are expressed as means -+ standard deviation or as absolute and relative values (%). * significant if p < 0.05
(marked with asterisk).

After eliminating variables with a VIF greater than five and selecting the model with
the lowest AIC, the final logistic regression model retained dissimilarity, entropy, EV,
GLU, and EI as the main predictors of muscle tissue impairment. Additionally, the model
including EV and the model including EI had a variance of 39, which is lower than the null
model variance of 43, indicating a better model fit. In both models, the overall efficacy was
statistically significant (x*(4) = 35.36, p < 0.001 for EV; x2(4) = 37.38, p <0.001 for EI). The
non-significant Hosmer-Lemeshow test (x*(8) = 4.94, p = 0.76 for EV; x*(8) =4.57, p = 0.80
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for EI) confirmed an overall satisfactory model fit. Nagelkerke’s pseudo-R? indicated high
explanatory power, with values of 0.74 and 0.76 for the EV and EI models, respectively. The
model fit plots are shown in Figures SI and S2.

For both models, the plot of the predicted values shows that the residuals do not
exceed the band (-2, 2), indicating a good fit of the final model selected and its adequacy
(Figures Sla and S2a). All the predicted values had a Cook’s distance of less than 1, both
with respect to the observed values and in terms of leverage, indicating the absence of
influential values outside the normal limits. However, some atypical ones were observed
(Figures S1b,c and S2b,c). The residuals and their standardized versions did not exceed
the band (-2, 2) compared with the fitted values, indicating a good fit of the model and its
adequacy (Figures S1d,e and S2d,e). The distribution of the residuals in the Q-Q plot was
not normal (Figures S1f and S2f). Finally, the plot of residuals against leverage indicates
the presence of some influential data (Figures S1b,S1 and S2b,h).

In the model including EV, the odds ratio indicated that for each unit increase in EV
and dissimilarity, the probability of low impairment increased by 1.28 and 17.86 times,
respectively. Conversely, for each unit increase in entropy, the odds of low impairment
decreased significantly, by <0.001 times. In the model including EI, each unit increase in
EI was associated with a 0.86-fold decrease in the probability of high impairment, while
dissimilarity was associated with a 15.65-fold increase in the probability of high impairment.
Of all the predictors, EV and EI contributed the most to their respective models (Table 2).

Table 2. Final model summary.

Z-Value Variable

. 0, . o 0,
Odds Ratio (95% CI) Coefficient (SE) 95% C1 EpValue) Fnposancs

Echovariation main outcome model

7.77 % 103!

(Intercept) (111,740.12, 1.63 x 107) 73.43 (SE = 38.61) 11.62, 168.57 0.057

Echovariation 1.275 (1.1, 1.62) 0.24 (SE = 0.09) 0.09,0.48 0.012* 252
Dissimilarity 17.856 (2.61, 360) 2.88 (SE=1.19) 0.96, 5.88 0.016* 240
Entropy <0.001 (0.001, 0.01) —13.75 (SE = 6.31) —29.66, —3.98 0.029* 217
Gray-Level Uniformity 1(0.99, 1) 0(SE=0) —0.001,0 0.154 142

Echointensity main outcome model

(Intercept) (0,3;8011?;;) 4734(SE=3257)  —86,12595 0.146

Echointensity 0.86 (0.74, 0.93) —0.14 (SE = 0.05) —-0.29, —0.06 0.009 * 2.62
Dissimilarity 15.65 (2.33, 287.63) 275 (SE =1.17) 0.84, 5.66 0.019* 2.33
Entropy 0.001 (0, 5.02) ~6.69 (SE = 4.87) ~18.43,1.61 0.170 1.37
Gray-Level Uniformity 1(0.99, 1) 0(SE=0) —0.001,0 0.142 146

95% CI: 95% confidence interval; SE: Standard Error. ? significant if p < 0.05 (marked with asterisk).

Both models showed high classification performance. The sensitivity of the EV and
EI models was 90.48% in both cases, while the specificity rates were 86.96% and 95.65%,
respectively. ROC curve analysis showed a significant AUC of 94.20% (95% CI: 87.39-100%)
for the EV model and one of 95.45% (95% CI: 89.54-100%) for the EI model (Figure 1).

Regarding classification accuracy, the correct classification rate for EV was 22.73%,
while that for EI was 84.09%. The classification rates for dissimilarity and entropy were
29.55% and 63.64%, respectively.
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Figure 1. Model receiver operating characteristic (ROC) curves.

4. Discussion

This secondary analysis builds on the methodological foundations established in
the initial exploratory study [14] by incorporating advanced statistical validation and
refining the dataset to improve its clinical applicability. The results demonstrate high
inter-examiner reliability, reinforcing the robustness of the original classification (low-high
impairment) developed from the previous study. Including a third independent examiner
further reduced potential bias and strengthened the consistency of the original classification
approach. In addition, by ensuring that only one US image per limb was selected from
each patient, this study mitigated the potential over-representation of individual patients,
which may have influenced the original study results.

The results of this secondary analysis align with those of the original study, confirm-
ing that echotexture features, particularly EV and EI, are valuable indicators of muscle
tissue impairment in post-stroke individuals. Logistic regression models and ROC curve
analyses provided a more rigorous assessment of the predictive power of these features,
demonstrating high classification performance with excellent sensitivity and specificity.
Importantly, this study also identified additional relevant features, such as dissimilarity,
entropy, and GLU, which were not initially considered as key features in the exploratory
analysis performed in the original study [14]. These results suggest that traditional expert-
based assessment may not fully capture all relevant structural changes in muscle tissue.
Although expert judgment remains essential, specific echotexture changes may not be
visually apparent but can be objectively quantified by using statistical models and predic-
tive analysis.

Our results confirm the importance of El and EV first-order echotexture features in
assessing muscle tissue quality in US images, as previously highlighted in the original
research study [14]. Previous studies have also highlighted the importance of these param-
eters to classify different types of soleus muscle injuries [20], to differentiate individuals
with patellar tendinopathy from healthy controls [21], and to assess gastrocnemius me-
dialis and soleus muscle tissue in plantar fascia pathology [39]. Apart from this use in
musculoskeletal conditions, EV has shown good accuracy for muscle tissue assessment in
individuals with amyotrophic lateral sclerosis [16,40]. The association between high EI and
increased muscle tissue impairment is well supported by the previous literature describing
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histopathological changes such as disuse-induced atrophy and fibroadipose replacement
of hypoechoic contractile elements [41,42]. In parallel, lower EV values observed in more
impaired muscles may reflect the loss of structural complexity and tissue differentiation, as
fibrous and adipose infiltration replace the heterogeneous architecture of healthy muscle
tissue. However, while first-order features remain valuable, they may not be sufficient for
more complex image processing tasks, where higher-order texture parameters, such as
those derived from GLCM and GLRLM, offer superior diagnostic accuracy [9].

Building on this premise, our secondary analysis highlights that in addition to EI and
EV, some GLCM (dissimilarity and entropy) and GLRLM (GLU) features may be key indi-
cators of muscle tissue integrity in post-stroke populations, although the original research
study did not identify them as primary indicators [14]. This is consistent with prior research
demonstrating that GLCM and GLRLM features improve the accuracy of supraspinatus
tendon rupture classification [43] and are also relevant in characterizing forearm flexor and
quadriceps muscle tissue in individuals with amyotrophic lateral sclerosis [16]. Notably,
the latter study in amyotrophic lateral sclerosis suggests that the integration of echotexture
features with conventional muscle US variables, such as muscle thickness, may further
improve diagnostic capabilities [16]. In light of these data, future research should explore
comprehensive models that integrate first-order, GLCM, and GLRLM features alongside
conventional US parameters to refine the accuracy and clinical applicability of muscle
echotexture analysis.

A fundamental difference between this secondary analysis and the original study
by Asadi et al. [14] is the image selection method. The original dataset included three
US images per limb for each participant, which, while helpful in assessing measurement
reliability, may have introduced redundancy and potential bias in statistical comparisons.
In contrast, this secondary analysis refined the dataset by selecting only one representative
image per limb for each patient, aligning with standard clinical practice and ensuring a
more rigorous assessment of muscle tissue impairment.

This study also addresses one of the limitations identified in the original research
work [14], which is inter-examiner reliability. By including additional examiners and
using Cohen’s and Light’s kappa to assess agreement, the present study demonstrates
strong reliability of echotexture analysis for assessing muscle tissue. However, some
limitations remain, such as the relatively small sample size and the inability to conduct
demographic subgroup analysis (e.g., sex, age, and time since stroke onset) due to this
constraint, which could influence the results and limit their generalizability. In addition,
although this study employed the rectangular ROI technique (also named the square
technique) to select the amount of muscle tissue area for image analysis, as performed in
previous studies [16,40], there are alternative approaches, such as the trace technique, in
which the classifier delineates all visible muscle without artefacts. Given these differences,
it is essential to emphasize that echotexture outcomes may not be interchangeable between
the rectangular/square and trace techniques [44], mainly because the use of irregular
or manually traced ROIs may introduce computational challenges by not conforming to
standard matrix-based texture analysis frameworks.

These results further support the integration of echotexture analysis as a quantitative
tool to assess muscle tissue quality in post-stroke individuals. In contrast to traditional
qualitative assessments, echotexture features provide objective and reproducible metrics
that could improve clinical decision making. ITowever, future studies should validate
these results in larger cohorts to confirm the reliability of echotexture features across
various demographic groups and further explore their correlation with functional outcomes
or patient-reported symptoms. Further studies are needed to determine their clinical
relevance for monitoring treatment response and therapeutic progress, enabling necessary
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adjustments to intervention. In addition, future research should explore the usefulness
and predictive ability of echotexture analysis on long-term rehabilitation outcomes, as
echotexture features may help clinicians to prevent the adverse effects of some treatments
(such as botulinum toxin) and to tailor and personalize treatment for each patient [45], as
well as the long-term prognostic value of echotexture features in predicting muscle tissue
impairment post-stroke. Furthermore, further research into echotexture image locations
is needed, as an existing study found significant differences in texture analysis between
hamstring muscles and measurement locations [23], suggesting that the assessment of
different muscle locations may influence echotexture values. This finding underscores the
importance of standardizing image acquisition protocols for future research. Finally, it
would be interesting for future studies to explore texture analysis approaches adapted to
non-rectangular ROI selections.

5. Conclusions

This secondary analysis reinforces the validity of echotexture analysis for assessing
muscle tissue quality in post-stroke individuals by integrating advanced statistical tech-
niques and refining the methodological limitations present in an original exploratory study.
The findings support the clinical utility of echotexture analysis as a quantitative assessment
tool, confirming EV and EI as the most reliable indicators of muscle tissue impairment while
also identifying other potential echotexture features from GLCM and GLRLM, such as dis-
similarity, entropy, and GLU. However, further research is needed to establish standardized
imaging protocols, validate these findings in larger cohorts, and investigate the potential of
echotexture features to inform rehabilitation strategies and therapeutic interventions.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article /10.3390 /jem14092902/s1, Supplementary Material.docx contains five
tables and two figures, which are as follows: Table S1: Features derived from first-order statistics,
Table S2: Features derived from gray-level co-occurrence matrix, Table S3: Features derived from
the gray-level run-length matrix, Table S4: Impairment-level agreement among examiners, Table S5:
Impairment level vs. modified Heckmatt scale correlation, Figure S1: Plot diagnosis for impairment-
level models for echovariation model, Figure S2: Plot diagnosis for impairment-level models for
echointensity model.
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ABSTRACT

Introduction: Ultrasound imaging is widely used for muscle assessment due to its non-invasive nature and re-
altime imaging capabilities. Histogram-based echotexture analysis has proven to be a valuable tool for quan-
tifying muscle tissue composition using features such as echointensity (El) and echovariation (EV), especially in
neuromuscular and neurological disorders. However, variability in region of interest (ROI) selection and image
processing methods can significantly affect the extracted echotexture features. This study presents a novel his-
togram-based analysis approach to investigate the effects of subdividing a single ROI into different patch sizes
for muscle tissue assessment. By focusing on the El and EV of the gastrocnemius medialis in a stroke patient, this
research aims to refine quantitative ultrasound analysis to improve clinical applicability.

Case presentation: One stroke patient was randomly selected from a previously collected dataset to perform a
complementary analysis. The initially selected grey-scale RO| was extracted and divided into patches of different
sizes (10x10, 20x20, 30x30, 40x40 and 50x50 pixels). The El and EV of each patch were calculated, and their distri-
butions were analyzed using descriptive statistics and correlation methods.

Results: The EV values for patches of sizes 10x10, 20%20, 30%30, 40x40, and 50x50 were 26.48, 24.58, 20.44, 16.78,
and 10.38, respectively, which deviated significantly from the original RO value of 45.54. In contrast, the El values
remained around 81 across all patch sizes, indicating that varying patch sizes did not affect EI.

Conclusions: Patch-based histogram analysis offers a complementary method for assessing muscle texture in
ultrasound. While El appears to be robust to ROI subdivision, EV shows variability, raising concerns about its reli-
ability when small patches are used. Standardized methods and future research with larger datasets are needed to
optimize echotexture analysis and ensure reproducibility in clinical practice.

Keywords: Ultrasonography; Muscle tissue; Echotexture analysis; Histogram; Stroke.
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1. Introduction

Ultrasound imaging is a non-invasive, safe, accessible, and cost-effective technique commonly
used for assessing muscle structure and function. It is widely utilized across various medical
fields, including sports medicine, rehabilitation, and the assessment of neuromuscular disor-
ders'*?. One of its primary advantages is that it provides high-resolution, real-time imaging, en-
abling the visualization of muscle dynamics and tissue changes®. Additionally, ultrasound of-
fersvaluable quantitative and qualitative insights into muscle tissue, making it an essential tool
for diagnosing and monitoring muscle diseases and alterations”. However, despite significant
advances in ultrasound technology, the quantitative analysis of ultrasound images remains a
major challenge in medical and clinical research.

Image texture is commonly defined as the spatial variation of pixel intensity, and in ultrasound
imaging, this concept is referred to as echotexture®”. This definition is widely accepted in im-
age processing, where texture analysis techniques are employed for classification, segmenta-
tion, and synthesis®. Several computational approaches have been developed to facilitate the
identification of complex tissue patterns from texture feature extraction from images, such as
the gray-level co-occurrence matrix (GLCM), gray-level run-length matrix (GLRLM), Fast Fourier
transform (FFT), and neural networks'®.

Among these approaches, histogram analysis has received considerable attention due to its
simplicity and utility in the assessment of muscle composition, particularly in the evaluation
of neuromuscular disorders 1%, This technique examines the distribution of pixel inten-
sities within ultrasound images, allowing the extraction of first-order statistical features such
as mean, standard deviation, skewness, kurtosis, energy, or entropy*?. Previous studies have
shown that these statistical parameters derived from histogram analysis can characterize mus-
cle tissue quality in different health conditions, demonstrating their potential for use in clini-
cal settings'***%. The advantage of histogram-based (first-order) parameters over second-order
parameters such as GLCM and GLRLM is that they can be directly computed from the original
pixel values and the initial image matrix. In contrast, second-order parameters require the prior
calculation of GLCM and GLRLM matrices before extracting the desired features. On the oth-
er hand, second-order parameters may provide additional texture information that cannot be
captured by first-order parameters.

Among the key quantitative features extracted from muscle tissue in neuromuscular disorders
and other neurological disorders such as stroke, echointensity (El) and echovariation (EV) have
proven to be particularly relevant and applicable to clinical practice***?!, On the one hand, El
determines the mean pixel intensity, while EV quantifies the variation of the El. In particular, a
study by Asadi et al.”” analyzed ultrasound images of the gastrocnemius medialis in stroke in-
dividuals and found a strong inverse correlation between EV and the modified Heckmatt scale.
However, this scale has notable limitations due to its subjective nature and its restricted four-
grade grading system"?, so EV was proposed as a reliable quantitative approach to assess mus-
cle tissue quality in individuals with stroke®.

In the aforementioned study®” the region of interest (ROI) for echotexture feature extraction was
defined as the largest possible area of muscle tissue between the superficial and deep fascia.
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However, there is considerable variability in the selection and size of ROIs among studies ana-
lyzing muscle echotexture!™*?*2%, |n addition to this variability, when performing the histogram
analysis on a selected RO, it remains unclear to what extent the chosen methodology influences
the extracted echotexture features. Some studies may simply select the entire ROI as a single
unit, while others may segment the same image into multiple ROIs, or even divide each ROl into
patches of different sizes. The previous histogram-based analyses often considered one ROl with-
out accounting for spatial heterogeneity within the muscle!****., This limitation may lead to an
oversimplified representation of muscle echotexture, potentially missing localized pathological
changes. The proposed patch-based analysis methodology could provide a more complete and
reliable representation of the selected RO, as it generates a distribution of values rather than a
single value and may also enhance sensitivity to subtle tissue alterations. However, the impact
of this approach on key muscle tissue analysis features, such as El and EV, is unknown.

Therefore, the primary objective of this study was to perform a complementary analysis of El
and EV variations in a single stroke patient using a histogram-based analysis by dividing the
original ROI into patches of different sizes. This study aims to investigate whether patch-based
division influences histogram-derived muscle tissue analysis, specifically examining the impact
of patch size on the assessment of echotexture in ultrasound images.

2. Description of the clinical case

2.1 Patient information

A single participant was selected from the study's dataset by Asadi et al'*”. This stroke patient
was recruited from the Hospital Clinico Universitario Lozano Blesa in April 2024. Inclusion crite-
ria required participants to be older than 18 years, have a confirmed diagnosis of stroke verified
by computed tomography (CT) or magnetic resonance imaging (MRI), and be able to walk inde-
pendently, with or without assistance. Exclusion criteria included the presence of other neuro-
logical disorders, history of lower extremity surgery, or any medical condition that could inter-
fere with data collection. The study was approved by the Aragon Ethics Committee (P124/030)
and registered in ClinicalTrials.gov (NTC06411587). In addition, the study adhered to the ethical
guidelines of the Declaration of Helsinki"*".

2.2 Data Collection

In the study by Asadi et al.*?, ultrasound images were acquired using the Butterfly iQ+ portable
ultrasound system, following a standardized imaging protocol with a gain setting of 50% and a
depth setting of 5-7 cm. A trained physiotherapist performed the scans while the patients were
seated with knees flexed at 90°. The ultrasound probe was placed proximally at 30% of the dis-
tance between the medial condyle of the tibia and the medial malleolus, with an adjusted angle
of approximately 35-45° to optimize image quality.

For this case study, a single image of the gastrocnemius medialis muscle was randomly select-
ed from the data set collected by Asadi et al.*” for detailed analysis. The method of muscle
tissue extraction was identical to that used in the original study, and this extracted area was
considered the main RO, carefully chosen to include as much muscle tissue as possible while
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excluding superficial and deep fascia®®. The selected original ROl was then converted from
color to grayscale using a Python-based program for further analysis.

2.3 Data Analysis

In this case study, the grayscale ultrasound ROl was divided into square patches of predefined
sizes (10x10, 20x20, 30%30, 40x40, and 50x50 pixels). Each patch size is shown in Figures 1 to 5
of the supplementary material. For each patch, El, defined as the mean intensity of the pixels
within the ROI, and EV, defined as the ratio of the standard deviation to the mean intensity, were
calculated. The corresponding formulae are as follows:

N (xi—u)?
z;b.l-_q Xi

%Z’i‘f__l x; forEl for EV

Descriptive statistics were calculated to characterize the El and EV value distribution, including
mean, standard deviation, median, interquartile range (IQR), and skewness. Skewness was used
to classify the shape of the distribution as normal, right-skewed, or left-skewed. Histograms of
both features were generated to visualize their distributions, with annotations highlighting key
statistical measures.

The normality of the El and EV distributions was first assessed by inspecting the histograms.
If the distribution appeared normal, the mean and standard deviation were used for further
analysis; whereas if the distribution of EI or EV was skewed (right or left), the median and IQR
were used instead. In both cases, the correlation between El or EV and data dispersion was cal-
culated using Kendall's tau coefficient, a rank-based method well suited for small data sets'***°.

The selected statistical measures were then compared with the original El and EV values of the
original ROl in a graphical representation to evaluate the observed changes and assess the dis-
persion of EV and El depending on the patch size selected for the ROI. Additionally, to improve
visualization and facilitate a clearer and more accurate comparison of variations, changes in
EV were scored on the primary EV function for stroke patients derived from the study by Asadi
et al.””. This function showed that higher EV values were associated with better muscle tissue
quality, whereas lower EV values correspond to greater muscle impairment in stroke-affected
muscles™. Therefore, the mean or median EV values extracted from the histograms were plot-
ted on the function: y=ae™+c*e®+E ; using the parameters: a=37.13,b=-0.14, ¢ = 132,052.16,
d=-2*10"%, and E =-131,990.30. There is no equivalent function for El, which precludes apply-
ing the same approach to this feature.

3. Results

The distribution type, mean, standard deviation, median, and IQR were calculated for the origi-
nal ROI with five different patch sizes: 10x10, 20%20, 30%30, 40x40, and 50x50 pixels. The results
indicated that the histogram showed a normal distribution for the El feature, whereas the EV
feature showed a right-skewed distribution, suggesting that the EV data did not conform to
normality. Figure 1 presents the histogram plots for El, while Figure 2 shows the histogram plots
for EV for each patch size.
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Figure 1. Echointensity histograms derived from the original ROI of the ultrasound image of the gastrocnemius medialis muscle. The x-axis
represents the echointensity values, while the y-axis indicates the frequency of occurrence. (a) Histogram for 10x10 pixel patches, (b) 20x20
pixel patches, (c) 30x30 pixel patches, (d) 40%40 pixel patches and (e} 50%50 pixel patches.
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Figure 2. Echovariation histograms derived from the original ROl of the ultrasound image of the gastrocnemius medialis muscle. The x-axis
represents the echovariation values, while the y-axis indicates the frequency of occurrence. (a) Histogram for 10x10 pixel patches, (b) 20x20
pixel patches, (c) 30x30 pixel patches, (d) 40x40 pixel patches and (e} 50%50 pixel patches.
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On the one hand, since the El values followed a normal distribution, the mean and standard
deviation were used to describe the data. Kendall's correlation coefficient yielded a value of
-0.4, indicating no significant correlation between the mean El and its standard deviation. Fig-
ure 3 illustrates the El and standard deviation variations for each patch size. Both parameters
remained relatively stable across the different patches, with values approaching the 81.89 value
of the El of the original ROI.
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Figure 3. Line graph illustrating the mean and standard deviation values of echointensity for each patch size. The X-axis represents the patch
sizes, while the Y-axis indicates the corresponding values of the mean and standard deviation of echointensity. The blue line represents the
mean and the orange line the standard deviation.

On the other hand, the EV values followed a non-normal distribution, which made it necessary
to use the median and IQR to summarize the data. In addition, Kendall's correlation coefficient
yielded a value of 1, indicating a perfect correlation between median EV and IQR values. Figure
4 illustrates the variations of median EV and IQR in the histograms for the predefined patch
sizes. The highest median EV value (26.48) was observed at the 50x50 patch size, which was
still substantially lower than the EV value of 45.54 of the original ROI. In addition, the dispersion
values indicate that smaller patch sizes showed the lowest IQR, while larger patch sizes showed
an increasing IQR (Figure 4). Therefore, as the patch size increases, both the dispersion and the
median EV increase, progressively approximating the EV value of the original ROI.
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Figure 4. Line graph illustrating the median and interquartile range (IQR) values of echovariation for each patch size. The X-axis represents
the patch sizes, while the Y-axis indicates the corresponding values of the median and IQR of echovariation. The blue line represents the
median and the orange line the IQR.
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The median EV values extracted from the histograms were plotted on the function derived from
the study by Asadi et al.”” In our case study, the results revealed a clear trend: as patch size de-
creased, median EV shifted toward values characteristic of more affected regions; conversely, as
patch size increased, median EV approached the EV value of the original ROI (Figure 5).

Plot of y = a e”(bx) + c e~{dx) + E

— ymae™cetiE

Echovariation

Figure 5. Visualization of the median values of echovariation (EV) extracted from the histograms for different patch sizes, represented in the
function of the study by Asadi et al. (20). From left to right: 45.54 represents the original ROI, 26,48 corresponds to the 50x50 patch, 24.58 to
the 40x40, 20.44 to the 30x30, 16.78 to the 20x20, and 10.38 to the 10x10 pixel.

4. Discussion

Numerous studies have employed histogram-based approaches to extract quantitative features
from ultrasound images. Some researchers have refined this methodology by segmenting the
image in different ROIs before applying histogram analysis to improve diagnostic accuracy and
interpretability®* *. This segmentation-based approach allows a localized assessment of tis-
sue features, which is particularly valuable in medical imaging. To our knowledge, no previous
studies have explored whether dividing the ROl into patches produces different results than
analyzing the entire ROI, which remains the most commonly used method in histogram-based
analysis. Furthermore, to our knowledge and our findings, no research has examined how patch
size influences histogram-derived outcomes when applying a patch-based approach. The pro-
posed methodology could provide a more representative characterization of muscle tissue and
improve the reliability of comparisons between studies with similar objectives.

In this study, we integrate histogram-based analysis with a patch-based dividing strategy of the
ROI, which included the maximal amount of muscle tissue in the gastrocnemius medialis. Our
results indicate that mean El values calculated from patches accurately reflect the El of the orig-
inal ROL. In contrast, the median EV values obtained from patches do not reliably represent the
EV of the original ROI. This discrepancy is critical, as previous research has successfully clas-
sified muscle tissue characteristics in stroke patients based on EV values’. If the EV values
of smaller patches deviate significantly from the actual EV of the original ROI, questions arise
about the reliability of using the mean EV values of patches for clinical or diagnostic purposes.
Our results suggest that relying on the median EV of smaller patches could lead to misinterpre-
tations, as these values may not accurately reflect the severity of muscle impairment”.

Regarding the standard deviation or IQR values, our analysis demonstrates that, for the El fea-
ture, there are no differences in the standard deviation values extracted from the patched ROI
compared to the original ROI. However, for the EV feature, there is a systematic increase in the
IQR as the patch size increases. This finding is crucial, as it suggests that changes in patch size
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influence the statistical representation and, consequently, the interpretation of EV on ultra-
sound images, which has been defined as a relevant ultrasonographic objective indicator in
previous studies for different neurological populations® . Consistent with our findings, sever-
al previous studies have explored how different methods of segmenting ROIs within the same
ultrasound image may affect, for example, the performance of automated tumor selection al-
gorithms®®* or luminal contour detection in intravascular ultrasound®*.

A limitation of our study is that the analysis was performed on a single ultrasound image and
only analyzed in a ROI size, which included the maximal amount of muscle tissue. Although
the results of this methodology suggest a clear pattern and indicate that the El feature can be
used reliably, unlike EV, further studies are needed to validate these findings. Future research
should include comparisons using more images for each patch size and assess the impact of
different ROI sizes within the same image. In addition, it is essential to investigate whether a
standardized patch division strategy across an entire dataset could improve the classification
of ultrasound images by correlating the results with validated tools such as the Heckmatt scale.
A uniform approach could allow for more consistent feature extraction and improve differentia-
tion between healthy and affected tissues. These studies are crucial to determine whether this
methodological framework could improve the diagnostic value of echotexture analysis, partic-
ularly for the EV feature.

5. Conclusion

This study explored a complementary patch-based histogram analysis to assess muscle tissue
characteristics in ultrasound images, focusing on El and EV features. Our findings indicate that
the El values from divided patches closely align with the original ROI's, supporting their stability
as a valuable muscle tissue characterization indicator. However, EV values from smaller patches
deviate significantly from the original ROI, raising questions about its reliability for clinical ap-
plications, as the variations in ROI division influence its statistical representation. Although this
study is limited to a single ultrasound image in a single ROl size, the results underscore the need
for standardized methodologies in histogram-based analysis and further research to refine the
use of EV in diagnostic applications of ultrasound imaging.
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Supplementary material

Figure S1. Original ROI of the whole muscle segmented into 10*10 pixel patches.

Figure $2. Original ROI of the whole muscle segmented into 2020 pixel patches
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Figure $3. Original ROI of the whole muscle st

30°30 pixel patches.

Figure S4. Original ROl of the whole muscle segmented into 40*40 pixel patches
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Figure S5. Original ROl of the whole muscle s nted into 5050 pixel patches.
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