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Abstract: Objective: To analyse the relationship between traditional stiffness and muscle
antagonist coactivation in both stroke and healthy participants, using linear and non-
linear measures of coactivation and COP during standing, stand-to-sit, and gait initiation.
Methods: Participants were evaluated through a cross-sectional design. Electromyography,
isokinetic dynamometer, and force plate were used to calculate coactivation, intrinsic
and functional stiffness, and COP displacement, with both linear and non-linear metrics.
Spearman’s correlations and Mann-Whitney tests were applied (p < 0.05). Results: Post-
stroke participants showed higher contralesional intrinsic stiffness (p = 0.041) and higher
functional stiffness (p = 0.047). Coactivation was higher on the ipsilesional side during
standing (p = 0.012) and reduced on the contralesional side during standing and transitions
(p < 0.01). Moderate correlations were found between intrinsic and functional stiffness
(p = 0.030) and between coactivation and intrinsic stiffness (standing and stand-to-sit:
p = 0.048) and functional stiffness (gait initiation: p = 0.045). COP displacement was reduced
in post-stroke participants during standing (p < 0.001) and increased during gait initiation
(p = 0.001). Post-stroke participants exhibited increased gastrocnemius/tibialis anterior
coactivation during gait initiation (p = 0.038) and higher entropy and stability across tasks
(p < 0.001). Conclusion: Post-stroke participants showed higher contralesional intrinsic
and functional stiffness, reduced coactivation in static tasks, and increased coactivation in
dynamic tasks. COP and coactivation analyses revealed impaired stability and random
control, highlighting the importance of multidimensional evaluations of postural tone.

Keywords: muscle tone; postural control; neuromuscular adaptation; non-linear analysis;
biomechanical stability
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1. Introduction

As described by Nikolai Bernstein, muscle tone is a complex and dynamic condition
that underpins the central nervous system’s (CNS) functional adaptations [1,2]. It arises
from hierarchical and reciprocal anatomical and neurological connectivity, representing
a state of readiness for movement [3], and is regulated through intricate interactions
between neural input and output systems, adapting to meet task-specific performance and
biomechanical requirements [4]. Fundamentally, it acts as a construct of motor control,
balancing force, coordination, and task execution [2].

While traditional approaches provide valuable insights into certain aspects of muscle
tone, a more comprehensive evaluation is needed to fully capture its neurofunctional and
biomechanical dimensions [4]. Methods such as asking a person to relax without perform-
ing any movement tend to focus on its mechanical properties, such as passive stiffness,
which characterises the deformability of certain bodies under the influence of external
forces [4-6]. Although informative, these methods may not fully reflect the active neural
and sensory components of tone. Bernstein’s hierarchical model further emphasises that
muscle tone reflects a state of preparedness for movement, integrating sensory feedback
and motor commands to enable both postural and movement control [4]. Thus, to structure
a logical progression of the literature, it is important to consider how different models
and methodologies have evolved to improve our understanding of muscle tone. Early
models primarily focused on mechanical properties such as passive stiffness [3,7], which
provided insight into the elasticity and resistance of muscles but failed to capture active
neuromuscular components. Subsequent models integrated motor control theories, em-
phasising the role of sensory feedback and neuromuscular adaptation [3,4,8]. Given this
emerging dynamic understanding, there is a growing need for complementary approaches
that capture both static and dynamic aspects of muscle tone.

Increased passive stiffness, a measurable component of muscle tone, has been iden-
tified in post-stroke patients [3,7], particularly in distal segments such as the plantar
flexors [9,10]. However, passive stiffness alone fails to capture the active components of
tone, which depend on the integration of neuronal circuits, sensory feedback, and dynamic
motor strategies [3,4,11]. Complementing this perspective, a broader and more dynamic
approach of tone—postural tone—also reflects tonic muscle activation that supports anti-
gravity functions and facilitates the continuous, minor adjustments required for stability
and movement [12].

The modulation of postural tone relies on the excitability of motoneurons and in-
terneurons, influenced by reticulospinal and vestibulospinal outputs, as well as contextual
factors such as gravity exposure [13,14]. This dynamic process highlights the importance of
evaluating tone not only through its mechanical properties but also through its functional
contributions to postural stability and movement demands [4].

Concerning postural stability during daily tasks, the coordinated activation of agonist
and antagonist muscles is required. For example, antagonist coactivation (CoA) plays a
critical role in modulating joint stiffness and maintaining dynamic posture under varying
biomechanical and environmental conditions [1,15]. A clear example of this regulation can
be observed in the muscles of the ankle, which are essential for controlling the vertical
projection of the centre of mass (COM) relative to the base of support in standing positions—
the centre of pressure (COP) [16]. Furthermore, these muscles contribute significantly
during transitions such as walking initiation [17] and sitting down [18,19]. Incorporating
the study of CoA into the biomechanical quantification of postural tone seems crucial for a
comprehensive understanding of postural control (PC) mechanisms [20,21]. Given its role
in compensatory strategies, particularly in neurological conditions such as stroke, analysing
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CoA alongside stiffness parameters provides deeper insight into postural stability and its
rehabilitation implications [22,23].

Postural stability indicators, such as COP displacement (dCOP), provide valuable
insights into the resulting output of tonus modulation and reveal dysfunctions in neuro-
muscular coordination [24]. dCOP reflects the dynamic interplay between sensory input,
motor output, and biomechanical constraints, making it a critical tool for assessing PC,
particularly during tasks involving perturbations [25-27]. Impaired neuromuscular coor-
dination is often manifested as a disruption in the balance between passive stiffness and
active muscle coactivation, emphasising the importance of a complementary assessment
that integrates active and passive components to better understand their contribution to
PC in specific clinical populations, such as stroke survivors [28-30].

Recent advances in biomechanics and neuroscience suggest that PC and stability rely
on neuromuscular adjustments made in discrete time intervals rather than continuously [31].
Studies using inverted pendulum models of postural sway have shown that long-term
correlations and heterogeneity in time-series data arise from intermittent corrective actions
rather than a continuous control strategy [31,32]. This paradigm provides a more nuanced
understanding of postural stability regulation, demonstrating that non-linear methods
may offer valuable insights beyond traditional stiffness-based assessments [31,33]. Specifi-
cally, evidence suggests that these control mechanisms contribute to postural instability in
elderly populations and patients with Parkinson’s disease, further reinforcing the impor-
tance of integrating non-linear methodologies in neuromuscular control research [33,34].
This approach emphasises the need for alternative analytical models beyond linear as-
sessments [35]. This progressive evolution of these models highlights the necessity of
incorporating non-linear analytical approaches to better capture the complexity of muscle
tone regulation [34,36].

To the best of our knowledge, no studies have specifically applied non-linear method-
ologies to the assessment of muscle tone. This represents a significant gap in the literature,
as these tools are uniquely suited to quantify the temporal dynamics and complex interde-
pendencies of neuromuscular control, supporting the application of entropy measures and
Lyapunov (LyE) analysis to assess postural dynamics. These methods provide a deeper
understanding of the inherent variability, adaptability, and stability of neuromuscular
systems in varying conditions [31,34,37,38]. For instance, entropy measures can reveal the
unpredictability and complexity of neural and muscular signals, while Lyapunov analysis
assesses the stability of these systems by examining how small perturbations evolve over
time [32,35,39,40]. These methods are particularly relevant in CNS impairments, such as
in stroke survivors [32]. By addressing this gap, the incorporation of non-linear analyses
into muscle tone assessment has the potential to advance our understanding of its reg-
ulation and contribute to the development of more precise, individualised therapeutic
strategies [40].

Given these challenges, there is a growing need for improved assessment tools in the
context of stroke rehabilitation, where dysfunctions in muscle tone modulation significantly
affect motor recovery and functional outcomes. By complementing traditional methods
with advanced biomechanical and electrophysiological approaches, this study seeks to
enhance our understanding of muscle tone and its functional implications. Building on
this background, this study aims to analyse the relationship between traditional stiffness
quantification and muscle coactivation in both stroke and healthy individuals, using linear
and non-linear measures of muscle coactivation and COP across functional tasks. To
achieve this, we adopted a structured analytical approach comprising three key steps. First,
we characterised intrinsic stiffness, functional stiffness, and antagonist muscle CoA in both
groups. Second, we explored the relationship between intrinsic and functional stiffness and
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their association with antagonist CoA across the three functional tasks (standing, stand-
to-sit, and gait initiation), while also examining CoA patterns between groups to identify
potential neuromuscular adaptations in stroke survivors. Third, based on the hypothesis
that CoA better reflects the neurophysiological mechanisms underlying postural tone, we
conducted an in-depth analysis of CoA and centre of pressure (COP) dynamics using
both linear and non-linear approaches. This multi-level analysis enabled us to establish
connections between stiffness, muscle CoA, and postural stability, offering a comprehensive
neurobiomechanical characterisation of postural tone in stroke survivors.

2. Materials and Methods
2.1. Study Design

A cross-sectional observational study was conducted to explore kinetic and electromyo-
graphic variables in post-stroke subjects (referred to as the “stroke group”), and subjects
without a history of stroke and without self-reported disabilities (referred to as the “healthy
group”), used as a reference for typical movement performance.

2.2. Participants

Twelve subjects who had a unilateral stroke episode at least six months earlier
(5 women, 7 men) and 12 healthy subjects (8 women, 4 men) participated in this study.

For the post-stroke subjects, the mean time between stroke and inclusion in this study
was 26.7 months (SD = 12.10 months). All post-stroke subjects had experienced an ischemic
stroke: 9 had an infarction in their left hemisphere, whereas 3 had an infarction in their
right hemisphere, resulting in motor control dysfunction of the contralesional lower limb
(CONTRA). To be included, participants were required to meet the following criteria:

(a) Have experienced a first-ever ischemic stroke, in chronic phase [41-43], involving the
middle cerebral artery territory—specifically at the internal capsule—as revealed by
computed tomography [42,43];

(b) Have a Fugl-Meyer Assessment of Sensorimotor Recovery After Stroke score below
34 in the lower limb subsection [43];

(¢) Nothave a grade 3 score for the Achilles’ tendon reflex;

(d) Present clinical signs of increased muscle tone (with a minimum score of 1 in the
Modified Ashworth scale) in the calf muscles [44];

(e) Have the capacity to perform stand-to-sit (StandTS), maintain a stand position, and
initiate gait without the use of orthoses;

(f) have provided written or verbal informed consent to participate in the study.

None of the subjects received antispastic medication during the study. Subjects were
excluded if they met any of the following criteria:

(a) Had any cognitive deficits that could hinder communication and cooperation, assessed
by the Mini-Mental State Examination [45];

(b) Had history of orthopaedic or neurological disorders known to affect stiffness, or
other conditions (e.g., sensory impairment, diabetes, thrombophlebitis, history of
lower limb surgery, or any orthopaedic or rheumatoid conditions) that could interfere
with StandTS, stand position or gait;

(c) Were taking medication that could affect motor performance.

Data from the stroke group were compared with data obtained from the 12 subjects
in the healthy group. All healthy subjects were sedentary adults without self-reported
disabilities, recruited by direct invitation. They were excluded if they had met the
following criteria:

(a) Altered mental state with interference in communication and cooperation [41-43];
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(b) History or sign of neurological dysfunction [46];

(c) Presence of pain that could interfere with the performance of sitting, standing, or
walking [43];

(d) History of anatomical deformities, osteoarticular, musculotendinous injury, or lower
limb surgery in the last 6 months [43,46];

(e) Exposure to medication with interference with the motor performance of the lower
limbs [41,42];

(f) Practice of moderate (i.e., at least 30 min, 5 days a week) or vigorous (i.e., at least
20 min, 3 days a week) levels of physical activity [47].

The study was approved by the Institutional Ethics Committee of the School of Health,
Polytechnic of Porto (CE 1484). All participants provided their written informed con-
sent to the experimental procedures, following the principles outlined in the Declaration
of Helsinki.

2.3. Instruments
2.3.1. Sample Selection and Characterisation

Inclusion and exclusion criteria were verified through a questionnaire to characterise
the participants in terms of age, sex, weight, height, dominance (for both healthy and stroke
groups), and time since stroke (for the stroke group).

Weight (Kg) and height (m) were assessed using a seca® 760 scale (seca—Medical
Scales and Measuring Systems®, Birmingham, UK), with a scale of 0.1 Kg; and a seca® 222
stadiometer (seca—Medical Scales and Measuring Systems®, UK), with a 1 mm scale.

The physical activity level of healthy participants was assessed using the Brief Physical
Activity Assessment Tool [48]. This questionnaire classifies participants as sufficiently or
insufficiently active, showing good construct validity (0.40 < k < 0.64), sensitivity (0.75,
95% CI: 0.70-0.79), and specificity (0.74, 95% CI: 0.71-0.77) when compared to accelerometry
and other physical activity questionnaires [49].

The Mini-Mental State Examination scale was used to assess cognitive level [50].
This scale evaluates five cognitive domains: memory, attention, calculation, language,
and praxis, with a maximum score of 30 points. It has been adapted and validated for
the Portuguese population, demonstrating a sensitivity of 63-73.4% and a specificity of
90-96.8% [51,52].

The Ashworth Scale was used to determine muscle tension during passive stretching.
It is widely recognised for its intra- and inter-observer reliability [53].

The Portuguese version of the Fugl-Meyer Assessment of Sensorimotor Recovery
After Stroke was applied to assess post-stroke sensorimotor impairment of the lower
limb [54,55]. This version presents excellent internal consistency (x Cronbach = 0.99) and
considers a score below 34 as indicative of sensorimotor impairment [56,57].

2.3.2. Kinetic Data

The anteroposterior (Fx) and vertical (Fz) components of the ground reaction forces
(GRE), force moments (Mx and Mz), and dCOP were assessed using a force plate, model
FP4060-10 from Bertec Corporation (Columbus, OH, USA), connected to a Bertec AM
6300 amplifier.

To calculate ankle intrinsic stiffness (iStiff), angular position (°) and velocity (°/s), a
Biodex System 4 Pro® isokinetic dynamometer (Biodex Medical Systems, Inc., Shirley, NY,
USA) was used. This dynamometer is a valid and reliable instrument (ICC = 0.97) [58]. A
universal goniometer was used to ensure the neutral position of the ankle (0 &= 1.00°) on
the lever axis of the isokinetic dynamometer.
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2.3.3. EMG Data

To guarantee that there was no muscle activity during ankle iStiff, surface electromyo-
graphy (EMG) was assessed using a Biopac MP150 workstation that was synchronised
with the isokinetic dynamometer (Biopac Systems, Inc., Goleta, CA, USA). Active TSD150B
electrodes with a bipolar configuration were positioned on the tibialis anterior (TA), soleus
(SOL), and gastrocnemius medialis (GM) muscles.

During the assessment of functional tasks, bilateral EMG activity of TA, SOL, and GM
muscles was collected to assess antagonist coactivation (CoA), using a wireless EMG acqui-
sition system (TrignoTM, Delsys Inc., Natick, MA, USA). Pre-amplified bipolar differential
electrodes (Trigno Avanti Sensor model), with a rectangular configuration of two AgCl bars
placed in parallel (inter-electrode distance of 10 mm), were used to collect the EMG signal.
EMGworks software 4.0 (Delsys Inc., USA) was used to analyse the EMG signal quality. An
Electrode Impedance Checker VR (Noraxon, Scottsdale, AZ, USA) was also used to measure
the level of skin impedance. The data from this system and kinetic data were collected
synchronously using the Qualisys Track Manager (Qualisys AB®, Gothenburg, Sweden).

2.4. Procedures

Data were collected at the Centre for Rehabilitation Research (CIR), School of Health,
Polytechnic Institute of Porto, in a controlled environment. Each task was performed by a
single researcher to minimise inter-rater variability. Prior to data collection, anthropometric
measures were recorded for each participant.

2.4.1. Skin Preparation and Electrodes Placement

The skin surface over the belly of the selected lower limb muscles was prepared by
shaving and removing dead skin cells and non-conductive elements with isopropyl alcohol
(70%) and an abrasive pad to reduce its electrical resistance. An electrode impedance
checker was used to ensure that impedance levels were lower than 5 k() [59].

Electrodes were placed according to the Surface ElectroMyoGraphy for the Non-
Invasive Assessment of Muscles (SENIAM) [59] and the anatomical references from [60]
(Table 1). Electrode placement was confirmed by palpation.

Table 1. Electrode placement anatomical references [59,60].

Muscle Anatomical Reference

Proximal third of the line between the tip of the fibula

Tibialis Anterior and the tip of the medial malleolus.

2 cm distal to the lower border of the gastrocnemius
Soleus medialis muscle belly and 2 cm medial to the posterior
midline of the leg.

Gastrocnemius Medialis Most prominent portion of muscle belly.

cm—centimetres.

2.4.2. Data Acquisition

e  Ankle intrinsic stiffness

Participants were seated on the Biodex system adjustable chair with the knee in full
extension (0°) and the hip at 80° flexion and 0° DEF. This orientation of the lower limb was
chosen according to the Biodex System 4 Pro® dynamometer user manual (Biodex Pro
Manual, Applications/Operations; Biodex Medical Systems, Inc., Shirley, NY, USA) to
obtain ankle iStiff values in a position as similar as possible to the uSt position used during
the functional tasks under study (0° knee flexion and 0° ankle DF)—StandTS, uSt, and gait
initiation (GI) [61]. Adjustable straps provided stabilisation at the chest, waist, and thigh,
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and the foot was secured using two adjustable straps. The anteroposterior (AP) ankle centre
of rotation was aligned with the rotational axis of the dynamometer. Three passive DF
were imposed on both limbs of post-stroke and healthy subjects, at a velocity of 5° /s, from
maximum comfortable plantarflexion (PF) to maximum comfortable DF. A velocity of 5°/s
is considered slow enough to be used as a subthreshold for evoking a stretch reflex [62]
and has been used in previous studies [42]. Pauses of 1 s separated each passive DF, during
which the ankle was placed at a neutral position. During testing, subjects were instructed
to relax all muscles in the lower limb and to refrain from interfering with the passive
movements. Before data collection, each subject had familiarisation trials. In addition, these
testing procedures decrease thixotropy [63] and the stress relaxation phenomena [64].

Data concerning the angular position and torque from the dynamometer were collected
at 1000 Hz, along with EMG. Additionally, to ensure that reflexive or voluntary muscle
activity was not elicited during the passive movements, EMG signals from the SOL, GM,
and TA muscles from the stroke group in the CONTRA and ipsilesional (IPSI) lower limbs,
and in the healthy group in the dominant (DOM) and non-dominant (NDOM) lower limbs,
were acquired at the same sample rate using the previously described surface EMG system
(Biopac Systems, Inc., Goleta, CA, USA).

e  Functional stiffness

Participants maintained the uSt position with minimal movement, with feet placed
naturally on the force plate, configured at a 1000 Hz sampling frequency [65], and the upper
limbs parallel to the trunk (according to individual capacity), with a visual reference at eye
level placed 2 m away, for 30 s [66].

e  Antagonist coactivation in Standing, StandTS, and GI

For the functional tasks under study, data were collected using the force plate and
bilateral EMG from the SOL, GM, and TA muscles [18,41,60,65]. The necessary repetitions
were performed to obtain three valid ones [67,68], and a minimum interval of one minute
between repetitions was allowed to avoid fatigue [19].

Subjects assumed the uSt position with minimal movement [69], with their feet sponta-
neously placed on the force plate [17,70], their upper limbs parallel to the trunk (according
to individual capacity), and a visual reference at eye level placed 2 m away [66]. This
initial (starting) uSt position was marked on the top of the force plate to ensure consistency
across trials.

In order to collect data in uSt, participants maintained this position for 30 s [66,71].
Both groups were assessed: healthy (DOM and NDOM) and stroke (CONTRA and IPSI).

In StandTS data acquisition, subjects, starting from the uSt position, were instructed
to perform the task at their normal speed using the above-mentioned visual reference [72],
without resorting to the upper limbs or moving their feet after the verbal command “Please,
sit”, thus ensuring the validity of the repetition [73-75]. Both groups were assessed: healthy
(DOM and NDOM) and stroke (CONTRA and IPSI).

In GI data collection, subjects, in the starting uST position, were asked to start walking
at their usual speed over a predetermined distance of 5 m [65], upon hearing the voice
command “Please, walk”. Repetitions were considered valid when performed with at
least three steps [76-79]. No additional instructions were given, so as not to influence the
accomplishment of the task [80,81]. Both groups were assessed: swing (SWING) and stance
(STANCE) lower limbs from healthy and stroke participants.

If participants displayed hesitation due to unclear understanding of the instructions
or required physical assistance, the trial was conducted again [82]. Before data collection,
participants were allowed to perform practice trials to warm up and become familiar with
the experimental setup and procedures [43,72]. All participants wore standardised footwear,
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consisting of flat shoes with rubber soles and laces, properly fitted to their size [60,83].
No orthotics or assistive devices were used by participants during the data collection
process [60].

A representative diagram of the data acquisition process is represented below
(Figure 1). Both the healthy and stroke groups were evaluated using the same experi-
mental protocols.

Experimental Setup

A 4

12 healthy and 12 post-stroke
participants

Intrinsic Stiffness Functional Stiffness
data aquisition data aquisition

A 4

Antagonist Coactivation
data aquisition

A 4
| | Stand-to-Sit | | Gait Initiation |

Figure 1. Experimental setup for data acquisition on both healthy and stroke groups: “ankle in-

”ou

trinsic stiffness”, “functional stiffness”, and “antagonist coactivation” in standing, stand-to-sit, and
gait initiation.

2.4.3. Data Processing

e Ankle intrinsic stiffness

The software Acqknowledge® version 3.9 was used to process and analyse data from
the MP150 system (Biopac Systems Inc., Goleta, CA, USA), namely torque, angular position,
and EMG. EMG signals were band-pass filtered with a 4th-order zero-phase shift Butter-
worth at 20-500 Hz and root-mean-squared using a 100-sample moving window [84,85].

Torque and angular position data corresponding to the bilateral DF in the healthy and
stroke groups were the only part of the cycle considered [61]. To eliminate the confounding
effects of inertia and to ensure the analysis of constant velocity data, the first and last
degrees of DF were not included in the analysis [86,87]. Repetitions with the presence of
voluntary and/or reflex muscle activity were not considered valid [88]. Trials in which
EMG activity in the SOL, GM, or TA exceeded 5 nV were excluded, considering that the
normal amplitude of EMG signals in resting muscles is around 2-5 pV [89].



Sensors 2025, 25, 2196

9 of 35

Ankle iStiff (Nm/°) was quantified for each limb (DOM, NDOM, CONTRA, and IPSI)
from the three valid repetitions by constructing a scatter plot in Matlab™ R2021a software
(The MathWorks®, Inc., Natick, MA, USA) using 4th-order polynomial equations relating
angular position and torque. As an example, Figure 2 demonstrates a scatter plot generated
from the CONTRA limb of a stroke participant, confirming the appropriateness of this
model for capturing the observed data (R? = 0.9989).

20

|

®  CONTRA data
—— 4% Order polynomial approximation
Linear approximation

Torque (N/m)

-20
-20 -10 Q 10 20 30 40

Angular Position (°)

Figure 2. Torque (Nm) versus angular position (°) with polynomial and linear fitted curves.

F(x) is the torque corrected for gravity, x is the angular position, and a—e are constants
(1) [88,90]:
F(x)=ax4 +bx3 +cx2 +dx +e (1)

For each angular position, stiffness values were calculated using the first derivative
F’(x)—the slope of Equation (2):

dy/dx = 4ax3 + 3bx2 + 2cx + d (2)

where dy/dx represents the intrinsic stiffness at each angular position [88,91].

The coefficient of determination (r2) values were obtained by calculating the two
equations above (1) and (2). The arithmetic mean of the stiffness values obtained from
the three valid repetitions was calculated [88,92]. The iStiff values were analysed at the
ankle position closest to the standing position [61]. In order to present a value that is
representative of the overall behaviour, the average of the iStiff values obtained across the
individual’s repetitions was also calculated.

e  Functional stiffness

Force plate data, namely COP data, were low-pass filtered with a 4th-order zero-phase
shift Butterworth filter at 20 Hz [70].

Given the importance of the plantar and dorsiflexor muscles in controlling the vertical
projection of the centre of mass (COM) -the centre of gravity- in the anteroposterior (AP)
direction in the uSt position [93], the main focus was on stiffness in this direction. In
order to process and analyse the functional stiffness (fStiff) values, a routine produced in
Matlab™ R2021a software (The MathWorks®, Inc., Natick, MA, USA) was used, based on a
mathematical model proposed by [94,95], in which the direct estimation of stiffness results
from the real-time measurement of the COM and COP positions (pCOP).
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The COP displacement (dCOP) value was recorded during a stable time interval in
the standing position (middle 15 s), with the feet positioned on the force plate.

For each of the three valid repetitions, a linear regression line was drawn between the
angle of oscillation—formed between the vertical line connecting the ankle to the COM and
the line of gravity, and the moment of force of the dCOP and the line of gravity—and the
moment of the ankle, representative of the two lower limbs. The calculation of the fStiff for
each repetition was then performed, after which the average of the three valid repetitions
was calculated for both healthy and stroke groups.

According to Winter et al. (1998), AP stiffness in uSt can be calculated from the readily
measured time records of COP and COM [94]. Figure 3 presents the commonly used
inverted pendulum model in the sagittal plane [95].

Figure 3. Adapted from Winter et al. (2001) [95]: Inverted pendulum model showing the variables:
centre of mass (COM), centre of pressure (COP), body weight (mg), height of COM (hCOM), vertical
component of ground reaction force (R), anteroposterior sway (6sw), and COP displacement (dCOP),
from which direct measure of muscle stiffness can be estimated.

The COM and the COP are measured relative to the ankle joint, with the COM located
at a distance (hCOM) above the ankle joint. The sway (6sw) is defined by the angle of the
line joining the ankle to the COM. Body weight (mg) is the force of the body above the
ankle joint, and the vertical reaction force (R)}—which does not include the reaction force of
the feet, considered essentially stable during quiet standing—is equal to body weight. The
sum of the left and right ankle moments, AM, is given by the following Equation (3):

AM =R x COP = Kg x COP 3)

fsw = COM/h
Stiffness Ka = AAM/dfsw

e Antagonist coactivation and COP in standing, StandTS and GI

Antagonist coactivation (CoA) in standing (DOM and NDOM lower limbs in healthy;
CONTRA and IPSI lower limbs in stroke), StandTS (DOM and NDOM lower limbs in
healthy; CONTRA and IPSI lower limbs in stroke), and GI (stance and swing lower limbs
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in both groups) was calculated according to the following steps. Registered EMG values
from a 15 s window, with the subjects stable in the uSt position before performing StandTS
and GI tasks (baseline), were used to normalise signals from those tasks. Data from dCOP
at the beginning of each task were also analysed when the condition was satisfied: both
feet on only one force plate. The identification of the postural phase initial (M0) and final
(M1) moments was based on dCOP in the AP and ML directions [65,96,97]. For GI, TO
was identified by the first temporal moment where dCOP ML or AP showed displacement
(first peak in dCOP ML signal) [98]. M0 was then defined as the beginning of the time
interval > 50 ms, calculated within a temporal window of —450 to +50 ms in relation to TO,
where dCOP in the ML or AP direction was exceeded the mean of the baseline + 3 standard
deviations (Baseline &= 3 STD). M1 was defined as the time instant at which the same signal’s
curve inverted [70]. For the postural phase of StandTS, the same criteria were applied.
During the postural phase of these three functional tasks, the root-mean-square of EMG
activity was calculated between the M0-M1 interval. For all tasks, EMG and COP data
were time-normalised to a 1 s window. To calculate CoA, the following formula was used
(4) [99]; o
CoA (%) = fzntagonzst aci:‘lvzty 100 @)
agonist + antagonist activity
For CoA calculation, the SOL and GM muscles during standing [16,63], and the TA
muscle during the other tasks [70,100,101], were considered agonists. These variables were
calculated according to the formulae presented in Table 2 [21,99,102,103].

Table 2. Antagonist coactivation formulae [21,99,102].

Muscle Pairs

Functional Task Identification Antagonist Coactivation Formula (%)
EMG
Standing TA/GM M X 100
EMG
Ve /Do EMG(SOL+GM])./§’"EMGTA x 100
Stand-to-Sit SOL/TA EMGra +EMGsor. < 100
And GM/TA Moo X 100
Gait Initiati
ait Initiation Do/ Ve EMG soL+am) % 100

EMG 501+ 1A) TEMG(soL1GMm)
TA—tibialis anterior muscle; SOL—soleus muscle; GM—gastrocnemius medialis muscle; Do—dorsal muscles
(SOL and GM); Ve—ventral muscles (TA); EMG—surface electromyographic activity.

Linear CoA variables (expressed in %) were characterised by measures of magni-
tude and variation. To perform the non-linear analysis, the largest Lyapunov exponent
was employed to evaluate system stability by examining divergence or convergence
over time [36]. Additionally, multiscale entropy (MSE) was calculated to quantify system
complexity, capturing adaptability and variability in COP-AP and coactivation variables.
Both metrics were computed using custom scripts developed in Matlab™ R2021a (The
MathWorks®, Inc., Natick, MA, USA).

Multiscale entropy (MSE) is a well-established approach for evaluating the complexity
of time series data across multiple temporal scales, enabling the identification of intricate
dynamics in physiological signals [38,104]. The sample entropy (SE) algorithm was used
to quantify regularity at each scale, building on the concept of approximate entropy, to
provide an assessment of complexity [105,106].
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The complexity index (CI) was used as the primary dependent variable to investigate
differences between the stroke and healthy groups in terms of MSE. The analysis adhered
to the protocols outlined by Costa et al. [107] and Goldberger et al. [108]. Initially, the SE
was calculated according to the following Equation (5) [109]:

Um+1(r)

SE(m, r, N) = —In U (7)

®)
where SE is the sample entropy value, m is the number of samples in comparison (m = 2), r
is the similarity threshold (0.2 of the standard deviation signal), N is the number of samples
(1000 points), and U is the probability of the samples falling within r.

The original time series was subjected to a coarse-graining process (6), enabling the
evaluation of complexity across three time scales:

1 i N
yi" = () Y, xl<ji<— (6)
! T/ i (=T tm+1 T

where yj”" represents the new time series, generated by averaging non-overlapping data
points from the original time series according to the scale factor (Tm1). This coarse-graining
procedure facilitates the computation of SE across all time scales, ranging from 1 to tm.

In Equation (7), the Cl is determined through the numerical integration of individual
SE values across all evaluated time scales:

Cr =Y, Se(i) )

where Sg is the SE value calculated at each individual time scale (i).

The LyE algorithm, originally introduced by Wolf et al. in 1985, is represented by a
single equation. In this expression (8), L denotes the distance between points, t indicates
the time lag, and M represents the total number of replacement steps [110,111].

1 Kmax 1 L.
)\ . - _ l Z+K
0= M K:;_ <K.t "L ®)

LyE calculation involved reconstructing the phase space following the approach out-
lined by Broomhead and King [112,113]. This reconstruction was achieved by creating
multiple delayed copies of the time series, using a time lag (7) to facilitate state space
representation for estimating non-linear parameters. In this study, a time lag of T =1 and
an embedding dimension of m = 2 were selected, based on previous methodological recom-
mendations and the relatively simple dynamics of the system under analysis [114]. The
algorithm quantifies the divergence or convergence of trajectories within the reconstructed
phase space, providing a numerical measure of the system’s sensitivity to initial condi-
tions [115]. Positive values indicate divergence of trajectories, reflecting greater instability
and chaotic dynamics [116]. Conversely, negative values exhibit convergent trajectories,
suggesting more robust postural control [117]. This measure highlights the adaptive com-
plexity of the PC system, balancing between stability and chaos in response to varying task
demands [40].

2.4.4. Statistical Analysis

Data analysis was conducted using IBM SPSS Statistics® version 30.0 (IBM Corpora-
tion, Armonk, NY, USA), with a significance threshold set at 0.05. The Shapiro-Wilk test
was employed to evaluate the normality of continuous variables. Descriptive statistics were
used to summarise the data, reporting the median and 25th and 75th percentiles for quanti-
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tative variables, since the normality assumption was not satisfied [118]. Non-parametric
methods were applied to assess group comparisons (Mann-Whitney test) and correlations
between variables (Spearman’s Correlation). The strength of correlations was classified
according to the British Medical Journal guidelines: very weak for correlation coefficients
of 0-0.19, weak for 0.2-0.39, moderate for 0.4-0.59, strong for 0.6-0.79, and very strong for
0.8-1.0 [100].

3. Results

Participants’ characteristics are summarised in Table 3. No significant differences
were found between the healthy and stroke groups; therefore, both groups were consid-
ered comparable.

Table 3. Participants’ characteristics: mean and standard deviation values for age, height, and weight
of the healthy and stroke groups, as well as contralesional side, time since stroke for the stroke group,
and dominance side for the healthy group.

Mean (SD) e #
-V
Healthy Stroke p-vatie
Age (years) 46.42 (8.260) 48.50 (12.330) 0.699
Height (cm) 167.00 (12.000) 169.00 (8.000) 0.735
Weight (kg) 74.14 (12.550) 75.75 (12.520) 0.791
S Female:n=38 Female:n=5 .
ex Male: n =4 Male:n=7
. . - Left n=7 o
Contralesional Side Right: n= 5
Left: n=1
Dominant Side Rigeht: rrll -11
Time since stroke (months) -- 25.92 (21.470) --

# Student t-Test. SD—standard deviation; cm—centimetres; kg—kilograms.

Descriptive analysis was conducted to characterise iStiff, fStiff, and CoA during
standing, StandTS, and GI in both stroke and healthy groups (Table 4).

Table 4. Median and 25th and 75th percentiles of intrinsic and functional stiffness in both healthy
(dominant and non-dominant lower limb) and stroke (contralesional and ipsilesional lower limb)
groups, and of antagonist coactivation of muscle pairs during standing and stand-to-sit (healthy:
dominant and non-dominant lower limbs; stroke: contralesional and ipsilesional lower limbs), and
during gait initiation (swing and stance lower limbs in both groups).

Med (P25; P75)
Healthy Stroke
DOM NDOM IPSI CONTRA
iStiff (Nm/°) 0.30 (0.245; 0.407) 0.31 (0.212; 0.395) 0.81 (0.460; 1.740) 0.45 (0.333; 0.930)
fStiff (N/m) 10,157.00 (4212.453; 26,954.385) 3884.07 (1776.130; 19,366.177)

Standin TA/SOL  48.38 (43.973; 66.129)  55.49 (54.692; 70.726) 48.47 (25.690; 64.756)  28.78 (14.964; 41.062)
CoA (0/*% TA/GM  42.64 (30.618; 64.032) 49.17 (24.527;57.000)  45.46 (29.111; 61.551)  36.81 (30.159; 50.966)
’ Ve/Do  68.58 (55.435; 75.260) 69.98 (61.364; 79.014) 59.27 (42.240; 82.229)  51.80 (31.741; 69.218)
StandTS SOL/TA  47.53 (36.739; 65.565)  60.90 (48.341; 71.413)  40.50 (30.818; 50.821)  46.42 (32.534; 50.053)
C a A (%) GM/TA  42.39 (35.478; 52.407)  40.05 (25.534; 66.400) 42.18 (17.791; 56.175)  48.44 (37.663; 50.935)
oa Lo Do/Ve  62.80(52.914;78.821) 73.63 (52.677;82.664) 55.01 (46.826; 69.654)  64.04 (52.403; 67.065)
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Table 4. Cont.
Med (P25; P75)
Healthy Stroke
DOM NDOM IPSI CONTRA
SWING STANCE SWING STANCE

GI
CoA (%)

SOL/TA
GM/TA
Do/ Ve

54.08 (49.729; 69.836)  59.49 (38.588; 76.271)  50.85 (43.326; 54.262)  36.63 (29.798; 52.836)
39.74 (25.409; 48.620)  52.76 (23.359; 78.350)  51.93 (40.917; 53.091)  34.80 (24.537; 44.198)
64.41 (60.298; 74.222)  76.00 (51.694; 89.011)  67.90 (65.953; 69.467)  53.43 (44.777; 60.817)

Med—median; P25—25th percentile; P75—75th percentile; N/m—Newton per meter; DOM—dominant lower
limb; NDOM—non dominant lower limb; IPSI—ispilesional lower limb; CONTRA—contralesional lower limb;
CoA—antagonist coactivation; TA—tibialis anterior; SOL—soleus; GM—gastrocnemius medialis; Ve—ventral
muscles: tibialis anterior; Do—dorsal muscles: gastrocnemius medialis and soleus; Do—dorsal; Ve—ventral;
SWING—first lower limb initiating gait; STANCE—second lower limb initiating gait.

3.1. Intrinsic Stiffness, Functional Stiffness and Antagonist Coactivation Correlations
3.1.1. Intrinsic Stiffness and Functional Stiffness

Table 5 presents the results of the correlation analysis between iStiff and fStiff variables.
Specifically, iStiff values from the DOM and NDOM lower limbs of the healthy group were
correlated with the functional stiffness values of the same group (A). Similarly, iStiff values
from the IPSI and CONTRA lower limbs of the stroke group were correlated with the fStiff
values of the stroke group (B). Additionally, intergroup correlations were performed within
iStiff. DOM of the healthy group was correlated with IPSI of the stroke group, and NDOM
of the healthy group was correlated with CONTRA of the stroke group (C). Finally, fStiff
values were correlated between the stroke and healthy groups (D) to explore potential
overarching patterns in stiffness behaviour across groups.

Table 5. Spearman’s correlation analysis between intrinsic stiffness and functional stiffness variables.

Correlated Variables r p-Value *
iStiff DOM . 0.021 0.948
A iStiff NDOM £5tiff HEALTHY ~0.133 0.680
iStiff IPSI . 0.623 0.030
B iStiff CONTRA fStiff STROKE 0.39 0.202
c iStiff DOM iStiff IPSI 0.382 0.220
iStiff NDOM iStiff CONTRA 0.400 0.198
D fStiff HEALTHY fStiff STROKE 0.273 0.391

# p-value for the Spearman correlation coefficient; significant differences are shown in bold. —Spearman’s
correlation coefficient; iStiff—intrinsic stiffness; fStiff—functional stiffness; DOM—dominant lower limb; NDOM—
non-dominant lower limb; IPSI—ispilesional lower limb; CONTRA—contralesional lower limb.

The correlation between iStiff IPSI and fStiff STROKE was moderate (r = 0.623) and
statistically significant (p = 0.030). All other correlations were weak to moderate and not
statistically significant (p > 0.05).

3.1.2. Intrinsic Stiffness and Antagonist Coactivation

Table 6 presents the correlation coefficients between iStiff, and the CoA values of
different muscle pairs assessed during three functional tasks: standing, StandTS, and
GI, in both stroke and healthy groups. This analysis aimed to explore the relationships
between intrinsic mechanical properties and neuromuscular activation patterns under
varying functional demands.



Sensors 2025, 25,2196 15 of 35

Table 6. Spearman’s correlation analysis between intrinsic stiffness and antagonist coactivation
values of different muscle pairs assessed during three functional tasks: standing, stand-to-sit, and

gait initiation, in both stroke and healthy groups.

Task CoA rnpt*
TA/SOL DOM 0.448 *; 0.048
HEALTHY iStiff DOM TA/GM DOM 0.039; 0.905
Ve/Do DOM 0.340; 0.280
TA/SOL NDOM 0.446; 0.147
HEALTHY iStiff NDOM  TA/GM NDOM 0.168; 0.601
_ Ve/Do NDOM 0.351; 0.263
Standing
TA/SOL CONTRA 0.004; 0.991
STROKE iStiff CONTRA ~ TA/GM CONTRA 0.618; 0.432
Ve/Do CONTRA 0.246; 0.442
TA/SOL IPSI 0.294; 0.353
STROKE iStiff IPSI TA/GM IPSI 0.308; 0.330
Ve/Do IPSI 0.126; 0.696
SOL/TA DOM 0.004; 0.991
HEALTHY iStiff/ DOM GM/TA DOM 0.074; 0.820
Do/ Ve DOM 0.025; 0.940
SOL,/TA NDOM 0.263; 0.409
HEALTHY iStiff NDOM  GM/TA NDOM 0.302; 0.340
Do/ Ve NDOM 0.168; 0.601
StandTS
SOL,/TA CONTRA 0.681; 0.0150
STROKE iStiff CONTRA ~ GM/TA CONTRA 0.446; 0.147
Do/Ve CONTRA 0.403 *; 0.048
SOL/TA IPSI —0.165; 0.609
STROKE iStiff IPSI GM/TA IPSI —0.084; 0.795
Do/ Ve IPSI —0.147; 0.648
SOL/TA SWING —0.431;0.162
, SH}foAS%IPII\?{G GM/TA SWING 0.410; 0.186
15t Do/ Ve SWING —0.207; 0.519
SOL,/TA STANCE 0.246; 0.442
_ SHEQ%XEEE GM,/TA STANCE 0.004; 0.991
- 15t Do/ Ve SYANCE 0.098; 0.761
Gait Initiation SOL/TA SWING 0.323; 0.306
, SSE%?\EE G GM/TA SWING 0.060; 0.854
150 Do/ Ve SWING —0.049; 0.879
SOL,/TA STANCE —0.221; 0.491
< ng%ﬁ - GM/TA STANCE 0.035; 0.914
15t Do/ Ve STANCE —0.196; 0.541

#

p-value for the Spearman correlation coefficient; significant differences are shown in bold. —Spearman’s
correlation coefficient; *—r value, when there are significant differences; iStiff—intrinsic stiffness; StandTS—stand-
to-sit; GI—gait initiation; DOM—dominant lower limb; NDOM—non-dominant lower limb; IPSI—ispilesional
lower limb; CONTRA—contralesional lower limb; SWING—first lower limb initiating gait; STANCE—second
lower limb for gait; SOL—soleus; TA—tibialis anterior; GM—gastrocnemius medialis; Ve—ventral muscles;
Do—dorsal muscles.

In the healthy group, for iStiff DOM during the standing task, a significant positive cor-
relation was observed with TA/SOL (r = 0.448, p = 0.048). No other significant correlations
were found for other muscle pairs or tasks.

For the stroke group, iStiff CONTRA during the StandTS task, a significant positive
correlation was observed with Do/ Ve (r = 0.403, p = 0.048). No significant correlations were
found for other tasks or muscle pairs.
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3.1.3. Functional Stiffness and Antagonist Coactivation in Standing, Stand-to-Sit and
Gait Initiation

The following table (Table 7) presents the Spearman’s correlation coefficients between
fStiff and CoA values of different muscle pairs, evaluated during three functional tasks:
standing, StandTS and GI.

Table 7. Spearman’s correlation analysis between functional stiffness and the antagonist coactivation
values of the different muscle pairs assessed during three functional tasks: standing, stand-to-sit, and
gait initiation, in both stroke and healthy groups.

Task CoA rp*
TA/SOL DOM —0.434; 0.159
TA/GM DOM —0.21; 0.948
HEALTHY fStiff Ve/Do DOM —0.322; 0.308
TA /SOL NDOM —0.217; 0.499
TA/GM NDOM —0.245; 0.443
. Ve/Do NDOM —0.231; 0.471
Standing
TA/SOL CONTRA 0.077; 0.812
TA/GM CONTRA 0.350; 0.265
STROKE fStiff Ve/Do CONTRA 0.217; 0.499
TA /SOL IPSI —0.140; 0.665
TA/GM IPSI —0.189; 0.557
Ve /Do IPSI —0.147; 0.649
SOL/TA DOM 0.175; 0.587
GM/TA DOM —0.049; 0.880
HEALTHY fStiff Do/Ve DOM —0.007; 0.983
SOL/TA NDOM —0.448; 0.145
GM/TA NDOM —0.434; 0.159
Do/Ve NDOM —0.427; 0.167
Stand TS
SOL/TA CONTRA 0.168; 0.602
GM/TA CONTRA 0.266; 0.404
STROKE fStiff Do/Ve CONTRA 0.098; 0.762
SOL/TA IPSI —0.112; 0.729
GM/TA IPSI —0.147; 0.649
Do/ Ve IPSI —0.217; 0.499
SOL/TA SWING —0.147; 0.649
GM/TA SWING —0.770; 0.812
HEALTHY fStiff Do/Ve SWING —0.049; 0.880
SOL/TA STANCE —0.770; 0.812
GM/TA STANCE 0.238; 0.457
Do/Ve SYANCE 0.098; 0.762
Gait Initiation
SOL/TA SWING 0.098; 0.762
GM/TA SWING 0.203; 0.527
STROKE fStiff Do/Ve SWING 0.133; 0.681
SOL/TA STANCE 0.420; 0.175
GM/TA STANCE 0.587 *; 0.045
Do/Ve STANCE 0.434; 0.159

# p-value for the Spearman correlation coefficient; significant differences are shown in bold. r—Spearman'’s corre-
lation coefficient; *—r value, when there are significant differences; fStiff—functional stiffness; Stand TS—stand-
to-sit; GI—gait initiation; DOM—dominant lower limb; NDOM—non-dominant lower limb; IPSI—ispilesional
lower limb; CONTRA—contralesional lower limb; SWING—first lower limb initiating gait; STANCE—second
lower limb for gait; SOL—soleus; TA—tibialis anterior; GM—gastrocnemius medialis; Ve—ventral muscles;
Do—dorsal muscles.
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In the healthy group, correlations in standing showed weak negative relationships
for most muscle pairs, with no significant associations (p > 0.05). In StandTS, correlations
remained weak, negative, and non-significant across all evaluated pairs. For GI, correlations
were also weak and non-significant.

In the stroke group, during standing, correlations were mostly weak and positive
for CONTRA muscle pairs, with no significant associations (p > 0.05). In StandTS, IPSI
muscle pairs exhibited weak negative correlations, all of which were non-significant. For
GI, moderate positive correlations were observed for the GM/TA STANCE muscle pair
(r=0.587, p = 0.045), suggesting a significant association.

3.1.4. Antagonist Coactivation in Standing, Stand-to-Sit and Gait Initiation in Healthy
(Dominant vs. Non-Dominant Side) and in Stroke (CONTRA vs. IPSI Lesional Side)

Table 8 presents the Spearman’s correlation coefficients (r) and corresponding p-values
analysing the relationships between CoA of the DOM and NDOM lower limbs in the
healthy group, and between the IPSI and CONTRA lower limbs in the stroke group. The

analysis evaluated these correlations across three functional tasks: standing, StandTS
and GL

Table 8. Spearman’s correlation analysis of antagonist coactivation between muscle pairs in the
dominant and non-dominant lower limbs for standing and stand-to-sit, and between swing and stance
limbs during gait initiation in the healthy group; and between the ipsilesional and contralesional
lower limbs for standing and stand-to-sit, and between swing and stance limbs during gait initiation
in the stroke group.

Task CoA rnp #
HEALTHY TA/SOL 0.832;0.001
DOM vs. NDOM TA/GM 0.804 *; 0.002
i v Ve/Do 0.259; 0.417
Standing
TA/SOL 0.776 *; 0.003
IPSI STRgngTR A TA/GM 0.699 *; 0.011
v Ve/Do 0.315; 0.319
HEALTHY SOL/TA 0.573;0.051
DOM vs. NDOM GM/TA 0.762; 0.004
StandTS Do/ Ve 0.573; 0.051
SOL/TA 0.231; 0.471
IPSI STR(?CI;ETRA GM/TA 0.007; 0.983
> Do/ Ve 0.000; 1.000
HEALTEHY SOL/TA 0.364; 0.245
SWING vs. STANCE GM/TA —0.056; 0.863
it Initiati e Do/ Ve 0.231; 0.471
Gait Initiation
SOL/TA 0.112; 0.729
STROKE
GM/TA 0.483; 0.112
SWING vs. STANCE DoV Dass oL

# p-value for the Spearman correlation coefficient; significant differences are shown in bold. r—Spearman’s
correlation coefficient; *—r value, when there are significant differences; StandTS—stand-to-sit; GI—gait initiation;
DOM—dominant lower limb; NDOM—non-dominant lower limb; IPSI—ispilesional lower limb; CONTRA—
contralesional lower limb; SWING—first lower limb initiating gait; STANCE—second lower limb for gait; SOL—
soleus; TA—tibialis anterior; GM—gastrocnemius medialis; Ve—ventral muscles; Do—dorsal muscles.

In the healthy group (DOM vs. NDOM), the standing task showed moderate positive
correlations for most muscle pairs, with significant associations for TA/SOL (r = 0.832;
p = 0.001) and TA/GM (r = 0.804; p = 0.002). For StandTS, significant correlations were
found for GM/TA (r = 0.762; p = 0.004).
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In the stroke group (IPSI vs. CONTRA), during standing, strong correlations were
observed for SOL/TA (r = 0.776; p = 0.003) and GM/TA (r = 0.699; p = 0.011).

3.2. COP Related Variables

The CoP AP behaviour in standing, StandTS and GI functional tasks was analysed
using both linear (Figure 4) and non-linear (Figure 5) approaches.

COP AP - Stand-to-Sit COP AP - Gait Initiation
10 700 N
r - 1

80 500

) | y‘ . l .
m il . I

e Healthy ~Stroke Healthy Stroke Healthy  Stroke

cop acop mdCoP acor - -
0 |
- Stoke  Healthy  Stroke  Healthy  Stroke  Healthy — Stroke
) =70 -100
== cop acop mdCOP acor
Healthy ~ Stroke -200
acop 120 300

B Median mP25 © P75

Figure 4. Linear analysis of centre of pressure anteroposterior behaviour, comparing COP position
(pCOP), amplitude (aCOP), mean displacement (mdCOP), and total displacement (tdCOP) between
healthy individuals and stroke patients across three tasks: standing, stand-to-sit (STSit), and gait
initiation (GI). * represents significant differences.
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Figure 5. Non-linear analysis of centre of pressure (COP) anteroposterior (AP) behaviour, using the
complexity index (CI) and Lyapunov exponent (LyE), to compare COP position (pCOP) and total
displacement (dCOP) between healthy individuals and stroke patients across three tasks: standing,
stand-to-sit (STSit), and gait initiation (GI). * represents significant differences.

3.2.1. Linear Analysis

Figure 4 shows a linear analysis comparing COP position (pCOP), amplitude (aCOP),
mean displacement (mdCOP), and total displacement (tdCOP) between healthy and stroke
groups across three tasks: standing, StandTS, and GL.

In the standing position, aCOP and tdCOP were significantly reduced in the stroke
group (aCOP = 2.159 vs. 82.617; tdCOP = 0.670 vs. 5.238; p < 0.001). In the stroke group,
there were significant differences in pCOP during the stand-to-sit task (—5.380 vs. —71.715,
p < 0.001), and significantly reduced aCOP (88.553 vs. 169.611, p = 0.005) and increased
pCOP (21.648 vs. —91.580, p = 0.001) in the GI task.

3.2.2. Non-Linear Analysis

Figure 5 demonstrates non-linear metrics comparison, including the CI and LyE,
between healthy and stroke groups across three tasks: standing, StandTS and GIL.

In the standing position, the stroke group exhibited significantly lower CI for pCOP
(0.282 vs. 1.925, p < 0.001) and dCOP (0.371 vs. 2.468, p < 0.001), as well as significantly
lower LyE for pCOP and dCOP (dCOP = 152.976 vs. 512.634, p < 0.001). In StandTS, the
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Lyapunov Exponent
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B TA/SOL Healthy NDOM § TA/SOL Stroke CONTRA
B TA/GM Healthy NDOM & TA/GM Stroke CONTRA
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Standing

Standing

stroke group showed reduced CI dCOP (0.269 vs. 0.142, p = 0.003) and LyE dCOP (128.959
vs. 7.391, p < 0.001), and LyE pCOP 3.466 vs. 1.091, p < 0.001). In the GI task, the stroke
group showed reduced CI for dCOP (0.393 vs. 0.115, p = 0.038).

3.3. Antagonist Coactivation Analysis

The CoA in standing, Stand TS and GI functional tasks was analysed using both linear
(Figure 6) and non-linear (Figure 7) approaches.

Linear CoActivation Analisys

Stand-to-Sit Gait Initiation

N

\

TA/SOL Healthy DOM TA/SOL Stroke IPSI W SOL/TA Healthy NDOM N SOL/TA Stroke CONTRA  SOL/TA Healthy DOM SOL/TA Stroke IPSI W SOL/TA Healthy SWING  © SOL/TA Stroke SWING SOL/TA Healthy STANCE  SOL/TA Stroke STANCE
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Figure 6. Linear analysis of antagonist coactivation between muscle pairs in the dominant and
non-dominant lower limbs during standing and stand-to-sit, and swing and stance lower limbs
during gait initiation in the healthy group; and between the ipsi and contralesional side during
standing and stand-to-sit, and swing and stance lower limbs during gait initiation in the stroke group.
* p-value < 0.05: Mann-Whitney Test.
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Figure 7. Non-linear analysis of antagonist coactivation between muscle pairs, using the LyE and CI,
in the dominant and non-dominant lower limbs during standing and stand-to-sit, and swing and
stance lower limbs during gait initiation in the healthy group; and between the ipsi and contralesional
side during standing and stand-to-sit, and swing and stance lower limbs during gait initiation in the
stroke group. * p-value < 0.05: Mann-Whitney Test.

3.3.1. Linear Antagonist Coactivation in Standing, Stand-to-Sit and Gait Initiation in
Healthy and Stroke

Figure 6 presents a linear analysis comparing CoA between lower limb muscle pairs of
the DOM and NDOM during standing and StandTS, and between swing and stance during
GI in the healthy group; and between the IPSI and CONTRA during standing and StandTS,
and between swing and stance during GI in the stroke group.
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In the linear EMG analysis of standing, significant reductions in SO/TA and Do/ Ve
CoA were observed on the CONTRA side in the stroke group compared to the healthy
group (28.776 vs. 55.489, p < 0.001; 51.804 vs. 69.975, p = 0.021, respectively). In the StandTS
task, the stroke group exhibited significantly lower SO/TA CoA on the CONTRA side
compared to the healthy group (46.424 vs. 60.904, p = 0.007). For GI, significant differences
were observed in GM/TA CoA during swing, with the stroke group showing higher CoA
compared to the healthy group (51.926 vs. 39.741, p = 0.038).

3.3.2. Non-Linear Antagonist Coactivation in Standing, Stand-to-5Sit and Gait Initiation in
Healthy and Stroke

A non-linear metrics comparison of CoA in lower limb muscle pairs was conducted
using the LyE and CI (Figure 7) measures. In the healthy group, comparisons between the
DOM and NDOM in standing and StandTS, and between swing and stance during GI, and
between the IPSI and CONTRA during standing and StandTS, and between swing and
stance during GI in the stroke group were made.

In the non-linear EMG analysis of standing, LyE for SOL/TA and Do/Ve CoA were
significantly higher in the stroke group (p < 0.001), with CI for Do/ Ve CoA also showing
substantial differences (p < 0.001). In StandTS, the stroke group (CONTRA and IPSI
sides) showed elevated CI for SOL/TA and Do/ Ve CoA compared to healthy counterparts
(p < 0.001). LyE for Do/ Ve CoA was significantly higher on the stroke contra side (p = 0.011),
whereas the DOM lower limb in the healthy group remained more stable. For GI, the stroke
group exhibited significantly higher LyE for SOL/TA CoA in the swing (p = 0.090 *) and
stance (p < 0.001) lower limbs. CI for the SOL/TA and CI GM/TA muscle pairs CoA were
markedly elevated in the stroke group for both swing and stance lower limbs (p < 0.001).
LyE for Do/ Ve CoA showed a significant increase in the stroke swing limb (p < 0.001).

4. Discussion

This study aimed to analyse the relationship between traditional stiffness quantifica-
tion and muscle CoA in stroke and healthy individuals, using both linear and non-linear
measures of CoA and COP dynamics across functional tasks. The findings provide valu-
able insights into the neurobiomechanical underpinnings of muscle tone, highlighting
significant alterations in the stroke group across all domains of analysis, including stiffness
metrics, coactivation patterns, and postural control. These results underscore the com-
plexity of muscle tone regulation and its implications for motor function, particularly in
stroke survivors.

4.1. Intrinsic and Functional Stiffness Correlations

A key finding of this study was the significant positive correlation between CONTRA
iStiff and fStiff in stroke participants. This relationship emphasises the interdependence
between passive and functional components of muscle tone, consistent with previous
findings that underscore the role of stiffness in compensating for neuromuscular impair-
ments [3,4]. The compensatory role of the CONTRA limb in functional tasks highlights
broader neuromuscular adaptations post-stroke, as documented by studies investigating
contralesional contributions to motor performance [28,29].

In contrast, the absence of significant correlations involving IPSI iStiff suggests a
more complex and variable relationship between iStiff and functional outcomes in this
limb. Task-specific compensatory mechanisms and the heterogeneity of stroke severity
may explain these findings, as previously observed in the variability of neuromechanical
adaptations post-stroke [9,10]. The reliance on CONTRA stiffness suggests a potential
target for therapeutic interventions aimed at modulating stiffness asymmetries to enhance
overall motor function [3].
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In the healthy group, the lack of significant correlations between iStiff and fStiff indi-
cates that iStiff does not strongly reflect functional motor output under non-pathological
conditions. This observation aligns with prior research demonstrating that healthy neuro-
muscular systems rely primarily on dynamic control strategies to optimise task execution,
rather than on passive stiffness [4].

4.2. Intrinsic Stiffness and Antagonist Coactivation

The relationship between iStiff and CoA revealed task- and group-specific patterns. In
the healthy group, a significant correlation between DOM iStiff and TA/SOL CoA during
the standing task suggests a potential interaction between passive stiffness and muscle
activation in stabilising static postures. These results align with the findings of Ivanenko
and Gurfinkel (2018), who highlighted the importance of intrinsic muscle properties in
maintaining postural stability [12].

In the stroke group, the positive correlation between CONTRA iStiff and Do/ Ve CoA
during the StandTS task indicates that CONTRA stiffness may contribute to enhancing
stability during transitional movement, likely through compensatory mechanisms. This
aligns with findings from previous studies, such as Lee et al. (2019), which associated
exaggerated CoA patterns with efforts to counteract instability in dynamic tasks [29].
Nonetheless, the lack or inconsistency of correlations in other tasks and muscle pairs
underscores the heterogeneity of neuromuscular adaptations post-stroke, as highlighted by
Joshi et al. (2022) [8].

4.3. Functional Stiffness and Antagonist Coactivation

The weak correlations between fStiff and CoA in both the healthy and stroke groups
suggest that fStiff does not consistently reflect CoA patterns. In the healthy group, the lack
of significant associations across tasks reinforces the notion that fStiff is predominantly
regulated by dynamic motor strategies rather than by intrinsic properties [1].

In the stroke group, a moderate positive correlation between fStiff and GM/TA CoA
during the STANCE limb of GI highlights a compensatory strategy to mitigate reduced
postural stability. This is in accordance with the work of Stergiou and Decker (2011), who
observed that stroke survivors often rely on heightened CoA strategies to stabilise move-
ments in dynamic tasks [32]. However, the absence of significant correlations across other
tasks underscores the task-specific nature of these compensatory mechanisms, influenced
by varying biomechanical demands [28].

4.4. Antagonist Coactivation

The analysis of interlimb CoA revealed distinct patterns in healthy and stroke partici-
pants. In the healthy group, strong correlations between DOM and NDOM CoA patterns
during static tasks, such as standing, reflect the high degree of bilateral coordination and
symmetry typical of non-pathological motor control [24].

In contrast, in the stroke group, significant correlations between IPSI and CONTRA
CoA patterns during standing suggest that compensatory neuromuscular strategies en-
able interlimb coordination under static conditions. However, the absence of significant
symmetry during dynamic tasks, such as GI, indicates that the increased coordination
demands of more complex movements disrupt bilateral integration post-stroke. These
findings are consistent with studies showing reduced bilateral motor integration in tasks
requiring rapid or complex adjustments [17]. This observed asymmetry strengths the need
for rehabilitation strategies aimed at improving bilateral coordination and minimising
reliance on maladaptive compensatory mechanisms [119].
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4.5. CoP Dynamics

The analysis of COP dynamics in this study revealed significant postural impairments
in stroke participants compared to healthy individuals across functional tasks. By inte-
grating linear and non-linear approaches, the findings underscore the multifaceted nature
of postural control deficits in stroke, providing deeper insights into the neuromuscular
dysfunctions underlying these impairments.

Stroke participants demonstrated significantly reduced aCOP and tdCOP during static
standing and GI tasks. These reductions indicate a diminished range of movement and
an impaired ability to generate appropriate postural adjustments—both crucial for main-
taining stability. These deficits are consistent with previous research identifying limited
weight-shifting capacity and long-term impairments as hallmarks of stroke-related motor
dysfunction [24,120]. Additionally, the altered pCOP observed in stroke participants during
GI suggests insufficient anticipatory postural adjustments (APAs), which are important for
effective movement preparation. The presence of positive pCOP values in the stroke group
likely reflects a compensatory strategy to respond to their reduced ability to efficiently
shift weight in response to task-specific biomechanical demands. This finding corroborates
studies reporting disrupted APAs and impaired motor planning in stroke survivors, which
contribute to reduced functional capacity [4,70].

Non-linear metrics provided additional insights into the complexity and adaptability
of postural control strategies. Stroke participants exhibited significantly lower CI values
for both pCOP and dCOP during standing and StandTS transitions. This reduction in
CI reflects a decline in postural complexity, emphasising the stroke group’s reliance on
less flexible and more rigid control strategies. These findings align with previous studies
demonstrating that reduced postural variability in stroke survivors indicates compromised
neuromuscular adaptability [32,121].

Similarly, LyE values during standing and StandTS transition show impaired dynamic
stability and a reduced capacity to recover from perturbations. As a reliable marker of
stability, lower LyE values imply diminished robustness in postural control systems. These
results are consistent with research indicating that stroke survivors exhibit reduced dynamic
stability, particularly during tasks requiring continuous adjustments [35,36].

Interestingly, while CI measures were reduced during GI tasks, no significant dif-
ferences in LyE were observed. This discrepancy may reflect the specific biomechanical
demands of GI, which might involve fewer perturbation recoveries compared to transitional
movements such as StandTS. This observation accentuates the importance of complemen-
tary metrics such as CI and LyE in capturing distinct dimensions of postural control [34].

4.6. Antagonist Coactivation Patterns

This study identified significant adaptations in CoA patterns in stroke participants
compared to healthy participants, with marked differences across functional tasks. These
findings provide important insights into the neuromuscular dysfunctions underlying pos-
tural and movement control impairments in stroke survivors. By integrating linear and
non-linear analyses, the results offer a nuanced understanding of CoA dynamics and their
implications for post-stroke rehabilitation. During the standing task, stroke participants
exhibited significantly reduced CoA in the TA/SOL and Ve/Do muscle pairs on the CON-
TRA side compared to healthy individuals. These reductions reflect impaired postural
control, as antagonist activity plays a crucial role in stabilising upright posture under static
conditions. This diminished CoA aligns with previous findings that stroke survivors expe-
rience weakened neuromuscular coordination and reduced reciprocal inhibition during
static postural tasks [103]. Similarly, in the StandTS task, stroke participants demonstrated
significantly lower SOL/TA CoA on the CONTRA side compared to the healthy group,
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suggesting an impaired ability to coordinate eccentric and concentric muscle activity during
transitional movements. These findings corroborate prior studies highlighting reduced
neuromuscular efficiency in stroke survivors during tasks requiring controlled descent
or weight transfer [1]. In contrast, during the GI task, stroke participants demonstrated
elevated GM/TA CoA in the SWING limb compared to healthy participants. This increased
coactivation likely represents a compensatory strategy to stabilise the limb during dynamic
movement [21]. However, while functional in the short term, heightened CoA is associated
with reduced movement efficiency and increased energy expenditure. Similar compen-
satory mechanisms have been widely reported in stroke populations, where antagonist
activity increases to counteract instability during dynamic tasks [21,28].

Non-linear metrics offered a deeper perspective on the complexity and stability of
CoA patterns. Across tasks, stroke participants consistently exhibited higher LyE and CI
values compared to healthy individuals, indicating increased neuromuscular complexity
and reduced stability. During the standing task, elevated LyE and CI values in the TA/SOL
and Ve/Do muscle pairs indicate disorganised postural control and reduced stability.
These results line up with previous research suggesting that increased variability in stroke
survivors indicates rigid motor strategies and impaired adaptability, often stemming
from disrupted sensory-motor integration [32]. In the Stand TS task, increased complexity
suggests that transitional movements demand greater neuromuscular coordination in
stroke survivors, often resulting in inefficient and unstable control strategies. The higher
LyE values observed on the CONTRA side further highlight its compensatory role during
these tasks, consistent with findings that stroke survivors redistribute postural control
to the CONTRA limb [3]. In the GI task, stroke participants demonstrated significantly
elevated LyE and CI values in both the swing and stance limbs for SOL/TA and GM/TA
muscle pairs. These findings indicate increased instability and a greater reliance on complex
but disordered CoA strategies during dynamic movements. Elevated LyE values in the
swing limb reflect reduced stability, while higher CI values suggest an over-reliance on
redundant muscle activations, further supporting findings by [37].

In healthy individuals, CoA patterns were characterised by lower LyE and CI values
across all tasks, reflecting stable and efficient neuromuscular control. Linear metrics also
revealed consistent CoA between DOM and NDOM limbs, highlighting symmetrical and
coordinated muscle activation during all tasks. These results align with previous studies
emphasising the efficiency of neuromuscular systems in healthy populations, in which
CoA is optimised for energy conservation and adaptability [4,24]. In contrast, the task-
specific nature of CoA impairments in stroke participants underscores the influence of
functional demands on neuromuscular control. During static tasks, reduced CoA during
standing reflects a loss of postural control mechanisms, consistent with prior findings of
diminished stability in stroke populations [37]. In transitional tasks, elevated CI during
StandTS highlights the challenges stroke survivors face in coordinating dynamic weight
transfers, which require precise modulation of antagonist activity [17,72]. For dynamic
tasks, increased LyE and CI during Gl illustrate inefficiencies in stabilising the limb during
movement initiation, reflecting the compensatory strategies stroke survivors adopt to meet
task demands [28]. These findings underscore the multifaceted nature of post-stroke CoA
impairments, revealing that stroke participants struggle to adapt their neuromuscular
strategies to the varying demands of different functional tasks.

4.7. Integration of Stiffness, COP Dynamics, and Antagonist Coactivation Patterns

The integration of stiffness metrics, COP dynamics, and CoA patterns in this study
underlines the multifaceted nature of neuromuscular dysfunction and adaptation in stroke
survivors, challenging traditional models of muscle tone assessment. The positive correla-
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tion between CONTRA iStiff and fStiff highlights the compensatory role of the CONTRA
limb, suggesting that stiffness asymmetries play a critical role in post-stroke motor control.
Conversely, the lack of consistent associations for the IPSI limb and the variability in task-
specific outcomes underscore the limitations of relying solely on intrinsic and functional
stiffness to fully characterise muscle tone. Impairments in COP dynamics further reveal
significant deficits in postural complexity and dynamic stability, with stroke survivors
relying on rigid and less adaptable strategies, particularly during tasks requiring APAs.
These deficits align with the alterations in CoA, in which non-linear metrics provide critical
insights into the neuromuscular complexity and inefficiencies that linear stiffness models
cannot fully capture.

The findings of this study also have direct implications for rehabilitation strategies,
particularly in developing targeted therapies to improve postural stability, neuromuscular
control, and motor function in stroke survivors. Given the observed compensatory mecha-
nisms in CoA and stiffness regulation, several rehabilitation approaches could leverage
these insights, such as robotic-assisted training. Exoskeletons and robotic gait trainers can
use muscle CoA patterns and stiffness data to personalise training intensity, ensuring task-
specific modulation of muscle tone [122,123]. By integrating real-time stiffness and CoA
metrics, these devices could provide adaptive resistance and support, encouraging active
motor learning and reducing compensatory maladaptive strategies [123,124]. Virtual reality
(VR)-based interventions can simulate real-life postural and balance challenges, allowing
stroke survivors to practice neuromuscular control in safe, immersive settings [125]. Given
that postural complexity and adaptability were impaired in stroke patients (as indicated by
reduced LyE and COP dynamics), VR-based balance training could target these specific
deficits by gradually increasing task complexity and environmental variability [126,127].
Functional electrical stimulation (FES) could be fine-tuned using non-linear COP dynamics
and LyE values to enhance muscle coordination and balance recovery [128]. By modulating
antagonist muscle CoA patterns, FES could reinforce more physiologically efficient move-
ment patterns, mitigating excessive CoA reliance in dynamic tasks [128,129]. Also, the use
of real-time CoA and COP feedback in rehabilitation settings could provide stroke survivors
with quantifiable movement targets [130,131]. By teaching patients muscle activation levels
in response to dynamic demands, biofeedback therapy could optimise postural adaptability
and functional movement control [130,131].

These findings emphasise the importance of integrating biomechanics-based and
neuromuscular models into rehabilitation frameworks [132,133]. By aligning rehabilitation
protocols with task-specific CoA and postural stiffness modulation, clinicians could develop
more targeted, data-driven therapies to improve stability, adaptability, and movement
efficiency in stroke survivors, ultimately enhancing functional independence and quality
of life [134].

4.8. Analysis with Existing Models of Postural Control

The findings of this study contribute to the ongoing discussion on PC mechanisms in
stroke patients by providing a comparative analysis with existing biomechanical models.
Traditional models, such as the inverted pendulum model, have been widely used to
describe the balance and postural adjustments required to maintain stability [93]. While
these models effectively capture the mechanical constraints of PC, they often fail to ac-
count for the neuromuscular complexity and adaptive control strategies employed by
stroke survivors. Recent studies have expanded on the inverted pendulum framework
by integrating multi-segment models that account for segmental coordination, interlimb
compensation, and neuromuscular feedback [12]. In contrast to these approaches, this
study provides additional insights by incorporating non-linear analyses of CoA and COP
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dynamics, revealing task-specific compensatory mechanisms that are not captured by
purely mechanical models. Our findings align with studies demonstrating that stroke
survivors exhibit modified postural complexity and reduced adaptability, as reflected by
decreased LyE values and COP variability during functional tasks [32].

Furthermore, biomechanical models that emphasise joint stiffness and muscle CoA
as primary contributors to PC [135] suggest that increased stiffness may be a compen-
satory strategy in patients with motor impairments. Our results support this hypothesis,
particularly in the CONTRA limb of stroke participants, where increased iStiff correlated
with enhanced postural stability in standing tasks. However, the data also indicated that
increased stiffness alone is insufficient for maintaining dynamic stability, as evidenced
by the lack of consistent correlations with fStiff in more complex tasks like GI. This ob-
servation underscores the need for multi-factorial models that integrate biomechanical,
neuromuscular, and sensory contributions to PC.

Additionally, while linear models have been useful in characterising postural deficits
in stroke, this study highlights the limitations of relying solely on such approaches. Non-
linear metrics such as LyE and COP MSE provide a more comprehensive view of postural
adaptability, revealing the degree of neuromuscular complexity that traditional models
may overlook [38]. Future studies should explore hybrid models that combine mechani-
cal, neuromuscular, and computational frameworks to improve postural assessment and
rehabilitation strategies for stroke survivors.

These findings suggest that while existing models have provided foundational insights
into PC mechanisms, further refinements incorporating multi-segment analysis, non-linear
dynamics, and machine learning-based predictions may enhance our ability to understand
and optimise rehabilitation interventions for stroke survivors.

4.9. Advantages and Trade-offs of the Multidimensional Approach

A key contribution of this study is the integration of a multidimensional approach
for evaluating postural tone, combining linear and non-linear analyses. This methodology
provides a more comprehensive assessment of neuromuscular function compared to tra-
ditional single-metric evaluations, capturing both static and dynamic aspects of postural
stability. However, as with any complex analytical approach, there are trade-offs that
should be considered.

One primary advantage of this approach is its ability to detect subtle variations in
PC that may be overlooked by single-metric assessments. Traditional linear measures,
such as stiffness and dCOP, are effective in characterising gross motor deficits but fail to
capture the temporal and adaptive components of neuromuscular control. The inclusion
of non-linear metrics, such as LyE and MSE, allows for the assessment of neuromuscular
adaptability and variability, which are critical for understanding motor impairments in
stroke survivors [119,136].

Despite these advantages, integrating both linear and non-linear analyses comes with
computational costs and practical challenges. Non-linear metrics typically require higher
computational power and longer processing times compared to traditional assessments.
For instance, calculating LyE involves embedding dynamic time-series data into high-
dimensional spaces, which can be computationally intensive, especially when applied to
large datasets [137]. This complexity may limit real-time applications in clinical settings,
where rapid assessments are often preferred. However, advancements in automated data
processing and machine learning algorithms could help mitigate these computational
burdens in future implementations.

Another consideration is the interpretability of non-linear metrics. While they provide
valuable insights into postural complexity and stability, their clinical applicability is still
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under investigation. Unlike linear measures, which have well-established normative ranges
and clinical benchmarks, non-linear metrics require further validation to establish their
utility in guiding rehabilitation interventions. Therefore, while this study highlights the
potential of non-linear analyses, further research is needed to refine clinical interpretation
and practical usability.

In summary, the multidimensional approach employed in this study offers a more
holistic and detailed characterisation of postural tone but also presents trade-offs in terms
of computational demands, interpretability, and clinical feasibility. Future studies should
explore ways to optimise this methodology, such as developing streamlined computational
models and integrating machine learning techniques to enhance real-time applicability in
rehabilitation settings.

4.10. Considerations and Future Directions

While this study provides valuable insights into the neurobiomechanical underpin-
nings of postural tone, a few considerations should be acknowledged, particularly regard-
ing sample size and longitudinal tracking. The relatively small sample size, especially in the
stroke group, may limit the generalisability of the findings to the broader stroke population.
Nevertheless, robust methodologies and the inclusion of both linear and non-linear analyses
help mitigate this limitation by providing a comprehensive view of the observed patterns.
Additionally, the heterogeneity of stroke participants, such as variations in lesion location,
severity, and time since the event, reflects the real-world diversity of stroke populations,
even though it may contribute to variability in the results. Incorporating a larger sample
size across different stroke severity levels would allow for subgroup analyses, helping to
identify whether different rehabilitation strategies are required based on stroke chronicity,
lesion location, or mobility status. Another important factor to consider is the variability
introduced by different stroke subtypes (ischemic vs. haemorrhagic), which may lead to
distinct neuromuscular impairments and postural adaptations. Ischemic strokes, which
account for the majority of cases, often result in motor impairments due to corticospinal
damage, while haemorrhagic strokes may cause broader dysfunctions involving motor
coordination and balance control [138]. Future studies should explore how these differences
could influence postural tone regulation and whether rehabilitation strategies should be
tailored based on stroke subtype.

Additionally, this study’s cross-sectional design offers a snapshot of neuromuscular
dynamics but does not allow for tracking changes over time or in response to specific
interventions. Stroke rehabilitation is a dynamic and evolving process, with neuromuscular
adaptations occurring over weeks or months. Conducting longitudinal research could
build on these findings to explore the progression of neuromuscular adaptations and the
impact of targeted rehabilitation strategies. Furthermore, while the metrics used to quantify
stiffness and coactivation provide critical insights, no single measurement seems to fully
capture the complexity of postural tone. Future studies should incorporate longitudinal
assessments to evaluate how muscle tone, stiffness, and coactivation patterns evolve
throughout different stages of stroke recovery. This would help determine whether the
observed postural control adaptations are stable over time or if they change in response
to rehabilitation interventions. Also, while the tasks assessed are functionally relevant,
individual variations in task execution, such as movement speed or strategy, may introduce
some variability. Nevertheless, the inclusion of both static and dynamic tasks strengthens
the ecological validity of the study. These considerations highlight opportunities for
future research to further develop the multidimensional approach employed in this study,
deepening our understanding of postural tone regulation and guiding more effective
rehabilitation strategies.
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This study could also benefit from exploring, in future research, the integration of
wearable sensors and machine learning algorithms to enable real-time monitoring of pos-
tural dynamics, potentially facilitating personalised rehabilitation approaches. Real-time
biofeedback systems, such as force plate monitoring, electromyography-driven stimulation,
and augmented reality interfaces, could be incorporated into training programs to provide
immediate adjustments in response to detected postural instability [139]. Such systems
could improve functional outcomes by reinforcing adaptive postural control strategies,
reducing reliance on compensatory mechanisms, and optimising motor learning.

The integration of advanced computational models, such as deep learning and
transformer-based architectures, holds significant potential for enhancing the assessment
of muscle tone and postural control. Recent studies have demonstrated the efficacy of
transformer-based neural networks in predicting joint kinematics from sensor data, offering
precise estimations of hip and knee joint angles during various activities [140]. Similarly,
transformer models have been employed to decode electromyographic signals for hand
gesture recognition, achieving high accuracy with reduced computational complexity [141].

In the context of PC, machine learning classifiers have been used to analyse kine-
matic data, facilitating the diagnosis of neurodegenerative disorders such as Alzheimer’s
disease [142,143]. Additionally, transformer-based models have been applied to driver
steering behaviour modelling, capturing complex neuromuscular patterns and informing
the development of advanced driver-assistance systems [141].

These advances underscore the potential of integrating machine learning approaches
with biomechanical models to enhance professionals’ understanding of neuromuscular
control mechanisms. Future research could explore the application of transformer-based
architectures to detect subtle neuromuscular patterns and improve classification models
for post-stroke rehabilitation based on linear and non-linear variables. By leveraging large
datasets and incorporating multimodal sensor inputs, such approaches could enhance
the ability to characterise muscle tone dynamics and predict functional outcomes with
greater accuracy.

While this study employs Spearman’s correlations and Mann-Whitney tests to analyse
group differences and associations between key variables, we acknowledge that more
advanced statistical techniques could further enhance the robustness of the findings. Multi-
variate regression models and machine learning approaches could offer deeper insights
into the complex, non-linear relationships between biomechanical variables, allowing for
improved classification of PC impairments in stroke survivors [144]. However, given the
already extensive linear and non-linear biomechanical analyses of this study, implementing
such models was beyond the scope of the current work.

Future research should explore multivariate statistical models, such as generalised
estimating equations or mixed-effects models, to account for the potential influence of
covariates such as stroke severity, lesion location, and rehabilitation history. Additionally,
machine learning techniques, including support vector machines, random forests, and
deep learning algorithms, could be leveraged to identify predictive markers of postural
instability based on high-dimensional datasets. By incorporating such advanced methods
in future studies, a more comprehensive and predictive framework for understanding
postural tone regulation could be established, ultimately guiding the development of
data-driven rehabilitation protocols tailored to individual stroke patients.

By addressing these limitations in future studies, a more comprehensive understand-
ing of stroke-related postural dysfunctions can be achieved, allowing for the development
of targeted and adaptive rehabilitation protocols that optimise motor recovery.



Sensors 2025, 25, 2196

28 of 35

5. Conclusions

This study highlighted the multifaceted and complex nature of postural tone regu-
lation by examining iStiff, {Stiff, and CoA in healthy individuals and stroke survivors.
The findings revealed significantly higher CONTRA iStiff and fStiff in stroke participants,
reflecting the compensatory role of the CONTRA limb in maintaining stability. Conversely,
the variability and lack of consistent associations in the IPSI limb underscored the complex-
ity of neuromuscular adaptations post-stroke.

The analysis of CoA demonstrated that stroke participants exhibited reduced CoA
in static and transitional tasks, such as standing and StandTS, while increased CoA
was observed during dynamic tasks, such as GI. These results underscore the compen-
satory strategies employed by stroke participants to manage impaired motor control and
stability demands.

Linear and non-linear analyses of COP and CoA dynamics showed distinct deficits
in postural control among stroke participants. Stroke participants showed reduced aCOP
and tdCOP during standing and altered pCOP during GI, indicating impaired stability and
anticipatory adjustments. Non-linear metrics, such as CI and LyE, highlighted disorganised
and inefficient control strategies, particularly during tasks requiring dynamic adjustments.

Together, these findings demonstrate that stroke survivors rely on compensatory
mechanisms characterised by increased rigidity, reduced adaptability, and impaired stability
to manage postural demands. The integration of linear and non-linear metrics provided
deeper insights into these neuromuscular dysfunctions, highlighting the importance of
multidimensional approaches to evaluating postural tone.
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Abbreviations

The following abbreviations are used in this manuscript:

aCOP COP amplitude

AP Anteroposterior

CI Complexity index

CNS Central nervous system
CoA Antagonist coactivation
CcOM Centre of mass

CONTRA Contralesional lower limb
COP Centre of pressure

dCOP COP displacement

DF Dorsiflexion
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Do Dorsal muscles

DOM Dominant lower limb
EMG Electromyography

FES Functional electrical stimulation
fStiff Functional stiffness

GI Gait initiation

GM Gastrocnemius Medialis
GRF Ground reaction forces
IPSI Ipsilesional lower limb
iStiff Intrinsic Stiffness

Kg Kilograms

LyE Lyapunov exponent
Med Median

m Metres

MSE Multiscale Entropy

NDOM Non-dominant lower limb
pCOP COP position

PF Plantar flexion

SD Standard deviation
STANCE  Stance lower limb
StandTS Stand-to-sit

SOL Soleus
Swing Swing lower limb
TA Tibialis anterior
tdCOP COP total displacement
uSt Upright standing
Ve Ventral muscles
VR Virtual reality
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