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Abstract: Non-linear and dynamic systems analysis of human movement has recently become
increasingly widespread with the intention of better reflecting how complexity affects the adapt-
ability of motor systems, especially after a stroke. The main objective of this scoping review was
to summarize the non-linear measures used in the analysis of kinetic, kinematic, and EMG data of
human movement after stroke. PRISMA-ScR guidelines were followed, establishing the eligibility
criteria, the population, the concept, and the contextual framework. The examined studies were
published between 1 January 2013 and 12 April 2023, in English or Portuguese, and were indexed
in the databases selected for this research: PubMed®, Web of Science®, Institute of Electrical and
Electronics Engineers®, Science Direct® and Google Scholar®. In total, 14 of the 763 articles met
the inclusion criteria. The non-linear measures identified included entropy (n = 11), fractal analysis
(n = 1), the short-term local divergence exponent (n = 1), the maximum Floquet multiplier (n = 1),
and the Lyapunov exponent (n = 1). These studies focused on different motor tasks: reaching to
grasp (n = 2), reaching to point (n = 1), arm tracking (n = 2), elbow flexion (n = 5), elbow extension
(n = 1), wrist and finger extension upward (lifting) (n = 1), knee extension (n = 1), and walking (n = 4).
When studying the complexity of human movement in chronic post-stroke adults, entropy measures,
particularly sample entropy, were preferred. Kinematic assessment was mainly performed using
motion capture systems, with a focus on joint angles of the upper limbs.

Keywords: chronic stroke; assessment; non-linear; kinetic; kinematic; EMG

1. Introduction

The integrated concept of the human movement system (HMS) results from a broad
physiological network comprising interactions between the neurological, musculoskeletal,
cardiovascular, respiratory, tegumentary, and metabolic systems in order to move the body
or parts of it [1]. This interaction fluctuates in a continuous, complex, and non-linear
manner [2,3], acting on different time scales in response to different contextual conditions
to adapt and maintain harmonious movement based on its characteristic variability [3].
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Motor variability is an inherent feature of HMS, enabling a variety of solutions and
strategies during one task [4], and providing flexibility to the response depending on con-
text or unexpected environmental changes [2]. Thus, human movement is also endowed
with complexity, consisting of the ability to perform a specific task with different strategies
over a period and the regularity of the inherent variability pattern [5]. These properties
should allow movements without rigid patterns [4] to respond to small perturbations
and task demands [6]. Thus, all functional movements ideally have variability and com-
plexity, translating into a state between high variability with multiple movement options
and complete repeatability [7]. This needs to be described and studied objectively for
better understanding.

Linear measures are limited in explaining the variability of human movement and
cannot fully describe its characteristics [8], which are predominantly non-linear [9]. The
use of non-linear measures allows the description of small and subtle changes that depend
on time and the environment, which, according to a linear approach, could be diluted by
the averaging of global data, making them imperceptible, despite their existence [10].

Both approaches, linear and non-linear, are complementary and should be considered
in the analysis of human movement, as both are sensitive to small perturbations that
occur and affect performance and motor capacity [6]. According to a linear perspective,
any typical movement without deviations that could be considered as errors represents
human movement with optimal variability [2]. This contrasts with the perspective of the
non-linear approach, where movement with ideal variability is actually fundamental for
individuals to perform a range of variations to adapt to small perturbations induced by the
environment [2,11]. A non-linear approach appears to be more consistent with dynamic
human systems, as suggested by Montesinos et al. [12], and with the way interventions
should be advocated for in this domain [2,7,13].

Among neuromotor disorders, stroke is the second leading cause of death and the
third leading cause of disability worldwide [14]. It is commonly characterized by impair-
ments in movement complexity and variability, resulting in functional task difficulties and
reduced patient autonomy due to limitations in motor and postural control [15,16]. Linear
approaches may provide limited information about the motor control system’s response
to change and may not include inherent aspects of the complex movement system [4,17].
Recognizing that variability analysis can enhance our understanding of adaptive strategies
and the overall behavior of dynamic systems in post-stroke recovery, the investigation of
non-linear measurements has emerged as a novel approach for the better interpretation of
the neuromotor expression of this condition [4].

To our knowledge, there has not been a comprehensive review of the non-linear meth-
ods used to study sensorimotor recovery after stroke, despite emerging studies utilizing
non-linear analysis to study stroke populations [18–20]. Understanding sensorimotor re-
covery is crucial for neurorehabilitation, particularly post-stroke recovery. Identifying
measures and methods can aid in compiling data, interpreting the mechanisms underlying
motor recovery, and guiding more effective intervention strategies [21].

Thus, the main objective of this scoping review was to summarize the non-linear
measures used in the analysis of kinetic, kinematic, and electromyographic (EMG) data of
human movement after stroke. The secondary aim was to summarize the methodological
considerations, namely participant characteristics, studied tasks, measurement instruments
and kinetic, kinematic, and EMG variables.

Review questions
The main review question was “What non-linear measures are used in the process-

ing of kinematic, kinetic, and EMG data in the assessment of human movement after
chronic stroke?”
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The review sub-questions are listed as follows:

1. What tasks were performed in the identified studies?
2. What laboratory instruments were used to collect kinematic, kinetic, and EMG data in

the identified studies?
3. Which kinematic, kinetic, and EMG variables were included in the identified studies?

2. Materials and Methods

Our scoping review was conducted in accordance with the Preferred Reporting Items
for Systematic Reviewers and Meta-Analysis extension for Scoping Reviews (PRISMA-
ScR) [22]. The Supplementary Material protocol was registered on the Open Science
Framework, in which the review questions and the methodology were specified, https:
//osf.io/r3pe9 (accessed 28 July 2023). The following supporting information can be
downloaded from https://doi.org/10.17605/OSF.IO/R3PE9 (accessed on 7 July 2022).

2.1. Eligibility Criteria

Eligibility criteria were defined a priori using the acronym PCC (population, concept,
and context) according to the methodology of the Joanna Briggs Institute (JBI) [23] (Table 1).

Table 1. Eligibility criteria according to PCC.

Criteria

Population Chronic [24] poststroke adults (>19 years old)

Concept Non-linear measures in kinetic, kinematic, or EMG data processing of human
movement analysis

Context Open

Experimental and epidemiological study designs published in English or Portuguese
were eligible for inclusion. Systematic, narrative, or scoping reviews (to avoid duplication
of data), letters, editorials, and qualitative methodological designs were excluded.

2.2. Search Strategy

Relevant studies were identified by searching through the PubMed®, Web of Science®,
Institute of Electrical and Electronics Engineers® (IEEE) and Science Direct® databases. In
addition to these databases, the scholarly literature web search engine, Google Scholar®,
was also used. To identify other eligible studies, the reference lists of the original research
articles and reviews on the topic were manually reviewed. Studies published from 1st
January 2013 to 12 April 2023 were included.

The search strategy for PubMed® was as follows: stroke AND (measure OR mea-
surement OR evaluation OR analysis OR assessment) AND (non-linear OR nonlinear OR
entropy OR Lyapunov OR “nonlinear variables” OR tools OR dynamic OR variability) AND
(“human movement” OR motion) NOT (EEG OR cardiac). Two reviewers independently
carried out the search.

2.3. Selection of Evidence Sources

The selection of evidence sources considered the PCC acronym, purpose, and research
questions. Both investigators (MF and LP) performed the search simultaneously in the
same databases using the defined strategies. No discrepancies were found during the data
extraction process, which was imported into Endnote® where duplicates were removed.
To facilitate the screening process and confirm the presence of any duplicates not iden-
tified by the software (Endnote version 20.0), all extracted articles were imported into
Microsoft Excel.
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Two independent reviewers analyzed the same 25 abstracts that met the eligibility
criteria in a pilot test (the first 25 titles/abstracts of the PubMed database) [25]. The
screening process did not begin until a consensus of at least 75% was reached [25].

Two reviewers screened the titles and abstracts and categorized studies as either
‘included’ or ‘excluded’. This stage allowed for the identification of articles for full-text
screening. Two independent reviewers (MF and LP) extracted the data, and any disagree-
ments were resolved by a third reviewer (SS).

2.4. Data Extraction

Two authors (MF and LP) independently extracted the relevant data using a draft
charting table adapted from the original JBI template. Data were extracted according to the
following categories: authors, year of publication, study design, participant characteristics
(n, sex, age, side lesion, stroke type, time post-stroke), tasks studied, assessment instru-
ments, kinetic, kinematic and EMG variables used to obtain the non-linear measures, and
non-linear measures. Disagreements were resolved by a third author.

2.5. Data Presentation

To summarize the extracted data, a narrative report was produced on the following
outcomes: tasks, assessment instruments, kinetic, kinematic and EMG variables, non-linear
measures, and non-linear parameters. The results were expressed in relation to the main
question of the study, complemented by a tabular form summarizing the main findings.

3. Results

A total of 763 articles were identified—761 records via a database search and 2 ad-
ditional articles via a manual search of the reference lists. After removing 2 duplicates,
761 records remained. The screening of titles and abstracts resulted in the removal of
714 articles, while 2 articles were not retrieved, leaving 45 for full-text analysis. Of these,
33 were excluded after full-text analysis because they did not meet the inclusion criteria,
namely the population (n = 9) and concept (n = 24). The remaining 14 articles were included
in this review. The results of the search were presented in a PRISMA-ScR flowchart, as
shown in Figure 1.

Tables 2 and 3 summarize the details of the reviewed articles, including participant
characteristics, tasks, assessment instruments, kinetic, kinematic and EMG variables, non-
linear measures, and non-linear parameters.



Sensors 2024, 24, 2338 5 of 27

Sensors 2024, 24, x FOR PEER REVIEW 5 of 28 
 

 

 
Figure 1. Flow diagram for the scoping review process adapted from the PRISMA-ScR statement 
[26]. 

Tables 2 and 3 summarize the details of the reviewed articles, including participant 
characteristics, tasks, assessment instruments, kinetic, kinematic and EMG variables, non-
linear measures, and non-linear parameters. 

Figure 1. Flow diagram for the scoping review process adapted from the PRISMA-ScR statement [26].



Sensors 2024, 24, 2338 6 of 27

Table 2. Characteristics of the participants, study design, and tasks.

Author, Year Study Design Participants Task

Sethi et al., 2013 [27]
Observational, analytical
study (with healthy
control group)

n = 16 (11 M/5 F)
67.60 ± 8.1 years old
6 CLR/10 CLL
16 Isch
71.31 ± 48.84 months poststroke
UE_FM 37.27 ±9.27

Performed three valid reaching trials to grasp a soda can (56 mm diameter; 208 mm circumference) placed at
80% arm’s length on a table in front of each shoulder with the paretic UL.
All participants wore dark sleeveless shirts and sat on an adjustable backless bench with knees bent at 90◦ and
feet flat on the floor. Their hands were placed palms down on a table in front of them and supported at 90◦

elbow flexion by armrests positioned flush with the table. They were instructed to reach for the can, lift it off the
table, place it back on the table, and return to the starting position as quickly as possible.

Sethi et al., 2013 [28] Quasi-experimental

n = 6 (2 M/4 F)
67.00 ± 10.69 years old
2 CLR/4 CLL
6 Isch
41.83 ± 35.01 months poststroke
UE_FM 32 ± 6.9
MAS < 2
MAL ≤ 3

Performed three valid reaching trials to grasp a soda can (56 mm diameter; 208 mm circumference) placed at
80% arm’s length on a table in front of each shoulder with the paretic UL.
All participants wore dark sleeveless shirts and sat on an adjustable backless bench with knees bent at 90◦ and
feet flat on the floor. Their hands were placed palms down on a table in front of them and supported at 90◦

elbow flexion by armrests positioned flush with the table. They were instructed to reach for the can, lift it off the
table, place it back on the table, and return to the starting position as quickly as possible.

Chow and Stokic,
2014 [29]

Randomized Controlled
Trial (with healthy
control group)

n = 23 (13 M/10 F)
64.90 ± 13.6 years old
9 CLR/14 CLL
16.6 ± 22.7 months poststroke
LE_FM 26.0 ± 6.7
MAS < 2
RMI 13.4 ± 6.7

Performed 2 trials of maximum isometric knee extension (10 s) of both legs, in random order, at different levels
(10%, 20%, 30%, or 50% of MVC), as accurately and consistently as possible, in a seated position, with 60 s of
rest in between.
Subjects were asked to extend the knee and match the displayed torque signal (a horizontal line) to a specified
target force, marked on the monitor and placed according to individual preference, usually 40–50 cm in front of
the head.

Sun et al., 2014 [30] Quasi-experimental

n = 8 (7 M/1 F)
50.13 ± 9.13 years old
3 CLR/5 CLL
4 Hemo / 4 Isch
132.00 ± 101.76 months
poststroke

Two tasks were carried out:

1. Performance of the MIVE and the MIVF on the affected elbow at 90◦ of flexion, 3 times for 5 s each.
2. Performing 3 repetitive arm tracking trials, starting with the elbow at 90◦. Two points were displayed in

real-time on a computer screen in front of the subjects. Subjects attempted to control their elbow movement
to track and match the target pointer. During the elbow extension, the robotic system continuously
generates an assistive torque to support the elbow movement.

Kao et al., 2014 [31]
Observational,
analytical study (with
healthy control group)

n = 9 (5 M/4 F)
60.8 ± 9.0 years old
40.8 ± 39.6 months poststroke
LE_FM 27 ± 4

Walking on a treadmill at 60%, 80%, and 100% of the preferred walking speed (determined from 5 trials of
walking 10 m on the ground) and the fastest achievable speed (determined as the fastest speed the subjects
could maintain for 1 min).
Each speed was tested 3 times for 1 min.
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Table 2. Cont.

Author, Year Study Design Participants Task

Ao et al., 2015 [32]
Observational, analytical
study (with healthy
control group)

n = 11 (9 M/2 F)
47.00 ± 10.86 years old
4 CLR/7 CLL
4 Hemo/7 Isch
53.30 ± 50.9 months poststroke
MAS ≤ 3

Performed 18 trials (36 s each) of elbow flexion, divided into 3 blocks (at 6 different speed levels), in a sinusoidal
trajectory tracking task ranging from 30◦ to 90◦, with 5 min of rest between each block and 30 s of rest between
each trial.
Subjects were seated at a table with the elbow at 30◦ of flexion and the shoulder at almost 90◦ of abduction, with
the forearms attached to a lightweight aluminum manipulandum. Target and elbow angles were provided by
real-time feedback on a computer screen placed in front of the subjects.

Sethi et. al., 2017
[33]

Observational, analytical
study

n = 10 (9 M/1 F)
67.00 ± 8.90 years old
4 CLR/6 CLL
10 Isch (3 RMCA, 2 LMCA, 1
PVWM, 1 LLI, 1 LPI, 1 RCS, 1 RSI)
53.30 ± 50.9 months poststroke
UE_FM 36.9 ± 7.9

Performed 3 trials of reach-to-point movements (drawn at 80% arm length) in three conditions, without
randomization:

- Voluntary reaching at preferred speed (PREFERRED).
- Reaching as fast as possible (FAST).
- Reaching with rhythmic auditory cues generated by a metronome (RHYTHM).

Participants were seated on an adjustable backless bench with no trunk restraint, knees bent at 90◦, and feet flat
on the floor. Their hands were placed palms down on a table in front of them and supported at 90◦ elbow
flexion by armrests level with the table.
Post-stroke participants reached the target with a more impaired UL.

Zhang et al., 2017
[34]

Observational, analytical
study

n = 10 (7 M/3 F)
62.40 ± 12.34 years old
5 CLR/5 CLL
49.20 ± 26.47 months poststroke
MAS < 2

Performance of two MVC trials of submaximal isometric elbow flexion for 10 s each at different torque targets
(10% to 80%), with the impaired and non-impaired arm separately. The target values were displayed as visual
targets on the computer screen in a random order. During the period of isometric muscle contraction, which
lasted from 2 s to 8 s, the subjects were verbally instructed to match the visual target and to maintain it as
accurately as possible for all trials.
Subjects were seated comfortably in a height-adjusted chair with the arm to be tested firmly attached to a
custom-made device with the shoulder flexed approximately 30◦ and abducted 45◦, the elbow flexed 90◦, and
the forearm in a neutral position. The other arm was placed next to the body.

Kempski et al., 2018
[35]

Observational, analytical
study

n = 7 (5 M/2 F)
62.57 ± 5.86 years old
4 CLR/3 CLL
42.30 ± 49.03 months poststroke
LE_FM 25.71 ± 5.22

Walking in sports shoes for 2 min on an instrumented split-belt treadmill at an individual’s self-selected speed
(determined by a 10 m walk test) and long-distance walking speed (determined by a 6 min walk test).

Tang et. al., 2018
[36]

Observational, analytical
study (with healthy
control group)

n = 11 (7 M/4 F)
61.55 ± 12.05 years old
6 CLR / 5 CLL
46.00 ± 27.00 months poststroke
UE_FM 43.14 ± 11.68
MAS < 2

Performed 3 trials of elbow flexion with isometric graded increasing force levels corresponding to 10%, 30%,
50%, 70%, submaximal (90%), and almost 100% of MVC for at least 3 s each. Sufficient rest was allowed between
2 consecutive trials to avoid mental or muscular fatigue.
Subjects were seated comfortably in a mobile chair or wheelchair next to a height-adjustable desk, with the
tested elbow flexed at 90 degrees on the paretic and contralateral side in a randomized order.
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Table 2. Cont.

Author, Year Study Design Participants Task

Dugan et. Al., 2020
[18]

Observational, analytical
study (with healthy
control group)

n = 11 (8 M/3 F)
57.91 ± 14.7 years old
177.34 ± 7.2 cm
LE_FM 25.00 ± 2.93

Walking for 2 min at their preferred speed around a level, tiled 60 m indoor walking track, without any aids or
LL orthoses.

Kim et al., 2020 [19] Observational, analytical
study

n = 14 (7 M/7 F)
63.80 ± 15.9 years old
4 CLR/10 CLL
2 Hemo / 12 Isch
38.7 ± 45.2 months poststroke
Hand Function (%) in SIS (3.0)
52.9 ± 31.7
MMSE > 23

Performance of 2 isometric force control tasks in 3 different randomized conditions: unimanual paretic,
unimanual non-paretic, and bimanual.

- 2 Submaximal force control task of 3 MVC trials (5 s) with a rest interval of 60 s
- 2 Maximal sustained force production task of 3 MVC trials (8 s) with a rest interval of 60 s.

For both tasks, participants performed either isometric unimanual or bimanual wrist and finger extension
upwards (lifting) towards the padded platforms.
Participants sat 78 cm away from a 43.2 cm LCD monitor and placed their forearms on the table in a stable
position, maintaining 15–20◦ of shoulder flexion and 20–40◦ of elbow flexion. They were instructed to place
either unilateral or bilateral hands under the specially padded platforms and to adjust the height of
the platform.

Tian et al., 2021 [37]
Observational, analytical
study (with healthy
control group)

n = 3 (2 M/1 F)
52.33 ± 24.19 years old
1 CLR/2 CLL
2 Hemo/1 Isch
12.67 ± 5.03 months poststroke
UE_FM 33.42 ± 19.70
MAS < 2
MMSE > 23

Two tracking tasks of elbow flexion and extension were performed in which the activation of the agonist muscle
increased from 0% to 15% MVC in 0–5 s, then gradually relaxed within 5–10 s and returned to 0. Each round
movement was performed at a constant speed (15%MVC/5 s) from the origin to the target point, and these
included pointing (0% to 15% amplitude) under elbow flexion and pointing (15% to 0% amplitude) under elbow
extension. The above procedure was repeated 3 times as a trial. Subjects randomly performed 10 trials (5 flexion
trials and 5 extension trials) and rested for 30 s after each trial.
During the performance, they were instructed to sit in a height-adjusted chair and place their impaired arm on
the horizontal armrest with the elbow flexed at 90◦ and the shoulders abducted at 90◦. They were asked to
grasp the handle attached to the armrest.

Xu et. al., 2022 [38]
Observational, analytical
study (with healthy
control group)

n = 10 (8 M/2 F)
48.3 ± 12.8 years old

Performed 3 trials of walking on a treadmill at a comfortable speed for 3 min, with 5 min of rest in between,
using special experimental shoes.

M: male; F: female; CLR: contralesional right; CCL: contralesional left; Isch: ischemic; Hemo: hemorrhagic; UE_FM: Fugl–Meyer Assessment Upper Extremity; LE_FM: Fugl–Meyer
Assessment Lower Extremity; MAS: Modified Ashworth Scale; MAL: Motor Activity Log; RMI: Rivermead Mobility Index; SIS: Stroke Impact Scale; MMSE: Mini Mental State
Examination; MVC: maximal voluntary contraction; MIVE: maximum isometric voluntary extension. MIVF: maximum isometric voluntary flexion; UL: upper limb; LL: lower limb.
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Table 3. Assessment instruments, kinematic, kinetic, and EMG variables, non-linear measures, and their parameters.

Author, Year Assessment Instrument Kinematic, Kinetic, and EMG
Variables

Non-Linear
Measure Non-Linear Measures Parameters

Sethi et al., 2013 [27]

Kinematics:

■ Twelve-camera VICON™ motion
capture system (Vicon 612; Oxford
Metrics Inc., Oxford, UK)

■ 67 reflective markers in UB were
placed using a marker set
described by the VICON
Plug-In-UE.

Joint Kinematics:

■ Shoulder, elbow, wrist, and PIP
index finger (◦)

■ ApEn

■ Kinematic data not filtered and surrogation with Theiler’s first algorithm
(20 surrogate time series of each trial)

■ Each joint angle time series was analyzed from the start of the reach
through the entire length of the respective time series including the
pauses between the 3 trials.

■ 4 time series were obtained (one for each joint)
■ lag = 1, m = 2, and r = 0.2 times the SD of the time series
■ ApEn values of each participant were normalized to the length of their

time series

Sethi et al., 2013 [28]

Kinematics:

■ Twelve-camera VICON™ motion
capture system (Vicon 612; Oxford
Metrics Inc., Oxford, UK)

■ 67 reflective markers in UB were
placed using a marker set
described by the VICON
Plug-In-UE.

Joint Kinematics:

■ Shoulder, elbow, and wrist (◦)
■ ApEn

■ Kinematic data not filtered and surrogation with Theiler’s first algorithm
(20 surrogate time series of each trial)

■ Each joint angle time series was analyzed from the start of the reach
through the entire length of the respective time series including the
pauses between the three trials.

■ 4 time series were obtained (one for each joint)
■ lag = 1, m = 2, and r = 0.2 times the SD of the time series
■ ApEn values of each participants were normalized to the length of their

time series

Chow and Stokic,
2014 [29]

Kinetics:

■ Biodex System 3 isokinetic
dynamometer (Biodex Medical
Systems, Inc., New York, NY, USA)
and a custom-built amplifier
connected directly to the torque
sensor of the dynamometer
(overall sensitivity 57.5 mV/Nm)

Torque Measurement:

■ MVC torque of quadriceps (Nm)
■ MVC Power of quadriceps (Nm2)

■ SampEn

■ Torques were filtered using a second-order Butterworth low-pass filter
with a 30-Hz cutoff

■ Only the middle 8 s of each 10 s trial were analyzed. Out of 2 trials
collected at each force level, the one with a lower CV was used for
statistical analysis.

■ N = 800, m = 3, and r = 0.2 SD of the time series
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Table 3. Cont.

Author, Year Assessment Instrument Kinematic, Kinetic, and EMG
Variables

Non-Linear
Measure Non-Linear Measures Parameters

Sun et al., 2014 [30]

Kinetics:

■ Robot-aided developed
dynamometer

electromyography:

■ sEMG recording system (Noraxon,
Scottsdale, AZ, USA)

Torque Measurement:

■ MIVE torque of TRI (Nm)
■ MIVF torque of BIC (Nm)

Electromyographic activity:

■ Raw EMG data of TRI and BIC

■ fApEn

■ The EMG data were not filtered
■ N = 1000, m = 2, and r = 0.2 SD of the time series
Torque Measurement:

■ A segment of 1000 samples (500 samples before and after the maximum
value) was selected for calculating fApEn

Electromyographic activity:
fApEn values were calculated with a 1000 ms sliding window and a 10 ms
window increment in consideration of the computation power of
the computer

Kao et al., 2014 [31]

Kinematics:

■ Eight-camera video system
(Motion Analysis Corporation,
Santa Rosa, CA, USA)

■ 46 reflective markers attached on
the LB, trunk, and over the
C7 vertebra

Spatiotemporal parameters:

■ Vertical, anteroposterior and
mediolateral of C7 velocities (m/s)

■ Short-term
LDE

■ maxFM

■ Delay-embedded state spaces were reconstructed independently from
the 3 velocities of non-filtered C7 vertebral marker data

■ Data from 30 continuous strides were extracted for each trial
■ Short-term LDE:
■ Data were resampled to 3000 total data points, approximately 100 data

points per stride
maxFM:

■ The state spaces were first divided for individual strides and then each
stride was time normalized to 101 samples

Ao et al., 2015 [32]

Kinematics:

■ Motion capture system
(OptiTrack®, NaturalPoint, USA)

■ Two reflective markers are
attached to the elbow joint and at
the end of the handle

Electromyography:

■ Tele-EMG system
(MyoSystem2400T, Noraxon, USA)

■ 2 Ag/AgCl bipolar surface
electrodes (Noraxon, USA)

Joint Kinematics:

■ Elbow (◦)

Electromyographic activity:

■ EMG Amplitude (mv) TRI
and BIC

■ fApEn
■ ApEn
■ SampEn

■ The EMG signals were band-pass filtered through a 4th-order,
zero-phase Butterworth digital filter with a frequency band from 5 to
400 Hz and a 50 Hz digital notch filter

■ The performances of the three entropies were compared using both
simulated signals MIX(p) and real EMG signals. Three simulated signals,
MIX(0.1), MIX(0.5) and MIX(0.9) were generated and each one had
5000 samples

■ The 100-point segments were selected randomly from each of the
5000-sample simulated MIX(0.1), MIX(0.5), and MIX(0.9) signals,
respectively

■ m = 2
■ N and r were carried out to find a suitable complexity measurement

with optimal N and r
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Table 3. Cont.

Author, Year Assessment Instrument Kinematic, Kinetic, and EMG
Variables

Non-Linear
Measure Non-Linear Measures Parameters

Sethi et. al., 2017
[33]

Kinematics:

■ Twelve-camera VICON™ motion
capture system cameras (Vicon
612/T40; Oxford Metrics,
Oxford, England)

■ Sixty-seven reflective markers in
UB were placed using a marker set
described by the VICON
Plug-In-UE

Joint Kinematics:

■ Shoulder, elbow, wrist, and PIP
index finger (◦)

Kinematics Spatiotemporal
Parameters:

■ Index finger velocity (m/s)
■ PV (m/s)

■ ApEn

■ Kinematic data not filtered and surrogation with Theiler’s first algorithm
(20 surrogate time series of each trial)

■ Each joint angle time series was analyzed from the start of the reach
through the entire length of the respective time series including the
pauses between the three trials.

■ 4 time series were obtained (one for each joint)
■ lag = 1, m = 2, and r = 0.2 times the SD of the time series
■ ApEn values of each participant were normalized to the length of their

time series

Zhang et al., 2017
[34]

Kinetic:

■ One torque sensor (Model TRS
500, Transducers Techniques, CA)
on BIC

Electromyography:

■ Porti sEMG system (TMS
International, The Netherlands)

Torque Measurement:

■ MVC torque of elbow flexion (Nm)

Electromyographic activity:

■ Root mean square (V) BIC

■ SampEn

■ The EMG signals were filtered using a zero-lag band-pass (20–450 Hz)
fourth-order Butterworth filter

■ The torque signal was filtered using a zero-lag low-pass second-order
Butterworth filter

■ Both surface EMG and torque data correspond to the same 2 s time
window selected for data analysis.

■ N = 4000, m = 2, and r = 0.25 times the SD of the time series

Kempski et al., 2018
[35]

Kinematics:

■ Eight-camera motion capture
system (Motion Analysis
Corporation)

■ Twenty-five single reflective
markers and nineteen markers on
shells placed on the bony
landmarks and tracking segments

Joint Kinematics:

■ Hip, knee and ankle (◦)

Kinematics Spatiotemporal
Parameters:

■ Gait velocity (m/s)

■ MLyE (Wolf’s
algorithm) ■ Not specified

Tang et. al., 2018
[36]

Electromyography:

■ Home-made multi-channel sEMG
recording system

■ One large round reference
electrode (Dermatrode; American
Imex, Irvine, CA) was placed on
the arm fossa cubitalis

Electromyography activity:

■ EMG Integral (V) of BIC
■ SampEn

■ The EMG signal was filtered with a fourth-order zero-lag non-causal
Butterworth band-pass filter set at 20–500 Hz. Then, a set of
second-order notch filters were used to remove the 50 Hz power line
interference and its harmonics.

■ N: the EMG signal was divided into several non-overlapping epochs,
each with a time length of 1 s (equivalent to 1000 sample points)

■ m = 2 and r = 0.25 times the SD of the time series
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Table 3. Cont.

Author, Year Assessment Instrument Kinematic, Kinetic, and EMG
Variables

Non-Linear
Measure Non-Linear Measures Parameters

Dugan et. al., 2020
[18]

Kinematics:

■ Wireless Inertial Measurement
Units (IMUs) (InterSense Inertia
Cube BT) attached to each LL
segment and pelvis

Joint Kinematics:

■ Hip, knee and ankle (◦)
■ mMSE

■ The tri-axial accelerometer data from each IMU dataset were unfiltered
■ N: the last 6000 data points, corresponding to the last 100 s of the

walking trials were used for analysis.
■ m = 2 and r = 0.2

Kim et al., 2020 [19]

Kinetics:

■ Force transducers (MLP-75,
Transducer Techniques, 4.16 ×
1.27 ×1.90 cm, range = 75 lbs.,
0.1% sensitivity) attached to the
padded platforms

Force Measurement:

■ MVC torque of wrist and finger
extension (N)

■ SampEn

■ The force data were filtered using a bidirectional fourth-order
Butterworth filter with a cutoff frequency = 30 Hz

■ N: for the submaximal force control tasks, the middle 16 s of the force
signals were used

■ N: For the maximal sustained force production tasks, the middle 5 s of
the force data were analyzed

■ m = 2, and r = 0.2 SD of the force signals

Tian et al., 2021 [37]
Electromyography:

■ sEMG system (DAQ USB- 6341,
National Instruments, USA)

Electromyography activity:

■ Raw EMG data (V) BIC and TRI

■ C-FuzzyEn
■ i-FuzzyEn
■ iC-FuzzyEn

The raw EMG signals were bandpass filtered using a 4th-order Butterworth
filter at 20–300 Hz and a 50 Hz notch filter
C-FuzzyEn and iC-FuzzyEn:

■ N = 500 (0,5 s), m = 2, and r = 0.2 SD of the EMG signal

i-FuzzyEn:

■ N = 500, m = 2, and r = 0.15 SD of the EMG signal

Xu et. al., 2022 [38]

Kinematics:

■ Six-camera motion capture system
(OptiTrack®, NaturalPoint, USA)

■ Ten 12 mm reflective markers
bilaterally in LL were placed on
the second and third metatarsal
space, the lateral malleolus, the
midleg, the lateral knee, and
the mid-thigh

Joint Kinematics:

■ Knee (◦)
■ Ankle (◦)

■ MFDFA

■ Proper polynomial order = 2
■ The short-scale exponent was computed within the segment size ranging

from 20 < n < 100 sample. Meanwhile, the long-scale exponent was
evaluated in the range of 170 < n < 1000 sample

UB: upper body; UE: upper extremity; LL: lower limb; sEMG: surface electromyography; PIP: proximal interphalangeal; PV: peak velocity; MVC: maximal voluntary contraction; MIVE:
maximum isometric voluntary extension. MIVF: maximum isometric voluntary flexion; BIC: biceps brachii; TRI: triceps; SD: standard deviation; V: volts.
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3.1. Participant’s Characteristics

Of the 14 included studies, 6 only included post-stroke subjects [19,28,30,33–35], and
8 also included healthy subjects [18,27,29,31,32,36–38]. The sample size of chronic post-
stroke participants ranged from 3 [37] to 23 [29].

A total of 150 chronic post-stroke subjects, 102 men and 51 women, with a mean
age of 52.33 years, were included in the studies. All the subjects were at a chronic stage,
ranging from 12.67 [37] to 177.34 [18] months after stroke, and presented with a single and
unilateral [18,19,27,28,30,33,35,37,38] or multiple and unilateral strokes [29]. Two studies
did not report lesion characteristics [32,39].

The side of the body most affected was reported in 11 studies [19,27–30,32–37], with a total
of 48 right-sided and 71 left-sided strokes. According to the type of stroke, four trials included
both ischemic and hemorrhagic stroke [19,30,32,37] and three trials analyzed only ischemic
stroke [27,28,33]. Overall, seven trials did not report the type of stroke [18,29,31,34–36,38]. Only
one study reported the location of the stroke [19,33].

The Mini Mental State Examination (MMSE) was used in two trials to ensure an under-
standing of the instructions in the required tasks [19,37]. To assess sensorimotor impairment,
the Fugl–Meyer Upper Extremity (UE_FM) was used in five studies [27,28,33,36,37], while
the Fugl–Meyer Lower Extremity (LE_FM) was used in four studies [18,29,31,35]. Other
clinical measures were included in three trials, namely the Motor Activity Log [28], the
Rivermead Mobility Index (RMI) [29], and the Stroke Impact Scale (SIS)—Hand Func-
tion [19]. The Modified Ashworth Scale (MAS) was used to quantify spasticity in six
studies [27,29,32,34,36,37]. Only two studies did not identify a clinical measure to meet
inclusion criteria or sample characterization [30,38].

3.2. Tasks

Considering the tasks (described in Table 2), nine studies focused on UL and four on LL
assessment (Figure 2). Regarding UL tasks, two studies analyzed reaching to grasp [27,28]
and one analyzed reaching to point [33]. Arm tracking movement was assessed by two
studies [30,32]. Five studies focused on elbow flexion [30,32,34,36,37], one on extension [37],
and one on wrist and finger extension upward (lifting) [19]. The remaining studies analyzed
knee extension [29] and walking [18,31,35,38].
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3.3. Assessment Instruments

Table 3 shows the instruments used to explore kinematic, kinetic, and EMG variables
in the 14 studies. Kinetic data were collected in four studies [19,29,30,34], kinematic data
were collected in eight studies [18,27,28,31–33,35,38], and sEMG data were collected in five
studies [30,32,34,36,37] (Figure 3).
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Force transducers [19], isokinetic dynamometers [29,30], and a torque sensor [34]
were used to evaluate the kinetic data. The muscular activity was assessed using a sEMG
system [30,32,34,36,37]. Three different motion capture systems were used for kinematic
data: VICON™ [27,28,33], Motion Analysis Corporation [31,35], and OptiTrack® [32,38],
with several cameras, ranging from 6 [38] to 12 [27,28,33] in number. One study did not
report the number of cameras [32]. The number of reflective markers ranged from 2 [32]
to 67 [27,28,33], as different anatomical references were considered within each identified
segment according to each author (see Table 3). One study [18] used wireless inertial units
(IMUs) in lower limb segments and the pelvis to collect kinematic data.

3.4. Kinetic, Kinematic and EMG Variables

To analyze the human movement data, different instruments were used to collect
several variables (Table 3). For kinetic data (Figure 4), three studies quantified the maximal
voluntary contraction (MVC) torque and power of the quadriceps [29], elbow flexion [34],
and wrist and finger extension [19]; one study used the maximum isometric voluntary
extension (MIVE) torque of the elbow [30]; and another used the maximum isometric
voluntary flexion (MIVF) torque of the elbow [30]. Regarding sEMG data (Figure 5), one
study each measured muscle activity using the root mean square (RMS) of the biceps
(BIC) [34], the EMG amplitude of the BIC and triceps (TRI) [32], the EMG integral of the
BIC [36]; the remaining two studies used raw sEMG data of the BIC and TRI [30,37].

To analyze the kinematic data (Figure 6), four studies considered the range of motion
(ROM) of the upper limb, namely the shoulder [27,28,33], elbow [27,28,32,33], wrist [27,28,33]
and proximal interphalangeal (PIP) index finger [27,33]. The range of motion of the lower
limb was considered in three studies, specifically the hip [18,35], knee [18,35,38], and
ankle [18,35,38]. Only three studies included spatial–temporal kinematic parameters such
as index finger velocity and peak velocity [33], C7 velocity [31], and gait velocity [35].
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3.5. Non-Linear Measures

Considering the units included in this review, 11 studies used entropy measures
(Table 3). Approximate entropy (ApEn) was used in four studies [27,28,32,33]; sample
entropy (SampEn) was in five studies [19,29,32,34,36]; fuzzy approximate entropy (fApEn)
was used in two studies [30,32], and multivariate multiscale entropy (mMSE) was used in
one study [18]. One study [37] considered the instantaneous fuzzy entropy (i-FuzzyEn), the
cross-fuzzy entropy (C-FuzzyEn), and the instantaneous cross-fuzzy entropy (iC-FuzzyEn).
The three remaining studies utilized the short-term local divergence exponent (LDE) and the
maximum Floquet multiplier (maxFM) [31], the maximum Lyapunov exponent (MLyE) [35],
and the multifractal detrended fluctuation analysis (MFDFA) [38]. Figure 7 summarizes
the non-linear measures utilized in the studies included.
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3.6. Non-Linear Measures Parameters

For each of the non-linear measures, the included authors generally described their param-
eters in detail. Specifically, seven studies mentioned the dataset length (N) [18,19,29–31,34,36],
eleven studies described the specific pattern length (m) [18,19,27–30,32–34,36,37], and ten
studies specified the criterion of similarity (r) [18,19,27–30,33,34,36,37]. Time series were re-
duced to N points by analyzing between 20 [38] and 5000 points [32]. The time delay between
related series of observations (lag) was described in three studies [27,28,33]. Furthermore,
there is variation in the length of m, ranging from 2 (n = 10) [18,19,27,28,30,32–34,36,37] to
3 (n = 1) [29], and r ranging from 0.2 [18,19,27–30,33,37] to 0.25 [34,36]. In the studies that
included lag (n = 3), the value remained constant at 1 [27,28,33]. Additionally, the studies
had varying numbers of trials and lengths, ranging from 2 [29] to 18 trials/condition [32],
and from 3 s [36] to 3 min [38], respectively. Only nine studies described the number of
attempts/times analyzed in non-linear analyses [18,19,27–29,31,33,34,36].

4. Discussion

This scoping review aimed to summarize information on the current published re-
search related to the non-linear measures used in the kinetic, kinematic, and EMG data
analysis of human movement after stroke.

Considering that everyday functional tasks involve the continuous adaptation of
movement patterns to meet their dynamic demands, the study of variability in everyday
tasks is a key point in human movement analysis due to its non-linear behavior. This
information can provide a greater opportunity to better understand the mechanisms under-
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lying an impaired sensorimotor system and may suggest better interventions to improve
movement adaptability while encouraging reflection on key findings to be considered in
future research. Therefore, this discussion is divided into different aspects: (1) sample
characterization; (2) tasks, non-linear measures, and non-linear parameters; (3) assessment
instruments; and (4) kinematic, kinetic, and EMG variables.

4.1. Sample Characterization

In the included studies, the characteristics of sex, age, affected side, time after in-
jury, and motor function were found to be the most common and frequently reported
anthropometric variables. However, other important features such as stroke location,
severity, ethnicity, pre-existing comorbid conditions (diabetes, cognitive impairment, or
depression) [21], and pre-stroke lifestyle factors (social engagement and exercise) were
not consistently considered [40]. Also, body function, structure, activity limitations, and
participation restriction should be assessed using appropriate and adequate clinical mea-
sures. Indeed, although the Fugl–Meyer Assessment (FM) was commonly used in the
present findings, it was not included in all studies, which may affect our understanding of
participants’ behavior [21].

It is important to note that limited or varied demographic and stroke-related data
may hinder our understanding of stroke recovery trajectories [41]. Therefore, it is crucial
to follow the core recommendations for stroke trials, which state that pre-stroke clinical,
demographic, and stroke-related data are core measures that should be collected to improve
the clinical prediction of recovery and characterization of patient cohorts. For instance,
active hand movements and walking assessment are recommended, especially in studies
with chronic stroke, when the NIHSS could not be collected at stroke onset [21].

Another important consideration is the presence or absence of non-disabled matched
individuals, which facilitates comparisons. Comparing an individual’s motor task perfor-
mance with a reference population of non-disabled matched individuals has been shown
to be advantageous for better understanding disabled performance [21]. Despite this
assumption, this was only considered in about half of the present studies.

4.2. Tasks and Non-Linear Measures

The intrinsic variability of human movement can be assessed by considering two
parameters: stability and complexity [9,42]. Both parameters can be measured using
several non-linear measures, such as the MLyE, the maxFM, and fractal measures like
MFDFA for stability assessment. In addition, entropy measures are used to quantify the
irregularity that is associated with movement complexity [7,9,43].

Although entropy measures provide valuable insights into one aspect of variability,
they do not capture the structural abundance and widespread component characterization
of a complex system operating across multiple spatial and temporal scales [44]. Therefore,
it is recommended to combine them with other non-linear measures for a more comprehen-
sive assessment [7]. Entropy was the most used measure for processing kinetic, kinematic,
and EMG data in the reviewed studies. It is worth noting that none of the studies combined
entropy with other non-linear measures, and only two studies combined different entropy
measures [32,37].ApEn is a metric commonly used in the biomechanics literature to assess
complexity [9,45]. However, SampEn was the most frequently reported measure in the stud-
ies reviewed, followed by ApEn. Despite its frequent use, ApEn may lead to inconsistent
results due to its sensitivity to the length of the time series [9]. It should be noted that the
studies included in this review used ApEn to quantify the temporal structure of variability
during three trials of reaching-to-grasp [27,28] and reaching-to-point [33] tasks. Although
the authors normalized the ApEn values to the length of their time series [27,28,33], the
number of trials and time series length may not be sufficient for consistent results.

SampEn is generally considered a better option for analyzing time series due to its
greater relative consistency and lesser dependence on the length of the dataset [20]. It has
been widely used as a complexity measure in various fields of research to evaluate the
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impact of age, illness [46], and performance [47]. In clinical contexts, this measure can
help identify motor coordination disorders [48]. In this review, five of the studies used
SampEn, with short-length tasks, to quantify the complexity of the sEMG signal during
knee extension [29] and elbow flexion [32,34]; Tang et al. [36] used it as an indicator of the
complexity and randomness of the sEMG signal during elbow flexion; and it was used as
an indicator of the temporal structure of variability (force regularity) during wrist or finger
extension [19]. Additionally, SampEn can differentiate specific characteristics of distinct
populations [12].

Although SampEn demonstrates relative consistency and less dependence on data
length, its similar definition of vectors is based on the Heaviside function, as in ApEn [49].
However, the use of the Heaviside function has inherent flaws, which can lead to prob-
lems in the validity of the entropy definition, particularly when small parameters are
involved [50]. In this review, two studies used fApEn [30,32] to measure the time series
regularity and complexity of sEMG signals of BIC and TRI during an arm tracking task.
This measure was developed resulting from a combination of the concept of “fuzzy sets”
and ApEn [51], showing better relative consistency and robustness to noisy physiological
signals with short data length [52,53].

Because neuromuscular activities are inherently non-linear [54], cross-entropy-based
measures are used to characterize pattern synchronization and quantify inter-muscular
coupling [37]. Xie et al. [53] introduced the C-FuzzyEn, based on FuzzyEn. This method
appears to be better suited to short time series and is more robust to noise, allowing the
observation of the global intermuscular coupling between two separated but intercon-
nected sEMG signals [53]. C-FuzzyEn was used in a study included in this review to
characterize the global intermuscular coupling during a tracking task of elbow flexion and
extension [37]. The iC-FuzzyEn and i-FuzzyEn are proposed by the authors to characterize
the instantaneous intermuscular coupling and the dynamic complexity, respectively, in
order to gain a better understanding of the neuromuscular mechanisms after a stroke [37].

Van Emmerik and colleagues [9] demonstrated that ApEn, SampEn, and their variants
are limited in their ability to provide a detailed analysis of physiological signals because
they only assess entropy on a temporal scale. As physiological systems exhibit structures
across multiple time scales [55], mMSE was developed to quantify the intrinsic complexity
of the system at small and large scales [55–57]. Nevertheless, only one of the studies
included in this review used it to analyze the complexity of gait after stroke [18]. This
may suggest an emerging interest in using measures that can better reflect the impact of
complexity on the adaptability of the motor system after stroke.

According to the abovementioned studies, using different entropy measures shows a
variety of approaches to the analysis of the data. The term complexity seems to have ac-
quired synonyms such as ‘randomness’, ‘temporal structure of variability’, ‘predictability’,
or ‘regularity’, depending on the research question of the studies. Therefore, the variety
of entropy measures used in the studies analyzed in our review suggests an increasing
interest in measures that can more accurately capture the complexity of movement.

Despite the growth of entropy measures, some authors question their validity in
assessing the complexity of motion [42]. With our review, MFDFA [38], MLyE [35], short-
term LDE [31] and MaxFM [31] were identified as non-linear measures to assess stability
during a treadmill (TM) walking task. These are commonly used to assess the local (MLyE
and short-term LDE) and orbital (MaxFM) stability of the neuromuscular system, as in the
ability to attenuate small perturbations [43].

Xu et al. [38] considered MFDFA to assess gait variability. This measure allows one
to capture the multifractal scaling elements in a nonstationary time series [58]. Fractal
patterns are frequently observed in healthy and well-controlled movements, indicating a
certain level of adaptability and flexibility in motor control [59], and providing information
about the underlying control processes involved in movement [60]. As human gait is a
cyclic and repetitive set of movements, fractal analysis can be a valuable tool in assessing
gait adaptability and flexibility, identifying gait disorders, and predicting fall risk due to
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central nervous system dysfunction [39,59,61]. Concerning the quantification of the local
dynamic stability of complex non-linear systems, MLyE using Wolf’s algorithm [35] and
short-term LDE [31] were the measures applied. MLyE quantifies the rate of trajectory
convergence or divergence in an n-dimensional state phase and how sensitive the system
is to initial conditions [11,62,63]. Short-term LDE, on the other hand, is a measure of the
local divergence or convergence of trajectories over a short period of time [11]. It focuses
on how trajectories behave in the immediate neighborhood of a given point in phase
space [11]. Hence, both concepts are related to the sensitivity of a dynamic system to initial
conditions [64]. However, MLyE is typically concerned with long-term behavior, while
short-term LyE focuses on local behavior over shorter time intervals, which is consistent
with the included studies [31,35]. In the present review, it was identified that Wolf’s method
was used to calculate MLyE [35]. Nevertheless, the algorithm developed by Rosenstein is
the most widely used in biomechanical studies [65]. Considering the length of the data
in Kempski et al.’s [35] study, Wolf’s algorithm appears to be more appropriate for small
gait datasets [66]. The authors of this study considered, based on Moraiti et al. [67], that
assessing two minutes of walking is sufficient for accurately calculating the LyE.

The MaxFM method, which quantifies the convergence/divergence of continuous
gait variables towards a limit cycle [43], seems to be particularly relevant for analyzing
long-distance walking or walking with many steps [68]. However, this condition was
not observed in the study that used this measure [35]. In this case, the authors needed
to adjust the protocol because the population included (post-stroke) was unable to walk
long distances.

These measures address different aspects of stability and can complement each other,
revealing underlying patterns, attractor states, and dynamical properties that are not
evident through traditional linear methods.

Although non-linear measures can be helpful in interpreting variability dynamics, it
is important not to underestimate the importance of appropriate parameter selection [69].
Inadequate selection of non-linear analysis parameters can impact the measurement of
system complexity, leading to inconsistent outcomes [70]. Time series data from biological
systems are typically non-stationary and noisy, containing extreme values [71]. Noise
can have an impact on both the magnitude and structure of variability, potentially ob-
scuring patterns and leading to inaccurate results [72]. To reduce noise and facilitate
the accurate identification and analysis of non-linear features [60], filters were employed
in eleven of the studies included, with frequencies that preserve relevant physiological
information [18,19,27–29,31–34,36,37]. An important methodological consideration is the
length of the data time series, as almost all non-linear measures are affected by this fea-
ture [69]. Regarding the specific parameters m, r, N, and lag, most of the included studies
did not explain why they were chosen, and no article described all of them at the same time.
Lag was described in only three studies written by the same study group [27,28,33]. It is
important to note that all authors included the data collection time/number of trials in their
evaluation protocol. However, two authors did not specify which data were included in
the non-linear analysis [37,38]. To improve clarity, it is recommended to define the specific
data used in the analysis.

Among the tasks analyzed, it is important to highlight that three studies were related to
reaching [27,28,33] and four to walking [18,31,35,38], with both being considered functional
daily tasks. The remaining protocols studied focused on isolated components of task execu-
tion, such as muscular strength [19,29,30,34,36], muscle activity [30,32,34,36,37], or range
of motion [32]. However, research in movement sciences suggests that understanding inte-
grated measures of task execution, such as coordination and adaptability, can provide the
necessary information for the mechanisms underlying human movement [73]. Therefore,
an incomplete assessment limited to the execution of isolated components diminishes the
understanding of movement dysfunction [73]. The study of SMH should involve analyzing
various motor tasks [74]. Although the reviewed studies analyzed several tasks (reaching
and walking), it is important to also consider other core tasks such as sitting, standing,
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transitioning from sitting to standing, transitioning from standing to sitting and climbing
or descending a step [75]. These tasks can be used as a starting point for different clinical
situations and can help to identify critical aspects of movement [75,76]. This may lead to
the development of a standardized approach for analyzing human movement [75,76].

Considering the walking tasks, variability has been assessed in both overground
(OG) [18] and TM walking [31,35,38]. The use of TM walking emphasizes the need for
a significant amount of continuous data to calculate all non-linear dynamic measures,
particularly LyE [77]. However, when using a TM, the constant speed imposes constraints
on the gait, reducing the amount of movement variability. It appears to make the tem-
poral structure of gait variability unrealistically regular compared to OG walking [78,79].
Sloot et al. [80] suggested that multiple episodes of shorter data can also be used to increase
statistical precision. Therefore, OG walking appears to be a more accurate reflection of gait
variability outcomes.

Another aspect to emphasize is that around nine of the included studies focused on
the assessment of UL, rather than LL. It has been reported in the literature that the LL
recovers more rapidly than the UL [81–85], and that about 40–50% of stroke survivors have
UL dysfunction [86]. Considering this review in a chronic stroke population, the results
obtained may reflect these assumptions. Also, the lower number of results with protocols
involving LL tasks seems to reduce the fact that LL and gait may not express the higher
CNS control centers. Thus, walking in humans is mainly produced by the combined roles
of the reflex circuit, which produces motor patterns triggered by sensory feedback, and
the central pattern generators (CPGs) [87,88]. The CPGs mainly innervate the muscles of
the lower limb [89], and they may not be affected following a stroke [90]. Consequently,
rhythmic pattern movement such as stepping during walking can be generated even in
the absence of control of the higher CNS areas [87]. However, further investigation and
analysis are needed to validate this hypothesis and understand the complex mechanisms
underlying motor control in the lower limbs.

Incorporating the principles of variability and chaotic variation, together with non-
linear tools, can provide additional insights to guide practice and assess human movement
dysfunction. It is important to note that non-linear analysis complements traditional
linear methods in the understanding of neuromotor control following central nervous
system dysfunction.

4.3. Assessment Instruments and Kinematic, Kinetic and EMG Variables

In terms of kinematic data analysis instruments, three motion capture systems were used,
namely VICON™ [27,28,33], Motion Analysis Corporation [31,35], and OptiTrack® [32,38],
mostly for upper limb tasks. These systems feature high-precision optoelectronic cameras
that are considered highly accurate measurement tools for kinematic analysis in the study
of human movement [91]. In one of the included studies [18], inertial measurement units
(IMUs) were used to evaluate kinematic data during walking. Despite the high accuracy
and precision of motion capture systems, they are relatively costly and time-consuming and
only allow data to be evaluated in a laboratory context [92]. IMUs can collect data outside
the laboratory environment [93] to assess human movement in an easier, low-cost, valid,
and reliable way [94,95]. Thus, in the context of research or clinical practice, they could
be a viable alternative to motion capture systems. They allow evaluation in a simulated
context, as described in the articles included in this review, but also over extended periods
in real-world environments [73]. IMUs could contribute to the improvement of motor
variability assessment by providing essential data required for the interpretation of real-
world readiness for participation [73].

The accuracy of motion capture systems depends on the relative positions of the
cameras, the position, the type and number of markers, and their movement within the
capture volume [96]. The number of cameras in the included studies ranged from 6 [38] to
12 [27,28,33]. The use of a larger number of cameras can be seen as an advantage, knowing
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that more cameras allow for better visual coverage [97], help to avoid marker occlusion by
body parts, and allow for better reconstruction of motion in the observed time frame [98].

The optoelectronic systems mentioned in the included studies [27,28,31–33,35,38],
used passive marker systems that reflect light back to the sensor. Although the active
marker systems may provide more robust measurements, they require additional cables
and batteries, limiting freedom of movement [98]. The passive marker systems appear to be
less invasive and can provide highly accurate information and simultaneous 3D kinematic
measurements during different tasks.

Different motion capture protocols have been found, with varying marker sets, po-
sitions, and numbers. The well-documented and consistent use of a set of 67 reflective
markers for upper limb joint kinematics is found in only three studies [27,28,33]. Kinematic
results are highly sensitive to anatomical markers [99,100]. The use of different marker
sets can be a source of variability that can have a significant impact on the kinematic data
generated [101]. The only study that used IMUs placed on the LL and pelvis did not specify
the number and exact placement of the sensors. Sensor specifications, such as differences
in sensor range, sampling rate, and placement, may be the reasons for variability in the
reporting of non-linear measurements [102].

Furthermore, the lack of a standardized procedure for kinematic analysis may lead to
discrepancies between studies. Data collection, processing, and analysis should be standard-
ized and properly reported to facilitate comparisons between studies and the establishment
of reference values for the field. The actual accuracy and precision achieved in practice
may vary depending on the setup, user expertise, and environmental conditions [103].
Therefore, appropriate models for the specific research purpose, a single investigator to
accurately place the markers [99] or sensors, prior testing of the experimental protocol,
and improvement of the most accurate setups could be important factors in increasing the
reliability of the data.

A wide variety of kinematic results were observed, with the most pronounced being
those related to the joint kinematics of the upper [27,28,32,33] and lower limbs [35,38].
Kinematic assessment is a reliable and objective method and provides quantitative measures
of movement control, including motor performance and movement quality [103,104]. Only
two authors suggested combining joint kinematics with spatial–temporal parameters [33,35].
This approach integrates the complexity of joint motion and overall movement patterns in
space and time, promoting objectivity and practicality by ensuring that assessments are
directly related to real-world activities and functional tasks [105].

Regarding the kinetic data, the analyzed articles assessed the torque of several muscles.
The UL torque muscle was the most assessed, using an isokinetic dynamometer [30], a
torque sensor [34], or a force transducer [19]. An isokinetic dynamometer is frequently
used in scientific research to assess muscle strength due to its simplicity and accuracy [106].
It is a reference in the comparison of measurements obtained with other instruments, with
excellent levels of validity [107,108] and reliability of muscle strength assessment in UL
and LL in chronic post-stroke patients [106,109–111].

The use of sEMG systems has been prevalent in assessing muscle activity during
UL-isolated components of task execution [30,32,34,36,37]. Clinically, sEMG provides
a non-invasive method to observe neuromotor activity and to assess the individual’s
neurological status and nervous system reorganization [112].

However, neuromuscular signals have limitations in providing insights into move-
ment quality, which is often assessed via movement function tests or biomechanical per-
formance [113]. Additionally, a broader range of assessment methods and metrics that
integrate the benefits of biomechanical (kinematic and kinetic) and neuromuscular (sEMG)
measures have been highlighted [113–115]. Although one study combined kinematic and
sEMG data [32] and two studies combined kinetic and sEMG data [30,34], none of the
others attempted this. Combining data from different domains can provide comprehensive
insights by enabling the understanding of the origin of neuromuscular activity through
the expression of biomechanical variables. The complexity of human movement’s neuro-
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motor behavior justifies a combined approach. Particularly in cases of neurological injury,
kinematic and kinetic changes occur due to an altered ability to influence neural circuits,
whose function is intrinsically linked to muscle activity [116]. Such changes can be more
accurately documented using sEMG [117].

Some limitations need to be acknowledged. Firstly, the search was restricted to
five databases, which means that it is possible that we may have overlooked some of
the literature. Secondly, we intentionally developed a broad search strategy to prevent
the possibility of missing important studies. Nevertheless, this scoping review and its
findings seem to be indicative of the advances made in this field. The study of non-linear
dynamics will allow us to understand the complexity of human movement and evaluate
their biological adaptivity.

5. Conclusions

This scoping review provides a comprehensive overview of the current research land-
scape on non-linear measures in the analysis of human movement post-stroke. Entropy
measures, particularly sample entropy, have been the preferred measures when inves-
tigating the complexity of human movement. The focus has been on UL tasks such as
reaching and components of task execution, such as elbow flexion and extension. Re-
garding the analyzed variables, the joint kinematics and muscle torque and activity were
the most prominent during the UL tasks. Assessment instruments employing motion
capture systems and sEMG were the most used tools for kinematic and muscle activity
analysis, respectively.
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