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ABSTRACT 

In human, the Central Nervous System (CNS) organises thousands of components 

to execute voluntary movements and convert the desire of intention to motor 

behaviour. In the last decades, the study of how the voluntary movements is 

activated and coordinated by the CNS have been still one of the most investigated 

aspects for neuroscientists. 

Muscle synergies model has been purposed as a solution to explain how CNS can 

control the high dimension of body parts in voluntary movements in humans. In 

experimental setting, the set of synergies was extracted from the intramuscular or 

surface electromyography (sEMG) patterns recorded during the task execution 

using decomposition algorithms.  

In motor system, the brain damage may lead to abnormal muscle activations 

which induce stereotyped motor patterns visible in clinical setting. Indeed, a 

cerebral damage interferes with descending neural commands for the spinal cord, 

which is where the muscle synergies are anatomically located. In rehabilitation 

scenario, muscle synergies have been investigated to describe the level of motor 

impairment in upper or lower limb after stroke. In addition, muscles synergies 

features, have been viewed as a biomarker of prognosis in amount of motor 

recovery after rehabilitation, in according to clinical outcome and kinematic 

measures. In this PhD project, the main goal is to investigate the muscle synergies 

model to describe the motor recovery in stroke survivors, both in upper limb and 

hand motor recovery.  

In Study N.1, we analysed muscle synergies parameters extracted from a sample 

of 62 stroke survivors who underwent a specific upper limb treatment, consisting 

of 20 sessions of virtual reality, robotic or conventional treatment. Overall, 

patients improved upper limb motor function (Fugl-Meyer Assessment-Upper 

Extremity, FMA-UE score: T0=39.8 ± 15.2; T1=47 ± 13.4; Δ= 7.2 ± 7.5, p< 

0.001) but the mean number of muscle synergies (N-aff) did not change after 

treatment (N-aff of the affected side: T0= 8.8 ± 1.5; T1=8.7 ± 1.4; Δ=-0.2 ± 1.1; 

p=0.374). However, 34 (54.8%) patients resulted Responder and 28 (45.2%) No-

Responder to the treatment. We observed a significant difference in the 

percentage of merged muscle synergies between subgroups (Responder: 
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T0=63.4% ± 21.6%; T1=51.2% ± 22%; Δ= -12.2% ± 28.8%; No-Responder: 

T0=54.3% ± 18.1%; T1= 56.2% ± 19.3%; Δ=1.8% ± 29.9%, p=0.025), with only 

the Responder group significantly decreased the percentage of merged muscle 

synergies (p=0.004). We did not observe significant changes in the fractionation 

index in either group. Finally, a cluster of severely impaired patients (i.e., baseline 

FMA-UE <20 points) showed a significantly higher level of merging at baseline 

(~80%), decreasing after treatment to the level observed in the other Responder 

patients. Moreover, we identified the Vocabularies of affected upper limb motor 

functions, before (Vpre, No. 13 synergies) and after treatment (Vpost, No. 14 

synergies), and in unaffected upper limb (Vhealthy, No. 16 synergies). There 

where no differences in motor functions characterizing Responder patients, but 

both Responder and No-Responder groups, after therapy, were characterized by 

the same motor function than healthy limb.  

Then, in Study N.2, we developed a wearable device REMO (i.e., Morecognition 

Ltd, Turin, Italy), composed of 8 dry bipolar electrodes able to detect muscle 

activation (i.e., surface electromyography, sEMG) during wrist and hand 

movements. We tested the REMO on 10 healthy subjects to define the safety, 

reliability, repeatability of the measurement and the accuracy in muscle activation 

detection (trial for CE Marking, Class1 medical device). Indeed, we compared 

REMO muscle acquisition (i.e., sEMG) with DUE Lite electromyographer 

(OTBioelettronica, Turin, Italy).  

In Study N.3, we tested REMO on a sample of 117 stroke survivors to determine 

the clinical determinants needed to use REMO wearable to control a computer 

interface, in order to test the device in hand rehabilitation setting. We tested 

REMO in three conditions: 1, 5 or 10 hand gestures control. Results showed that 

65% of patients were able to control 10 gestures, 19% of patients control 9 to 1 

gestures, and 16% control no gestures. Then, we found that mild upper limb motor 

impairment (Fugl-Meyer Assessment Upper Extremity, FMA-UE ≥ 18 points), the 

level of spasticity at flexor carpi muscles and the level of pain and joint-

restrictions of upper limb predicted the control of wearable REMO.  

Finally, in Study N.4, we implemented a new muscle-synergies based method to 

describe the motor recovery after a hand specific motor training in stroke 



8 

 

survivors using a REMO. We collected data on 10 healthy subjects during the 

execution of 21 wrist and hand movements in order to test the capacity of REMO 

in hand gesture recognition. Then, we tested REMO for hand motor assessment, 

before (T0) and after (T1) a specific hand motor treatment in a sample of 10 

stroke survivors. The treatment consisted of 15 sessions of task-specific training 

provided by REMO (RG) or in a conventional environment (no-RG). To test the 

motor recovery using REMO, we collected sEMG data during the execution of 12 

tasks (i.e., FMA-UE wrist and hand section, FMA-Hand, subitem VII and VIII), 

and extracted muscle synergies using Non-Negative Factorization Algorithm 

(NMF). Then, we calculated the percentage of similarity comparing the sEMG of 

stroke survivors with the sEMG signals collected in 4 age-matched healthy 

subjects, during the same 12 tasks. Results showed that there was an improvement 

in motor function in all patients (FMA-UE score: T0= 32.38 ± 9.91; T1= 40.25 ± 

8.26; Δ= 7.88 ± 4.82, p= 0.008; FMA-UE hand score: T0= 11.5 ± 3.34; T1= 15.12 

± 3.64; Δ= 3.63 ± 1.85, p= 0.014), but no differences in comparing two types of 

treatment (∆FMA-UE: ∆RG=5.5±3.3, ∆no-RG=11.7±4.6, p=0.095; ∆FMA-Hand: 

∆RG=2.3±2.2 ; ∆no-RG= 4.7±2.1; p=0.241). Moreover, there were no significant 

differences in all the similarity index comparison, only the hand task n.5 (i.e., 

grasping a pencil) showed results close to p-value significance (similarity index 

H5: T0= 58.81 ± 18.39; T1= 66.01± 19.12; Δ= 7.2 ± 13.47, p= 0.109). Moreover, 

the information provided by similarity index did not convey always with clinical 

assessment scale. Thus, new improvements in muscle synergies extraction and in 

similarity index calculation will need in using REMO for hand motor assessment.  

In conclusion, muscle synergies analysis in neurorehabilitation may provide new 

information about neural mechanisms of upper limb and hand motor recovery. 

However, an agreement on acquisition and feature extraction protocol is needed in 

farther clinical trials, both in healthy and impaired subjects. Further, future 

research may investigate the application of muscle synergies in clinical 

assessment and in controlling new technological solution in neurorehabilitation to 

enhance upper limb and hand motor recovery in people with diagnosis of stroke. 
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1. MOTOR BEHAVIOUR AND MOTOR CONTROL 

1.1 Overview of motor behaviour and motor control 

Voluntary movements are essential for humans to perform tasks, to be 

independent in daily activities but also in social contexts. The study of motor 

behaviour and motor control in human has been considered as one of the most 

interesting and fascinating topics in neuroscience.  

Therefore, motor behaviour has been studied in three scientific fields: psychology, 

physiology, and kinesiology, although they have been interconnected (1, 2). The 

history of studying motor behaviour in human have started in the XVII century, 

when Galvani (1792) (3) supposed that the movement of the human would be due 

to the muscles, contracted by electrical impulses (1). Then, between the end of the 

XIX and the beginning of the XX century, Sherrington described the functional 

and anatomical aspects of Central Nervous System (CNS), realizing that it was an 

integrated system of receptors, effectors and conductors (4). Moreover, he 

purposed that the CNS coordinates complex body movements by combining sets 

of simpler movements, such as simple reflexes. He introduced the concept of 

proprioception, considering the receptors in the muscles that are sensory receptors 

which monitor the body parts’ movements (4). Later, the studies have been 

proceeded, since Taylor (1958) provided the idea that there was a hierarchical 

control of the movements within the brain and in all the CNS, overall (5). In this 

hierarchical model, the idea is that commands for voluntary, goal-directed 

movements began from the higher centres of the CNS forward to the lower 

centres, that were in the spinal cord (5). 

Then, later in the middle of the XX century, one of the most known theoretical 

neuroscientists of motor behaviour was Nikolai Alexandrovich Bernstein (1896-

1966), who was one of the first researchers who understood that motor behaviour 

can be observed and measured. He was a neurophysiologist interested in 

describing the problem of redundant degrees of freedom and in measuring the 

body structures of voluntary movements (6, 7).  He developed procedures to 

analyse multi-joint goal-directed movement. For instance, during his career, he 

invented cyclogrammetry, one of the first instruments to record data on kinematic 

while people moving, with a record frequency of 150-200 frames/s. In his first 
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studies, he investigated the movement biodynamics of the upper limb in healthy 

subject during the execution of cutting with a chisel. Moreover, Bernstein 

observed that the joints were not acting independently, but correcting the each 

other’s errors finalizing to reach the goal (8). From this experience, he deducted 

that the Central Nervous System (CNS) has many solutions to perform the same 

task, with a whole variety of joint trajectories but with the same movement 

accuracy (8). He introduced the concept of ‘Repetition without repetition’, which 

revolutionised the way we think about terms of motor performance but also skill 

acquisition process and principles. Indeed, Bernstein explained that ‘practice does 

not mean to mechanically repeat the same solution to a given task, but, to repeat 

over and over, the process of solving the task itself” (9). He assumed that to 

execute a task, the inertial forces are the dominant elements the CNS must control 

during motor performance, with many degrees of freedom to control in a few 

handfuls of milliseconds. Indeed, in the “least automatic” movements, such as 

making circular movements with outstretched arm, one of the problems in motor 

control consists of the skilled coordination of each part in overcoming the 

redundant degrees of freedom of our body parts. So, the same task could be 

executed in easier or more complex way but, anyway, reaching the same 

objectives (i.e., “principle of equal simplicity”, by N.A. Bernstein) (9).  

Nowadays, the Bernstein’s studies remains actual and valid, because it purposed a 

“bottom-up” approach, to study behaviour analysing the body “periphery” in order 

to understand the “central” mechanism of motor control and motor behaviour (7).  

More recently, the definition of motor control was provided by Mark Latash, 

expert kinesiologist on the field. He defined that motor control “is the process 

whereby the central nervous system (CNS) produces purposeful coordinated 

movements to interact with the rest of the body and the environment” (10). Thus, 

the role of the CNS is to coordinate all these segments in an efficient way to reach 

the task objective, solving the problem of redundancy and dimensionality. The 

redundancy is the possibility of reach the same goal but in different way (i.e., 

“Repetition without repetition”), whereas the problem of dimensionality is the 

neurophysiological mechanisms of motor control which activate, and steel 

thousands of body segments have been studied. 
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To better understand the CNS functioning, Frey et al. dealt the computational 

principles of the execution of human action (11). In summary, the problem that 

the CNS has to solve in execution of action, is the coordination of multi-degrees 

of freedom, in execution goal-direct task in relation to an external environment 

and, possibly, with the most effective and efficient way (11). The motivation to 

reach a goal allows the starting of an action, visual and auditory input provide the 

information from the environment, the input are transformed in planification and 

then in motor command output to accomplish the goal within a reasonable timing 

(11). Thus, the CNS transform the sensory information and the intention to move 

in a motor behaviour, with specific kinematic characteristics, such of amplitude, 

direction, velocity (12). The activity of cortical and subcortical neurons, deputed 

to the motor system, is represented in spatial coordinates without any specification 

about how muscles are to be engaged to produce the forces necessary for the 

movement (12). 

 

1.2 The muscle synergies model 

In human, the CNS organises thousands of components to execute voluntary 

movements and convert the desire of intention to move into electromyographic 

signals to control the muscle activation (13). In the brain, the primary motor 

cortex (M1) is particularly concerned with the precise patterning of muscle 

activity, by selecting muscles recruitment and weighing of synergies, to contribute 

to the fine control of force (11). In the last decades, motor neuroscientists have 

searched for neurophysiological evidence to describe the strategies employed by 

CNS to coordinate the muscle activation in motor system. In several vertebral 

species, they discovered that in the spinal cord there are fixed number of 

potentially functional units underlying the map of motor behaviour, and the motor 

cortical areas are responsible of the orchestration of this map activation (14). This 

map may be the mechanism whereby the CNS performs the planning and the 

execution of motor behaviour (14).  The researchers have defined this activation 

as muscle synergies, expressed as the linear vectorial combination of motor units 

derived from activation across different areas of a very map is a mechanism for 

producing a vast repertoire of motor behaviour (14, 15).  
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Muscle synergies model has been purposed as a solution to explain how CNS can 

control the high dimension of body parts in voluntary movements in humans. 

Thus, the motor behaviour consists of a combination of preorganized low-level 

units called motor primitives or motor modules (16).  

The first studies to prove the existence of muscle synergies were published by 

Bizzi’s group, in the Department of Brain and Cognitive Sciences, Massachusetts 

Institute of Technology (Cambridge, Massachusetts, USA). They tested the 

presence of the map of limb postures and movements in the frog spinal cord in a 

micro-stimulation experiment (14). Bizzi et al. stimulated a specific point of 

frog’s spinal cord surgically disconnected to determine the field of static forces 

associated with the stimulation of a specific spinal cord site, measuring the 

isometric force vectors of the make in a grid in the workspace of the leg. They 

found that the time-varying force field elicited was always with the same 

characteristics, and for each micro-stimulation, the force fields recorded produced 

the same motor behaviour in the frog’s leg (14). In this way, they were able to 

prove how the muscles are normally activated to produce the forces needed for the 

movement activation. In this way, they studied the execution of the movements, 

expressed as direction, speed, amplitude of the leg’s movements, and so the 

kinematic characteristics (14). The change in force through the workspace resulted 

from the interaction of several factors, such as the lengths, moment arms, and 

elastic properties of the muscles and stretch reflexes. 

Furthermore, the activations of these muscle patters are due to the signals output 

descending from spinal premotor interneurons (PreM-Ins) to motoneuron pools 

(16, 17). Takei et al. in their work studied the contributors of PreM-Ins to the 

muscle synergies activation in hand movements in a sample of primates, by 

studying the distribution of muscle field using sEMG recording of 12 hand 

muscles during a grip task in correlation to the firing of PreM-INs (18). Indeed, 

they supposed that there was a temporally association between the activation of 

PreM-INs and muscle synergies activation. Results showed that during the grip 

task execution, they found 18 excitatory and 5 inhibitory PreM-Ins, and a muscle 

field encompassing six muscles normally activated during a precision grip task 

(i.e., first dorsal interosseous, adductor pollicis, abductor pollicis brevis, abductor 
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digiti minimi, and digit flexors muscles). Moreover, they used a decomposition 

algorithm to quantify the muscle pattern and they extracted a linear combination 

of three muscle synergies explaining ~90% of the original EMG variance (18).  

In this perspective, each muscle synergy involves the activation of a set of 

muscles with a defined contribution, that was recruited with variable intensity and 

timing (13). In experimental setting, the set of synergies was extracted from the 

intramuscular or surface electromyography (sEMG) patterns recorded during the 

task execution using decomposition algorithms (13, 16, 19). The most used 

algorithm for muscle synergies extraction from sEMG is the non-negative matrix 

factorization (NMF), which identifies time invariant non-negative vectors to 

minimize the error of the sEMG reconstruction (20). Each muscle synergy (i.e., 

module, M) is described by a spatial component W (i.e., the synergy vector) 

containing the weighted contribution of each muscle to that synergy and a set of 

time-varying activation coefficients (C) describing the coordinated recruitment of 

each muscle group encoded in W(16, 21, 22).  

 

1.3 Alteration of the muscle synergies model after stroke 

After a brain injury, the motor cortical areas, such as primary motor cortex (M1), 

the cingulate, the premotor and supplementary areas, could be damaged by the 

infarction or haemorrhage’s event causing the alteration of functionality, 

observable in clinical setting (23). In motor system, the brain damage may lead to 

abnormal muscle activations which induce stereotyped motor patterns visible in 

clinical setting. Indeed, a cerebral damage interfere with descending neural 

commands for the spinal cord, which is where the muscle synergies are 

anatomically located (14, 15, 24). 

In rehabilitation scenario, muscle synergies have been investigated to describe the 

level of motor impairment in upper or lower limb after stroke (25, 26). In addition, 

muscles synergies have been viewed as a biomarker of prognosis in amount of 

motor recovery after rehabilitation, in according to clinical outcome and kinematic 

measures (27-31).  

In order to reach these goals, after the features extraction process, motor indexes 

could be gained from muscle synergies analysis (21). The parameters extracted 
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from muscle synergies to provide information about the upper limb motor 

functions from the muscle activation are principally the following (21):  

1- The number of modules for each arm, i.e., affected and unaffected, and the 

number of modules shared between two sides.  

2- The similarity index, consider as a value to define how much are similar 

two synergies in muscle activation.  

One of the open issues on the quantitative data of muscle synergies has been the 

standardization of the acquisition protocol, but also the techniques used for sEMG 

decomposition (20). Indeed, the number of muscle synergies extracted is strictly 

related to several factors. 

First, the number of the muscles recorded, thus the number of sEMG channels 

(32). Indeed, the number of modules extracted is strictly correlated with the 

number of sEMG channels used in the acquisition protocol, and so with the degree 

of freedom (DoF) (32). Brambilla C. et Scano A. in their work set an experimental 

protocol to compare the number of muscles extracted by the acquisition of sEMG 

signals considering 32 channels and 12 channels. The results highlighted that the 

synergies extracted using 32 channels, showed an additional synergy not 

identified using 12 channels. The number of channels could over- or under-

estimated the dimensionality of motor control (32). 

Second, the number of muscles synergies is determined by the consideration of 

some quality parameters which define the threshold of number acceptance (21). 

These parameters are generally the Variance Accounted For (VAF) or coefficients 

of determination R-squared (i.e., R2) (21). In the extraction phase, the 

mathematical formula used for analysis required the number of muscle synergies 

expected as an output. The number of muscle synergies could be in a range from 1 

to the maximum number of muscles analysed. The minimum number of synergies 

that has be accepted corresponds to the minimum number of synergies that 

overcome a specific curve threshold (i.e., VAF or R2) in a range of quality 

accepted as the correct rank of the low-dimensional approximation (32, 33). In 

literature, the threshold is generally higher than 0.80, but there are no agreement 

on the right threshold value to consider in the muscle synergies extraction analysis 

(20).    
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Third, the type of algorithm applied for features extraction. Indeed, the number of 

modules depends on the mathematical method used for the extraction. In 

literature, many types of algorithms were reported in muscle synergies extraction. 

The most used is Non-Negative Matrix Factorization (NMF), that was used for the 

90% of studies on the topic in neurological disease (20). Then, other methods 

were: Factorization Analysis (FA) (34), Principal Component Analysis (PCA) 

(35), Hierarchical Alternating Least Square Algorithms (HALS) (36), multivariate 

curve resolution–alternating least squares (MCR-ALS) independent component 

analysis (ICA) (37) and self-modelling mixture analysis (SMMA) (38). The most 

of studies extracted spatial component of muscles synergies, and only few studies 

considered temporal and spatiotemporal synergies (20).  

Forth, the task required to the subject. Indeed, the kinematic characteristics of the 

task could influence the number of modules, due to the degree of freedom of the 

task.  Thus, if the subjects were free to move completely in the space (i.e., 3D 

tasks) the number of muscle synergies are probably higher than the restricted 

movements (i.e., 2D tasks) o restricted isometric movements. In 2D-free to mode 

or isometric tasks, the subjects’ motion was more restricted and the variability of 

the motor control required to control the task was limited to the DoF of the task. 

This different level of complexity in motor control, is good explained in robotic 

control. For instance, reporting the number of degrees of freedom of the robotic 

device along with the definitions of training modalities, is important in clinical 

setting for explaining the complexity of the performed tasks required (39). 

Finally, the filtering process: the type of filters (i.e., low-pass, high-pass, band-

pass, and band-stop) could influence the features extraction. Indeed, the quality of 

sEMG signals recorded could be influenced by noise or interferences. Many type 

of filtering methods could be applied to remove or attenuate frequency 

components that could be to the noise (40). Therefore, the choice of the filtering 

band could exclude some frequency in sEMG feature extraction. Moreover, as 

filter, one procedure to be considered is smoothing or not-smoothing filtering: the 

application or not application of an addiction filter of smoothing could improve 

the accuracy in classification process of sEMG (41, 42).  Then, the use of pre-

processing averaging methods to the sEMG signals could neutralize the variability 
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of muscle activation among trials and make the sEMG signals smoother, then 

affecting the VAF thereshold and therefore, the number of muscle synergies 

extracted (20, 43). 

To investigate which several protocols of muscle synergies extraction and indexes 

have been mostly used in literature, we queried the literature using systematic 

review methodology. Thus, we drafted a protocol based on PRISMA Guidelines 

for Systematic Review (44) and we registered it in Prospero repository 

(PROSPERO 2021, ID CRD42021275657).  

In this work, the review question was formulated to understand which and how 

many muscle synergies underpin motor control of the upper limb and hand 

movements. Moreover, if the muscle synergies changed in structure or similarity 

after stroke and whether there was any relationship between the number of muscle 

synergies and sensorimotor impairments of patients. First, we defined the PIO of 

the review:  

• Population (P): Healthy subjects or stroke patients 

• I (Intervention): subjects have to execute upper limb movements during 

muscle activation recording (i.e., electromyography)  

• O (Outcomes): number of muscles recorded in electromyography 

acquisition; number of muscle synergies; differentiation of muscle 

synergies (i.e., which muscles included in which synergies) 

 

Moreover, to consider a wider sample of studies, we included all kind of primary 

studies (RCT, longitudinal, cross-sectional, cohort, case reports and case control 

studies, timeseries). Then, we developed the Search Strategy (see Appendix 1) 

based on the following keywords: “Humans; Muscles Synergies; 

Electromyography; Stroke; Upper Limb; Hand Gestures”, and we queried six 

databases for relevant literature: PubMed, Cochrane Library, Web of Science, 

CINAHL, Embase, Scopus. No language or time limits were applied. 

Finally, for data extraction, two reviewers independently screened the titles and 

abstracts of the papers, following inclusion and exclusion criteria defined a priori 

(Table1).  
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 Inclusion Exclusion 

POPULATION • Healthy subjects 

• Subjects with stroke  

• Adults (age >18yy) 

• All other neurological diseases 

• Children 

• Psychiatric disorders  

INTERVENTION • Any upper limb or hand 

tasks during sEMG 

recording 

 

• No muscle activation recording 

(i.e. EMG) during upper limb 

movement execution 

• Other neurophysiological 

examination (i.e. tDCS, TMS, 

EEG, RMI, fMRI)  

OUTCOME • Number of muscle 

synergies  

• (condition sine qua non) 

• Number of muscle 

synergies shared 

• No muscle synergies extraction 

(i.e. only data of EMG signal 

amplitude during task execution) 

STUDY DESIGN • Any primary study (i.e. 

RCT, longitudinal, cross-

sectional, cohort, case 

reports and case control 

studies, time-series) 

• Review  

• Study protocol 

Table 1. In the table the characteristics of the PIO are described. Inclusion and exclusion criteria for each 

component are scheduled. 

 

For the screening of titles and abstract, the reviewers used the tool Rayyan 

Systems Inc (https://www.rayyan.ai/). Then, a third reviewer resolved the 

disagreement. Articles included for full-text evaluation were assessed according to 

inclusion and exclusion criteria. Data were synthesised in a synoptic table 

including the information about the first author’s name and year of publication, 

groups characteristics (i.e., healthy subjects (HS) and/or patients with diagnosis of 

stroke (Pt)), characteristics of sEMG acquisition protocol (i.e., type of sensors 

used, number of muscles recorded, algorithm used, VAF, filtering, type of task), 

number of muscles synergies extracted, and, if reported, clinical outcome and 

similarity index used.  

Moreover, for data synthesis, we considering two subgroups: (1) proximal muscle 

synergies (upper limb) that characterize upper limb movements; and (2) distal 

ones (forearm and hand) which describe hand gestures. The allocation of the 

papers in one of the two subgroups, was based on the task required to the 

participants in the sEMG acquisition. Thus, in this way, we considered the 

number of muscle synergies extracted to characterize the specific voluntary 

movements (i.e., upper limb or hand task). The last search was dated to 31st 

August 2021. Results showed 48 studies which reported data on muscles 
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synergies extraction collected during upper limb movements execution, and 18 

studies during hand movements execution. Specifically, one study was included in 

both subgroups because the task required both movements (i.e., upper limb and 

hand) (25) (Figure1). 

 

  

Figure 1. PRISMA 2020 flow diagram for new systematic reviews which included searches of databases. 
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In Table 2 we summarized the data extracted from all studies included.  

Studies  

(n) 

Participants  

(n) 

sEMG Acquisition protocol  

(n studies) 

[min-MAX] 

Muscle synergies 

[min-MAX] 

Upper 

Limb 

 

N = 48 

• HS: n=432 

 

• Stroke Pt: n= 353 

 

 

Sensor type: 

• Bipolar surface EMG= 47  

• Intramuscular EMG= 1  

N.muscles: 

• Biceps= 47  

• Triceps= 47  

• Deltoid Medial= 42  

Filtering: 

• [5- 600 Hz] 

• Butterworth filtering  

Algorithm: 

• NMF=40  

• PCA=2  

• DFA=1  

• HALS=1  

• FA=1  

VAF: [73% - 95%] 

Task : 

• Reaching= 35 

• Functional activities = 7 

• Isometric movements= 6 

• NMF= [ 2 – 7] 

• PCA= [ 2 - 7] 

Hand 

Gestures 

 

N = 48 

• HS: n= 155 

 

• Stroke Pt: n= 61  

Sensor type: 

• bipolar sEMG= 11 

• wearable= 4 

• HD-EMG = 3 

N.muscles: 

• EDC=12 

• FDS= 9 

Filtering:  

• [20- 500 Hz] 

• 50Hz noch filter 

Algorithm: 

• NMF= 13 

• PCA= 4 

• GMM= 1 

VAF: [% - 95%] 

Task: 

• Grasp= 10 

• Wrist/fingers= 6 

• Functional activities= 2   

• NMF= [4 - 10] 

• PCA= [ 2 - 4] 

Table 2. The summary of the characteristic of the studies included in the systematic review. Abbreviations: 

HS= Healthy subjects; Pt= Patients; NMF= Non-negative Matrix Factorization; PCA= Principal 

Component Analysis;EDC=Extensor Digitorum Communis; FDS= Flexor Digitorum Superficialis; DFA= 

Deterministic finite automaton; HALS= Hierarchical Alternating Least Squares; FA=Factorization Analysis; 

VAF= Variance Account For; HD-EMG= High-Density electromyography; GMM= Gaussian Mixture 

Model. 

The numerosity of the included studies highlighted that the muscle synergies 

extraction was more investigated in upper limb task requirement than in hand 
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movements (i.e., 48 studies for upper limb movements, as compared to 18 for 

hand movements). The reason of this difference was probably due to the difficulty 

to collect data in hand muscles, because of the anatomy of the hand (45). Indeed, 

many muscles control hand movements and their position may cause signals 

crosstalk (46). For upper limb, 28 studies extracted muscle synergies only from 

healthy subjects (47-74) and 7 studies only from stroke survivors (25, 27, 75-79), 

whereas, 13 compared results from both populations (29, 33, 38, 80-89).  

For upper limb subgroup, some consideration about the sEMG protocol 

acquisition and extraction: firstly, the sensors used were predominantly surface 

bipolar electrodes, only 1 study used intramuscular (66). The muscles most 

recorded were biceps and triceps, and deltoid medium, thus the principal groups 

of muscles in proximal part of the arm. The task most investigated is reaching 

(i.e., 47 studies). The algorithm most used was NMF, present in 40 studies, then 

PCA in 2 studies, and DFA, HALS, FA in 1 study each. 

Furthermore, for the hand subgroup, 14 studies investigated muscle synergies only 

in healthy subjects (34, 90-102), only 1 in stroke survivors(25), and 3 compared 

results from both populations (103-105). Moreover, 11 studies used bipolar 

electrodes, 4 wearable device and 3 High-Density electromyography (HD-EMG). 

The use of wearable in hand muscle collecting sEMG data has been taken in 

consideration in the last year, because more analysis on accuracy in gesture 

recognition has to be implemented (106). The task most investigated was grasping 

(i.e., 10 studies), then wrist and fingers movement (i.e., 6 studies) and finally 

functional task, such as drawing (i.e., 2 studies).  

Then, considering the number of muscle synergies, we considered the most used 

algorithm in both groups. For upper limb, studies that used NMF algorithm the 

number of muscle synergies which explained the upper limb movements, were at 

minimum 2 and at maximum 7; the same results were found for PCA algorithm.  

For hand movements, in studies that used NMF algorithm, the number of muscle 

synergies which explained the upper limb movements, were at minimum 4 and at 

maximum 10; whereas, in studies that used PCA algorithm were at minimum 2 

and at maximum 4. Comparing upper limb and hand muscle synergies founded, 

showed that an higher number of muscle synergies are needed to coordinate hand 
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gestures, probably due to the higher number of DoF of hand(45, 60). 

Nevertheless, these results may suggest that for hand gesture recognition and hand 

motor control investigation the protocols used have been still not robust, 

undergoing constant changes and approximations, both in hardware used, in order 

to find the methods which provides the highest level of accuracy. Indeed, Zhang et 

al., described that the increasing number of synergies extracted, from 3 to 11, led 

to improvement in average accuracy from 70% to approximately 97%, but further 

increases did not change the performance much. This indicates that a limited 

number of muscle synergies may be sufficient to characterize complex functional 

tasks  (105).  

The results of our review were approximately in line with the results of the 

systematic review of Zhao et al. (20). The authors queried the literature on the 

muscles synergies topic to describe the protocol characteristics and the relative 

results obtained. Results showed that all studies extracted spatial synergies in the 

analysis, but only few studies also consider temporal and spatiotemporal synergies 

(20). Firstly, the number of modules extracted in affected and unaffected limb, 

and the modules shared between to limbs defined the framework of muscle 

synergies which describes the map of muscle activation in both sides. Considering 

the upper limb extractions, the number of muscle synergies retained is related to 

the level of motor function, in according to clinical assessment. Comparing 

unaffected and affected limb, Garcia-Cossio et al. showed that the number of 

muscle synergies in the affected is slightly lower than the unaffected limb, and 

this number had a negative correlation with the level of spasticity (25).  Moreover, 

in patients who showed specific subcortical lesion only, the number of shared 

synergies, between two arms, correlated positively with the score of FMA-UE. In 

his work, Pan et al. defined that in most severe impaired patients (FMA-UE ≤ 30 

points) the number of synergies which reconstructed the upper limb movement in 

reaching task was lower than mild-to-moderate patients who, besides, were closer 

to the control subjects. In longitudinal studies, muscles synergies parameters are 

used to assess the effect of the training, with more synergies after the treatment 

(85). Irastorza-Landa et al. investigated the effect of 4 weeks of a technological-

based upper limb treatment (i.e., brain computer interface controlling hand 
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orthosis) (77). Results suggested that an increase in motor function, assessed 

using FMA-UE, correlated positively within the change of muscle synergies (i.e., 

r=486) (77).  

Secondly, the similarity index is calculated on the one-to-one match between most 

similar synergies in affected and unaffected limb. Cheung et al. calculated the 

cosine of principal angles in the most similar synergies to define the similarity 

between arm, which indicated the dimensionality of the shared subspace between 

the spaces spanned by the synergy sets. In his work, Cheung found that in most 

patients the shared synergies between two arms were remarkably similar, 

represented by the scalar product values which ranged from 0.804 and 0.958. But, 

remained unclear which level of similarity is sufficient for a reliable inference on 

the neural organization and if this index reflect accurately the same information of 

clinical assessment (33).   

To investigate the relationship between clinical outcome and muscle synergies 

parameter, Maistrello et al., used Exploratory and Confirmatory Factorization 

Analysis to explore sEMG data collected in a sample of stroke survivors before 

and after a technological-based specific treatment for the recovery of upper limb 

(107). The aim of the study was to compare clinical outcome and muscles 

synergies parameters to investigate whether the parameters convey the same 

information of motor recovery. Maistrello et al. considered the number of 

synergies extracted in both arms, and the similarity index, that was the median of 

the scalar product between the most similar synergies between two arms (i.e., 

media-sp). Results showed that the number of muscle synergies was not 

associated with clinical parameters, while the similarity index was significantly 

associated with clinical score (107).  

Finally, more features have been outdrawn from muscles synergies analysis, to 

better explain the composition of the modules and, clinically, the level of the 

motor impairment. Indeed, the merging and fractionation index represented 

respectively the percentage of merged and fractioned synergies founded in the 

affected arm compared to the synergies founded in the unaffected (27). Cheung et 

al. in upper limb muscle synergies analysis on stroke survivors with upper limb 

motor impairment, found that the merging index positively correlated with the 
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level of motor impairments, measured with FMA-UE (27, 108). On the other 

hand, the fractionation index positively correlated with the time from stroke onset 

(27). The fractionation phenomenon could be explained as the activation of new 

muscle synergies due to the learning of new motor strategies in performing 

activities (109). These results confirmed the important to consider the timing of 

motor recovery after stroke lesion onset, because the differences between restore 

the function, responsible of the motor behaviour restitution until the first 3 

months, and the compensation abilities, after 3-6 month from lesion onset (109, 

110).  

Therefore, these results suggested that not only the muscle synergies convey the 

same information of motor outcome, but also that muscle synergies could improve 

the assessment of motor function in stroke survivors, even though more studies 

are needed to clarify the role of muscle synergies features in rehabilitation 

process.  
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2. THE ALTERATION OF MOTOR BEHAVIOUR AND MOTOR 

CONTROL, AFTER STROKE 

2.1 An overview on stroke disease and its sequelae 

The first definition of stroke was provided in 1970 by the World Health 

Organization (WHO), that was the following: ‘a rapidly developed clinical signs 

of focal (or global) disturbance of cerebral function, lasting more than 24 hours or 

leading to death, with no apparent cause other than of vascular origin’ (111). But, 

in the last decade, the American Heart Association (AHA) and the American 

Stroke Association (ASA) implemented the WHO definition, highlighting the last 

progress in the timing, clinical recognition of stroke and imaging findings (112). 

From a clinical point of view, stroke is more of a heterogeneous disease because 

of is characterized by neurological deficit attributed to an acute focal injury of the 

CNS by several causes: cerebral infarction, intracerebral haemorrhage (ICH), and 

subarachnoid haemorrhage (SAH). According to the Global Burden of Disease 

Study 2019, ischemic strokes represented 62.4% (7.63 million) of all global 

incident strokes in 2019, intracerebral haemorrhage (ICH) for 27.9% (3.41 

million) and Subarachnoid Haemorrhage for 9.7% (1.18 million) (113). 

In the 2023 update of statistical report of health disease and stroke, the AHA 

estimated that 9.4 million of adults (i.e., ≥ 20 years old) had a stroke (data from 

2017 to 2020), with a prevalence range on average of 3.3%, with an increasing of 

advancing rate in both males and female. Projections indicate that by 2030, an 

extra 3.4 million adults, constituting 3.9% of the adult population, will have 

experienced a stroke, reflecting a 20.5% surge in prevalence since 2012 (114).  

Stroke is the leading cause of adult disability in Europe and the third cause of 

death worldwide (115). The statistical reports indicated that the management of 

the people with diagnosis of stroke is, nowadays and for the futures decades, one 

of the most relevant issue worldwide, with an estimation of cost for the healthcare 

system of 56.5 Billion of dollars per year (in Unit State, in two-year period 2018-

2019) (114). From the Global Burden of Disease Study, 87% of the stroke risk 

could be attributed to modifiable risk factors: high blood pressure, obesity, 

hyperglycaemia, hyperlipidaemia, and renal dysfunction. For 47%, this risk could 

be due to behavioural risk factors, such as smoking, sedentary lifestyle, and 
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unhealthy diet, and for 30% to environmental risk factors, such as air pollution 

(116). For all these aspects, the prevention and education on aspects of the 

disease, the rapid patient care, large-scale data collection, and shared choices in 

the management of pathology and rehabilitation after stroke are globally issues of 

considerable importance (110, 117). 

When a stroke occurs, the patient’s status should be characterized from a 

restriction of functioning, that may induce the reduction of functioning refers to al 

body functions, activities and participation. Thus, the restriction of functioning 

implicates the insurgency of disability, considering in the International 

Classification of Functioning, Disability and Health (ICF) as a multi-factorial 

model, called biopsychosocial model (Figure 2) (118).  

 

Figure 2. The ICF framework representing the bio-psyco-social model, in which all components are in a non-

linear dependence. 

This model is an integration of biological, individual and social aspects which, in 

a complex integration, provides the health condition of a person. In rehabilitation 

process, it has been very central and meaningful to keep in mind all these aspects, 

to regain the high level of functioning and autonomy to the patient, as much as 

possible, closer to their pre-stroke state (117). Indeed, in a meta-analysis of 55 

studies analysed by AHA, results reported that only 56.7% of the stroke survivors 

return to work at 1 year from the lesion onset, that increased slightly of 67.4% at 2 

years (119). Therefore, in all patient-care process, it is important to consider all 
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biopsychological aspects purpose in the ICF, considering that the components of 

this aspects are interrelated in a non-linear way and could involve many 

component in of the patient’s life (110). From the first hour after lesion onset, the 

most common impairments after stroke are the following: weakness on one side of 

the body (i.e., hemiparesis) (77% of survivors), urinary incontinence (48% of 

survivors), deficit of consciousness (45%), problem in swallow function (i.e., 

dysphagia) (45%), and impaired speech abilities and cognition (44%) (120). All 

these aspects have to be considered in rehabilitation of stroke.  

In the first hours from the stroke lesion, both ischaemic and haemorragic, a series 

of intrinsic neural mechanisms occur, such as resolution of the effects of edema 

and diaschisis, restoration of neuronal excitability, tissue repair mechanism and 

network responsiveness ipsilateral to the stroke (121). The restitution of the neural 

mechanism is due to spontaneous neurological recovery, described as the 

improvement in function and activities independently from the treatment or 

rehabilitation approach, and it occurs within a defined time-window of 3 months 

after stroke onset (122). The spontaneous neurological recovery is considered as 

an endogenous neurochemical process, and the neural repair consists of a brain 

reorganization presumably based on the residual neural architecture  (122, 123).  

The set of these neurochemical mechanisms which induce structural or functional 

changes in neurons that affect the connectivity of neurons to each other in a 

network serving a function, are considered the definition of neural plasticity (123). 

These neural changes are induced in response to a change in neural input, such as 

during learning that is use- and activity experience- dependents (123). So, neural 

repair may be impacted by timing of neurorehabilitation activities and overall 

activity levels during stroke recovery (121).  

In timing definition, Bernhardt have defined the stages after stroke onset, 

universally shared for clinical and research importance (117):  

• Hyperacute phase: from 0 to 24 hour  

• Acute phase: from 1 to 7 days 

• Early subacute phase: between 7 days and 3 months   

• Late subacute phase: between 3 and 6 months 

• Chronic phase: beyond 6 months  
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Thus, understanding the mechanism and the time course of tissue repair after 

stroke is strictly important to purpose rehabilitation strategies to augment the 

goals of novel molecular, cellular and pharmacological interventions (122).  

The motor recovery is considered as the process to which motor functions and 

activities returned to their pre-stroke condition (117). Nevertheless, the term 

“motor recovery” describes clinical improvements, but regardless of how these 

may occur, thus through “restitution” or “compensation” of motor behaviour 

(109). Indeed, to better explain and measure motor recovery after stroke, the 

distinction between “behavioural restitution” and “behavioural compensation” of 

motor function has to be clarified (109). The behavioural restitution is defined as a 

return of normal pattern of motor control with the affected body parts as in post-

stroke (109, 117). Then, behavioural compensation is defined as the adaptation, in 

which the affected body parts are used in an atypical way, or atypical body parts 

are used in sostitution way, to accomplish a movement or a motor task (109, 117).  

For most stroke survivors, the first three phases (i.e., Hyperacute, Acute and Early 

subacute phases) are considered as the most important in motor behavioural 

restitution (“true recovery”) (110), because motor function improves rapidly until 

8-10 weeks poststroke and it reaches a plateau around 3 months (124). Then, the 

patient learns to deal with residual impairments by using compensatory 

movements strategies (125). These findings support that the timing and the 

characteristics of motor rehabilitation interventions play an important role in 

motor recovery. Thus, we need to reconsider when and which interventions may 

interact with these processes underlying stroke recovery (126).  

 

2.2 Upper limb motor impairment after stroke 

The upper limb motor impairment is one of the sequelae after a stroke lesion. 

After 6 months from lesion onset, at least 60% of the stroke survivors retained the 

upper limb motor impairment that compromised the level of autonomy in the 

activities of daily living (ADLs) (127). Whereas, only the 15% of the patients who 

had upper limb motor impairment in the first days after stroke, showed a full 

recovery of their abilities after specific training (128). The sensorimotor recovery 

of upper limb may be slower or more complex than the sensorimotor recovery of 

the lower limb (109). The explanation may be that the upper limb movements are 
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less stereotypical and more complex than those of the lower limb, with degree of 

freedom to coordinate and control to manipulate objects in the environment (129). 

Additionally, the poor recovery of upper limb may be due to the greater emphasis 

placed in retraining gait as quickly as possible to minimize the cost of 

hospitalization (130). For all these reasons, to understand the characteristics of the 

impairment (i.e., neurophysiological, and clinical), the consequence in level of 

patient’s disability, and the evidenced-based approach to enhance the motor 

recovery is fundamental in the rehabilitation process.  

As described before, in ICF the impairment was defined in two ways which 

enhance the dual aspects of the same definition. Firstly, the impairment of the 

body function, that is the deviation or the loss of a motor functionality due to the 

deficit of a neuromuscular component, such as joint mobility, muscle power, 

muscle tone and/or involuntary movements (118, 131). And secondly, the 

impairment of body structure, that is the deviation or loss of the nervous system, 

or any other structure related to the motor system, for example the upper limb or 

the hand (131). In the Comprehensive Core Set for stroke, reported at the end of a 

consensus process, the body impairment related to stroke disease were filled and 

described. Specifically, from the total codified terms, the experts individualized 

193 categories of body function and 26 of body structures (131). Moreover, the 

categories related to the specific impairment of upper limb and hand are reported 

in Table 3.  

 ICF code ICF category title 

Body structures 
s720 Structure of shoulder region 

s730 Structure of upper extremity 

Body functions 

b260 Proprioceptive function 

b265 Touch function 

b270 Sensory functions related to temperature and 

other stimuli 

b280 Sensation of pain 

b455 Exercise tolerance functions 

b710 Mobility of joint functions 

b715 Stability of joint functions 

b730 Muscle power functions 

b735 Muscle tone functions 

b740  Muscle endurance functions 

b750 Motor reflex functions 

b755 Involuntary movement reaction functions 

b760 Control of voluntary movement functions 
Table 3. The core set to describe the impairment of upper limb and hand after stroke. 
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To focus the attention to all the impairment aspects related to the upper limb is 

highly important in the rehabilitation process after stroke, because of the upper 

limb impairments induced functional limitations pertaining to the utilization of the 

affected upper extremity in daily activity (132, 133). Therefore, a comprehension 

of the underlying impairments is imperative for the provision of suitable 

intervention. In his work, Raghavan underlined two aspects to consider in 

patients’ rehabilitation process: at first, the impairment is not “static”, meaning 

that the type and the cause of the impairment could evolve and chance, that could 

be needed to understand when treat and using the best approach at that time, for 

instance, to enhance restoration or compensation; and second, the patient could 

show multiple impairments simultaneously, such as muscle weakness and 

spasticity, that could be difficult to understand which one treat first (132). Thus, to 

clinical assess the patient’s situation is strictly important within the first 24 hours, 

to define the nature of the impairment and the prognosis of the the motor recovery 

and to keep track of the pathological changes in the pipeline of motor 

rehabilitation from the lesion onset. Therefore, the clinical outcome identification 

is the key-point to deliver the best, in terms of effectiveness, clinical practice for 

the specific level of body functions and structure impairment (134).  

In 2021, stroke experts listed the recommendation for Clinical Assessment of 

Upper Limb in Neurorehabilitation (CAULIN), which provided a three-part of 

core set of upper limb clinical assessment measures and procedures, based on  

data from literature, such as systematic reviews, clinical practice guidelines and 

expert consensus within an European network (i.e., COST Action TD1006) (133).  

The CAULIN recommendations on specific outcome measures tested the validity, 

reliability, responsivity, usability, and availability of the clinical assessment scales 

(133). The clinical outcome recommended sets consisted of data from three 

sources (i.e., systematic review, clinical practice guidelines and expert consensus), 

according to the level of evidence for level of validity, reliability, responsiveness, 

and clinical utility, AND or OR recommendation by at least 2 sources: 

• Core set: 3-star rating. This set included outcome measures with the high 

level of validity, reliability, responsiveness, and clinical utility AND 

recommendation by at least 2 resources.  
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• Extended set: 2-star rating. This set included outcome measures with the 

high level of validity, reliability, responsiveness, and clinical utility OR 

recommendation by at least 2 resources.  

• Supplementary set: 1-star rating. This set included outcome measures 

with some evidence of validity, reliability, responsiveness, and clinical 

utility OR recommendation by at least 1 resource.  

 

Results included 12 outcome measures, that referred to ICF body functions and 

activities, capacity, or performance domain, of upper limb and reported in three 

sets graded on relevance grade of recommendations (Table4).  

 

 Core Set Extended Set Supplementary Set 

 3-stars rating 2-stars rating 1-star rating 

Body 

function 

• FMA-UE • Kinematic 

measure 

• MI 

• CMSA 

• STREAM 

Activity 

• Capacity 

• ARAT 

• Capacity 

• BBT 

• CAHAI 

• WMFT 

• NHPT 

• Capacity 

• FAT 

• MAS 

Performance (perceived) 

• ABILHAND 

Performance (perceived) 

• Actual arm use (sensor-base) 

Table 4.  The summary of the CAULING recommendations for upper limb outcome measures. 

Abbreviations: FMA-UE= Fugl-Meyer Assessment Upper Extremity; ARAT=Action Research Arm Test; 

BBT= Box and Blocks Test; CAHAI= Chedoke Arm Hand Activity Inventory; WMFT= Wolf Motor Function 

Test; NHPT= Nine Hole Peg Test; MI= Motricity Index; CMSA= Chedoke-McMaster Stroke Assessment; 

STREAM= Stroke Rehabilitation Assessment Movement; FAT= Frenchay Arm Test; MAS= Motor 

Assessment Scale.   

Results on rated clinical scales, Fugl-Meyer Assessment Upper Extremity (FMA-

UE) (135) was the most recommended for functions assessment, and the Action 

Research Arm Test (ARAT) (136) was the most recommended for the activity 

domain assessment. Moreover, the Kinematic assessment was considered as a 

good assessment measure for movement quality, although which kind of 

kinematic data were needed to collect (i.e., smoothness, speed, etc.) was not so 

clearly specified. On this topic, more information has been needed to clarify the 

relationship in kinematic data and clinical outcome. The researcher C. Adans-

Dester et al. investigated the correlation between kinematic parameters (i.e., upper 

limb movement accuracy, efficiency, speed, planning, smoothness) of 3D reach-
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to-target movements and upper limb clinical outcome measures, after eighteen-

sessions motor training in ten stroke survivors (137). Results showed there was a 

large variability across subjects between clinical and kinematic parameters, both 

considered the measurement of upper limb assessment before and after training, 

with different information about motor recovery. Specifically, high correlation 

coefficients (i.e., more than 70%) were found between degrees of range of motion 

in elbow and trunk movements and the FMA-UE score. For other kinematic data, 

no significant differences were resulted in pre-post analysis. This findings 

highlighted the differences among subjects, in terms of motor impairment and 

motor recovery, but also, from a clinical perspective, the need to identify the right 

assessment, both clinical and instrumental, to characterize  the functional profile 

of the patients in all the rehabilitation process (117).  

Besides, the CAULING recommendations also review the procedures of clinical 

assessment, highlighting the timing of clinical assessment administration. They 

affirmed that assessment (i.e., clinical and/or instrumental) should be conducted 

within 24 hours from lesion onset, and the at regular intervals during 

rehabilitation process (i.e., at least at 1 week, 3 and 6 and 12 months) (133). 

Moreover, during a rehabilitation program, the clinical assessment should be 

administered at the baseline, interim and at the end of the program, finally after a 

set of time after the end to set the follow-up of the patients. Finally, the 

assessment should be administered by a clinical expert and lasted no longer than 3 

hours (133).  

All these aspects promoted by CAULING recommendations were in line with the 

indication provided by the European Stroke Organization (ESO), that purposed 

the definitions and the framework for motor rehabilitation after stroke (110). On 

the topic of the clinical assessment in rehabilitation, ESO affirmed that the 

assessment of motor functions and activity is one of the core-points in 

recommendations of stroke rehabilitation process. Indeed, in clinical practice, the 

conduction of motor assessments at least before and after the rehabilitation 

programs has been required, utilizing standardized measures, and the addition of 

instrumental measurement methods, such as kinematic and electromyographic 

assessment, have been strongly recommended for additional outcome tools to 
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standardized data collection on motor recovery after stroke, but also to better 

understand the neurophysiological mechanisms that occur when patients 

positively respond to the therapy (138).  

There are many variables that could influence the amount of motor recovery and 

indicate the number of patients who could improve motor functions. Thus, we 

need more studies to underline which rehabilitative interventions drive 

spontaneous recovery, as well as the factors that predict the patient’s potential 

motor recovery (126). A stroke recovery biomarker is defined as the indicator of 

disease state that can be used as a measure of underlying neural process to 

understand outcome or predict the amount of recovery or treatment response (139, 

140). Therefore, biomarkers improve the ability to predict long-term outcome 

after stroke. For upper limb motor domain, the site and the volume of the brain 

lesion could influence the final outcome (141), but also the integrity of the 

cortico-spinal tract (CST) and the presence of an upper limb motor evoked 

potential (MEP) at the hyperacute and acute stages (142-144). Moreover, the 

upper limb motor level in the first days could influence the recovery of the patient. 

Indeed, patients with initial mild to moderate motor impairment typically exhibit 

early spontaneous recovery of upper limb motor functions. In contrast, patients 

with initially severe motor impairment to the upper limb could exhibit early or 

delayed spontaneous recovery, but in some case remain severely impaired (143). 

Stinear et al. developed for clinicians the Predict Recovery Potential (PREP2) 

algorithm to predict the upper limb functional outcome at 3 months, combining 

clinical measures and neurological biomarkers in the first days after stroke (at 

maximum 72 hours) (145). Stinear provided a SAFE score, based on scoring of 

impaired movements in stroke survivors, such as Shoulder Abduction and Finger 

Extension (i.e., SAFE) separately, using the Medical Research Council grades. 

The stroke survivor’s strength is scored from 0 to 5 in both movements, where 0 is 

no muscle activity and 5 is normal strength and range of movement (146). Thus, 

PREP2 defined that if the patient achieved a SAFE score ≥ 5 in 7 hours after 

lesion onset, knowing their age allows prediction of a Good (i.e., more than 80 

years old) or Excellent (i.e., less than 80 years old) upper limb outcome (145). 

Otherwise, patients who have at SAFE score less than 5 points, need TMS to 
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determine MEP status in the paretic upper limb. Thus, if the MEP can be elicited 

(MEP+) approximately 5 days poststroke, then the patient could have a Good 

upper limb outcome. If the MEP cannot be elicited (MEP-), they could have a 

Limited or Poor upper limb outcome (145).  

In the last years, it turned out that the use of muscle synergies parameters 

extracted from sEMG signals acquisition have shown a potential role as biomarker 

for upper limb motor recovery after stroke (20). For instance, the number of 

synergies extracted correlated negatively with the level of upper limb motor 

impairment (27). Then, other studies defined that merging and fractionation index 

correlate with the level of the severity and timing from stroke onset, so could be 

considered as a robust biomarker for motor disability (27, 147).  
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3. MOTOR REHABILITATION AFTER STROKE 

3.1 Rehabilitation of motor sequelae: an overview of modalities  

 

In the European Stroke Action Plan (ESAP) (148), 30 targets and 72 research 

priority were identified on stroke disease management, based on evidence-based 

principles. In the plan, researchers identified four targets for 2030: (i) to reduce 

the incidence of stroke disease by 10%, (ii) to treat more than 90% of stroke 

survivors in acute-phase in dedicated stroke unit, (iii) to build national plans for 

the pathways in stroke survivors (iv) and to implement national strategies to 

promote healthy style and underline the importance in prevention in stroke disease 

(148). Specifically, to promote the rehabilitation process is considered as one of 

the targets of next year’s healthcare service in European countries (110). In the 

agreement of definition, for the WHO, rehabilitation is described as “a set of 

measures that assist individuals, who experience or are likely to experience 

disability, to achieve and maintain optimal functioning in interaction with their 

environments” (149). In his work, Bernhardt et al., enhanced that rehabilitation 

could be considered a “process of care, while recovery reflects the extent to which 

body structure and functions, as well as activities, have returned to their pre-stroke 

state” (117). Thus, the rehabilitation is a developmental process, that starts in the 

first days after the diagnosis of stroke, and continues, probably, throughout the 

course of patient’s life to improve the patient’s impairment, to maximize the level 

of functional independence and autonomy in activities, and to promote social 

integration, based on the ICF model (118).  

Generally, the purpose of rehabilitation is the reduction of patient’s impairment, 

the promotion of autonomy and participation of patient, the optimization of early 

prognosis and long-term therapeutic care for the stroke survivors (117, 150).After 

stroke, the motor recovery could be considered as the extent to which motor 

functions and activities have returned to their pre-stroke state (117). Motor 

recovery mechanisms has been investigated to define which kind of interventions 

enhance recovery after stroke, and for which patients, for instance for those 

people who showed determinate clinical features at the beginning of the 

rehabilitation process (127).  
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Motor rehabilitation interventions help patients to optimize their performance by 

adaptation and compensation. In order to enhance motor learning, the 

interventions have to provide appropriately dosed, repetitive, goal-oriented, 

progressive, task- and context-specific training (151). Moreover, the exercises 

have to be purposed with many repetition, high intensity and task-specific to 

induce the formation of new neural changes and connections, to optimize patients’ 

performance The literature has investigated what conditions allow this goal to be 

achieved. Langhorne defined  that in order to allow the motor deficit to decrease 

and thus function to recover, treatment must involve the administration of specific 

tasks with high intensity and repetition, and with use of specific feedback on 

performance (152-154).  In his work, Pomeroy et al. described six general 

principles for therapy interventions, designated to provide helpful interventions 

based on neuroscience principles  (124): 

1- The “contract”: the rehabilitation is a process in which the interaction 

between the patient and the health professional members has to be solid, in 

order to share the therapeutic goals, from both the patient’s and therapist’s 

viewpoint. To use correct communication strategies is a prerequisite for 

required active participation of the patient and to stimulate his motivation. 

2- The analysis of behavioural deficits: the understanding of the neurological 

mechanisms (i.e., lesion location and size) that cause the patient’s 

observed impairment. This analysis has to be conducted by considering the 

neuroimaging and any other instrumental methods useful to focus the 

clinical problems of the patient.  

3- The motor and function assessment: the clinical assessment of the motor 

impairment is necessary at least at the beginning and at the end of the 

intervention, by expert therapists.  

4- The aim of the intervention, defined as restoration or compensation: to 

decide whether purpose to the patient restorative or adaptive intervention 

may influence the clinical outcome, considering the motor recovery stage.   

5- The dose: the amount of therapy (i.e., dose) provided to the patient, in 

terms of intensity and frequency of therapeutic sessions and the duration 

of a single session, is of primary importance for the clinical outcome. The 
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idea is thar higher doses may be more effective, but the estimation of the 

benefit dose is often difficult due to the environmental aspects (i.e., 

healthcare service plan). On this topic, Laver et al. demonstrated that for 

upper limb rehabilitation using virtual reality system, at least 15 sessions 

were enough to show a clinically motor improvement (155). Moreover, 

Lang et al., defined that in a task-specific treatment, 3.200 of tasks 

repetitions is enough dose to improve motor function in upper limb (156).  

6- Environment: the extrinsic feedback provided to the patient is fundamental 

to stimulate the motor learning process in the patients. And moreover, 

during the task execution, the detection of errors and the production of 

appropriate corrective adjustments is necessary to stimulate the motor 

learning process. Tus, the therapist is the first mediator between the patient 

and the environment, and he has to adjust the intervention to ask to the 

patient challenging activities, but not frustrating (124).  

In describing specific techniques, considering the components of the rehabilitation 

intervention, Pomeroy divided them in three subgroups, based on motor learning 

principles:  

1- Priming: techniques focused to increase the excitability of motor system 

and promote neural changes in response to practice of motor performance.  

2- Augmenting: techniques focused to boost voluntary movements of paretic 

limbs to enhance motor performance during practice 

3- Task-specific: techniques focused to do functional activities of ADLs, 

purposing repetitive and specific task during practice (Table 5).  

Priming Augmenting Task-Oriented 

• Motor Imagery 

• Visual Imagery 

• Tactile Stimulation 

• Soft Tissue mobilization 

• Passive movements 

• Action Observation 

• Mirror Therapy 

• rTMS 

• tDCS 

• Pharmacological agents 

• CIMT 

• Robot-aided 

• sEMG biofeedback 

• FES 

• TENS 

• Bilateral Training  

• Virtual Reality 

• Arm ability training 

• Impairment ability 

training 

Table 5. The list of the specific techniques in each subgroup.  Abbreviations: rTMS= Repetitive Transcranial 

Magnetic Stimulation; tDCS= transcranial Direct Current Stimulation ; CIMT= Constraint Induced 

Movement Therapy; FES= Functional Electrical Stimulation; TENS= Trans Cutaneous Electrical Nerve 

Stimulation .  
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Finally, an important part in all rehabilitation process, regardless timing and type 

of interventions, is the use of techniques focused to maintain or protect the 

integrity of upper limb joints and muscles during periods of suboptimal movement 

performance (124). Indeed, the purpose of muscle stretching, antispastic drugs, 

splinting, could help to prevent or treat musculoskeletal impairments due to the 

hemiparesis consequences (106).  

In literature, several approaches have been investigated to define the effectiveness 

in recovery of motor function and the level of autonomy of the patient, however, 

the indication of specific rehabilitative interventions is still missing. (125). In the 

last years, a series of stroke rehabilitation guidelines have been produced by 

several countries associations, to list the strongest recommendation for motor 

intervention after stroke based on RCTs results (110, 157, 158). In summary, the 

recommendations defined four strategic points to consider in motor rehabilitation 

proposal: (i) the timing, (ii) consideration of motor control and motor learning 

principles, (iii) interventions for postural control, lower limb and walking and (iv) 

interventions for upper limb and functional activities (110). For the last point, 

specifically, they strongly stressed the following points such as evidence-based 

recommendations:  

• To maximize the amount of active task practice during therapy sessions  

• Patients should participate in training that is meaningful, engaging, 

progressively adaptive, intensive, task-specific and goal oriented  

• Traditional or modified CIMT (if patients shows in the affected hand: 20° 

active wrist extension, 10° active finger extension)   

• Mental imagery to enhance upper limb sensorimotor recovery 

• FES targeted at the wrist and forearm muscles 

• Robotic practice to deliver more intensive practice, above all with 

moderate to severe upper limb patients 

• ADL training tailored to individual needs 

Anyway, not every patient showed the same amount of recovery after the same 

intervention. Indeed, definition of prognostic model has been fundamental to 

purpose more effective and personalized therapeutic interventions. Prabhakaran et 

al. declared inter-variability in the capacity of motor recovery: the Proportional 
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Recovery Rule (PRR) states that patients’ upper limb motor recovery is 

approximately 70% of their ‘maximum potential recovery’ (159). Further, Ven 

Der Vliet et al. improved the PRR considering timing factor in the model and the 

amount of recovery based on FMA-UE score between 3 and 6 months after stroke 

(125). The model identified 5 subgroups of patients, differing in the amount and 

the rate of recovery as well as the distribution of the FMA-UE.  

Subgroup 1 (30% of patients) had low FMA-UE baseline score, small recovery 

coefficient, poor outcome. Diametrically opposite, Subgroup 5 showed the highest 

amount of recovery but the lowest score at the baseline (NIHSS). Subgroup 4 and 

Subgroup 5 patients recovered most significantly, close to 0.9 percentage points 

for PRR. Subgroup 2 and Subgroup 3 recovered with a good coefficient but over a 

much longer time. Probably, the differences in outcome in subgroups 2 to 5 could 

be related to structural or genetic factors, and more studies on this direction 

should be dealt (125). Thus, patients in the Subgroup1 could benefit from learning 

compensation strategies, Subgroup2 and 3 could benefit from early started 

intensive interventions aimed at behavioural restitution, and finally Subgroup 4 

and Subgroup5 could be trained in advanced functional skills (e.g., writing  or 

occupational skills) (125). 

Another consideration in upper limb interventions is that there is much more 

evidence investigated for improving arm function (i.e., reaching or antigravity 

movements) than hand function, probably because overall interventions to 

improve hand coordination and dexterity have yielded very disappointing results 

(124). In the rehabilitation care of patients with stroke outcomes, hand motor 

rehabilitation must therefore be aimed at restoring the highest level of function. In 

hand motor recovery, among the different rehabilitation approaches, task-oriented 

treatment stands out. The term identifies rehabilitation training that requires the 

patient to perform gestures oriented to a specific goal and requested in several 

consecutive repetitions (160). Task-oriented treatment also involves a progressive 

increase in the number of gestures required and the difficulty of the proposed task, 

with the ultimate goal of increasing autonomy in performing activities in daily 

living (ADLs) (161).  
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3.2 Technological-based interventions in upper limb motor rehabilitation after 

stroke 

The use of technology in rehabilitation allows not only to increase the 

administration of feedback to the patient with respect to the execution and 

outcome of the performance, but they also provide other advantages: the 

possibility of monitoring the patient's activity, assisting him in the execution and 

personalizing the rehabilitation proposal (162, 163). Indeed, we considered 

technological-based interventions any new technological device and digital 

solution that assists rehabilitation (164). Indeed, the employment of sensors (e.g., 

Inertial Motion Unit, IMU or electromyography sensors) to track patient’s 

mobility or the use of complex algorithm (e.g., Machine Learning or Deep 

Learning algorithms) on neurorehabilitation field has been contributing to provide 

personalized treatments for upper limb motor recovery after stroke (165). 

Technological-based intervention include all interactive systems displayed in 

virtual reality (VR) system, or robot-assisted therapy (RAT) or telerehabilitation 

(TR) (165).  

VR has been defined By Weiss as “as the "use of interactive simulations created 

with computer hardware and software to present users with opportunities to 

engage in environments that appear and feel similar to real‐world objects and 

events” (166). RAT is defined as “a re-programmable, multi-functional 

manipulator designed to move material, parts, or specialized devices through 

variable programmed motions to accomplish and assist a task” (167). RAT 

includes different types of robotic devices, with different technical characteristics, 

such as end-effectors or exoskeletons, acting proximally or distally on patient’s 

body part, providing unilateral o bilateral training (163). Then, TR is defined as 

“the delivery of rehabilitation services via information and communication 

technologies”, using smartphones, tablets, and video cameras (168). Generally, all 

these modalities provide active upper limb rehabilitation and evidence showed 

that they are more effective than, or equivalent to, conventional therapy, for both 

domains of motor function and activity (165). Based on timing and level of upper 

limb motor impairment, last results showed that in the subacute phase, RAT has 

greatest effect for stroke survivors with severe-moderate impairments, instead VR 
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and TR have greatest effects for stroke survivors with mild impairments. 

Moreover, in the chronic phase RAT, VR and TR showed greatest effects in 

stroke survivors with mild impairments (165).  

Furthermore, among new technological proposals, the use of wearable devices is 

becoming increasingly popular in rehabilitation for post-stroke motor function 

recovery (169). A wearable device is defined as "a device that can be applied 

externally to a part of the body, that is wearable, i.e., the patient remains free to 

move and not constrained to maintain a position, and that the patient is able to use 

independently of the therapist's help" (169). As to rehabilitation, the use of 

wearable devices represents a recent innovation for performing exercises and/or 

controlling computer-interface. For example, some devices are to decode the 

voluntary motor intention, by online features extraction and modelling of surface 

electromyography (sEMG) acquired from patient skin, then this classification of 

gestures is used to reach tasks fully controlled by patients. Moreover, wearable 

devices embed micro-sensors (i.e. gyroscopes, magnetometers, accelerometers, 

IMU) allowing to track patient movements. sEMG-based technologies are useful 

to monitor patients’ muscle activation or to control systems (i.e. robotic device, 

computer interface, exotendon), for the rehabilitation of upper extremity after 

stroke.  The sEMG-based systems use sEMG signals to decode user’s muscle 

activation to control rehabilitation devices, but also to provide visual or auditory 

feedback of the timing and amount of strength of the muscle activation (124, 170).  

Moreover, in hand motor recovery, sEMG biofeedback solutions, combined with 

computer game or virtual reality, reduce wrist flexors muscle spasms and 

spasticity, and improve extensors muscles activation, or reinforced thumb muscles 

for improving hand functionality (171, 172). Therefore, sEMG and wearable 

device seems to be a promising option to assess or promote motor performance in 

stroke patients, acquiring relevant data, in feasible solutions. The high level of 

portability and accessible costs further support wearable devices as a option for 

prolonged training in chronic stage (169, 173).  
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4. AIM OF THE PHD PROJECT  

 

In clinical setting, muscle synergies approach has been already used in stroke 

survivors to investigate the alteration of motor behaviour and to explain the 

characteristics of the impairment of the patient. Moreover, the study of muscle 

synergies may explore the efficacy of motor rehabilitation training and the 

prospective of patients’ motor recovery, and further to tailor rehabilitation training 

based on motor control principles. However, the relationship between clinical 

outcome and muscle synergies parameters in upper limb and hand specific 

treatment is still undetected.  

In this PhD project, the main goal is to investigate the muscle synergies model to 

describe the motor recovery in stroke survivors, both in upper limb and hand 

motor recovery.  

Based on this proposal, we designed firstly an experimental longitudinal pilot 

study with the aim to investigate if there are any relationships among clinical 

outcomes and muscle synergies parameters in stroke survivors who underwent to 

a specific upper limb motor training. Moreover, in the study, we determined the 

“vocabularies”, such as the function components which describe the upper limb 

motor functions in unaffected limb and affected limb before and after the therapy, 

both in patients who respond and not-respond to the treatment. This analysis 

allowed to use muscle synergies model to identify the motor activation in both 

side and provide information about the model of motor behaviour in hemiparetic 

arm and in non-paretic arm.  

Secondly, we have developed a synergies-based paradigm wearable device 

(REMO; Morecognition ltd., Turin, Italy) to detect hand muscle activation and 

provide more information about hand motor recovery in stroke patients after a 

hand specific training. 

For this second aim, we conducted the first study with the aim to test the 

feasibility and the reliability of using REMO in clinical setting, which has been 

necessary for the CE marking. Then, the second study with REMO provided 

information on the clinical features of the stroke survivors able to use the device 

to control a computer interface. We enrolled 117 stroke survivors, with no 

exclusion criteria based on level of motor impairment in order to test the whole 
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population’s motor characteristics, and we identified 3 subgroups of patients 

based on the ability to control 1, 5 or 10 hand and wrist movements. Then, we 

described their functional profile, i.e., clinical features, in order to characterize the 

“best user” in a clinical rehabilitation setting.  

Finally, the third study using REMO, was a longitudinal trial with the aim to 

collected data on a sample of stroke survivors before and after a specific hand 

training. In order to test a muscles synergies-based assessment methods for hand 

motor recovery, we defined a similarity index resulted from a comparison 

between the patient’s muscle activation in a specific task, and the muscle 

activation recorded from an age-matched group of healthy subjects performing the 

same specific task.  
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5. STUDY 1: Muscle synergies parameters and clinical outcome in upper 

limb motor recovery in post-stroke rehabilitation: a longitudinal study 

 

5.1 Background  

In clinical rehabilitation setting, the assessment of motor impairment after stroke 

is strictly recommended and necessary to improve the terms of prognosis of the 

patient and define the effectiveness of a rehabilitative approach, including 

information about dose, setting and timing, and, globally, to provide information 

in stroke care pathways (110, 117). Indeed, in the last guidelines of motor 

recovery provided by the European Stroke Organization (ESO), the assessment of 

motor function and activity has been presented as one of the core-points in 

recommendations of stroke rehabilitation process (110). In clinical practice, the 

conduction of motor assessments at least before and after the rehabilitation 

programs has been required, utilizing standardized measures, such as Fugl-Meyer 

Assessment scale in upper limb motor function assessment (133). However, the 

addition of instrumental measurement methods, such as kinematic and 

electromyographic assessment, have been strongly recommended for additional 

outcome tools to standardized data collection on motor recovery after stroke, but 

also to better understand the neurophysiological mechanisms that occur when 

patients positively respond to the therapy (138).  Indeed, the Proportional 

Recovery Rule (PRR) indicated that the majority of stroke survivors’ recovery 

approximately 70% of the initial impairment (143), but only the 15% of the 

patients who had upper limb motor impairment in the first days after stroke, 

showed a full recovery of their abilities after specific training (128). It has shown 

that many variables could influence the amount of motor recovery, such as the 

severity of motor impairment in the first days after stroke onset and the integrity 

of the cortico-spinal tract (CST) (142, 143). These indicators may delineate 

patients who have the potential for improvement following the rehabilitation 

process; however, a definitive recommendation regarding the appropriate 

rehabilitation approach remains elusive. Consequently, researchers have 

recommended the establishment of biomarkers of post-stroke recovery 

mechanisms. Indeed, our current understanding of the underlying 
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neurophysiological distinctions between responder and non-responder groups has 

been limited(117). Indeed, little has been known regarding the underlying 

neurophysiological group differences in responder and no-responder patients.   

From the topic of muscle synergies, information on the motion activation pattern 

could be acquired. In motor neuroscience, the definition of muscle synergy 

involves the activation of a set of muscles with a defined contribution, that is 

recruited with variable intensity and timing (13). In experimental setting, the set 

of synergies is extracted applying decomposition algorithm to the surface 

electromyography (sEMG) signals recorded during task execution (13, 16).  

In rehabilitation scenario, muscle synergies have been investigated to describe the 

level of motor impairment in upper or lower limb after stroke (25, 26). Precisely, 

muscles synergies parameters have been viewed as a biomarker of prognosis in 

amount of motor recovery after rehabilitation, in according to clinical outcome 

and kinematic measures (27-31, 82). Recent studies defined that, due to their 

position in spinal interneural level, the number of muscles synergies extracted 

from stroke-affected and unaffected arm are very consistent across individuals 

(21). Experimental data collected in clinical trial confirmed this assumption. For 

instance, Lencioni et al. in his work compared clinical, kinematic and 

electromyography data collected on stroke survivors during the execution of 

reaching tasks pre- and post-treatment provided by a robotic device or usual care 

(29). Regardless the site of lesion (e.g., cortical or subcortical location) and the 

kinematic characteristics of the movements, all stroke survivors showed the 

preservation of modules organization, but there was an alteration of the structure 

of modules, such as the index of similarity between muscle synergies weightings, 

or merging and fractionation index (27, 86). These assumptions suggested that in 

muscle activation could be featured other indexes for providing other clinically 

significant information on motor impairment and motor recovery after stroke. In 

his work, Maistrello et al. described that in stroke rehabilitation, clinical variables 

and muscle synergies parameters provided different information of upper limb 

motor functionality, except for the similarity index (i.e., scalar product between 

most similar muscle synergies in both arms) (107). Indeed, the similarity index 

was strongly linked to the patient’s motor performance, to suggest that clinical 
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scales well predict the similarity between the muscle synergies extracted from 

unimpaired and impaired arm in stroke survivors. Moreover, Funato et al. 

investigated the amount of merging in muscles synergies of upper body in stroke 

survivors and healthy subjects as an index to characterize the level of motor 

performance assessed throughout the administration of Fugl-Meyer Assessment 

(FMA) scale, considered as the Gold Standard for motor function clinical 

assessment after stroke (135). Results showed that the FMA score reflected the 

merging rate of stroke-related changes, that were negatively correlated with each 

other (108). However, all these muscles synergies parameters provided 

information of the functionality level of the patients, but the change of the values 

after a specific upper limb training has not been still investigated.  

 For this reason, we carried out a longitudinal study on stroke survivors collecting 

data on clinical outcome and muscle synergies before and after a specific upper 

limb training.  

 

5.2 Experimental hypotheses 

In this study, we investigate the effect of a specific upper limb rehabilitation 

training in stroke survivors, comparing clinical outcome and muscle synergies 

parameters extracted before and after the training. The first hypothesis is that the 

motor training should have a positive effect on clinical motor outcome for all 

patients, with no differences in type of stroke, time from lesion onset and age. The 

second hypothesis is that there should be differences among groups of patients 

based on the type of training. Indeed, technological-based training (i.e., virtual 

reality and robotic training) may influence positively the results, with an higher 

level of motor recovery than for conventional training.  

Moreover, we hypothesized that muscle synergies parameters showed an 

improvement in number of modules, coherently with motor recovery. The 

similarity index between the affected to unaffected limb should improve, meaning 

that after the treatment the motor function in the affected limb should be more 

similar to the unaffected limb. The most impaired patients at the baseline should 

have the highest level of merging, and the chronic patients the highest level of 

factorization.  
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Finally, the patients who will respond to the therapy, in according to the clinical 

effect, should be the patients who will change most the similarity and merging 

index. Finally, these patients will should less variability in the vocabulary of 

muscle synergies before therapy than the patients who will not respond to therapy.  

 

5.3 Methods and Materials 

5.3.1 Interventions 

The study was a part of the trial (MO-SE, ClinicalTrial.gov, NCT03530358) in 

which the subjects were hospitalized in San Camillo IRCCS Hospital (Venice, 

Italy) and IRCCS Don Carlo Gnocchi Fundation (Milan, Italy). Participants 

underwent to an upper limb specific treatment that lasted 20 sessions, 5 times a 

week for totally 4 weeks. Each session lasted for 60 minutes. The subjects were 

allocated non-randomly to three groups based on the treatment approach: Virtual 

Reality treatment (VRT), in which patients performed several kind of reaching 

exercises by interacting with virtual environment using a 3D motion-tracking 

system (Polhemus 3Space FasTrack, Polhemus, Colchester, VT, USA, sampling 

frequency of 120 Hz), with a fixed sensor applied on the back of the hand of the 

hemiparetic side. The second treatment approach was robotic-assisted (RT) 

training provided by Braccio di Ferro that is a haptic robotic device developed for 

neurorehabilitation which provided a personalized training for upper limb motor 

recovery with exercised in different planes controlling a virtual environment 

(174). The third group was conventional treatment (CT) that consisted of specific 

upper limb training, such as passive mobilization, active movements, and task-

oriented exercise.  

 

5.3.2 Participants  

We enrolled participants from hospitalized patients in IRCSS San Camillo 

Hospital (Venice, Italy) and in Fondazione Don Gnocchi (Milan, Italy). All 

enrolled subjects were informed about the aims and modalities of the study and 

provided an informed written consent.  

We defined the inclusion criteria as following:  
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• adult subjects (more than 18 years old) 

• diagnosis of unilateral stroke, haemorrhagic or ischemic 

• upper limb motor impairment described from 5 to 61 point to Fugl-Meyer 

Upper Extremity assessment (FMA-UE) 

Moreover, the exclusion criteria were the following:  

• no severe cognitive impairment 

• no severe comprehension impairment 

• epilepsy  

 

5.3.3 Clinical assessment  

To define the effect of the treatment, we assessed the patients before and after 

treatment using a specific clinical assessment protocol composed by expert 

physiotherapists. The primary outcome of the study was the Fugl-Meyer 

Assessment Upper Extremity scale (FMA-UE), that is the gold standard 

assessment for gross motor function after stroke (135, 175). The FMA-UE is the 

specific domain of the entire scale which evaluates the upper limb motor function. 

The domain FMA-UE contains 9 sub-items each scored using a 3-point scale: 0= 

the patients cannot perform the task required; 1=the patient can perform the task 

but incompletely; 2=the patient can perform the task. Specifically, the sub-item I 

and VI assess reflex (i.e., biceps and triceps, and fingers flexor muscles), while 

the sub-item from II to V assess proximal upper limb task, sub-item VII and VIII 

wrist and hand task, and sub-item IX the coordination and tremor in a reaching 

task (i.e., from the knee to the nose, keeping the eyes closed). The FMA-UE 

maximum score is 66 points. 

The secondary outcomes were considered as the following:  

• Fugl-Meyer Assessment, sensitivity assessment scale (FMA-S): section of 

the FMA scale to assess the level of the tactile and proprioceptive 

sensitivity of the hemiparetic side of the patients. The scoring is as 

following: 0=no sensitivity; 1= incorrect sensitivity; 2=preserved 

sensitivity. The FMA-S maximum score is 24 points.   
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• Fugl-Meyer Assessment – pain and range of motion (FMA-P) section: a 

specific section of the FMA scale to assess the pain and the passive ROM 

during the passive mobilization of the joints in the affected upper limb. 

The scoring for the pain is as following: 0= severe pain; 1= moderate pain; 

2=absence of pain. The scoring for the range of motion is as following: 

0=severe limitation of the ROM; 1= moderate limitation of the ROM; 

2=normal ROM. The FMA-P maximum score is 48 points.   

• Modified Ashworth Scale (MAS) (176): to assess the level of spasticity in 

five muscles of the affected side: pectoralis major; biceps brachialis; flexor 

carpi; flexor digitorum profundus; flexor digitorum superficialis. The 

MAS maximum score is 20 points. 

• Functional Independence Measure (FIM) (177): to assess the level of the 

independence in daily activities, subdivided in 6 items: self-care; sphincter 

control; transfers; locomotion; communication; social cognition. The 

scoring is as following: 7= complete independence; 6= modified 

independence; 5=supervision; 4=minimal assistance; 3=moderate 

assistance; 2=maximal assistance; 2=maximal assistance, higher level; 

1=total assistance. The FIM maximum score is 126 points. 

Moreover, to characterize the sample, we collected demographic and anamnestic 

data from the patients: age, sex, type of lesion (i.e., ischaemic or haemorrhagic), 

hemiparesis side (i.e., left or right), time from stroke onset, level of motor 

impairment.  

 

5.3.4 EMG acquisition 

To extract muscle synergies, we asked to all subjects to perform 7 unilateral tasks, 

10 trials each, in a virtual environment system (VRRS®, Khymeia Group Ltd.,f 

Noventa Padovana, Italy) while recording sEMG from 16 upper limb muscles.  

We used SENIAM guidelines for sensors location; the muscles were the 

following: triceps brachii, medial (TME) and lateral (TLA) head; biceps brachii, 

short (BIS) and long (BIL) head; deltoideus anterior (DEA); deltoideus medius 

(DEM); deltoideus posterior (DEP); trapezius superior (TRU); rhomboid major 
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(RHO); brachioradialis (BRA); brachialis (BRC); supinator (SUP); pronator teres 

(PTE); pectoralis major (PEC); infraspinatus (INF); teres major (TEA).  

5.1.1 EMG feature extraction  

For muscle synergies extraction from the sEMG data acquisition, we followed the 

pre-processing and extraction procedures described in previous studies (27, 33). 

We extracted muscle synergies for the affected and unaffected arms, separately, 

from 1 to 16 channels by decomposing the signals using nonnegative matrix 

factorization (NMF) algorithm. Initially, we considered the SEMG from each task 

to combined into an “m” (i.e., number of muscles) and “t” (i.e., time samples) 

matrix.  

For the filtering process, we pre-processed sEMG of each row in the matrix using  

band-pass filtered (10–500 Hz), normalized to the unit variance, rectified, low-

pass filtered to 12 Hz(178). We choose the number of muscle synergies using 

cross-validation for sEMG reconstruction factor, R2 for > 80% (27).  

Then, for each participants, we extracted the following muscle synergies 

parameters: the number of muscle synergies extracted from the affected (i.e., N-

aff) and unaffected limb (i.e., N-ctrl); the number of synergies shared by the 

affected limb and of the unaffected limb (i.e., “Synergies shared” with values of 

scalar product above 0.8 recognized as similar, N-sh); the median scalar product 

between the affected and unaffected synergies, considered as an informative index 

of similarity between two arms (i.e., Median-sp) (107). Then, we estimated 

merging (i.e., Merg.) and fractionation (i.e., Fract.) index of the muscle synergies 

of the affected side with respect to the total number of synergies extracted from of 

the unaffected side.  

 

5.3.5 Statistical analysis  

To describe the characteristics of the sample, we carried out descriptive statistics 

analysis (i.e., mean, standard deviation, median, interquartile range and absolute 

and percentage frequencies) on demographic and anamnestic characteristics of the 

patients, clinical variables and muscle synergies parameters. We stratified the 

patients based on two anamnestic characteristics: the recovery phase and the level 

of upper limb motor impairment. Firstly, we define the stroke phase according to 
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European Stroke Organization guidelines: early subacute phase, from 7 day to 3 

months; late subacute phase, from 3 to 6 months; chronic phase, after 6 months 

(110). Secondly, we define the level of the impairment according to the criteria 

used by Cheung in his previous work with similar aim: severe impairment, score 

at FMA-UE from 0 to 32 points; mildly impairment, score at FMA-UE from 33 to 

66 points (27).  

To define whether the treatment induced changes in clinical outcome, we 

compared the baseline and post-treatment score. Further, we considered each 

FMA-UE sub-item changes to identify any specific changes in the scale. Firstly, 

we consider all subjects to define the clinical effect of the specific upper limb 

treatment. Then, according to MCID value in FMA-UE scale (i.e., >5 points), we 

create two subgroups of patients: Responder and No-Responder. We investigated 

the differences of two subgroups comparing the clinical score and muscles 

synergies parameters in Responder and No-Responder subgroups of patients. We 

used Shapiro-Wilk Test to define the data distribution of all variables. Then, based 

on the previous test, we decided whether to use a parametric or non-parametric 

test, such as T-test or Wilcoxon Test respectively. Moreover, we used one-way 

analysis of variance (ANOVA) to know if there were significant difference 

between the average of change in percentage of merging after three different 

training. Then, we used Tukey test for pairwise post-hoc analysis to determine if 

there is a difference between mean of al all pairs of treatment.  

Finally, to define whether any specific muscle synergy characterized the patients’ 

upper limb muscle activation, we applied to the dataset a clustering analysis 

performed using hierarchical clustering algorithm based on Ward’s distance (179), 

with the optimal number of cluster for each analysis. The clustering methodology 

is based on the Silhouette algorithm (180). We grouped similar synergies together 

to define “Vocabulary” of synergies expressed in different condition: both before 

and after the therapy, and between Responder and No-Responder group.   

After that, we associated each synergy to one or more upper limb motor function 

based on the amount of active contribution of each muscle in that specific 

synergy. For this association, we identify 8 motor functions based on 

biomechanical model of the upper limb: 
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1- Shoulder flexion 

2- Shoulder extension 

3- Shoulder abduction 

4- Shoulder adduction 

5- Elbow flexion 

6- Elbow extension 

7- Pronation 

8- Supination  

Thereafter, we calculated how many times a specific function was expressed by 

the synergies vocabularies and what was the average number of functions for each 

synergy in each vocabulary.  

 

5.4 Results 

5.4.1 Sample characteristics 

We included in the study 62 patients, and they all concluded the treatment. The 

most of them were enrolled in VR group (55%), then in Robotic group (32%) and 

finally in conventional group (13%). According to the European Stroke 

Organization guidelines (110), we considered three different subgroups of 

patients, based on the time (i.e., no. of months) from stroke onset: 30 patients 

were in early subacute phase, 9 patients in late subacute phase, and 23 patients in 

chronic phase. Finally, considering the MCID score in FMA-UE scale, patients 

were divided in two subgroups: 34 were Responder and 28 were No-Responder. 

The demographic characteristics of the patients are listed in Table 6.  

 

Patients (N=62)  

Sex, males / females, n (%) 42 (68%) / 20 (32%) 

Age, years, mean ± SD  13.68 

Diagnosis, ischemic / haemorrhagic, n (%) 81%)/ 12 (19%) 

Hemisphere, left / right, n (%) 48%) / 32 (52%) 

Time-stroke, months, mean ± SD  30.54 

Recovery phase  

Early subacute/Late subacute/chronic, n (%) 

 

30 (48%)/ 9 (15%) / 23 (37%) 

Level of impairment Severe/Mildly, n (%) 29%) / 44 (71%) 

Type of treatment Conventional/VR/Robotic, n (%) 8 (13%) / 34 (55%) / 20 (32%) 

Treatment output Responder/No Responder, n (%) 34 (55%) / 28 (45%) 

Table 6. Demographic and clinical characteristics of the patients. Values are expressed as mean ± standard 

deviation (SD) for quantitative measures, and number of subjects (n) and frequency percentages (%) for all 

discrete variables. Abbreviation: VR=Virtual Reality 
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5.4.2 Clinical outcome 

After treatment, considering the total sample of patients, all clinical scales showed 

a statistically significant change, except for the FMA pain and joint range of 

motion section. In average, the clinical scale FMA-UE, considering as the primary 

outcome, showed a statistically significant increasing of 7.14 points (Table7). By 

considering the MCID of FMA-UE scale (i.e., >5 points), results showed that all 

participants had a clinically meaningful recovery of the upper limb motor 

function. 

Clinical 

measures 

 T0 T1 ∆ 

P-value 
 

m ± SD 

M [IQR] 

m ± SD 

M [IQR] 
(T1 – T0) 

FMA-UE  39.82 ± 15.22 

41.5 [24.5] 

46.97 ± 13.41 

48 [21] 

7.14 ± 7.46 

6.5 [8] 
< 0.001* 

FMA-S  20.35 ± 4.58 

22 [5] 

22.02 ± 3.24 

24 [3.75] 

1.66 ± 3.52 

0 [3] 
< 0.001* 

FMA-P  43.61 ± 4.31 

45 [6] 

44.44 ± 4.01 

45 [5.75] 

0.82 ± 3.5 

0 [3] 
0.061 

MAS  3.61 

2 [5.75] 

2.53 ± 3.21 

1.5 [3] 

-0.92 ± 2.46 

0 [1] 
0.002* 

FIM  98.44 ± 18.88 

102 [24.25] 

108.1 ± 17.77 

114 [19] 

9.67 ± 10.76 

8 [10] 
< 0.001* 

Table 7. Clinical outcome analysis, before (T0) and after (T1) the treatment referred to all patients (n=62). 

Values are expressed as Mean ± SD and median [IQR]; m= mean; SD= Standard Deviation; M= median; 

IQR = Interquartile Range; “∆” = change achieved after treatment. P values < 0.05 using Wilcoxon Test. 

(*)= statistically significance. 

 

5.4.3 Responder and No-Responder subgroups 

Furthermore, to study the distribution of participants based on the relationship 

between the amount of upper limb motor recovery (i.e., ∆FMA-UE) and the 

baseline level of upper limb motor impairment (i.e., FMA-UE baseline score), we 

defined the scatter plot in Figure 3.  The trend of each subgroup showed opposite 

direction: for the Responder subgroup the trend line showed a negative trend (R² = 

0,224) and for No-Responder subgroup the trend was slightly positive (i.e., R² = 

0,025). We analyzed more deeply the upper limb motor impairment based on 

FMA-UE sub-items analysis, in both subgroups (i.e. Responder and No-

Responder). We compared the motor recovery between two subgroups and results 

showed there were differences in all items, except sub-item I (i.e., bicep and 

triceps reflexes).  
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Figure 3. Data distribution of Responder and No-Responder subgroups. Each symbols represents a 

participant, from Responder subgroup (red squares) and No-Responder subgroup (blue dots). On the x-axis, 

the Fugl-Meyer Upper Extremity score at baseline and on the y-axis the delta (∆) between the final score and 

the baseline 

 

Responder subgroup’s results showed significant improvements for all FMA-UE 

sub-items, except for the sub-item I (i.e., bicep and triceps reflexes). Moreover, 

the sub-items those showed more improvement were sub-item VIII (i.e. hand, 

+25.7%) and VII (i.e. wrist, +22%). In No-Responder subgroup, results showed 

significant improvement only for FMA-UE total score (+2.1%) and for the sub-

items VIII, referred to hand motor functions VIII (+3.6%). In Table 8 are reported 

all FMA-UE sub-item analysis.   

Furthermore, from the data distribution of FMA-UE baseline score (Figure 3), we 

identify a cluster of most severe impaired patients (n=8). This cluster of patients 

showed the maximum amount of recovery in terms of FMA-UE score.  

Thus, we considered the patients who scored FMA-UE baseline less than 20 

points as a third subgroup (i.e., Responder<20). The results of the subgroup 

Responder<20 in all FMA-UE sub-items were reported in Table 9.  
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Finally, by comparing the baseline of the three subgroups of patients, firstly we 

compared FMA-UE baseline score of Responder (n=34) and No-Responder 

(n=28) patients. The subgroups were no comparable (p= 0.005).  

However, after the removal of patients in the Responder<20 subgroup, Responder 

and No-Responder were comparable (p=0.134).  

Therefore, we repeated the analysis, and the difference of upper limb motor 

recovery preserved the statistically significance in comparing Responder and No-

Responder score (FMA-UE total score, p<0.001). 

 

 

 

FMA-UE 

Sub-item 

 Responder (N=34)  No-Responder (N=28)  

 T0 T1   T0 T1  
Between 

Groups 
         

 
m ± SD 

M [IQR] 

m ± SD 

M [IQR] 
p  

m ± SD 

M [IQR] 

m ± SD 

M [IQR] 
p p 

 

Total score 

[0-66] 

 
34.97 ± 16.2 

35 [29.5] 

46.85 ± 14.3 

46 [23.25] 
< 0.001*  

45.71 ± 11.7 

49.5 [18] 

47.11 ± 12.5 

50 [20.25] 
0.027* < 0.001* 

 

Sub-Item I 

[0-4] 

 
3.88± 0.48 

4 [0] 

4 ± 0 

4 [0] 
0.346  

3.71 ± 0.9 

4 [0] 

3.86 ± 0.76 

4 [0] 

0.586 

 
0.799 

Sub-Item II 

[0-12] 
 

7.44 ± 2.87 

8 [3] 

9.41 ± 2.46 

10 [3.75] 
< 0.001*  

9.29 ± 2.32 

9.5 [3.25] 

9.25 ± 2.34 

10 [3] 
0.815 < 0.001* 

Sub-Item 

III 

[0-6] 

 
3.24 ± 2.1 

3 [3.75] 

5 ± 1.52 

6 [2] 
< 0.001*  

5.11 ± 0.83 

5 [1] 

5.25 ± 1.08 

6 [1.25] 
0.336 0.006* 

Sub-Item 

IV 

[0-6] 

 
3.97 ± 1.95 

4 [3] 

4.27 ± 1.76 

5 [3] 
< 0.001*  

4.82 ± 1.22 

5 [2] 

4.75 ± 1.43 

5 [2] 
0.608 < 0.001* 

Sub-Item V 

[0-6] 
 

2.35 ± 2.16 

2.5 [4] 

3.12 ± 2.18 

3.5 [4] 
< 0.001*  

3.54 ± 1.71 

4 [3] 

3.82 ± 1.79 

4 [2] 
0.132 0.037* 

Sub-Item 

VI 

[0-2] 

 
0.26 ± 0.62 

0 [0] 

0.59 ± 0.89 

0 [1.75] 
0.019*  

0.25 ± 0.65 

0 [0] 

0.32 ± 0.72 

0 [0] 
1 0.055 

Sub-Item 

VII 

[0-10] 

 
3.94 ± 3.41 

3.5 [6.75] 

6.12 ± 3.17 

7 [5] 
< 0.001*  

5.5 ± 3.18 

7 [5.25] 

5.57 ± 3.05 

5 [5.25] 
0.493 < 0.001* 

Sub-Item 

VIII 

[0-14] 

 
7.21 ± 4.45 

8 [8] 

10.56 ± 3.5 

11 [4.75] 
< 0.001*  

10.07 ± 3.56 

11 [6] 

10.57 ± 3.68 

11.5 [6] 
0.038* < 0.001* 

Sub-Item 

IX 

[0-6] 

 
2.74 ± 1.86 

3 [2.75] 

3.74 ± 1.9 

4 [2.75] 
< 0.001*  

3.46 ± 1.69 

3.5 [2] 

3.71 ± 1.58 

4 [2] 
0.187 0.016* 

Table 8. Statistical analysis for FMA-UE sub-items by Responder or No-Responder. Values are expressed as 

Mean ± SD and median [IQR]; m= mean; SD= Standard Deviation; M= median; IQR = Interquartile 

Range; “∆” = change achieved after treatment. P values < 0.05 using Wilcoxon Test. (*) = statistically 

significance. 
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  Responder<20 (n=8)    

FMA-UE 

Sub-item 
 

 T0 T1 ∆ P-value  

 m ± SD 

M [IQR] 

 

m ± SD 

M [IQR] 

 

(T1 – T0)   

Total score  13.12 ± 4.32 

13.5 [6] 

 31.75 ± 10.31 

35 [13.25] 

18.62 ± 10.43 

17.7 [15] 

0.008* 
 

Sub-Item I 

[0-4] 

 3.75 ± 0.7 

4 [0] 

4 ± 0 

4 [0] 

0.25 ± 0.71 

0 [0] 

1  

Sub-Item II 

[0-12] 

 3.43 ± 2.26 

3 [1.25] 

7.63 ± 2.62 

9 [3.25] 

4.25 ± 2.92 

3.5 [3.5] 

0.022* 
 

Sub-Item III 

[0-6] 

 1.63 ± 1.51 

1 [2.25] 

3.63 ± 1.77 

4 [1.25] 

2 ± 1.85 

1.5 [1.25] 

0.021* 
 

Sub-Item IV 

[0-6] 

 0.75 ± 0.71 

1 [1] 

2.5 ± 0.93 

3 [1] 

1.5 ± 1.75 

1.5 [2] 
0.021* 

 

Sub-Item V 

[0-6] 

 0.25 ± 0.46 

0 [0.25] 

1 ± 0.76 

1 [0.5] 

0.75 ± 0.89 

1 [0.25] 

0.071 
 

Sub-Item VI 

[0-2] 

 0.38 ± 0.74 

0 [0.25] 

 0.63 ± 0.92 

0 [1.25] 

0.25 ± 0.71 

0 [0] 

1 
 

Sub-Item VII 

[0-10] 

 0.25 ± 0.46 

0 [0.25] 

3.63 ± 2.39 

3 [2.25] 

3.38 ± 2.72 

3 [2.5] 

0.024* 
 

Sub-Item VIII 

[0-14] 

 1.5 ± 1.6 

1 [1.25] 

6.63 ± 4.14 

8 [7.5] 

5.13 ± 4.22 

3.5 [7.25] 
0.022* 

 

Sub-Item IX 

[0-6] 

 1.25 ± 1.83  

0 [2.5] 

2.13 ± 1.8 

3 [3.25] 

0.88 ± 1.73 

0 [1.5] 

 

0.269 

 

 

Table 9. Statistical analysis for FMA-UE sub-items by Responder<20. Values are expressed as Mean ± SD 

and median [IQR]; m= mean; SD= Standard Deviation; M= median; IQR = Interquartile Range; “∆” = 

change achieved after treatment. P values < 0.05 using Wilcoxon Test. (*) = statistically significance. 

 

5.4.4 Muscle synergies parameters  

After clinical outcome analysis, we analysed the change of muscle synergies 

parameters, in all patients and in each subgroup.  

Firstly, in the total sample of patients, there was no difference at the baseline in 

the number of modules between affected and unaffected upper limb (p=0.107). 

Secondly, after treatment there were no differences in number of modules in 

affected upper limb (p=0.374). However, results showed statistically significant 

difference in similarity index value (i.e., median-sp), that increased in average 

0.03 points (p=0.004).  

Furthermore, considering merging and fractionation indexes, we noted that there 

were no significant changes after treatment in both of indexes considering the 

whole sample size. All results are reported in Table 10.  
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Muscle 

Synergies 

parameters 

 

 

 
T0 T1       ∆ 

P-value 

 

m ± SD 

M [IQR] 

 

m ± SD 

M [IQR] 

 

(T1 – T0) 

 

N-aff  8.82 ± 1.49 

9 [2] 

 

8 ± 1.37 

9 [1] 

-0.16 ± 1.15 

0 [2] 

0.374 

N-ctrl  8.61 ± 1.28 

9 [1.75] 

 

1.04 

9 [1] 

0.05 ± 1.05 

0 [2] 

0.716 

N-sh  6.77 ± 1.43 

7 [2] 

 

1.46 

7 [2] 

0 ± 1.52 

0 [2] 

0.885 

Median-sp  0.88 ± 0.07 

0.88 [0.11] 

 

0.06 

0.92 [0.08] 

0.03 ± 0.06 

0.02 [0.07] 

0.004* 

Merg (%)  59.26 ± 20.22 

58.55 [25.6] 

 

± 20.81 

50 [26.67] 

-5.86 ± 32.56 

-7.02 [26.67] 

0.068 

Fract (%)  7.34 ± 10.4 

0 [11.11] 

 

7.27 ± 9.34 

0 [11.11] 

-0.07 ± 11.49 

0 [17.67] 

 

0.952 

Table 10. Muscle synergies parameters results, before and after the treatment for all patients (n=62). Values 

are expressed as Mean ± SD and median [IQR]. Merg= merging index; Fract.= fractionation index; m= 

mean; SD= Standard Deviation; M= median; IQR = Interquartile Range; “∆” = change achieved after 

treatment. P values < 0.05 using Wilcoxon Test. (*) = statistically significance. 

 

Furthermore, we compared the muscles synergies parameters in Responder and 

No-Responder subgroups. At the baseline, the subgroups were comparable as 

number of modules in the affected arm (p=0.552) and in merging (p=0.171) and 

fractionation index (p=0.136).  

After treatment, there were no differences between two subgroups in change of 

number of modules (p=0.180) and neither for similarity index (p=0.181), but there 

was in percentage of merging index (p=0.025) (Table 11).  

Considering each group, results showed that, Responder group had a significant 

decrease of percentage of merging (p=0.016), whereas No-Responders patients 

significantly increased the similarity index (p=0.006).  

To define the relationship between the percentage of merging and the level of 

motor impairment at the baseline, we built a scatter plot (Figure 4).  
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Figure 4. Data distribution of Responder and No-Responder subgroups for Merging index. Each symbols 

represents a participant, from Responder subgroup (red squares) and No-Responder subgroup (blue dots). 

On the x-axis, the Fugl-Meyer Upper Extremity score at baseline and on the y-axis the percentage of merging 

index at the baseline 

We identified the same cluster of severe impaired patients, as in the scatter plot 

based on FMA-UE data distribution (i.e., Responder<20 subgroup), who showed 

an higher percentage of merging index. Indeed, we analysed the cluster of 

Muscle 

synergies 

parameters 

Responder (N=34)  No-Responder (n=28)  

T0 T1 
 

T0 T1  
 Between 

Groups 

m ± SD 

M [IQR] 

 

m ± SD 

M [IQR] 

 

p 

 m ± SD 

M [IQR] 

 

m ± SD 

M [IQR] 

 

p p 

N-aff 8.94 ± 1.54 

9 [2] 

8.59 ± 1.31 

9 [1] 

0.116  8.68 ± 1.44 

9 [1.25] 

8.75 ± 1.46 

9 [2] 

0.750 0.180 

N-ctrl 8.71 ± 1.36 

9 [2] 

8.68 ± 1.17 

9 [1] 

0.856  8.5 ± 1.2 

8.5 [1] 

8.64 ± 0.87 

9 [1] 

0.507 0.586 

N-sh 6.94 ± 1.3 

7 [2] 

6.79± 1.49 

6.5 [2] 

0.508  6.54 ± 1.58 

7 [1] 

6.65 ± 1.44 

7 [1.75] 

0.429 0.269 

Median-sp 0.87 ± 0.07 

0.89 [0.12] 

0.90 ± 0.06 

0.92 [0.1] 

0.228  0.88 ± 0.06 

0.89 [0.08] 

0.91 ± 0.06 

0.92 [0.09] 

0.006* 0.181 

Merg (%) 63.37± 21.15 

60 [30] 

51.17± 22 

50 [29.2] 

0.016*  54.27± 18.1 

56.4 [22.3] 

56.11 ± 19.3 

52.27 [30.2] 

0.811 0.025* 

Fract (%) 5.67± 8.49 

0 [10] 

7.67± 8.58 

4.5 [13.8] 

0.247  9.35 ± 12.2 

10.1 [12.5] 

6.8 ± 10.34 

7[11.11] 

 

0.176 0.070 

Table 11. Muscle synergies parameters results, before and after the treatment for Responders and No-

Responder patients. Values are expressed as Mean ± SD and median [IQR]. Merg= merging index; Fract. = 

fractionation index; m= mean; SD= Standard Deviation; M= median; IQR = Interquartile Range; “∆” = 

change achieved after treatment. P values < 0.05 using Wilcoxon Test. (*) = statistically significance. 
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Responder<20 patients and we found on average the percentage of merging index 

of 79.78% (Table 12).  

Moreover, we compared the baseline of each subgroup, and we found that the was 

a significant difference (p=0.009) between the level of merging in two Responder 

subgroups (i.e., Responder<20 and Responder>20).   

However, no differences scored in fractionation index (p=0.982) and in number of 

modules. Moreover, considering the Responder>20 and No-Responder subgroups, 

the value of percentage of merging index of at the baseline were similar (i.e., 

Responder>20 subgroup= 58.32%; No-Responder subgroup= 54.27%; p=0.849). 

 

Table 12. Baseline muscle synergies scores of two Responder subgroups. Values are expressed as Mean ± SD 

and median [IQR]. Merg= merging index; Fract.= fractionation index; m= mean; SD= Standard Deviation; 

M= median; IQR = Interquartile Range; “∆” = change achieved after treatment. P values < 0.05 using 

Wilcoxon Test. (*) = statistically significance.  

 

We analysed the muscle synergies parameters after treatment in the Responder<20 

subgroups, and results showed that there was an improvement only in the 

similarity index value (p=0.025) (Table 13).  

After training, not statistically difference in the percentage of merging (p=0.109), 

although the score was lower, closer to the baseline score of Responder>20 

subgroup (i.e., baseline merging index in Responder>20 subgroup= 58.32%).  

 

 

 

 

Muscle synergies 

parameters 

(baseline) 

 

Responder<20 

 (n=8) 

 

Responder>20 

(n=26) 

 

 

 

m ± SD 

M [IQR] 

 

m ± SD 

M [IQR] 

 

p 

N-aff  
9.13 ± 1.96 

9 [2.25] 

8.89 ± 1.42 

9 [2] 
1 

Median-sp  
0.79 ± 0.05 

0.77 [0.06] 

0.9 ± 0.05 

0.92 [0.07] 
0.0003* 

Merg (%)  
79.8 ± 14.2 

79.5 [19.5] 

58.32± 20.53 

55.6 [27.75] 
0.009* 

Fract (%)  
6.5 ± 10.86 

0 [9.34] 

5.44± 7.86 

0 [10] 

0.982 
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5.4.5 Regression models 

In this work we considered three different types of specific upper limb training. 34 

patients received virtual reality training, 20 patients received robotic training and 

8 patients received conventional training. In the Table 14 we reported the amount 

of patients Responder and No-Responder for each training.  

 

Patient 

Subgroups 

VRT 

(n=34) 

RT 

(n=20) 

CT 

(n=8) 
 Total 

Responder 18 13 3 
 

34 

No-Responder 16 7 5  28 

Table 12. The frequencies of patients in each group of upper limb motor training. 

 

We carried out one-way ANOVA test and the results showed that there were 

significant differences in amount of change of the percentage of merging 

depended by the type of treatment (p= 0.036). We used Tukey test in post-hoc 

analysis that showed there was a difference in merging index change between VR 

and Robotic training group (p=0.031). However, we compared the merging index 

Muscle 

synergies 

 Responder<20 (n=8)  

 T0 T1 ∆           

 m ± SD 

M [IQR] 

 

m ± SD 

M [IQR] 

 

m ± SD 

M [IQR] 

 

p 

N-aff  9.13 ± 1.96 

9 [2.25] 

8.75 ± 1.39 

9 [1.5] 

-0.38± 1.6 

0 [0.5] 

0.850 

N-ctrl  8.5 ± 1.2 

8.5 [1.5] 

8.5 ± 1.07 

9 [1.25] 

0 ± 0.53 

0 [0] 

1 

N-sh  6.63 ± 0.92 

7 [1] 

7.25 ± 2.19 

8 [3] 

0.63 ± 2.13 

0.5 [2.25] 

0.461 

Median-sp  0.79 ± 0.05 

0.77 [0.06] 

0.86 ± 0.05 

0.86 [0.09] 

0.07± 0.82 

0.05 [0.1] 

0.025* 

Merg (%)  79.8 ± 14.2 

79.5 [19.5] 

56.16 ± 24.4 

52.78 [33.41] 

-23.62±28.53 

-25.64[40.7] 

0.109 

Fract (%)  6.5 ± 10.86 

0 [9.34] 

8.94 ± 8.76 

10.56 [11.91] 

2.44± 17.41 

6.71 [15.48] 

0.735 

Table 13. Muscle synergies parameters for subgroup Responder<20. Values are expressed as Mean ± SD and 

median [IQR]. Merg= merging index; Fract.= fractionation index; m= mean; SD= Standard Deviation; M= 

median; IQR = Interquartile Range; “∆” = change achieved after treatment. P values < 0.05 using Wilcoxon 

Test. (*) 
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at the baseline, results showed that VR and Robotic group were not comparable 

(i.e., VR group= 52.59%; Robotic group= 69.66%; p= 0.001).  

 

5.4.6 Cluster analysis  

We executed cluster analysis to define the functions represented by muscles 

synergies extracted from the dataset. As first step, we identified three synergies 

Vocabularies: the synergies extracted related to the affected arm before (Vpre) 

and after (Vpost) therapy and the synergies extracted related to unaffected arm in 

both timepoints (Vhealthy) (i.e., considered as the vocabulary of the healthy 

synergies).  

We found that Vpre was constituted by 13 synergies (Figure 5), Vpost by 14 

synergies (Figure 6), while the Vhealthy was constituted by 16 synergies (Figure 

7). Furthermore, we associated one or more upper limb motor functions to each 

synergy that composed the Vocabularies, and we analysed how many functions on 

average were associated with each synergy. 

 

Figure 5. Vocabularies of muscle synergies in affected limb at the baseline (T0). 
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Figure 6. Vocabularies of muscle synergies in affected limb after the treatment (T1). 

 

Figure 7. Vocabularies of muscle synergies in the unaffected limb, before and after the treatment (T0 and 

T1). 
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Results showed that Vhealthy synergies were associated with 1.33 functions on 

average across all subjects. By considering the affected upper limb, to investigate 

the differences in functions before and after the therapy, we compared the Vpre 

and Vpost in both Responder and No-Responder group. Firstly, in the Vpre 

synergies, for Responder group synergies were associated on average with 2.54 

functions, while for No-Responder group synergies were associated on average 

with 2.61 functions. Then, in the Vpost synergies, for Responder group synergies 

represented on average 1.37 functions per synergy, while No-Responders 

represented 1.42 functions. 

Finally, we analyzed how the eight functions used were expressed across all the 

synergies, before and after therapy, in the entire sample and in both subgroups of 

Responder and No-Responder and compared to unaffected arms (Figure 8).   

 

 

Figure 8. The function representation map of upper limb functions, in three Vocaboularies. 

 

By regarding all patients, before therapy elbow flexion was clearly more 

represented than after therapy, despite to shoulder adduction that became more 

represented after therapy. Generally, the comparison between affected and 

unaffected arm showed that after therapy the functions were represented closer to 

unaffected arm representation.  
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Moreover, results showed no substantial differences between the functions of 

Responder and No-Responder group, both before and after the therapy. Indeed, 

before therapy, shoulder flexion was slightly more represented in Responder 

group. After therapy, shoulder extension and adduction were slightly more 

represented in Responder group, while shoulder flexion and elbow extension were 

more represented in No-Responder group.  

 

5.5 Discussion 

In this work we compared clinical outcomes and muscle synergies parameters to 

define the clinical effect of a specific training for motor improvement after stroke. 

Moreover, we extracted merging and fractionation index to explore the muscle 

synergies parameters in patients who showed different levels of motor impairment 

and different amount of motor recovery, considered as Responder or No-

Responder, based on MCID values of Fugl-Meyer Assessment Upper Extremity 

scale. First of all, considering the whole sample, the training induced a significant 

level of motor recovery above the MCID value. Indeed, the patients increased the 

FMA-UE score on average 7.14 points (p-value≤ 0.001) and FIM score on 

average 9.67 points. These results suggested that a specific training for the upper 

limb, provided daily, and for at least 20 sessions, showed a significant clinical 

motor recovery, regardless of the type of training provide. Indeed, Everard et al. in 

his work declared that there is low-to-moderate evidence that rehabilitation 

assisted with technologies showed at least as effective as conventional therapy for 

stroke survivors (165). Whereas, he enhance the use of virtual reality and robotic-

assistive training in stroke survivors at the subacute phase (165). Indeed, 

considering that both of these technological-based interventions are classified as 

“augmenting” interventions, with the aim to boost voluntary movements of paretic 

limbs to enhance motor performance, their employment might provide best results 

in the first 3-6 months after stroke onset, in the “restoration” phase (109, 124). 

Moreover, using ANOVA methods, we identified a difference in changes of 

merging in robotic group. Indeed, patients who underwent to robotic treatments 

decreased significantly the merging index, meaning that robotic interventions 

provided more variability in motor activation. However, the groups were not 
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comparable at the baseline, and patients of the robotic groups were severe 

impaired at the baseline, with more possibilities of motor recovery (125). Thus, 

some features of robotic devices, such as passive or assisted modalities which 

assist the altered movements of impaired patients, are relevant for severe patients, 

in the acute and sub-acute phases (39). 

Thus, in literature, several approaches have been investigated to define the 

effectiveness in recovery of upper limb motor function and the level of autonomy 

of the patient. Anyway, not every patient showed the same amount of recovery 

after the same intervention (125). Thus, we identified 34 patients (i.e., 54.8%) 

who recovered more than MCID value, thus the rest of patients did not show a 

clinical difference after the treatment. Accordingly, in a large sample of 412 

patients, van der Vliet et al. described 5 subgroups characterized by level of motor 

impairment in relationship to the amount of motor recovery, including, for 

example, a subgroup that shows very little evidence of any recovery and another 

one that recovers rapidly (125). 

In this study only the Responders patients showed a change in merging index, 

indicating that the therapy has been useful to “de-merge” muscle synergies of the 

unaffected limb, that means improving the motor variability, in according to 

motor recovery. These results suggested that merging index could be more 

investigated as a biomarker, to individualized Responder patients.  

Our results did not confirm any changes in fractionation index after upper limb 

therapy, also after sample stratification based on time after stroke (i.e., before and 

after 6 months). This results were not aligned with previous analysis by Cheung et 

al. (27). Indeed, they declared that factorization index was higher in chronic 

patients, maybe to indicate that, after spontaneous motor recovery window, they 

learnt new motor strategies to recover autonomy in activity (27). In literature, 

fractionation were found in preschoolers runners, who are effectively constantly 

changing neuro-musculoskeletal properties to become an adult runners (181). For 

future perspective, we should investigate fractionation index including other 

group of muscles, for instance trunk dorsal muscles, responsible of postural 

control, to investigate any changes in postural control during upper limb task in 
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chronic patients or new compensation strategies with trunk movements (182, 

183). 

Considering the number of muscle synergies, there were no changes in number of 

modules extracted in the affected arm and in shared modules between two arms. 

Pan et al. in his work, extracted the same number of muscle synergies from 

severe, mild-to-moderate and no-impaired subjects. Thus, the same number of 

synergies could describe the movements, but compared with the control template, 

muscle synergy altered in the mild-to-moderate group were more similar to the 

control template (85). Also Cheung et al. confirmed the preservation, fractionation 

and merging of muscle synergies in stroke survivors, with a characterization of 

level of motor impairments.  

After cluster analysis, we associated the upper limb motor functions to muscle 

synergies extracted from each subgroup of Vocabularies (Vpre, Vpost, VHealthy).  

In general, there were no significant differences between the Responders’ map 

and the No-Responders map. Indeed, both Responders and No-Responders 

presented an over-representation of elbow flexion and an under-representation of 

shoulder adduction and abduction and pronation and supination at T0, when 

compared with the unaffected side.  

In Vpre, at the baseline (T0), the elbow flexion function was associated with 

several synergies, meaning an over-activation of biceps, brachialis and 

brachioradialis, at a disadvantage to shoulder adduction and elbow extension. In 

according to these results, with kinematic and muscle synergies analysis, Pan et al. 

showed that triceps muscles were absent in synergies extracted from both mild-to-

moderate and severe impaired patients, which confirmed that stroke patients 

cannot keep their upper arm extended (85).  

Through therapy, we saw that the function representation map (Figure 8) for both 

Responders and no-Responders became very similar to that of the unaffected side. 

Responders presented a slightly bigger expression of shoulder adduction, while 

non-responders were characterized by a slightly smaller expression of shoulder 

abduction. The increase in a function meant that more synergies carried that 

function, meaning that the associated muscles were active in more synergies.  
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In summary, all the analysis did not seem to show substantial differences between 

Responders and No-Responders, but points towards an effect of the therapy which 

normalized the activation of the elbow flexors while making the activation of the 

back and shoulder muscles more consistent through the different tasks. 

From the beginning of robotic planning and construction, the problems referred to 

how thinking about a robotic construction, reflected the same computational 

problem of motor control (184).  

Therefore, this study highlighted the necessity of personalized the intervention, 

based on patient’s phenotype characteristic, using clinical and instrumental data 

(117). In research, we need to identifies the patients with a good chance of 

recovery to enhance motor restitution intervention, but also those patients without 

the same chance of recovery, in whom compensatory strategies and use of orthosis 

should be necessary as soon as possible in their recovery process (124). An 

important factor contributing to identification of patient’s needs, is the use of 

precision in measurement of motor improvement (109). For these reasons, 

researches agreed that kinematic and kinetic measures, alongside clinical 

assessment, should be considered essential in future trials and be developed to 

distinguish between restitution and compensation (138). Further, a core set of 

specific kinematic and kinetics outcomes needed to be established (183). 

 

5.5.1 Limitations 

The study had a several limitations, mainly due to the critical aspect of muscle 

synergies extraction. Indeed, the number of muscle synergies depend on the 

acquisition protocol and from the technical aspects of synergies extraction (20, 

32). Moreover, we need to further investigate the variables, clinical or 

demographic, that could influence to be a Responder. Indeed, future clinical trials 

are needed to better identify the phenotype of people who benefit from specific 

motor interventions (117). Moreover, the composition of Vocabularies has been 

defined based on a biomechanical model, which should be not the correct 

reference model to considered in elderly people, due to natural aging process. For 

instance, using a robotic device in reaching tasks, if any external perturbation has 

been applied to the older people’ arm, they required an increased involvement of 
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the shoulder activation (185). Anyway, the comparison in motion analysis 

between the unaffected and affected limb has been frequently considered in 

definition of motor impairment, also in the Gold Standard of gross motor function, 

such as Fugl-Meyer Assessment (135).  For this reason, even further we purpose 

the muscle synergies model of the unaffected arm as the healthy referral model, to 

assess the upper limb impairment in motor function and activities, but also to 

purpose a reference model in developing robotic devices finalized to personalize 

the intervention.   

 

5.6 Conclusions 

In our study, we investigated whether muscle synergies parameters describing 

motor recovery in according to clinical outcome, following specific upper limb 

therapy after stroke. Results showed that there were no differences in number of 

muscle synergies before and after therapy, but the similarity index increased in 

according to motor recovery. Moreover, the patients who recovered more after 

therapy showed a significant decreasing of merging that, after therapy, became the 

same of patients who did not respond to the therapy. These suggestions 

highlighted that the level of merging may provide information on upper limb 

motor recovery for the patients who more take advantage from the therapy. 

Finally, we described the vocabularies of affected and unaffected arms after 

stroke, and results showed that the functions’ profile in affected upper limb 

become very closed to unaffected limb after therapy. This information underlined 

that the healthy model must be considered as the reference model to reach in 

rehabilitation, also in further technological application, such as the development 

of robotic devices. 
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6. STUDY 2: Certification of a prototype as a medical device Class1a: CE 

marking for hardware. 

 

6.1 Introduction 

The use of wearable device in rehabilitation has growing up in the last decade. 

Indeed, wearable allows to collect kinematic data related to the movements of the 

patients to precisely assess the parameters of the voluntary movement, to monitor 

the improvement after motor training, and finally to provide feedback to the 

patient of his exercise performance. The nature of data collected depends on the 

type of sensors used in the activity measurements (186).    

In order to introduce a new device in clinical setting, several tests have been 

conducted to certify the safety of the new technology. Indeed, the manufactures, 

has to ensure that the device could be used by the patients without any risks. To 

regulate this agreement, the European Commission has declared that every device 

had to be assessed to meet elevate degree of safety, health, and environmental 

protection requirements. For this reason, each medical device used in clinical 

setting has to be marked with CE mark, and the letters “CE” have to appear 

visible on the product, to highlight that the device observes the EU requirement 

(187). The “Medical Device Regulation” promotes risk management and the post-

market surveillance, and clinical evaluation are required to be connected 

continuously throughout a product’s life cycle (39). The device has to be 

classified with a definition of the regulatory requirements for a general device 

type. The classification of medical devices involved Class I, II, and III device, 

with a regulatory control increases from Class I to Class III (188).  

In this study, we compared the electromyography signals of a certified device 

(DUE Lite) and the prototype of a new device (REMO, Morecognition Lts., Turin, 

Italy) to validate a wearable device able to collect sEMG data from wrist and hand 

movements to test the validity and reliability on healthy subject and, further, to 

use it in a rehabilitation setting for hand training after stroke.  

The prototype has been developed and tested in a clinical setting to monitor in real 

time the muscle activation and moreover and to use the device as a controller of a 

smartphone or PC interface. Indeed, as a pilot study, Di Girolamo et al., tested the 
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device on 5 healthy subjects and 3 stroke survivors (189). In the study, researchers 

required to the subjects to perform 4 tasks involving hand and fingers movements: 

thumb extension, finger extension, wrist flex-extension and hand cupping. For 

each task, the sEMG activation were initially recorded for 3 seconds in a 

calibration phase, and then the subjects had to proportionally control the vertical 

position of a marker, modulating the muscle contraction during the task. The 

device used a pattern recognition algorithm that allowed to control the interface 

only reproducing the correct muscle activation of the calibration phase (189).  

Results showed that all the patients tested in the study were able to move the 

market to the target in the interacting interface for at least 10 repetitions, although 

they were less accurate compared to healthy subjects. This pilot study suggested 

that the device was feasible and precise in muscle activation detection, but further 

test and analysis on a wider sample of subjects have been necessary.  

 

6.2 Experimental hypotheses 

In collaboration with the company of the device (Morecognition srl, Turin, Italy), 

we conducted the certification of conformity with the European requirements (CE 

marking) for the hardware components of REMO device as Class1a device. 

Indeed, to certify the device, the validity, repeatability and reliability of REMO 

had to been tested. For this purpose, we concluded an experimental study in which 

we compared signals acquired by REMO with a conventional sEMG system in an 

experimental setting. In this study, DueLite (DueLite EMG System, OT 

Bioelettronica srl, Turin) was defined as the gold standard sEMG equipment for 

signal acquisition, since the DueLite device is registered in the database of 

medical devices, of the Italian Ministry of Health (Identification Number 

BD/RDM = 1816003). 

The aims of the test were the following:  

1. To test accuracy of electromyography (sEMG) sensors of REMO in 

detection of muscle activation.  

2. To verify the repeatability of sEMG signal detected through sensors 

present on REMO wearable, thus, signal detected from REMO shall be 

repeatable during repetition of movements.  
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3. To verify the reliability of sEMG signal detected through sensors present 

on REMO bracelet: signal detected from REMO and a gold standard EMG 

equipment shall be comparable.  

 

6.3 Methods and Materials 

6.3.1 Participants  

To test the validity and reliability of REMO, 10 healthy volunteers right-handed, 

with no previous neurological or orthopaedic conditions involving the upper limbs 

were enrolled.  

  

6.3.2 Equipment 

The comparator device was DueLite EMG System (OT Bioelettronica srl) with 

selectable sample frequency (512, 2048, 5120, 10240 Hz). DueLite was a portable 

and wireless electromyographer with 2 bipolar channels for sEMG detection(190).  

To record sEMG, we asked to the subject to grasp a dynamometer (CITEC Hand-

held dynamometer, C.I.T. Technics, Haren, NL) for measurement of maximum 

voluntary isometric contraction or upper limb ergometer able to measure the 

maximum voluntary contraction (MVC).  

 

6.3.3 REMO device 

REMO is a wearable device composed of 8 dry bipolar sensors to sEMG detection 

(electronics PCB ver. 4.1), a IMU unit and a firmware (ver 1.0), with recording 

frequency 1000/2000 Hz. REMO has been developed to be put on the forearm, at 

5 cm from the olecranon (Figure 9).  

In REMO (sEMG) signals underwent band-pass filtration within the frequency 

range of 10 to 500 Hz, were sampled at a rate of 2 kHz, and subsequently digitally 

converted using a 24-bit analog-to-digital converter with a resolution of 0.15 μV 

per least significant bit. The Root Mean Square (RMS) of the digitized signals 

was computed over a 64 ms window and then transmitted to a host PC or 

smartphone (i.e., Android of iOS system) via Bluetooth communication. 
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Figure 9. The REMO (Morecognition Ltd., Turin, Italy) prototype 

 

6.3.4 Interventions 

Participants were required to seat comfortably on a chair, with the elbow of the 

right upper arm flexed at 90 degrees and the forearm and the wrist in the mid-

prone position. The subjects had to grasp a cylindric dynamometer (CITEC Hand-

held dynamometer, C.I.T. Technics,Haren, NL) in order to test the grasping force 

(the maximum voluntary contraction, MVC) while the electromyography signals 

of the forearm muscles were recorded (Figure 10).  

The use of a dynamometer helps to minimize variability by allowing the 

participants to perform, hypothetically, the exact same movement which permits 

more objective quantitative comparison amongst both systems and all participants. 

Furthermore, the dynamometer allows to measure the maximum voluntary 

contraction (MVC) of a specified muscle.   

The test was run with both devices, separately. Each measurement sequence 

consisted of the following test. MVC was measured as the highest of 3 maximal 

fist grasps, with a 1-min rest period between trials. Motivation and verbal 

encouragement were provided to the subjects to help them produce their true 

MVC. Then, the subjects were asked to perform 3 isometric contractions at 40%, 

80% and 60% of the max MVC, respectively. 
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Figure 10. Example of data acquisition using (A) REMO (Morecognition, Turin, Italy) prototype and (B) 

DueLite (OT Bioelettronica, Turin, Italy). 

The efforts were maintained for 3 seconds for the first two contractions and for 10 

seconds for the final contraction at 60% MVC. Three seconds of noise were 

recorded at rest before each contraction. Rest periods were respected between 

each contraction in order to limit muscle fatigue effects. Visual feedback on the 

dynamometer screen allowed the subjects to produce a steady effort (±2% MVC).  

 

6.3.5 EMG acquisition 

The test was repeated twice, in two different recording sessions: firstly, sEMG 

signal of fingers flexor muscle (i.e. flexor digitorum profundus) was recorded 

through conventional electromyography equipment (DueLite EMG System, OT 

Figure 11. The correct modality to wear REMO device. 
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Bioelettronica srl). The placement of the electrodes followed the SENIAM 

recommendations (191). Secondly, the forearm muscles activation (i.e., EMG 

signals) were recorded through REMO bracelet, positioned as reported in Figure 

11. In REMO recording, the positioning of the armband is standard in all 

participants' acquisitions, so the most activated electrode is used for statistical 

analysis to compare two devices.   

To test the reliability and to determine the validity of the REMO bracelet, we 

analysed the signal amplitudes and frequencies that resulted from recording 

muscle activations. The sEMG signals collected by REMO bracelet and DueLite 

EMG system were compared to determine the variance within each system. Thus, 

the most activated electrode sEMG signals from REMO bracelet was compared to 

the sEMG signals of DueLite EMG system, under the presumptions that the 

DueLite EMG system was both valid and reliable (192).  

Each system records sEMG signals at the same recording frequencies (1000 Hz = 

REMO bracelet, 2048 Hz = DueLite EMG system) and the EMG signal amplitude 

was reported in microvolts. To compare the performance of two devices, we used 

the Root Mean Squared (RMS) data collected during the test. In order to allow 

comparison across subjects and devices, each signal was down sampled to 100 

frames and normalized on the maximum value of RMS in all the acquisitions 

performed with each device.  The signals were checked for normality using 

Lilliefors test, which rejected the hypothesis of the normality of the data (193). 

The median, first and third quartile, mean and standard deviation were calculated, 

and the inferential statistical analysis was performed using parametric or non-

parametric hypothesis test, based on the nature of the data distribution. All 

inferential analyses were performed using the spm1d open-source code (v 

M.0.4.5, http://www.spm1d.org) in MATLAB®. 

 

6.3.6 Statistical analysis  

To compare the data collected with two devices, we used a parametric or non-

parametric hypothesis test to assess whether the data collected were different. The 

analyses were calculated on the testing variables: mean frequency, standard 

deviation, median frequency, first and third quartile. The statistical significance 
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was imposed p-value< 0.05. The statistical analyses were used in this study since 

direct correlations, like Pearson’s correlation, could not be performed because no 

one could reproduce the exact same forces (i.e. muscle activation) repeatedly. 

Thus, to determine and compare inter-rater reliability of both sEMG acquisition 

machines, two-way random average measures absolute agreement intra-class 

correlation (ICC) and coefficient of variance (CV), or Coefficient of Quartile 

Variation (CQV) based on the nature of data distribution, were used  

(https://cran.r-project.org/web/packages/cvcqv/vignettes/cqv_versatile.html) 

(Figure 12) (194).  

Furthermore, the CV was defined as the ratio of the standard deviation to the 

mean, while the CQV was defined as the ratio of the difference of the 3rd Quartile 

(Q3) and the 1st Quartile (Q1), and the sum of 1st and 3rd Quartile.  Both 

measures were expressed as a percentage. CV and CQV values of 15% or less 

were deemed passing; greater than 15% is failing.  

Moreover, intra-class correlation (ICC) was used to test reliability between the 

two systems. The ICC value was calculated for the mean and the median 

frequency of signals acquired for each participant, by the two systems.  

Precisely, ICC considers the variability that was sure to exist. The ICC and its 

95% confidence limited. Each participant produced an ICC value falling under 

one of the following categories (i.e., degree of reliability indexed through 

Munro’s descriptors): 

• very high correlation, 0.90–1.00; 

• high correlation, 0.70–0.89;  

• moderate correlation, 0.50–0.69;  

• low correlation, 0.26–0.49; 

• little or no correlation, 0.00–0.25 

Figure 12. CV= Coefficient of Variation; CQV=Coefficient of Quartile Variation. 

https://cran.r-project.org/web/packages/cvcqv/vignettes/cqv_versatile.html
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The totals were counted to show how often each level of reliability is 

demonstrated. Finally, to confirm the reliability of REMO in sEMG recording, the 

Coefficient of Variance (CV) was calculated with the median and 1st and 3rd 

quartile of data acquisition collected by 3 participants. Each subject repeated the 

test for 10 trials, both using REMO and DueLite device.  

Finally, to test the repeatability, in this study, CV or CQV values were calculated 

to analyse the distribution among data collected by 3 subjects for which 10 trials 

were acquired, with both devices. Statistical analysis were performed using 

MATLAB®.  

  

6.4 Results 

In the study, we enrolled 10 right-handed healthy subjects (6 females and 4 males, 

age 28.3 ±2.8 years) with no previous neurological history or traumas to the right 

upper limb. We tested only the right hand in all participants. The values of 

Maximum Voluntary Contraction (MVC) of 3 repetition of fist grasping for each 

participant were reported in Table 15. The highest value of MVC was used to 

calculate 40%, 80% and 60% MVC max. 

 

Participant 
MVC 

test1 

MVC 

test2 

MVC 

test3 

40% 

MVC 

80% 

MVC 

60% 

MVC 

Subject 1 81 92 94* 38 75 56 

Subject 2 110 112 119* 48 95 71 

Subject 3 107 120* 110 48 96 72 

Subject 4 116 98 129* 52 103 77 

Subject 5 209* 197 197 84 167 125 

Subject 6 164 169* 163 68 135 101 

Subject 7 107* 91 78 43 86 64 

Subject 8 112 150* 150 60 120 90 

Subject 9 155 170* 165 68 136 102 

Subject 10 95 88 105* 42 84 63 

Table 15. Maximum Voluntary Contraction values of fist grasping performed by each participant. The max 

value of MVC test for each participant is highlighted (*). 
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The results showed that all the variables were not normally distributed, thus the 

non-parametric 1D statistical parametric mapping (SPM1D) procedure was used 

to compare the median of the signals acquired by the two devices. No statistically 

significant differences (p>0.05) detected during the duration of the entire 

acquisition between the signals acquired by each device, which suggested that the 

signals acquired with REMO comparable to the ones acquired by DueLite. 

To compare the devices REMO and DueLite, we used the Root Mean Squared 

(RMS) data collected during the test. For the analysis, we consider the most 

activated EMG channel of each participant (Table 16). For the largest part of 

participants, the channel most activated is the number 8 (7 out of 10 participants). 

 

Participant N. channel 

Subject 1 8 

Subject 2 8 

Subject 3 1 

Subject 4 8 

Subject 5 1 

Subject 6 8 

Subject 7 7 

Subject 8 8 

Subject 9 8 

Subject 10 8 

Table 13. The number of the most activated channel of REMO bracelet for each participant. 

 

Then, to compare the sEMG signal collected by two devices, we normalized the 

RMS values with the maximum RMS value in all the acquisitions performed with 

each device. Each signal is down sampled to 100 frames to allow the comparisons 

between subjects. The RMS signals collected by REMO and DueLite device are 

plotted in Figure13 and Figure 14:  
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Figure 13. The representation of the normalized RMS signals collected in all participants with REMO device. 

 

 

Figure 14.  The representation of the normalized RMS signals collected in all participants with the DueLite 

device. 

The signals were presented as a percentage of the acquisition. The mean and 

median are calculated for each % of acquisition (i.e. each frame). The normality 

of data distribution is checked using Lilliefors Test.   

All the data distributions did not result normal distributions. Thus, the inferential 

analyses were performed using the Kruskal Wallis test within non-parametric 1D 

statistical parametric mapping (SPM1D) procedure. All SPM1D analyses were 
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performed using the spm1d open-source code (v M.0.4.5, http://www.spm1d.org) 

in MATLAB®. No statistically significant differences (p>0.05) were detected 

during the duration of the entire acquisition between the signals acquired with the 

devices suggesting that the signals acquired with Remo are reliable. The median 

value of RMS in each percentage of acquisition and interquartile bands created 

from the values of 1st and 3rd quartile value in each percentage of acquisition 

were presented in Figure 15. 

 

Figure 15. Normalized RMS of sEMG signal for 10 participants acquired using REMO and DueLite devices, 

median and first and third quartile (Q1-Q3) are represented. 

The ICC value is calculated for the mean and the median frequency of signals 

acquired by the two analysed systems (Table 17).  

 

Participant 

ICC value 

Mean Median 

Subject 1 1 1 

Subject 2 1 1 

Subject 3 1 1 

Subject 4 1 1 

Subject 5 1 1 

Subject 6 1 1 

Subject 7 1 1 

Subject 8 1 1 

Subject 9 1 1 

Subject 10 1 1 

Table 14. ICC value for the comparison of mean and median frequency calculated for each participant 

between signals acquired with two devices. 
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For each participant a very high correlation (ICC=1) between the two device 

collected signals is found (Table 17).  

In all the subjects the two signals showed the same shape, and all 3 contractions 

were clearly visible. The normalized value of the signals acquired with both 

devices were at the similar level for 9 out of 10 subjects. In subject 7, the 

normalized RMS value is higher when acquired with DueLite.  

By considering the nature of data distributions, which was non-normal, we 

calculated the CQV with the median frequency of data acquisition collected by 3 

subjects (ID01 ID02, ID03). Each subject repeated the test for 10 trials, both using 

REMO and DueLite devices. The passing result (15% or less) was found for 

REMO and DueLite devices in all variables for all 3 subjects tested (Table 18). 

  

 REMO DueLite 

Median (%) Median (%) 

Subject 1 2.69 1.97 

Subject 2 2.08 5.96 

Subject 3 4.67 2.99 

Table 15. CQV values for the median frequency among all 10 trials for 3 tested subjects between the two 

analysed devices. 

 

6.5 Discussion/Conclusions 

In this study, we compared the EMG data measurements of REMO acquisition to 

the EMG data measurements of a conventional EMG acquisition system (DueLite 

EMG System, OT Bioelettronica srl) under the same conditions. 

We defined that the signals acquired with REMO were comparable to the ones 

acquired by DueLite, a certified electromyograph device with two channels, as a 

Class1 medical device. 

Moreover, no statistically significant differences (p>0.05) were detected during 

the duration of the entire acquisition. The results showed interesting data about the 

most used channels: 7 up to 10 subjects showed the same channel with maximum 

activation, declaring the robustness of employment of REMO in muscle activation 

detection during hand or wrist movements.  
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7. STUDY 3: Clinical features to predict the use of a sEMG wearable 

device (REMO®) for hand motor training of stroke patients: a cross-

sectional cohort study 

 

In the present chapter, materials from Pregnolato G, Rimini D, Baldan F, 

Maistrello L, Salvalaggio S, Celadon N, Ariano P, Pirri CF, Turolla A. Clinical 

Features to Predict the Use of a sEMG Wearable Device (REMO®) for Hand 

Motor Training of Stroke Patients: A Cross-Sectional Cohort Study. Int J Environ 

Res Public Health. 2023 Mar 14;20(6):5082. doi: 10.3390/ijerph20065082. 

PMID: 36981992; PMCID: PMC10049214.© (195) have been used. 

 

7.1 Introduction 

Stroke is one of the leading causes of disability worldwide (114, 115, 196). The 

global prevalence of cerebrovascular disorders was around 80 million of people in 

2016, and in the United States, prevalence is expected to increase to 20.5% 

compared to 2012 (115, 197-199). Indeed, American projections show that by 

2030, an additional 3.4 million adults ≥18 years of age will be diagnosed with a 

stroke disease (114). 

After a cerebrovascular lesion, almost 85% of stroke survivors experience 

impairment of the motor function(200) and nearly 70% lose independence in their 

daily living activities (201). Moreover, recent studies found that after six months 

following a brain lesion, 30% to 66% of stroke survivors still experience 

impairment of the upper limb (201). For all these people, the disabling condition 

seriously affects their quality of life (202, 203).  

In stroke rehabilitation, the reduction of motor impairments and the promotion of 

social participation remains challenging goals for both clinicians and researchers 

(117). By achieving these rehabilitation goals, researchers highlight the 

importance of early assessment of the sensory-motor impairments of stroke 

survivors (117, 126, 204, 205) to provide the most appropriate evidence-based 

rehabilitation programs (206, 207). For upper limb recovery especially, the early 

and focus-specific assessment of motor and sensory functions is fundamental to 

refer to different rehabilitation approaches (208). Moreover, recent studies 
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confirmed that the patient clinical features assessed at the baseline predicted the 

final outcomes of the motor treatment (209, 210). Nevertheless, more detailed 

stratification based on cut-off scores of the upper limb clinical scale are still 

lacking.  

In the neurorehabilitation approach, technology-based rehabilitation (TBR) 

merged as a clinical modality that provides new opportunities to enhance motor 

recovery after stroke (161). Indeed, the last literature overviews confirm that the 

use of technological solutions, such as virtual reality or robotic devices, have 

shown encouraging results regarding motor recovery in stroke survivors. 

However, there is a lack of evidence to support which approach is better (39, 161, 

211, 212). 

The use of TBR for upper limb motor recovery in stroke rehabilitation is still 

under investigation. In their work, Everard et al. affirmed that virtual reality is 

more effective both in sub-acute and chronic phases of stroke, robotic-assistive 

therapy is more effective in patients with severe-moderate motor impairments, and 

telerehabilitation effectiveness is globally equivalent to conventional therapy 

when delivered to patients with mild to moderate motor impairments (211). These 

results suggest the need to stratify patients according to their clinical features in 

order to plan for the most appropriate TBR treatment (211, 213, 214). 

Among the options offered by TBR, devices providing biofeedback from surface 

electromyography (sEMG) represents a reliable solution to enhance motor 

recovery in stroke rehabilitation (172, 215). Indeed, sEMG-based solutions trigger 

an interaction with the external environment (e.g., a computer interface) and 

provide the patients with real-time auditory or visual information on the timing 

and amplitude of their muscle activation (106, 215). In their work, Munoz-Novoa 

et al. investigated different sEMG applications in stroke rehabilitation and defined 

the effect of using these technologies for upper limb motor recovery (216). 

Results reported statistically significant improvements in Fugl–Meyer Upper 

Extremity scores after sEMG training, especially in individuals with chronic and 

severe stroke motor impairment (216). Nevertheless, more trials using sEMG 

biofeedback in upper limb motor recovery are needed to determine its 

effectiveness compared with other interventions (216). 
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In the last years, the use of electromyography biofeedback applied to wearable 

devices is growing in the field of stroke rehabilitation for real-time monitoring of 

muscle activations and as a controller of human-machine interfaces (169, 217). 

Recently, Meeker et al. used sEMG to drive a hand orthosis for functional grasp in 

stroke survivors. They integrated a commercial sEMG wearable with an 

exotendon device for closing and opening of the hand, then asked a sample of 

stroke survivors to control the device (218). Intention to move was detected 

through application of sEMG pattern recognition at the forearm muscles. In this 

way, the sensory-motor loop was closed, allowing the patient to control the 

device. Nevertheless, the clinical features of patients able to exploit this approach 

were not investigated and similar information is still missed in the literature (218).  

In this study, we developed a sEMG-controlled wearable (REMO®, 

Morecognition s.r.l., Torino, Italy) able to detect muscle activation of the forearm 

muscles. Due to its capability of transducing muscle activation in hand gestures, 

the device may be employed in a clinical setting to detect specific hand and 

fingers movements to control a machine interface in an augmented rehabilitative 

environment. Specifically, in a few seconds, the device can classify sEMG of 

hand gestures, regardless of the kinematics, using a specific algorithm developed 

for muscle patterns recognition (189). In a previous work, we tested REMO® to 

define its safety and feasibility in a clinical setting on stroke patients and its  

efficacy in extracting quantitative parameters of subjects’ hand performance 

(189). Furthermore, in our last work, we tested REMO® device in a longitudinal 

pilot study with the aim to define the clinical effect in specific hand motor training 

in stroke survivors (219). Preliminary data defined that there was a significant 

improvement in upper limb motor performance correlated with an improvement of 

the number of controlled movements required in the training (219). To date, the 

clinical features of stroke survivors who are able to use REMO® is still lacking.  

 

7.2 Experimental hypotheses 

For this reason, the aim of this cross-sectional cohort study is to define the clinical 

features of stroke patients and the cut-off scores to predict the ability to use 

REMO® in three different conditions of ability (i.e., ten, five, or zero hand 
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movements performed). In this way, we stratified patients based on clinical 

features to tailor specific hand motor training provided by the REMO® device. 

 

7.3 Methods and Materials 

7.3.1 Participants  

From July 2017 to February 2019, consecutive survivors of a first stroke episode 

hospitalized at the Cerebrovascular Unit of the San Camillo IRCCS hospital 

(Venice, Italy) were clinically assessed and instrumentally tested using the sEMG-

control device REMO®. Each patient signed a written informed consent form 

before study enrolment. The trial is registered in ClinicalTrial.gov, identifier 

NCT04889586; date of registration: 17 May 2021. 

https://clinicaltrials.gov/ct2/results?term=NCT04889586 (accessed on 6 May 

2021). The inclusion criteria were: (1) diagnosis of first-ever cortical-subcortical 

unilateral, ischaemic, or haemorrhagic stroke, documented by computed 

tomography (CT) scan or structural magnetic resonance imaging (MRI); (2) older 

than 18 years. The exclusion criteria were: (1) presence of other neurological 

diseases as comorbidities; (2) not stabilized fractures; (3) severe apraxia, (4) 

severe neglect, (5) severe cognitive and communication impairment, and (6) 

untreated epilepsy, which were all assessed with the Oxford Cognitive Screen 

tool. The following demographic characteristics were collected for each patient: 

age, sex, distance between stroke onset and clinical assessment (months), type of 

lesion (i.e., ischaemic, haemorrhagic), and hemisphere lesioned (i.e., right, left). 

The study protocol was approved by the Ethics Committee for Clinical 

Experimentation (CESC) of Venice and San Camillo IRCCS hospital (Prot. No. 

“2016.29MoRe” n. 836). 

  

7.3.2 The device 

REMO® is a wearable armband developed by Morecognition S.r.l. in 

collaboration with the Istituto Italiano di Tecnologia (Genoa, Italy) and the San 

Camillo IRCCS hospital (Venice, Italy). REMO® is composed of 8 bipolar 

surface electrodes transmitting data to a host device (PC, tablet) via Bluetooth. 
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REMO® integrates an inertial measurement unit (IMU) enabled to standardize the 

armband position to unify the sEMG acquisition in all the subjects. The IMU is 

composed of an accelerometer, gyroscope, and a magnetometer. In this work, we 

did not analyse the kinematic movements: only data provided by the gyroscope 

were used to place the device on the patient’s forearm in the correct position. 

REMO® detected the total muscle activity (i.e., sEMG) of the forearm 

circumference with no need to detect the electromyography signal of a specific 

single muscle. In this way, the potential use of REMO® device may reduce 

crosstalk and increase feasibility of the device in controlling the computer-

interface for rehabilitation training in stroke survivors (Video S1: “REMO® 

rehabilitation exercise”, Supplementary Materials). This strategy was inspired by 

prosthesis control development (220, 221). The detailed characteristics of the 

whole system were described in a previous work (189). The participants wore 

REMO® on the paretic forearm at a distance of 5 cm from the olecranon. To 

avoid the artefact noise to the sEMG signal caused by patient’s movements, the 

elbow was positioned on an arm support to prevent table hitting. The use of the 

arm support in the test setting did not interfere with the patients’ motor 

performance. Indeed, the arm support permitted the patients to move freely in all 

directions without any planar movements’ restriction (Figure 16).  

 

 

Figure 16. REMO® Test Setting. (a) The patient wears REMO® on the paretic forearm while seated at the 

height-adjustable ergonomic table. In this figure, the patient is performing an example of exercise for hand 

motor training. (b) Graphical user interface displaying real-time surface-electromyography (sEMG) 

amplitude on a radar graph with the list of movements to be tested and control buttons for sEMG-biofeedback 

training. The bar on the screen is the feedback provided to the patient referred to as the level of Contractio 

Ratio (CR). 
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Figure 16 shows the experimental setting for a representative subject: the 

computer interface was developed to test REMO® device as a controller of a 

rehabilitative virtual environment, based on surface-electromyography 

biofeedback training.  

Thus, the tool included visual and auditive feedback that allowed the subjects to 

perform the tasks required. The visual feedback provided by the device is 

proportional to muscle activation: the stronger the muscle contraction, the larger 

the displacement of the pointer represented in the exercise. Moreover, the auditory 

feedback provided in-formation about accomplishment of the task. 

 

7.3.3 Test Methods 

The study consisted of two assessment phases of participants: the clinical assess-

ment of the upper limb motor function and the testing of REMO® in performing 

10 specific hand gestures. 

Firstly, we clinically assessed the participant using standard clinical scales. 

Clinical assessment consisted of the following outcome measures: various 

sections of the Fugl–Meyer Assessment (FMA) scale (i.e., Upper Extremity, 

FMA-UE; wrist and hand sub-items, FMA-hand; sensation, FMA sensation; range 

of motion and pain, FMA pain/ROM), the Reaching Performance Scale (RPS), 

and the Box and Blocks Test (BBT). In addition, we used the Nine Hole Pegboard 

Test (NHPT) to assess hand dexterity of the stroke-affected side. We considered 

the Modified Ashworth Scale (MAS) to assess the level of spasticity of 5 muscles 

in the affected limb: Pectoralis Major (PecMaj), Biceps Brachii (BicBra), Flexor 

Carpi muscles (FlexCarp), Flexor Digitorum Profundus (FlexDigProf), and Flexor 

Digitorum Superficialis (FlexDigSup). Finally, we used the Functional 

Independence Measure (FIM) to assess independence in activities of daily living. 

Then, to test the use of REMO® in performing 10 specific hand gestures, we 

asked the participants to perform 10 specific hand gestures with their hemiparetic 

hand. Hence, we recorded the muscle pattern associated with each of the 

following 10 hand gestures: thumb abduction, pinch, finger flexion, finger 

extension, wrist flexion, wrist extension, forearm pronation, forearm supination, 

radial wrist deviation, and ulnar wrist deviation (Figure 17). 
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Figure 17. The ten movements tested by REMO® In The Experimental Setting. Thumb abduction (a), pinch 

(b), fingers flexion (c), fingers extension (d), wrist flexion (e), wrist extension (f), pro-nation (g), supination 

(h), radial deviation (i), and ulnar wrist deviation (j). 

 

The test with REMO® consisted of two sub-steps: first, the subject was asked to 

leave the hemiparetic hand relaxed on the table for three seconds, so that REMO® 

could record the baseline activity at rest of the forearm muscles. Then, the subject 

performed the maximum voluntary contraction (MVC) of the 10 gestures one by 

one and each pattern of muscle activation was recorded by REMO® (i.e., sEMG) 

for three seconds. We required the gestures in the same sequence for each 

participant, as we showed in Figure 17. The subject had three possibilities to 

perform each movement. Between the performance of two different gestures, we 

asked the patient to relax the hand for one minute. 

The test of REMO® defined the number of gestures that the patient was able to 

perform to control the PC interface. Thus, we imposed that a subject was 

considered able to control a gesture if the ratio between the sEMG detected during 

the gesture MVC was higher than 10% of sEMG detected while resting at 

baseline. We define the threshold of control ability of a gesture as the Contraction 

Ratio (CR). Moreover, the PC interface provided positive feedback to the patient 

when he overcame the CR, represented by a fully colored bar (Figure 16). The 

threshold level was imposed to 10% based on our latest work, in which we 

defined the level of muscle activity needed to control a robotic device with sEMG 

wearable control modality (106, 222). 
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7.3.4 Statistical analysis  

Data were collected at the Laboratory of Rehabilitation Technologies of the San 

Camillo IRCCS hospital (Venice, Italy) and analyzed using Rcmdr software 

(223). Descriptive statistics of the sample were reported as mean and standard 

deviation (SD). To determine the sample size, we considered recent evidence on 

the possibility of detecting muscle activity at the forearm, meant as voluntary 

control of sEMG amplitude since the first week after stroke, also in those patients 

not expressing any active voluntary movement (215). Moreover, for these 

impaired patients, more than 90% of contractions involved at least one muscle. 

Thus, in our study, we expected that at least 90% of screened patients would be 

able to express valid sEMG signals to control the device, or else making the 

device able to recognize several patterns of sEMG activation. Therefore, 

considering the expected frequency, an alpha error of 0.05 and a statistical power 

of 90%, we calculated that a sample size of at least 97.4 subjects guaranteed the 

expected statistical power.  

To predict the ability of using REMO® in three different conditions of ability 

(i.e., 10, 5 or 0 hand movements controlled), we hypothesized a priori three 

different conditions: (i) no. movement controlled = 0, (ii) no. movements 

controlled = 5, (iii) no. movements controlled = 10. Furthermore, we explored the 

responses in the population by cluster analysis to validate our sample stratification 

based on a-priori numbers of gestures controlled. We adopted K-means as 

supervised clustering analysis and the number of a-priori clusters was set equal to 

2. K-means is based on an algorithm approach for clustering analysis, allowing 

the partition of data collected into k cluster by identifying the centroid vector of 

the nearest means for the cluster (224, 225). K-means cluster analysis was 

conducted using Matlab version 2018a (The MathWorks, Natick, MA, USA) with 

the following parameters: the number of a-priori k clusters was set equal to 2, 

squared Euclidean distance was used to minimize within-cluster distance, and 100 

maximum number of iterations. The algorithm returned an index that 

corresponded with the cluster that the observation was assigned. Therefore, for 

each stratum of ability to control REMO®, we estimated logistic multivariate 

regression models (i.e., GLM0, GLM5, GLM10, GLMk) to predict patients’ 
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demo-graphic and clinical features, using a dependent variable as the test 

condition (i.e., number of movements performed with CR higher than 10%) and 

independent variables as the demographic characteristics (i.e., age, sex), disease 

conditions (i.e., months from lesion, type of lesion, side affected, presence of 

aphasia or apraxia), and outcome measures of the patients. In addition, the 

goodness of fit of each regression model was evaluated using the following 

indices (226): the McFadden index of explained variance (pseudo-Rˆ2) (227) and 

the Scaled Brier Score (sBS), which is a measure of overall accuracy and 

calculates the mean prediction error (228). For each regression model, we 

evaluated the accuracy of the obtained cut-off by (i) area under the curve (AUC); 

(ii) calculation of sensitivity (se) and specificity (sp); (iii) confounding matrix or 

misclassification table; and (iv) overall classification accuracy (acc). The cut-off 

value was considered optimal if the indices met the following criteria: (i) AUC 

values > 0.70; (ii) best possible balance between sensitivity and specificity; (iii) 

low misclassification error rate; and (iv) highest possible accuracy index (acc). 

Thus, the Receiver Operating Characteristic (RoC) curve was used to establish the 

clinical outcomes’ cut-off (k) able to predict the ability of controlling the device. 

Odds Ratio and their 95% confidence interval (CI) were computed. Finally, 

polyserial correlation (r) between the significant patient characteristics 

(demographic and clinical) and the numbers of movements executed by the 

patients were calculated. Statistical significance level was set at p < 0.05. 

 

7.4 Results 

Overall, 117 patients were enrolled in the study. All subjects completed both the 

clinical and the instrumental assessment tests, and no adverse events were 

reported. All patients declared that the device was easy to wear and that the 

computer-interface was user-friendly. The demographics and clinical 

characteristics of the sample are reported in Table 19.  

After the test, 76 subjects (65%) were able to control all the movements, 22 

subjects (19%) were able to control a portion of movements, and 19 subjects 

(16%) were able to control no movement. 
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By exploring clinical features of patients allocated in the three groups, we 

observed differences in the FMA-hand average scores between the three groups of 

patients controlling all the gestures (14.29 ± 8.06 points, 9 to 1 movement (3.45 ± 

6.92 points) and those unable to control any movement (0.05 ± 0.23 points).  

 

Moreover, in the subgroup of patients able to partly control REMO® (n = 22), the 

frequencies of patients able to perform the gestures were the following: finger 

extension and finger flexion were performed by 16 subjects (72.7%), wrist flexion 

Patients (N=117)  

Age  

Mean Years (SD) 65.09 (12.14)  

Sex   

Female/Male, n (%) 44/73 (38/62%)  

Aphasia  

Yes/No, n (%) 37/80 (32/68%) 

Apraxia  

Yes/No, n (%) 7/110 (6/94%) 

Lesion Type  

Ischemic Stroke, n (%) 77 (66%) 

Hemorrhagic Stroke, n (%) 40 (34%) 

Affected arm   

Right/Left, n (%) 56/61 (48/52%) 

Time from stroke  

Mean months (SD) 15.98 (35) 

FMA, Mean (SD)  

FMA-UE 30.04 (22.66) 

FMA-hand 9.94 (9.33) 

FMA sensation 16.44 (7.99) 

FMA Pain/ROM 42.40 (5.28) 

RPS  

Mean (SD) 16.62 (14.91) 

NHPT  

Mean (SD) 0.13 (0.20) 

BBT  

Mean (SD) 14.82 (18.97) 

FIM  

Mean (SD) 85.95 (24.37) 

MAS, Mean (SD)  

Total score 1.92 (2.83) 

PecMaj 0.29 (0.68) 

BicBra 0.49 (0.75) 

FlexCarp 0.56 (0.93) 

FlexDigProf 0.24 (0.65) 

FlexDigSup 0.35 (0.69)  

Table 19. Demographic Characteristics of Patients. FMA-UE:Fugl-Meyer Assessment Upper Extremity; 

FMA-hand: wrist and hand motor sections; FMA sensation: Fugl–Meyer sensation; FMA pain/ROM: Fugl–

Meyer pain and joint range of motion; RPS: Reaching Performance Scale; NHPT: Nine Hole Pegboard Test; 

BBT: Box and Blocks Test; FIM: Functional Independence Measure; MAS: Modified Ashworth Scale total 

score; PecMaj: Pectoralis Major; BicBra: Biceps Brachii; FlexCarp: Flexor Carpi; FlexDigProf: Flexor 

Digitorum Profundus; FlexDigSup: Flexor Digitorum Superficialis. 
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and radial deviation by 15 subjects (69.2%), wrist extension and ulnar deviation 

by 12 subjects (54.5%), pronation by 11 subjects (50%), supination by 10 subjects 

(45.5%), pinch by 9 subjects (40.9%), and thumb abduction by 7 subjects 

(31.8%). Moreover, we observed differences in the muscle activation of ten 

movements. Figure 18 shows an example of sEMG representation of two patients’ 

movements’ performances (Figure 18). 

 

Figure 18. Example of radar graph representation of ten movements’ muscle activations of two patients (Blue 

and Red line). Each graph is scaled according to the maximum channel output of the two patients. 

 

To define which variables were associated with the three different conditions of 

control, three multivariate logistic regression models were built. The results 

showed that only the clinical features of the patients influenced the ability to 

execute the instrumental test with the REMO® device. Indeed, no demographic 

characteristics and no disease conditions influenced the results of the regression 

models. The ability to execute at least one movement (GLM0) was predicted by 

the following outcome measures, with an accuracy of 95%: FMA-UE (coefficient: 

0.42; Z = 3.22; p = 0.001), FMA pain/ROM (coefficient: 0.20; Z = 2.48; p = 

0.013). The ability to execute at least five movements (GLM5) was predicted by 

the following outcome measures, with an accuracy of 97%: FMA-UE (coefficient: 

0.50; Z = 3.28; p = 0.001), MAS of Flexor Carpi muscles (coefficient: -0.79; Z = -

2.20; p = 0.028). Finally, the ability to execute all ten movements (GLM10) was 
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predicted by the following outcome measures, with an accuracy of 91%: FMA-UE 

(coefficient: 1.10; Z = 5.28; p = 0.000). The AUC curves of the logistic regression 

models are displayed in Figure 19.  

 

 

Figure 19. Area under the Curve (AUC) graphs for classification accuracy. (a) 0 movements controlled 

(GLM0); (b) up to 5 movements controlled (GLM5); (c) up to 10 movements controlled (GLM10); (d) k-

means classification (GLMk). 

 

The K-means cluster analysis distinguished two groups: a first group including 

patients able to control up to five movements (k centroid = 0.78) and a second 

group including patients able to control more than six movements (k centroid = 

9.60) (Figure 20). 
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Figure 20. Subjects’ classification (K-Means) according to the number of movements tested. In the picture, X-

signs correspond to k centroid of each cluster. Two clusters are shown with white diamonds and black filled 

points. 

 

According to this separation, we implemented a fourth regression model (GLMk) 

to detect the outcome measure able to predict the ability to control more than six 

movements: FMA-UE (coefficient: 0.42; Z = 3.20; p = 0.001) and MAS at the 

level of Flexor Carpi muscles (FlexCarp coefficient: -0.67; Z = -2.03; p = 0.043). 

Accuracy of the GLMk model was 96%. Finally, Odds Ratio and cut-offs (k) of 

the clinical outcome measures retrieved for each logistic regression model were 

calculated. In Table 20, we reported the characteristics of all GLM models and 

relative Odds Ratio values. 

 

Model N Movements Variables 
Odds Ratio  

(CI 95%) 
K Value/Total Se/Sp 

GLM0 

N > 0 FMA-UE  1.53 (1.18–1.98) ≥10/66 0.95/0.82 

 
FMA-UE 

pain/ROM 
1.22 (1.04–1.43) ≥43/48 0.79/0.65 

GLM5 
N ≥ 5 FMA-UE  1.65 (1.22–2.22) ≥18/66 1/0.76 

 FlexCarp 0.45 (0.26–0.92) <0/4 1/0 

GLMk 
N ≥ 6 FMA-UE  1.52 (1.18–1.97) ≥18/66 1/0.76 

 FlexCarp 0.51 (0.26–0.98) <0/4 1/0 

GLM10 N = 10 FMA-UE  1.11 (1.07–1.15) ≥18/66 0.90/0.86 

Table 20.  Classification of Subjects According to Clinical Outcome Measures. Significant outcome measures 

predicting ability to control REMO® for each of the device control conditions. CI: 95% confidence interval; 

k value/total: the cut-off score over the total score of the outcome measure; Se/Sp: sensibility/specificity. 
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Finally, polyserial correlation between the FMA-UE points and the number of 

movements executed by the patients for all three models was r = 0.80 (p < 0.01). 

 

7.5 Discussion  

In our study, we aimed to define clinical features in order to use a sEMG wearable 

to control a computer-interface developed for hand rehabilitation of stroke 

survivors. In the test, the patients were asked to execute ten different hand 

movements wearing the device REMO®. We defined a priori three different 

conditions of control (i.e., ten, five, zero movements) to classify the patients based 

on the number of hand movements performed with REMO® and to investigate the 

clinical features of each strata of patients. A first result was that most of the tested 

patients (65%) were able to control all ten of the requested movements. 

Furthermore, an adjunctive portion of patients (19%) was able to control part of 

the movements (i.e., from one to nine), demonstrating device flexibility in gesture 

recognition, which makes REMO® adaptable to many different functional 

conditions in stroke survivors. In subjects able to control the device, gross motor 

movements of the hand (i.e., fingers flexion and extension) were the easiest to 

perform, whereas thumb abduction was the most difficult task to be recognized. 

Our data confirmed literature evidence of classification of hand gestures by sEMG 

pattern recognition, demonstrating that wrist and fingers’ flexion/extension are 

classified more accurately than finger singularization and functional grasps (229, 

230). Furthermore, difficulty in classifying thumb abduction in our sample 

confirmed findings from Carpinella et al. reporting impairment of inter-digit 

coordination during thumb motion after stroke (45). In our previous work, we 

tested with REMO® the same hand gestures required in this paper but coupled in 

five functional couples. The results showed that the most impaired movements for 

the patients were thumb abduction and pinch, in which they needed more time to 

perform the muscle activation with the hemiparetic hand (219). Moreover, the 

results suggested that the training with REMO® induced an improvement of 

motor performance. Indeed, the patients’ muscle activations were more precise 

and faster in all movements required, which may be correlated with an 

improvement of motor control (219). In the clinical features investigation of the 
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tested patients, results indicated that to refer a patient to treatment with REMO®, 

the upper limb sensory-motor functions needed to be assessed are: motricity, 

spasticity at the Flexor Carpi muscles, and pain and joints ROM. None of the 

demographic conditions influenced the ability to control the device. Thus, any 

differences about age, sex, type of lesion, side of lesion, the presence of apraxia or 

aphasia, and time from lesion conditioned the use of REMO®. Therefore, only the 

clinical features indicated the level of ability to control the device, thus the 

possibility to be referred to a specific technological-based rehabilitation treatment 

for hand motor recovery (i.e., sEMG-biofeedback and virtual reality training). 

The first main result is that patients with a severe impairment of the upper limb 

(FMA-UE < 10/66 points) cannot control the armband, and thus should not be 

referred to treatment with such a device. Conversely, to control at least one 

movement or being able to meaningfully interact with an external (artificial) 

environment, a minimum of ten points at the FMA-UE with negligible pain and 

joints restriction at the upper limb (FMA-UE pain/ROM ≥ 43/48) should be 

registered. Our results reflected the difficulty of muscle activation in patients with 

a higher level of upper limb motor impairment. Papazian et al. affirmed that in 

severely impaired patients, there were upper limb muscle contractions without 

visible movements, but they reflected random and uncontrolled muscle activity 

(215). However, sEMG-driven interventions should be feasible to this type of 

patient when considering the limited rehabilitation options available for people 

with severe upper limb impairments (215). These data suggested that more 

investigation of sEMG-driven intervention of patients with severe motor 

impairment is needed. The empirical cut-off distinguishing the ability to control a 

small (i.e., <5 gestures) or a large (i.e., >5 gestures) number of movements was 

independently confirmed by cluster analysis that set the computational threshold 

at six, with the same set and cut-off of predictive outcome measures. Thus, to 

control up to six gestures, patients need some residual motor function (FMA-UE 

≥18/66 points), together with the absence of spasticity at the flexor carpi muscles 

(Flex Carp < 0/4 points). These results confirm the findings from Meerker et al. 

who reported that hypertonia affects the ability to control external devices by 

sEMG. In fact, subjects expressing hypertonia at the flexor muscles of the wrist 
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may have difficulty in relaxing the hand after voluntary flexion to recruit the 

extensor muscles of the wrist (218). Finally, full, independent, and autonomous 

control of the armband (i.e., 10 gestures) is possible for patients with severe-mild 

impairment of the upper limb (FMA-UE  ≥18/66 points).  

In summary, the administration of some parts of the Fugl–Meyer Assessment (i.e., 

FMAUE, sensation, and pain/ROM section) and the Modified Ashworth Scale at 

wrist flexor muscles was sufficient to accurately predict the number of gestures a 

patient was able to intentionally control at the level of sEMG signals. These 

findings are consistent with previous studies from Van Kordelaar et al. who 

claimed the clinical relevance of the Fugl-Meyer Assessment scale because it 

reflects the patient’s overall ability to involve the upper limb in rehabilitative 

training (182). From the physical therapist perspective, the possibility to tailor the 

training (i.e., type or number of tasks) to the clinical features of patients is in line 

with recent recommendations (231). Furthermore, this possibility is an added 

value provided by innovative technology able to detect voluntary behaviors (i.e., 

automatic movement detection) (172). Therefore, similar approaches have been 

employed for prosthetic control, where customizable calibration allows for 

personalization and expansion of the device control according to the patient’s 

needs and capabilities (232). Finally, usability and customization of REMO® are 

fundamental advantages for future applications. The advantage of the wearable 

device reduced the problem of crosstalk, artefacts, and noise from the electrical 

current supply (233). These characteristics of REMO® allow for use in a 

neurorehabilitation setting, such as home-based rehabilitation or task-specific 

training with real-time sEMG biofeedback. Moreover, the device provided 

monitoring of muscle activation patterns, allowing for the monitoring of motor 

recovery of stroke survivors during the whole recovery process. 

 

7.5.1 Limitations 

Our study is affected by several limitations. A current limit is the lack of a 

validated model for movements classification using REMO®. In fact, in this 

work, we did not investigate the pattern recognition of each gesture to classify the 

patients tested. However, our data confirm that there is a strong positive 
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correlation (r = 0.80, p < 0.01) between preservation of upper limb motor function 

and the number of movements performed by patients using the device. Moreover, 

future investigations will be performed to classify stroke patients based on the 

normal muscle activation model (i.e., healthy subjects) of hand gestures. Another 

current limit is to determine the REMO® capability of classifying a defined 

number of hand movements. This limitation is due to the technical design of the 

armband. In fact, it is acknowledged that the number of Degree of Freedom (DoF) 

of a device represents a physical limit for its active control (32, 234). In this 

regard, in our experimental test, patients were asked to perform ten different hand 

gestures, despite REMO® being composed of eight electrodes, which represents 

the maximum number of elements that the device is made of (235, 236). In 

healthy subjects, the accuracy of pattern recognition from sEMG decreases with 

the augment of the number of gestures to be recognized (237, 238). In stroke 

patients, the accuracy of pattern recognition from sEMG decreases even within 

the repetition of the same gestures, due to phenomena such as fatigue or weakness 

(239). Thus, REMO® solution, based on multi-channel sEMG signals, may 

represent a powerful option to obtain good performance of movement 

classification, also in pathological conditions. 

 

7.6 Conclusions 

In this study, we stratified a sample of stroke patients according to their sensory-

motor profiles to predict their abilities to control a computer-interface using a 

sEMG wearable armband. In this way, we retrieved information for customization 

of innovative sEMG based training provided by REMO®. Indeed, most stroke 

survivors may use REMO® at its maximum possibilities to train their hand motor 

function in order to enhance motor recovery after stroke. To test the efficacy of 

using REMO® as biofeedback during functional training, a pilot clinical trial has 

been designed. 
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8. STUDY 4: Implementation of muscle-synergies-based approach to 

compare sEMG after hand motor treatment in stroke survivors  

 

8.1 Introduction 

Each year, ≈795 000 people experience a new or recurrent stroke (114) and the 

hand motor impairment is diffused in stroke survivors, contributing enormously to 

the induce disability (240). Thus, the recovery of hand motor function is 

fundamental for patient’s independence in daily activities (138, 201). Whereas, 

due to the anatomy and the function variability, the motor learning and motor 

control mechanisms referred to hand gestures, such as grasping, is, by definition, 

quite complex to be understood (241). Indeed, the high number of muscles 

controlling hand function represents an elevate number of degrees of freedom that 

need to be controlled and coordinated simultaneously (242). Indeed, kinematic 

and functional analyses of hand and fingers movements suggest that after a brain 

lesion, the range of motion of finger joints, the velocity of hand movements and 

interdigital coordination are disrupted, with following impairment of grasping 

function (45). Several studies investigating muscles activation in different types of 

grasps, showed that in patients with hand motor impairment after stroke the tone 

of fingers flexor muscle increased, and in consequence, latency in recruitment 

time of both flexor and extensor muscles (243). Nevertheless, the biomechanical 

and functional aspects of the hand, together with the complexity of the 

neurophysiological mechanisms underpinning motor recovery, make the 

assessment and the recovery hand movements among the most complex goals to 

achieve after stroke (244).  

For this reason, the definition of new, feasible and accurate methods for hand 

motor functions assessment is a crucial point in rehabilitation pathway in stroke 

survivors. Additionally, in rehabilitation process, the assessment of motor 

functions has a crucial role in the patient’s pathway (117). Indeed, the repeated 

and standardized motor assessment provides information about the functionality 

of the patients and the prediction of rehabilitation outcome (117). The clinical 

assessment, supported by instrumental measurement, is recommended at regular 

intervals after lesion onset (i.e., in 24-hour, 1 week, 4 weeks, 3 and 6 and 12 
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months), but also at the baseline, interim and at the end of a specific rehabilitation 

program (133).  

In the last years, the use of wearable solutions has been growing up to support 

motor assessment and to provide individualized rehabilitation motor training in 

neurological disease (169, 245). Indeed, wearable sensors, such as inertial motion 

unit (IMU) and surface electromyography (sEMG) sensors, can reduce the 

assessment times and provide objective and quantifiable data on the patient's 

capabilities and functionality (169).  

Specifically, the use of surface electromyography (sEMG) in clinical assessment 

in neurorehabilitation provides information on muscles activation and allows to 

extract muscle synergies features to explain the alteration of motor patterns in 

impaired hands (16, 21). Indeed, as described in the previous chapters, muscle 

synergies parameters provide information about the muscle activation patterns of 

voluntary movements (14). In neurorehabilitation, muscle synergies parameters 

have been considered in clinical assessment to describe hand motor impairment 

(25, 178). For instance, a recent study comparing the hand muscles synergies 

extracted from healthy subjects and stroke survivors showed that the muscle 

activation patterns of severe hand impairments were reconstructed using fewer 

muscle synergies with respect to moderate hand impairments, with the latter 

showing muscle activation patterns more similar to unimpaired subjects (103). 

The use of a wearable device using a synergies-based paradigm provides more 

possibilities to monitor muscle activation to monitor patients’ activities in 

rehabilitation setting. Further, the detection of sEMG signals is contaminated by 

the crosstalk and the movements are expected to be more difficult to decode. 

Therefore, rehabilitation of the upper limb and hand aims to enhance motor 

recovery in functional tasks. To reach this goal, the training proposal should 

include task-oriented exercises, provided with high intensity and frequency 

parameters (152). Among the available therapeutic modalities, task-specific 

training (TST) is a progressive program that combines repetitive and specific 

functional tasks (160). Similarly, to TST, other modalities exploit the use of 

technology for exercise execution with similar parameters. Moreover, the use of 
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technological devices allows to monitor the patient motor performance and to 

enrich the therapeutic environment with the augmented feedback (161).  

Furthermore, sEMG signal has been employed in rehabilitation setting since the 

patient's feedback is relative to the specific muscle activation of the muscles under 

consideration (i.e., biofeedback). Then, sEMG allows to monitor a patient's 

muscle activity, but also to control robotic devices and graphical interfaces (218, 

239, 245).  Indeed, sEMG allows to anticipate the robotic device or interface 

control, also in those patients who do not have enough strength to overcome 

mechanical constraints and to personalize the treatment (162, 246).  

In the last year, in collaboration with Morecognition srl (Turin, Italy), we have 

developed a wearable device (i.e., REMO) for hand motor function monitoring 

and training.  

 

8.2 Experimental hypotheses  

In this study, we implemented a muscle-synergies-based method to assess the 

effect of a specific hand rehabilitation training in stroke survivors, comparing 

clinical outcome and gesture similarity index (GSI) information. The GSI 

consisted of using a NMF algorithm to extract muscle synergies from sEMG 

signals acquired during a task execution. Then, we defined a Gold Standard 

muscle activation, meaning as the sEMG signals acquisition recorded as the best 

subject’s performance execution of that specific task. Thus, the GSI was the 

percentage of similarity between sEMG signal acquisition of Gold Standard and 

the real-time sEMG signal acquisition of a specific task.  

This study is divided in two parts:  

1- Firstly, we employed REMO to record the muscle activation patterns (i.e., 

sEMG) in 10 healthy subjects, both left and right hands. The aim of this 

experimental study was to test GSI as a pattern recognition algorithm 

based on 21 simple wrist and hand movements. To calculate the GSI 

percentage, we asked to the subject to repeat 5 times each task. Thus, we 

considered the first as the Gold Standard, and then we calculated the 

average of similarity in the other four repetition sEMG signal acquisition 

recorded from each task.   
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2- Secondly, we test GSI as an outcome for hand motor impairment in stroke 

survivors who underwent a specific hand motor training. In this instance, 

we employed REMO to record the muscle activation patterns (i.e., sEMG) 

in stroke survivors during the execution of 12 tasks, based on Fugl-Meyer 

Assessment wrist and hand section (FMA-Hand). Thus, in the GSI 

analysis, we considered the sEMG signal acquisition recorded from the 

same 12 tasks in a sample of healthy subjects as the Gold Standard. In this 

way, the Gold Standard was based on a healthy reference model. 

Specifically for the second part of the study, the first hypothesis was that the 

motor training should have a positive effect on clinical motor outcome for all 

patients. Moreover, we hypothesized that GSI showed an improvement in 

percentage of similarity, coherently with motor recovery, meaning that after the 

treatment the motor function in the patients’ affected hand should be more similar 

to the healthy participants’ hand function. Moreover, the most impaired patients at 

the baseline should have the lowest level of GSI percentage.  

 

8.3 Materials and Methods 

8.3.1 Participants  

We submitted a clinical protocol to Ethical Committee, and it has been approved 

(Ethical Committee protocol REMO/2021.13).  

For the first study, we enrolled 10 healthy subjects, without any neurological 

pathologies and any other musculoskeletal disorders to the upper limbs.  

For the second study, we enrolled a sample of with diagnosis of first unilateral 

stroke, without severe cognitive impairments or comprehension deficits, and 

moderate to mildly upper limb motor impairment, defined as more than 10 points 

in Fugl Meyer Upper Extremity score (195). Then, a sample of 4 healthy subjects, 

without any musculoskeletal or neurological disorders, were enrolled to provide 

healthy reference sEMG data model related to muscle synergies features for GSI 

percentage calculation in stroke subjects.   
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8.3.2 The device 

REMO is a medical device classified as Class1a. It is composed of 8 dry bipolar 

electrodes, and it is used to detect the sEMG of the forearm muscles. To date, we 

have been developed a smartphone interface that permits to visualize and record 

in real time the sEMG signals in Android system (Application REMORDER, 

Morecognition srl). (for more detailed description of REMO, see Chapter N.6). 

 

8.3.3 sEMG acquisition 

For the first study, healthy subjects were required to remain comfortably seated on 

a chair with adjustable armrests, with the upper arm at 90 degrees to the forearm 

and with the wrist in the mid-prone position. After wearing REMO, the subjects 

had to perform 21 specific tasks. The tasks are reported in Table 21. 

 

For the second study, after wearing REMO, the subjects had to perform 12 

specific tasks, that refer to FMA-Hand. To record the movements, each subject 

had to repeat all movements for 5 times, with both hands (i.e., for healthy 

Wrist 

movements 

 

 

N° Tasks 

1 Wrist Extension (shoulder 0°, elbow 90° flexion) 

2 Wrist Flexion (shoulder 0°, elbow 90° flexion) 

3 Ulnar deviation (shoulder 0°, elbow 90° flexion) 

4 Radial deviation (shoulder 0°, elbow 90° flexion) 

5 Pronation (shoulder 0°, elbow 90° flexion) 

6 Supination (shoulder 0°, elbow 90° flexion) 

7 Wrist Extension (shoulder 30°, elbow 0°) 

8 Wrist Flexion (shoulder 30°, elbow 0°) 

9 Ulnar deviation (shoulder 30°, elbow 0°) 

10 Radial deviation (shoulder 30°, elbow 0°) 

11 Max Pronation (shoulder 30°, elbow 0°) 

12 Max Supination (shoulder 30°, elbow 0°) 

Hand 

movements 

 

13 Fingers flexion 

14 Fingers extension 

15 Thumb abduction 

16 Thumb adduction 

17 Grasp I (Hook Grasping) 

18 Grasp II (Grasping a piece of paper with the thumb) 

19 Grasp III (Grasping a pencil, with thumb and index) 

20 Grasp IV (Grasping a can, using the volar surfaces of the thumb and digits) 

21 Grasp V (Grasping a tennis ball) 

Table 16. The 21 wrist and hand movements required for the sEMG acquisition in healthy subjects for the 

first study.  
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subjects, firstly with the right hand and then with the left hand; for the stroke 

subjects, firstly with the unpaired hand and then with impaired hand). The tasks 

are reported in the following Table 22: 

We recorded sEMG signals using REMORDER App, that allowed to visualised in 

real time the sEMG signals in Android system and then download a file (.csv) for 

sEMG analysis.  

 

8.3.4 Training intervention 

For the second study, the stroke survivors enrolled in this study underwent to 15 

sessions (5/week, for 3 weeks totally) of specific hand training, each session 

lasted 60 minutes. The training consisted of task-specific training with (REMO 

group, RG) or without (no-REMO group, noRG) REMO device.  

For the RG, the training consisted of sEMG biofeedback training, in which the 

subject has to execute functional hand exercises controlling a PC interface. At the 

beginning of the exercise, we asked to the patient to execute the task (i.e., 

grasping a plastic bottle) and we recorded the sEMG for 3 seconds using REMO. 

Then, during the training, he had to reproduce that specific sEMG activation, thus 

Wrist 

movements 

 

FMA-UE 

subitem VII 

Name  Instruction 

W1 Wrist extension (15°) with slight resistance is given. Elbow at 

90°, shoulder at 0° 

W2 

 

Alternating movements from 15° of wrist extension, to 15° of 

flexion.  Elbow at 90°, shoulder at 0°. 

W3 Wrist extension (15°) with slight resistance is given. Elbow at 0°, 

shoulder at 30° 

W4 Alternating from 15° of wrist extension, to 15° of flexion.  Elbow 

at 0°, shoulder at 30°. 

W5 Circumduction of the wrist. 

Hand 

movements 

 

FMA-UE 

subitem VIII 

H1 Full fingers flexion. Arm on bedside table or lap. 

H2 Starting from the position of finger flexion, fully fingers 

extension. 

H3 Metacarpophalangeal joints of fingers II-V and flex the proximal 

and distal interphalangeal joints. Test this grip against moderate 

resistance. 

H4 Hold a piece of paper with the thumb. Test this grip against 

moderate resistance. 

H5 Hold a pencil with thumb and index. Test this grip against 

moderate resistance. 

H6 Grasp a can using the volar surfaces of the thumb and digits. Test 

this grip against moderate resistance. 

H7 Grasp a tennis ball. Test this grip against moderate resistance. 

Table 17. The Fugl-Meyer Assessment Upper Extremity, section wrist (sub-item VII) and hand (sub-item VIII) 

movements. 
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that specific task, to move a ball towards a specific target. Then, we settled the 

exercise parameters modifying the exercise interface: we asked more muscle 

activation (i.e., higher sEMG signals) moving farther the target to jump an 

obstacle. Moreover, we can set the number of repetitions, the number of task 

required, the velocity of the target (Figure 21). 

 

 

Figure 21. An example of exercise interface. In this example, the patient has to perform the fingers extension 

(i.e., Estensione dita) or the fingers flexions (i.e., Flessione dita) to move the ball up or down to the obstacle. 

 

For the no-RG, the training consisted of task-specific training, in which the 

subject has to execute functional wrist and hand exercises in a conventional 

environment. We defined a task-specific training protocol, composed of three 

parts: (i) repetitive exercises without any objects; (ii) repetitive exercises with 

objects; (iii) functional activities. In the protocol, each exercise was defined to 

involve a specific part of the upper limb (i.e., wrist, fingers, thumb) and in three 

level of difficulties, such as high rhythm of execution or wider range of motion 

required (Figure 22). The choice of the exercises purposed to the patients were 

based on patient’s needs. For each session, we asked between 220-300 repetitions 

of tasks, because it was defined as the minimum number of repetitions required to 

achieve improvement in hand motor function (247, 248).  
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Figure 22. An example of exercise required in the task-specific training protocol. 

 

8.3.5 Clinical assessment  

To characterize the sample, we collected demographic and anamnestic data from 

the patients: age, sex, type of lesion (i.e., ischaemic or haemorrhagic), hemiparesis 

side (i.e., left or right), time from stroke onset, level of motor impairment. 

Moreover, to define the effect of the treatment, we assessed the patients before 

(T0) and after (T1) the treatment using a specific clinical assessment protocol 

composed by expert physiotherapists. The primary outcome of the study was the 

Fugl-Meyer Assessment Upper Extremity scale (FMA-UE), sub-item wrist and 

hand section (FMA-Hand) (135, 175). Globally, the FMA-UE is the specific 

domain of the entire scale which evaluates the upper limb motor function. Then, 

sub-item VII and VIII are deputed for wrist and hand assessment and each sub-

item is scored using a 3-point scale: 0= the patients cannot perform the task 

required; 1=the patient can perform the task but incompletely; 2=the patient can 

perform the task. The FMA-Hand maximum score is 24 points. 

The secondary outcomes were considered as the following:  

• Fugl-Meyer Assessment Upper Extremity (FMA-UE): section of the FMA 

Upper Extremity scale to assess the level of gross motor functions in upper 
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limb after stroke. The scoring is the same of FMA-Hand. The FMA-UE 

maximum score is 66 points.   

• Fugl-Meyer Assessment, sensitivity assessment scale (FMA-S): section of 

the FMA scale to assess the level of the tactile and proprioceptive 

sensitivity of the hemiparetic side of the patients. The scoring is as 

following: 0=no sensitivity; 1= incorrect sensitivity; 2=preserved 

sensitivity. The FMA-S maximum score is 24 points.   

• Fugl-Meyer Assessment – pain and range of motion (FMA-P) section: a 

specific section of the FMA scale to assess the pain and the passive ROM 

during the passive mobilization of the joints in the affected upper limb. 

The scoring for the pain is as following: 0= severe pain; 1= moderate pain; 

2=absence of pain. The scoring for the range of motion is as following: 

0=severe limitation of the ROM; 1= moderate limitation of the ROM; 

2=normal ROM. The FMA-P maximum score is 48 points.   

• Action Research Arm Test (ARAT) (136): to assess grasp, grip, pinch 

using several objects, and gross motor function of affect upper limb in 

stroke survivors. ARAT is composed of 19 items rated on a 4-point ordinal 

scale ranging: 3= patient performs test normally; 2= subjects completes the 

task but takes abnormally long or has great difficulty; 1= subject performs 

test partially; 0= subjects cannot perform any part of the task.  

• Reaching Performance Scale (RPS) (249): to assess compensatory 

movements for upper-extremity reaching task in people with stroke. The 

scale is composed of two parts, one with close target and one with far 

target. The RPS maximum score is 36 points. 

• Box and Blocks Test (BBT) (250): to assess unilateral gross manual 

dexterity in taking blocks from a box to another box, in 60 seconds.  

• Nine Hole Pegboard Test (NHPT) (251): to assess finger dexterity in 

patients with hand impairment. The subject has to put 9 pegs in 9 holes in 

a board in the slower time that is possible for him. The time maximum is 

50 seconds.  

• Modified Ashworth Scale (MAS) (176): to assess the level of spasticity in 

flexor carpi muscles. The MAS maximum score is 4 points. 
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• Functional Independence Measure (FIM) (177): to assess the level of the 

independence in daily activities, subdivided in 6 items: self-care; sphincter 

control; transfers; locomotion; communication; social cognition. The 

scoring is as following: 7= complete independence; 6= modified 

independence; 5=supervision; 4=minimal assistance; 3=moderate 

assistance; 2=maximal assistance; 2=maximal assistance, higher level; 

1=total assistance. The FIM maximum score is 126 points. 

• ABILHAND (252): this scale is a semi-structured item-response 

questionnaire that assess the subject’s perception in performing daily 

bimanual tasks, regardless of the way in which these tasks are carried out.  

Moreover, we assessed the grip strength using a Dynamometer (CITEC 

Dynamometer). We asked to the subject to repeat the Maximum Voluntary 

Contraction (MVC) for three times with impaired hand, then we considered the 

maximum value as the grip strength.  

 

8.3.6 Gesture Similarity Index 

We used NMF algorithm to extract muscle synergies from sEMG of each task for 

the affected and unaffected hand, separately. For the filtering process, REMO 

provided a filtered signal, so we did not apply any other filtering method. Initially, 

we considered the sEMG from each task to combined into two matrices: “N” (i.e., 

number of channels) and “T” (i.e., time samples) matrix. Then, we choose the 

number of muscle synergies using cross-validation for sEMG reconstruction 

factor, R2 for > 80%, based on validated literature data for upper limb features 

extraction (27).  

Finally, for the first study, we considered we considered the first sEMG signal 

acquisition as the Gold Standard, and then we calculated the average of similarity 

in the other 4 sEMG signal acquisition recorded from each task. The final GSI 

values was the average of each comparison between Gold Standard and other 

repetitions, from all 21 tasks.   

For the second study, we considered the sEMG signal acquisition recorded from 

healthy subjects as the Gold Standard to calculate the GSI for each stroke 

survivors. Thus, the GSI value was the percentage of similarity between the 
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sEMG signal acquisition of the subject and the average of 4 healthy participants. 

Thus, for each stroke subject, we calculated twelve GSI from the 12 tasks required 

of FMA-Hand, both before (T0) and after (T1) the training.  

 

8.3.7 Statistical analysis 

For the first study, to test GSI in recognizing the differences in muscle activation 

(i.e., sEMG) in several wrist and hand tasks among a sample of 10 healthy 

subjects, for each participant we calculate the GSI for each task, and then we 

calculate the average of similarity comparing with any other task. Thus, we 

defined three levels of similarity: (i) GSI value between 0% and 30% resulted in 

low level of similarity; (ii) GSI value between 31% and 70% resulted in moderate 

similarity; (iii) GSI value between 71% and 100% resulted in high levels of 

similarity. 

For the second study, to describe the characteristics of the sample, we carried out 

descriptive statistics analysis (i.e., mean, standard deviation, median, interquartile 

range and absolute and percentage frequencies) on demographic and anamnestic 

characteristics of the patients, clinical variables and GSI. To define whether the 

treatment induced changes in clinical outcomes and GSI values, we compared the 

baseline and post-treatment score. We used Shapiro-Wilk Test to define the data 

distribution of all variables and then, based on results, we applied a parametric or 

non-parametric test, such as T-test or Wilcoxon Test respectively.  

Moreover, in order to investigate the relationships of information provided by 

clinical outcome and GSI values of motor impairment at the baseline, we explored 

the data distribution of GSI values compared to the FMA-UE and FMA-Hand 

score at the baseline and finally, we used Spearman's Correlations analysis to 

confirm any relationships at the baseline assessment.   
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8.4 Results 

8.4.1 First study 

In the first study, we enrolled 10 healthy subjects, right-handed, with age range 

between 24 and 36 years old. We calculated the average of GSI in each task for 

both hands. The results are plotted in Figure 23.  

 

 

Figure 23. GSI in healthy subjects for right hand. 

For right hand analysis, data showed that there was an high level of similarity 

between the same wrist movements performed in different position (i.e., wrist 

extension compared in with shoulder at 0° and elbow at 90° of flexion and 

shoulder at 30° and elbow at 0°: GSI=85.8%; wrist flexion compared in with 

shoulder at 0° and elbow at 90° of flexion and shoulder at 30° and elbow at 0°: 

GSI= 74.6%) and between two types of grasps (i.e., grasping a paper sheet 

compared to grasping a pen, GSI= 78.6%). Furthermore, there is a moderate level 

of similarity between all the type of grasping and fingers flexion (i.e., GSI values 

from 64.3% and 49.1%). Finally, there is a low similarity between wrist flexion 

and all types of grasps (from 9.6% and 15.5%). 
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Figure 24. GSI in healthy subjects for left hand. 

For left hand analysis, results were very closed to right hand but we noted that 

there was higher similarity in grasping comparison (i.e., grasping a ball compared 

to grasping a pencil had high level of similarity, GSI= 70.3%) (Figure 24).  

 

8.4.2 Second study 

In the second study, we presented results of ten patients (no.1 dropout, in the 

noRG) who underwent to a specific hand motor training. For the differences in 

numerosity between two groups, in the analysis, we considered the whole group 

of patients who concluded a specific hand motor training (Table 23).  

 

Patients (N=10)  

Sex, males / females, n (%) 5 (50%) / 5 (50%) 

Age, years, mean ± SD 68.8 ± 11.67 

Diagnosis, ischemic / haemorrhagic, n (%) 3 (30%)/ 7 (70%) 

Hemisphere, left / right, n (%) 3 (30%) / 7 (70%) 

Time-stroke, months, mean ± SD 21.6 ± 6 

Recovery phase Early subacute/Late subacute/chronic, n (%) 3 (30%) / 70 (70%) 

Level of impairment Severe/Mildly, n (%)  4 (40%) / 60 (60%) 

Type of treatment Conventional/VR/Robotic, n (%) 4 (40%) / 60 (60%) 

Table 18. Demographic and clinical characteristics of the patients. Values are expressed as mean ± standard 

deviation (SD) for quantitative measures, and number of subjects (n) and frequency percentages (%) for all 

discrete variables. Abbreviation: VR=Virtual Reality. 
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Considering clinical outcomes, results showed that there was an improvement in 

motor function (FMA-UE score: T0= 32.38 ± 9.91; T1= 40.25 ± 8.26; Δ= 7.88 ± 

4.82, p= 0.008; FMA-UE hand score: T0= 11.5 ± 3.34; T1= 15.12 ± 3.64; Δ= 3.63 

± 1.85, p= 0.014) (Table 24).  

Clinical 

measures 

T0 T1 ∆ 

P-value m ± SD 

M [IQR] 

m ± SD 

M [IQR] 
(T1 – T0) 

FMA-UE 
31.9 ± 10.2 

32.5 [15] 

38.4 ± 9.4 

36 [11] 

7.66 ± 4.61 

7 [6] 
0.004* 

FMA-Hand 
11.6 ± 3.0 

11.5 [1.76] 

14.7 ± 3.7 

14 [5] 

3.1 ± 2.3 

3 [2] 
0.015* 

FMA-S 
16.9 ± 6.2 

18 [10] 

15.4 ± 6.7 

14 [12] 

-1.1 ± 4.5 

0 [5] 
0.599 

FMA-P 
39.4 ± 6.6 

41 [9.5] 

41.6 ± 6.9 

44 [8] 

2.6 ± 4.4 

1 [4] 
0.105 

ARAT 
23.9 ± 17.0 

20 [23.3] 

26.7 ± 20.1 

21 [32] 

4.2 ± 5 

5 [4] 
0.065 

RPS 
18.8 ± 8.1 

18.5 [10] 

20.3 ± 9 

23 [9] 

3 ± 4.4 

1 [5] 
0.079 

BBT 
12.3 ± 11.5 

11.5 [16.6] 

12.8 ± 10.7 

9 [17] 

3 ± 3.74 

1 [3] 
0.013* 

NHPT 
1.7 ± 2.8 

0.5 [2] 

2.7 ± 2.8 

2 [2] 

1.8 ± 3 

1 [2] 
0.073 

MAS 

(flex carpi) 

1.1 ± 0.6 

1.0 [0] 

0.7 ± 0.5 

1 [1] 

-0.44 ± 0.73 

0 [1] 
0.174 

FIM 
88.4 ± 16.7 

87.5 [27] 

90.7 ± 19.3 

87 [27] 

2.6 ± 5.9 

1 [4] 
0.208 

ABILHAND 
16.2 ± 8.3 

14 [7] 

21 ± 9.2 

19 [13.5] 

4.4 ± 9.2 

2.5 [7.8] 
0.236 

MVC  

(Grip strenght) 

36.8 ± 21.0 

30.0 [26.6] 

30.8 ± 18.7 

25 [30] 

-6 ± 26.3 

0.5 [8] 
0.956 

Table 19. The clinical outcomes before (T0) and after (T1) treatment. 

As primitive inferential analysis, due to the difference in numerosity between RG 

and no-RG group, we compared the changes in two different groups of treatment 

(i.e, RG and no-RG) and we did not find any differences at this point (∆FMA-UE: 

∆RG=5.5±3.3, ∆no-RG=11.7±4.6, p=0.095; ∆FMA-Hand: ∆RG=2.3±2.2 ; ∆no-

RG= 4.7±2.1; p=0.241).  

Then, we analysed the percentage of GSI of each task before and after the 

training. Moreover, there were no significant differences in all the similarity index 

comparison, only the n.5 hand task (i.e., H5, grasping a pencil) showed results 

close to p-value significance (gesture similarity index H5: T0= 58.81 ± 18.39; 

T1= 66.01± 19.12; Δ= 7.2 ± 13.47, p= 0.109) (Table 25).  
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Task  

T0 T1 ∆ 

P-value 
m ± SD 

(%) 

m ± SD 

(%) 

(T1 – T0) 

(%) 

W1 69.7 ± 9.1 63.2 ± 22.9 -6.1 ± 28.2 1  

W2 68.1 ± 9.4 67.1 ± 11.8 0.98 ± 7.8 0.910  

W3 70.6 ± 9.4 72.9 ± 7.8 2.4 ± 11.1 0.570  

W4 63.3 ± 14.4 66.5 ± 9.8 3.2 ± 11.5 0.426  

W5 71.8 ± 10.4 71.3 ± 10.6 -0.56 ± 12.7 1  

H1 70.3 ± 9.3 75.3 ± 6 4.98 ± 10.1 0.426  

H2 69.6 ± 7.9 70.3 ± 9.7 0.7 ± 11.2 1  

H3 61.3 ± 16.3 56.3 ± 11.2 -5 ± 12.3 0.203  

H4 67.7 ± 11.4 63.7 ± 10.4 -3.97 ± 15.2 0.426  

H5 60.6 ± 18 68.1 ± 18.9 7.49 ± 12.6 0.055  

H6 63.6 ± 13.3 69.5 ± 7.3 5.86 ± 14 0.426  

H7 72.3 ± 14.5 70.3 ± 7.8 -1.99 ± 12.8 0.359  

Table 25. The gesture similarity index value from all the sample, before (T0) and after (T1) treatment. The 

tasks are the same required in Fugl-Meyer Assessment Upper Extremity, Wrist (W) and Hand (H) sections. 

 

Moreover, exploring the changes in GSI after the therapy, data showed a different 

trend in data distribution. Indeed, in some tasks the percentage of GSI increased, 

in according to clinical outcome (i.e., W3 and W4, such as wrist movements in 

shoulder 30° position; H1, fingers flexion; H5, grasping a pen; H6 grasping a 

can). Then, in other tasks the GSI decreased (i.e., W1 and W2, such as wrist 

movements in shoulder 0° position and 90° elbow flexion, H3, hook grasp; H4, 

grasping a paper; H7, grasping a ball). Finally, in some tasks GSI did not show 

any changes (i.e., W5, circumduction; H7, grasping a ball) Moreover, the plotted 

data showed that FMA-UE and FMA-Hand had the same relationship with GSI in 

the same task comparison (Figure 25).   
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Figure 25. The distribution of GSI data at the baseline for all 12 tasks, in relationship with the level of FMA-

UE at the baseline.  
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Finally, to determine any correlation between two different tasks, we compared 

every possible couple of tasks, and the score of FMA-UE and FMA-Hand (Figure 

26).  

 

Figure 26. Correlation analysis performed with GSI of each task and Fugl-Meyer Assessment Upper 

extremity score, total and wrist and hand section. 

From correlation analysis, significant data showed that there is a prevalence of 

positive correlation in different grasps (i.e., H5 and H6), meaning that there was a 

relationship in GSI values between different grasp, such as wrist flexion and 

grasping a pen (i.e., 0.833). Finally, for some grasping tasks, there were negative 

correlation between GSI and clinical outcome (i.e., H5 and FMA-UE; H3 and 

FMA-Hand). 

 

8.5 Discussion 

In this work we implemented a new muscle-synergies based method to describe 

the motor recovery after a hand specific motor training in stroke survivors using a 

wearable device (REMO, Morecognition Ltd). We decomposed the sEMG signal 
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applying NMF algorithm to extract the number of muscle synergies and we 

calculated the similarity, in percentage, between healthy subjects and stroke 

survivors muscle activations.  

First of all, we tested the gesture similarity index (GSI) in sEMG acquisition of 21 

tasks in a sample of 10 healthy subjects. We considered the Gold Standard 

Acquisition as the first repetition of each task performance, and we calculated the 

percentage of similarity between Gold Standard and the other repetitions of the 

tasks. Then, we did the average in total sample and finally, we compared each task 

with the other tasks, to test the gesture recognition of GSI index. Results 

suggested that REMO is able to classify and measure the muscle activation in 

different wrist and hand movements. In the first study, interesting data were 

shown in comparison between right and left GSI similarity level. Indeed, all 

subjects were right-handed, and they performed left hand grasping movements 

with higher level of similarity, that meant less precision in fine manual dexterity. 

In literature, the asymmetry of using right or left hand has been long-windedly 

investigated (253, 254). The asymmetry in using hands, confirmed the activity-

specific nature of motor skills and the long time needed to improve the specificity 

in motor learning (254). Indeed, in according to our results, in studying of hand 

movement execution in healthy subjects, Rodrigues et al. defined that the 

performance with the dominant hand was superior in accuracy and faster to that of 

the non-dominant hand (255). Nevertheless, in stroke population with hand motor 

impairment, these aspects could not be significant for the recovery. Indeed, the 

laterality of injury could not be a recovery factor in sensorimotor recovery of hand 

function after stroke, both conventional and technological-based intervention 

(256). 

The second study investigated the use of REMO as an assessment tool in stroke 

survivors who underwent a task-specific training, with or without REMO. Results 

showed that all patients recovered motor function, considering FMA-UE score, 

both totally and hand section. Moreover, the change in FMA-UE was higher than 

MCID score (∆FMA-UE: 7.66 ± 4.61). Thus, results confirmed the clinical 

efficacy of purposing task-specific training in hand treatment after stroke. Indeed, 

the treatment characteristics allowed the recovery of functionality (124, 160, 248). 
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The literature has investigated what conditions allow this goal to be achieved. 

Langhorne defined  that in order to decrease motor impairment and recover hand 

functionality, treatment must involve the administration of specific tasks with 

high intensity and repetition, and with use of specific feedback on performance 

(152). Further, we need more data to define whether there is a significant 

difference in motor recovery in RG and in no-RG, therefore, whether the training 

using REMO could be more effective than a TST provided without REMO.  

In order to compare the sEMG activation in stroke patients before and after the 

therapy, in collaboration with the biomedical and informatic engineers of the 

company (Morecognition srl) we introduced the GSI, as a gesture similarity index. 

Thus, we used NMF algorithm to extract muscle synergies of each task and we 

compared the contribution of each device channel detected by each REMO 

sensors to a Gold Standard Activation, considered as the muscle activation in 

healthy subjects’ group.  

Results provided by GSI and clinical outcomes did not always convey the same 

information in level of impairment assessment. Indeed, in some tasks provided the 

same information (i.e., movements W2 and W4, that were wrist flexion-extension) 

and in other provided exactly the opposite information (i.e, movements H5 and 

H6, that were grasping a pencil and a can). The reason of GSI inconsistency could 

be that there were the differences between muscle synergies extracted in healthy 

subjects and in stroke survivors. These data were in line with Israely at al. results, 

that in his work compared the feasibility of control mechanism in stroke survivors 

and healthy subjects in the execution of hand-reaching movements in multiple 

directions (80).  Thus, they found that after stroke, patients showed consistently 

significant differences between the representative set of synergies and all 

movement directions (80). Nevertherless, the use of muscle synergies-based 

approach to explain hand motor impairment may provide efficient solution in 

hand motor assessment. Indeed, in more impaired post-stroke individuals, it was 

suggested that there is a change in the internal structure of synergies, as a 

confirmation of existence of a set of representative set of synergies in several type 

of hand movements and grasping (80). In correlation analysis, interesting data was 

the negative correlation value between GSI score in grasping movements, such as 
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grasping a pen and a can, and clinical outcome. This data suggested that GSI 

probably need to be improved, because of the opposite results expected. Indeed, 

the ability in grasping execution should be improved after TST. Demers at al. after 

the administration of a  TST treatment, showed an increasing in precision 

grasping, such as force modulation through differentiated finger movement (257). 

Finally, the recent systematic review on the use of TST in combination to other 

interventions, showed that there are little evidence on efficacy in motor recovery 

combining TST with peripheral nerve stimulation (160). All these data suggested 

that the use of TST has to be enhance in stroke rehabilitation for hand motor 

recovery, but farther clinical trials are needed to explore the application of TST 

with technological device, such as wearable devices. 

 

8.5.1 Limitations  

In this study there was several limitations due to the novelty of the analysis 

approach. In the second study we noticed an inconsistency of GSI in providing the 

same information of clinical outcome about motor level of the subjects. To solve 

this problem, we have to consider many aspects in next development plan of the 

device. First, we need to collect more data in a wider sample of healthy subjects, 

to validate the GSI with higher accuracy. Indeed, in literature hand gesture 

recognition method based on machine learning and deep learning algorithm (e.g., 

Convolutional Neural Networks, CNNs, ConvNets) provided high accuracy level 

(i.e., 84.35%) in hand gesture recognition using dataset at least 28 gestures and 

2.800 features, and a sample of 28 participants (258). Second, the features of 

motor activation in free-space tasks, such as Fugl-Meyer Assessment stroke 

survivors could be extremely variable, for instance depending on compensatory 

strategies used. Third, the position of REMO could be different in wearing the 

wearable on the forearm, causing minimal changing in positioning that could 

change the sEMG signal acquisition, both inter and intra-subjects. Finally, the 

technical aspects related to the algorithm and features extraction. Indeed, we 

should change the VAF, or R2, (i.e., 80%) in determining the optimal number of 

synergies to have a more precise muscle synergy (20). Indeed, this threshold 

(VAF or R2) induces the final number of muscle synergies for each upper limb, 
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the number of shared synergies and the number of specific synergies. For 

instance, we may try to use higher VAF in muscle synergies extraction, such as 

Deng et al. defined that the most of the VAF values higher than 0.9 suggested that 

2-4 muscle synergies could better explained the corresponding sEMG in forearm 

tasks (259). Further, the application of innovative signal processing methods, that 

are more structured and accurate, is one of the topics in the field of hand gestures 

recognition, both in healthy and impaired subjects (260). 

 

8.6 Conclusions  

In our work, we collected data from healthy subjects and stroke survivors who 

underwent to a specific hand treatment for motor recovery. REMO device is an 

innovative solution to assess and promote hand rehabilitation in people with a 

stroke. Further, the index of similarity developed in this study may be integrated 

in the App solution developed to provide meaningful data to clinicians for 

monitoring patients’ muscle activation in remote settings, included 

telerehabilitation applications. 
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9. FINAL DISCUSSIONS 

In this PhD project, the main goal was to investigate the muscle synergies model 

in neurorehabilitation setting, to describe the motor recovery in stroke survivors, 

both in upper limb and hand motor recovery.  

Indeed, in the last years, the muscle synergies model has been considered a very  

promising method to describe the mechanisms underpinning motor control in 

human, but also to describe the alteration of motor control after a stroke (16, 24). 

The implication of muscle synergies analysis in neurorehabilitation may provide 

new information about neural mechanisms of motor recovery and the level of 

upper limb motor impairment. Moreover, muscle synergies could be used also as 

biomarkers of motor prognosis, and as driving solutions in controlling robotic 

device or any other types of innovative technologies-based intervention in stroke 

rehabilitation (105).  

In literature, the interest on applying muscle synergies methods on muscle 

activation in stroke survivors has been growing up in the last years, but whit 

several results about the number and the structure of muscle synergies features 

extracted. Thus, is clear that researchers need to find an agreement on acquisition 

and extraction protocols. In this direction, the results could provide valid 

information on patients’ recovery to clinicians, in order to identify patients’ needs 

and personalize the rehabilitative intervention.  

For instance, in Study N.1, we identified the upper limb “Vocabularies”, thus the 

representative maps of upper limb motor function based on the muscle synergies 

analysis of stroke survivors. In this map, we described the characteristics of motor 

behaviour before and after a specific upper limb treatment, and results showed 

that the Responder patients’ profile was not different from no-Responder patients, 

but every patient enrolled improved their motor function towards a healthy 

reference model. 

Secondly, we applied the concept of muscle synergies in the development of a 

new wearable device, REMO (Morecognition Ltd, Turin, Italy), conceptualized to 

be used for hand motor training to enhance functional recovery after stroke. To 

reach this goal, firstly, we certified REMO device, to test the safety, reliability, 
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repeatability of the measurement and the accuracy in muscle activation detection 

(CE Marking, Class1 medical device).  

Secondly, in Study N.3, we tested REMO device in clinical setting of 

neurorehabilitation for clinical features definition. In other words, we investigated 

the clinical features of the patients with stroke who are able to control REMO 

(Study N.3). In this study, we defined that almost 85% of stroke survivors could 

be used REMO to control a computer interface and, potentially, do a sEMG-

biofeedback training for hand motor recovery. Indeed, results showed that the 

level of upper limb motor impairment (i.e., severe impairment, FMA-UE <10 

points), the pain related to upper limb joint-restriction, and the presence of 

spasticity at the flexor carpi muscles could affect the use of REMO device.  

Finally, we tested the device for hand motor training, in a specific hand motor 

training for stroke survivors. Firstly, we collected data on healthy subjects to have 

a reference model of muscle activation, and then we defined a similarity index to 

test the clinical effect of using the device in a hand motor training after stroke 

(Study N.4). The results suggested that REMO provided valid data on hand 

pattern recognition, and we need to collect more data, both on healthy subjects 

and stroke survivors, to validate the similarity index based on muscle synergies 

extraction.  

 

10. CONCLUSIONS 

This study highlights the potential implementation of muscle synergies analysis in 

stroke rehabilitation, to improve assessment of motor impairment and to deal a 

new, but robust, methods to develop innovation technologies, such as wearable 

devices. Further, future research may investigate the preservation of muscle 

synergies in stroke survivors, comparing the number of modules and the merging 

or fractionation index with other instrumental data, such as fMRI in hand task. In 

this way, we may understand how the brain control motor behaviour, but also 

what changes after a stroke lesion.  

Moreover, in order to collect more data on muscle synergies on human, both 

healthy and impaired, we need researchers’ agreement on acquisition protocol, 

both for the acquisition and the pre-processing, but also for extraction 
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methodology. Finally, in order to proceed with the development of REMO device 

and REMO App, we need to improve and validate the gesture similarity index and 

test it on elderly participants and then in people with diagnosis of stroke or other 

neurological disease.  
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12. APPENDIX  

12.1 Appendix 1 – search strategy 

 

Pubmed: 

#1 Stroke: 

"Stroke"[MeSH] OR “Cerebrovascular Disorders”[MeSH] OR “Brain Ischemia”[MeSH] 

OR "Brain Infarction"[MeSH] OR “Intracranial Embolism and Thrombosis” [MeSH] OR 

“Hemorrhagic Stroke”[MeSH] OR “Ischemic Stroke”[MeSH]  OR “Stroke, 

Lacunar”[MeSH] OR “Embolic Stroke”[MeSH] OR “Thrombotic Stroke” [MeSH] OR 

"cerebrovascular accident" OR “cerebrovascular accident*” OR “brain vascular 

accident*” OR “brain infarction” OR "cerebrovasc*" OR stroke* OR poststroke OR 

“post-stroke” OR cerebrovasc*  

#2 Healthy subjects: 

“Healthy Volunteers”[MeSH] OR “Research Subjects”[MeSH] OR “Healthy volunteer*” 

OR “Healthy Participant*” OR “Participant* health*” OR “ Healthy subject*” OR 

“Human Volunteer*” OR “Normal Volunteer*” OR “Research Subject*” 

#3 (Upper limb OR Hand)  

“Upper Extremity”[MeSH] OR “Arm”[MeSH] OR “Forearm”[MeSH] OR 

“Shoulder”[MeSH] OR “Elbow”[MeSH] OR “Wrist“ [MeSH] OR “Hand” [MeSH] OR 

“Gestures” [MeSH] OR “hand gesture*” OR “Fingers”[MeSH] OR “upper limb” OR 

“wrist” OR “shoulder” OR “elbow” OR “hand” OR “upper extremit*” OR “arm” OR 

“forearm*” OR “hand*” OR “wrist*” OR “finger*” OR “gesture*” 

#4 electromyography: 

“Electromyography”[MeSH] OR Myography[MeSH] "Electromyography" OR “Surface 

Electromyograph*” OR “Electromyogram” OR “myography” OR “electromyogr*” OR 

“myogr*” OR “Myoelectric*” 

#5 Muscle Synergies 

“muscle synerg*”OR synerg* OR "motor synerg*" OR “activation pattern*” OR “non-

negative matrix factor*” OR “nonnegative matrix factor*” OR “factor analys*”OR 

“activation component*” OR “activation timing*” OR “motor program*” OR “motor 

pattern*” OR “motor unit*” OR “selective motor control” OR “common drive” OR 

"muscle recruitment" OR "neuromuscular control" OR "muscle activation" OR "muscle 

coordination" OR "neuro-mechanics" OR “motor control” OR NMF 

 

(#1 OR #2) AND #3 AND #4 AND #5   

 

____ 

Cochrane Library 

#1 MeSH descriptor: [Stroke] explode all trees  

#2  MeSH descriptor: [Cerebrovascular Disorders] explode all trees 

#3  MeSH descriptor: [Brain Infarction] explode all trees  

#4 MeSH descriptor: [Adult] this term only  

#5  MeSH descriptor: [Healthy Volunteers] this term only  

#6  MeSH descriptor: [Electromyography] explode all trees 

#7  MeSH descriptor: [Muscle] this term only  
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#8 MeSH descriptor: [Upper Extremity] explode all trees 

#9 MeSH descriptor: [Hand] explode all trees 

#10 MeSH descriptor: [Arm] explode all trees 

#11 MeSH descriptor: [Gestures] explode all trees 

#12 MeSH descriptor: [Factor Analysis, Statistical] explode all trees 

#13 MeSH descriptor: [Motor Activity] this term only 

#14 MeSH descriptor: [Signal Processing, Computer-Assisted] explode all trees 

#15 MeSH descriptor: [Computing Methodologies] explode all trees 

#16 MeSH descriptor: [Recruitment, Neurophysiological] explode all trees 

#17 (“cerebrovascular accident*” OR “brain vascular accident*” OR “brain 

infarction” OR cerebrovasc* OR stroke* OR poststroke OR post-stroke OR 

cerebrovasc*):ti,ab,kw 

#18 (“Healthy volunteer*” OR “Healthy Participant*” OR “Participant* health*” OR 

“ Healthy subject*” OR “Human Volunteer*” OR “Normal Volunteer*” OR “Research 

Subject*”):ti,ab,kw 

#19 (hand OR wrist OR finger* OR forearm OR shoulder OR elbow OR "upper 

extremit*" OR arm OR "hand gesture*" OR gesture*):ti,ab,kw 

#20 ("electromyography" OR “surface electromyograph*” OR “electromyogram” OR 

“myography” OR “electromyogr*” OR “myogr*” OR “myoelectric*”):ti,ab,kw 

#21 "muscle synergies" OR synerg* OR "activation pattern" OR "motor synerg*" OR 

"factor analys*" OR "motor program*" OR "motor pattern*" OR "motor unit*" OR 

"muscle recruitment" OR "neuromus?ular control" OR "muscle activation" OR "motor 

control" OR "non-negative matrix factor*" OR NMF OR “nonnegative matrix factor*” 

#22 #1 OR #2 OR #3 OR #4 OR #5 OR #17 OR #18  

#23 #8 OR #9 OR #10 OR #11 OR #19 

#24 #6 OR #7 OR #20 

#25 #12 OR #13 OR #14 OR #15 OR #16 OR #21 

#26 #22 AND #23 AND #24 AND #25 

 

_______ 

 

Web of Science 

((((TS=("Stroke"OR “Cerebrovascular Disorders” OR “Brain Ischemia”OR "Brain 

Infarction"OR “Intracranial Embolism and Thrombosis” OR “Hemorrhagic Stroke” OR 

“Ischemic Stroke” OR “Stroke, Lacunar”OR “Embolic Stroke”OR “Thrombotic Stroke” 

OR "cerebrovascular accident" OR “cerebrovascular accident*” OR “brain vascular 

accident*” OR “brain infarction” OR "cerebrovasc*"OR stroke* OR poststroke OR 

“post-stroke” OR cerebrovasc*) OR TS=(“Healthy Volunteers”OR “Research Subjects” 

OR “Healthy volunteer*” OR “Healthy Participant*” OR “Participant* health*” OR “ 

Healthy subject*” OR “Human Volunteer*” OR “Normal Volunteer*” OR “Research 

Subject*”))) AND TS=(“Upper Extremity”OR “Arm” OR “Forearm” OR “Shoulder” OR 

“Elbow”OR “Wrist“ OR “Hand” OR “Gestures”OR “hand gesture*” OR “Fingers” OR 

“upper limb”  OR “upper extremit*”  OR “forearm*” OR “hand*” OR “wrist*” OR 

“finger*”)) AND TS=(“Electromyography” OR Myography "Electromyography" OR 

“Surface Electromyograph*” OR “Electromyogram” OR “myography” OR 

“electromyogr*” OR “myogr*” OR “Myoelectric*”)) AND TS=("Muscle synergies" OR 
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“muscle synerg*”OR synerg* OR "motor synerg*" OR “activation pattern*” OR “non-

negative matrix factori*” OR “nonnegative matrix factori*” OR “factor analys*”OR 

“activation component*” OR “activation timing*” OR “motor program*” OR “motor 

pattern*” OR “motor unit*” OR “selective motor control” OR “common drive” OR 

"muscle recruitment" OR "neuromus?ular control" OR "muscle activation" OR "muscle 

coordination" OR "neuro-mechanics" OR “motor control” OR NMF) 

 

#1 Stroke 

TS=("Stroke"OR “Cerebrovascular Disorders” OR “Brain Ischemia” OR "Brain 

Infarction"OR “Intracranial Embolism and Thrombosis” OR “Hemorrhagic Stroke” OR 

“Ischemic Stroke” OR “Stroke, Lacunar”OR “Embolic Stroke” OR “Thrombotic Stroke” 

OR "cerebrovascular accident" OR “cerebrovascular accident*” OR “brain vascular 

accident*” OR “brain infarction” OR "cerebrovasc*" OR stroke* OR poststroke OR 

“post-stroke” OR cerebrovasc* ) 

#2 Healthy subjects 

TS=(“Healthy Volunteers” OR “Research Subjects” OR “Healthy volunteer*” OR 

“Healthy Participant*” OR “Participant* health*” OR “ Healthy subject*” OR “Human 

Volunteer*” OR “Normal Volunteer*” OR “Research Subject*”) 

#3 Upper Limb OR Hand 

TS=(“Upper Extremity”OR “Arm” OR “Forearm” OR “Shoulder” OR “Elbow”OR 

“Wrist“ OR “Hand” OR “Gestures”OR “hand gesture*” OR “Fingers” OR “upper limb”  

OR “upper extremit*”  OR “forearm*” OR “hand*” OR “wrist*” OR “finger*”) 

#4 electromyography 

TS=(“Electromyography” OR Myography "Electromyography" OR “Surface 

Electromyograph*” OR “Electromyogram” OR “myography” OR “electromyogr*” OR 

“myogr*” OR “Myoelectric*”) 

#5 Muscle Synergies 

TS=("Muscle synergies" OR “muscle synerg*”OR synerg* OR "motor synerg*" OR 

“activation pattern*” OR “non-negative matrix factori*” OR “nonnegative matrix 

factori*” OR “factor analys*”OR “activation component*” OR “activation timing*” OR 

“motor program*” OR “motor pattern*” OR “motor unit*” OR “selective motor control” 

OR “common drive” OR "muscle recruitment" OR "neuromus?ular control" OR "muscle 

activation" OR "muscle coordination" OR "neuro-mechanics" OR “motor control” OR 

NMF) 

(#1 OR #2) AND #3 AND #4 AND #5  

  

________________  

CINAHL (EBSCO) 

S1= "Stroke" OR “Cerebrovascular Disorders” OR “Brain Ischemia” OR "Brain 

Infarction" OR “Intracranial Embolism and Thrombosis” OR “Hemorrhagic Stroke” OR 

“Ischemic Stroke” OR “Stroke, Lacunar” OR “Embolic Stroke” OR “Thrombotic Stroke” 

OR "cerebrovascular accident" OR “cerebrovascular accident*” OR “brain vascular 

accident*” OR “brain infarction” OR "cerebrovasc*" OR stroke* OR poststroke OR 

“post-stroke” OR cerebrovasc* 
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S2=“Healthy Volunteers” OR “Research Subjects” OR “Healthy volunteer*” OR 

“Healthy Participant*” OR “Participant* health*” OR “ Healthy subject*” OR “Human 

Volunteer*” OR “Normal Volunteer*” OR “Research Subject*” 

S3= “Upper Extremity”OR “Arm” OR “Forearm” OR “Shoulder” OR “Elbow”OR 

“Wrist“ OR “Hand” OR “Gestures”OR “hand gesture*” OR “Fingers” OR “upper limb” 

OR “upper extremit*” OR “forearm*” OR “hand*” OR “wrist*” OR “finger*”  

S4= “Electromyography” OR Myography "Electromyography" OR “Surface 

Electromyograph*” OR “Electromyogram” OR “myography” OR “electromyogr*” OR 

“myogr*” OR “Myoelectric*” 

S5= "Muscle synergies" OR “muscle synerg*”OR synerg* OR "motor synerg*" OR 

“activation pattern*” OR “non-negative matrix factori*” OR “nonnegative matrix 

factori*” OR “factor analys*”OR “activation component*” OR “activation timing*” OR 

“motor program*” OR “motor pattern*” OR “motor unit*” OR “selective motor control” 

OR “common drive” OR "muscle recruitment" OR "neuromuscular control" OR "muscle 

activation" OR "muscle coordination" OR "neuro-mechanics" OR “motor control” 

S6= (MH "Cerebrovascular Disorders+") 

S7= (MH "Stroke+") OR (MH "Ischemic Stroke+") OR (MH "Hemorrhagic Stroke") OR 

(MH "Stroke Patients") OR (MH "Embolic Stroke") OR (MH "Stroke, Lacunar")  

S8= (MH "Cerebral Ischemia+")  

S9= (MH "Research Subjects+") OR (MH "Research Subject Recruitment") 

S10= (MH "Upper Extremity+") 

S11= (MH "Hand+") OR (MH "Hand Therapy") OR (MH "Hand Joints+") OR (MH 

"Finger Joint")  

S12= (MH "Electromyography")  

S13= (MH "Muscle, Skeletal+") 

S14= (MH “factor analysis”) 

S15= S1 OR S6 OR S7 OR S8 

S16= S2 OR S9  

S17= S15 OR S16   

S18= S3 OR S10 OR S11 

S19= S4 OR S12  

S20= S5 OR S13 OR S14  

S21= S17 AND S18 AND S19 AND S20 

 

_______________  

EMBASE 

#1 "Stroke"/de OR “Cerebrovascular Disorders”/de OR “Brain Ischemia”/de OR "Brain 

Infarction"/de OR “Intracranial Embolism and Thrombosis”/de OR “Hemorrhagic 

Stroke”/de OR “Ischemic Stroke”/de  OR “Stroke, Lacunar”/de OR “Embolic Stroke”/de 

OR “Thrombotic Stroke”/de OR "cerebrovascular accident" OR “cerebrovascular 

accident*” OR “brain vascular accident*” OR “brain infarction” OR "cerebrovasc*" OR 

stroke* OR poststroke OR “post-stroke” OR cerebrovasc*  

 #2  “Healthy Volunteers”/de OR “Research Subjects”/de  OR “Healthy volunteer*” 

OR “Healthy Participant*” OR “Participant* health*” OR “ Healthy subject*” OR 

“Human Volunteer*” OR “Normal Volunteer*” OR “Research Subject*” 

#3  #1 OR #2 
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#4  “Upper Extremity”/de OR “Arm”/de OR “Forearm”/de OR “Shoulder”/de OR 

“Elbow”/de OR “Wrist“/de OR “Hand”/de OR “Gestures”/de OR “hand gesture*” OR 

“Fingers”/de OR “upper limb” OR “wrist” OR “shoulder” OR “elbow” OR “hand” OR 

“upper extremit*” OR “arm” OR “forearm*” OR “hand*” OR “wrist*” OR “finger*” OR 

“gesture*” 

#5 “Electromyography”/de OR Myography/de "Electromyography" OR “Surface 

Electromyograph*” OR “Electromyogram” OR “myography” OR “electromyogr*” OR 

“myogr*” OR “Myoelectric*” 

#6 “muscle synerg*”OR synerg* OR "motor synerg*" OR “activation pattern*” OR 

“non-negative matrix factor*” OR “nonnegative matrix factor*” OR “factor analys*”OR 

“activation component*” OR “activation timing*” OR “motor program*” OR “motor 

pattern*” OR “motor unit*” OR “selective motor control” OR “common drive” OR 

"muscle recruitment" OR "neuromu?cular control" OR "muscle activation" OR "muscle 

coordination" OR "neuro-mechanics" OR “motor control” OR NMF 

#7 #3 AND #4 AND #5 AND #6 AND [embase/lim] 

  

_____________ 

SCOPUS 

( TITLE-ABS-KEY ( ( "Stroke"   OR  "Cerebrovascular Disorders"   OR  "Brain 

Ischemia"   OR  "Brain Infarction"   OR  "Intracranial Embolism and Thrombosis" OR  

"Hemorrhagic Stroke"  OR  "Ischemic Stroke"   OR  "Stroke, Lacunar"   OR  "Embolic 

Stroke"  OR  "Thrombotic Stroke"  OR  "cerebrovascular accident"  OR  "cerebrovascular 

accident*"  OR  "brain vascular accident*"  OR  "brain infarction"  OR  "cerebrovasc*"  

OR  stroke*  OR  poststroke  OR  "post-stroke"  OR  cerebrovasc* )  OR  ( "Healthy 

Volunteers"  OR  "Research Subjects"  OR  "Healthy volunteer*"  OR  "Healthy 

Participant*"  OR  "Participant* health*"  OR  " Healthy subject*"  OR  "Human 

Volunteer*"  OR  "Normal Volunteer*"  OR  "Research Subject*" ) )  AND  TITLE-

ABS-KEY ( ( "Upper Extremity"  OR  "Arm"  OR  "Forearm"  OR  "Shoulder"  OR  

"Elbow"  OR  "Wrist"  OR  "Hand"  OR  "Gestures"  OR  "hand gesture*"  OR  "Fingers"  

OR  "upper limb"  OR  "upper extremit*"  OR  "forearm*"  OR  "hand*"  OR  "wrist*"  

OR  "finger*" ) )  AND  TITLE-ABS-KEY ( ( "Electromyography"  OR  myography  

"Electromyography"  OR  "Surface Electromyograph*"  OR  "Electromyogram"  OR  

"myography"  OR  "electromyogr*"  OR  "myogr*"  OR  "Myoelectric*" ) )  AND  

TITLE-ABS-KEY ( ( "Muscle synergies"  OR  "muscle synerg*"  OR  synerg*  OR  

"motor synerg*"  OR  "activation pattern*"  OR  "non-negative matrix factori*"  OR  

"nonnegative matrix factori*"  OR  "factor analys*"  OR  "activation component*"  OR  

"activation timing*"  OR  "motor program*"  OR  "motor pattern*"  OR  "motor unit*"  

OR  "selective motor control"  OR  "common drive"  OR  "muscle recruitment"  OR  

"neuromus?ular control"  OR  "muscle activation"  OR  "muscle coordination"  OR  

"neuro-mechanics"  OR  "motor control" OR NMF ) ) ) 


