Conscious Perception of Error Augmentation for
Stroke Rehabilitation

Farnaz Jahromi
Rehabilitation Science
McGill University, Montreal
August 2022

A thesis submitted to McGill University in partial fulfillment of the requirements of the degree
of Master of Science in Rehabilitation
© Farnaz Jahromi, 2022



To brave women in Iran who are fighting for freedom

Mahsa, Nika, Sarina, ...



Table of Contents

LiST Of FIQUIES ...eeeeeeeeerenneeenesereueeeneeeenssesessesenssssnssessssessnsesesssessssesensssssssessnssssnsssssssessnsessnssesen 5
LiSt Of TABIES ......eeeeeeeeeeeieeeieieiieeiietitiereieseinississessesessessssnsssssssessmsssssssessassssassssssssssnssnsnsannnn 6
721 ¢ X 1 ot SRR 7
=T -2 9
VYol 4 Tod TV L=To [0 =1 1 £ T=1 o1 X 3OO 11
CONELrIDULIONS Of AULROIS......c..ceeeeieeeniiieiiiieiiiieiireisisieeiteesissnsiessasessessssssssssssessnssssssssssassssnnans 11
ADDIEVIQLIONS c....eeeeeevviervenriiiiiiiiiiiiiiiiisiiiinetiiiisssssisssssssisssstrsssssssssssssssssssssssssssssssssssssssssnns 12
CHAPTER 1: Introduction and BAckgroUnd...................ceeeriiveeiiieesosensisinessssasissnsssssassssassssnnns 13
R R o N 13
1.1.1 Upper Limb Impairments after STroke .........oceoiiiiiee e 13

1.1.2 Upper Limb REhabilItation........c.uiiiiiiiieiieeeee ettt sttt e sre e s 14

1.1.3 CoONVENLIONAI TREIAPY .uveiiitiiiieiit ettt sttt ettt e bbbt e s st e st e e sabesbeesabeesbeesareesseesnneenne 15

1.1.4 RODOTIC TraiNiNG.cc.eeeeeeeieeiieeriteeit ettt ettt ettt sttt st e s at e st esbb e e bt e s bt e e bt e sae e e beesabesabeesaseenseenneeeseesnneenne 16

1.1.5 Benefits and Importance of Robotic Training in Stroke Rehabilitation ..........cccccevveriiniinneniiieeieee 16

1.1.6 Virtual reality for upper limb rehabilitation ...........cooouii e e 17

3 2V o oY g U= T o 1T - RN 18
0 B =T Te | o - ol O PP PTRPPPTOPPRRTRRIOt 20

1.2.2 Rehabilitation system based on visual feedback ..........coccuviieiiicii s 21

1.3 Robotic training ParadigmsS.......cccciieuiiiieiiiiiiiiiiiicieenerrereeeseenssrnesersesessnsssensessnssssnnssssnsssnnnns 22
1.3.1 Error REAUCHION StFratBEIES ....ueiiiiiiiriiie ittt eiiee ettt st e st e e sttt e sttt e s sabeeesbteesateesnabeeesnbaeesessaeesaseeesseeesnnns 23

1.3.2 Error AUEMENTation Strategies. .. ccoviiiiiiii it 23

I R 3 7N Y = o o T T L USRS U PP UPUROTSRN 24

IR N =Tl o T o' 1 PSSP 25

1.3.5 Effectiveness of EA for stroke rehabilitation ...........cooeeriiiiiiiiiinii e 26

1.3.6 Error Amplification and SKill |EVE]..........oouiioiiiee ettt st 27

1.3.7 EA for elbow extension Mmovements in STrOKE ........cooeiviiiriiriieiiiee e 28

1.4 RALIONAIE . e 28
1.5 Objectives and Hypotheses of the thesis .......c..cciiiieiiiiiiiciiiicccrrrccererc e e s e e e e e 30
CHAPTER 2: MONUSCEIPTE ....c..ceueeeeeereeireeireeireeiseeiseasreasseassmsssesssesssesssesssnsssnsssssssnsssnsssnsssnsssnnns 33
R T & T Vot P 34
287 8 1 010 Yo (¥ Lot oY o T 35
8. 381/ =3 Vo T 37
2.3.1 Population and RECIUITMENT ....couiiiiiiie ettt et ettt b e st e be e eabe e sbeesanesnee s 37

2.3.2 Eligibility for partiCipation .........oooeeeieiiie e 38

2.3.3 SAMIPIE SIZE .ttt et h e et b ettt e bttt e s abe e bt esht e e bt e ehe e e bt e e naeeabeeereeree s 39

2.3.4 Data COlIECLION ...eieieeiieiiieeteeet ettt sttt et b e et be e st e e bt e st e s st e s beesabeesseesae e e beesnte e beesaneebeeas 39

2.3.5 ClINICAl ASSESSMENT. .. .tiiiiiiteerite ettt ettt ettt e st e st e sbe e et e s bt e s b e e sbeesabeesaeesabeessbaenseesateebeessbesabeesanesnseean 39

B B 3 (oY= g = g =YY= AU S 40

B2 B A |V, o o o T I =Tl (] o =SSR 43



D s B Y W oY o Yot =Te [ 1] o SRS 45

D R o (oY= g 10 Y= oL =Y e o Tol=Te [ ] o SRS 45

P N 0 Y - T T - Y] £ RN 47
2.4.1 OULCOMIE MEBASUIES ....eeeeeeeeiitiieteeaitteteeeaateteeeesaauarteeesasaseteeessanbaaeesssasaeeaessaansteeeeesasbaaeessaanssneeessannseaeens 47
D ] - 1 1 or- | BT g 1 Y] PSPPI 50
T 3 LT U | S 50
B0 A LTy | o 11 Y g Vo Lo o 3SR 50
2.5.2 Error Detection TRreSNOId .........oouiiiiiiiie ettt sttt s sbt e e ae e sateesbaesaneebee s 53
2.5.3 Mean Error DeteCtion RAtE ......ccocuiiiiiiieiiee ettt e s e s e s e e s e e s nr e e e sanneesaneeeean 54
PN T ol o gVl =T o] o ¥ o Lol USSR 55
2.6 DiSCUSSION ..uiieiiiieiiiiiiiiieiiteniiteereasistasistneserensssensesensessnssssnssssnsssssnsssenssssnssssnssssnsssssnsssensassnnanes 60
2.6.1 FEASIDIlItY Of STUAY .eeitiiiiiiieecie ettt e st e et esae e et e e sateesbeesateebeassaeebeessaeensenan 60
2.6.2 Practical Limit of Error AUSMENTATION .........eii ettt ettt e vt e e et e e e eaee e stteeeeabeseeaseeeeanaeaean 61
2.6.3 Relationship between Error Detection and Implicit Motor Learning.......ccccoeecvveeieeicciieeee e 61
2.6.4 Relationship between Error Detection and Kinematic MEasUres........c.ceevveriieerieereeniieneeeieesieeeieeieenn 63
2.6.5 Relationship between Kinematic Measures and Implicit Motor Learning........cc.ccceeeeveeeneenieeeneeesiennneen. 63
2.6.6 SAMPIE SIZE ...ttt ettt b e et b e st h e st eea bttt esht e et e e e he e e beeenaeeabeeereeree s 63
2.6.7 STUAY LIMITATIONS ..ttt ettt ettt b e st e s bt e st e e sab e e b e e sae e e beesnbe s beesabeereean 64
2.7 CONCIUSION ceuuiiiiiiiiiiiineiiiiiiiiinirsueiisiisiirerssssssssisssinrrsssssssssssssnerasssssssssssssesssssssssssssssesssnsssssssssns 65
CHAPTER 3: Discussion and CONCIUSION ...........cc.eeeeeereenireeririeriereesireinisineseseeissnsissnsssssassssnnns 66
3.1 Thesis FINdings and DiSCUSSION........ciiiiiuiiiiiiiniieiineiiiienienienieiienisitenistssnisrsessssssssssssssnnes 66
3.1.1 Directions fOr fUTUIE STUIES ...ueiiiiiiiiiiee ettt st e e e e st e e e e e st e e e saee e sraeesssteeesseeesseeeans 68
307 2 00Ty Vol 11T T o P 69
RESf@IEOINCES. ....ccuceeeeeeeeeiieiiiiiiiiisiiiietiietinieteessseesessessssnsssssessssessssssssssmssssnssssssssssnssssnsssssnssssnnnns 70



List of Figures

Figure 1. lllustration of physical set-up of the eXperiment............cccccooveieii e 41
Figure 2. Participant’s arm on arm support deviCe ..............ccocoviiiiiiiiniinie e 42
Figure 3. Top-down view of Arm SUPPOFT DEVICE .......c.ccvviiiiieiie st se e 42
Figure 4. ANTi-0OWN GIASSES .....cueeeiitiiieie ittt ettt ettt se e te s e e seeeseeseesaesaeeneesbesseaneeseeseeanes 42
Figure 5. Placement of the markers on the reaching arm............c.ccoooeiiiiicinic e 44
Figure 6. Display of the participant's arm avatar during reaching movements.............c.ccocveevevveruenne. 45
Figure 7. PSYCROMELIIC CUNVES.......cciiiiie ettt sttt ettt sttt e et et sae et e te e e e sresreanes 53
Figure 8. Mean EA deteCtiON FALE ........c.oiiiiiiiec i ae e e ne e nneens 54
Figure 9. 50% detection threSNOId ...........coooiiiiiii e 55
Figure 10. MOVEMENT TraJECTONIES ....oiuiveieiiitiiteit ettt bbb 56
Figure 11. MOVEMENT VAITADIES ........coiiiiiiiiiiiee et 59


file://///Users/farnaz/Desktop/Jahromi_Farnaz_SPOT_Thesis%20V4.docx%23_Toc120032415
file://///Users/farnaz/Desktop/Jahromi_Farnaz_SPOT_Thesis%20V4.docx%23_Toc120032416
file://///Users/farnaz/Desktop/Jahromi_Farnaz_SPOT_Thesis%20V4.docx%23_Toc120032422

List of Tables

Table 1. Number of trials per CONAITION ..........ccoiiiiiicce e 47
Table 2. FeasibDility INAICALOIS.........ccciiiii et be e se e reereebesreare s 48
Table 3. Demographic variables and clinical asseSSMENTS ..o 51
Table 4. DemMographic Variables.............ooi oottt ene s 52

Table 5. Summary of Group, EA Level, Direction and interaction effects for kinematic outcomes .57



Abstract

Previous work has demonstrated that the provision of feedback during arm movements enhances
upper limb (UL) motor recovery after stroke. Error augmentation (EA) is an effective form of
feedback that involves magnifying the errors in the patient’s movements, with respect to the
desired task. EA can improve the extent of motor learning through the use of virtual reality
platforms. Additionally, implicit motor learning, where participants adapt their motor performance
to movement errors without conscious awareness, seems to be more resilient and effective over
time than explicit motor learning. This study aimed at 1. Assessing the feasibility of performing
an EA task in people who have had a stroke and in healthy participants, 2. Measuring the limit of
EA that can be used to provide implicit feedback, without the participants’ conscious awareness,
and 3. Estimating the extent of the error to which kinematic variables stay stable.

In this study, eight healthy and nine poststroke participants in chronic stroke stage were recruited
to perform reaching movements to one of three directions. Participants were aged between 42 and
75 (yrs.) and performed the task with their dominant (healthy group) or affected arm (poststroke
group). Participants' forearms were supported by an arm support device that allowed them to move
their arm and forearm in the horizontal plane. A screen displayed the avatar of the participant's
arm in real-time. During each trial, an error of 7.5° to 30° could be randomly added to the avatar’s
elbow angle by manipulating the visual feedback. At the end of each trial, participants were asked
whether they were aware of the presence of EA. Finally, psychometric curves were used to
measure 50% of the detection threshold in both groups under different directions in order to
measure the implicitly applicable domain of EA. Kinematic variables were also calculated and

compared between groups and in different EA conditions.



Results showed that all participants with different sociodemographic characteristics were able to
complete 180 trials in less than 2 hours and could detect the presence of a 16.6° error in more than
50% of trials. Additionally, there were no between-group differences in either EA detection
threshold or in any of the kinematic variables (speed, straightness, smoothness of the hand reaching
movement, as well as eloow ROM). Furthermore, neither the kinematic variables nor the EA
detection threshold was affected by movement direction. EA detection threshold for both groups
was at 16.6° EA, and changes in the kinematic variables were observed as EA exceeded that
threshold.

Based on our findings, EA can successfully be added to the reaching movement and can be
detected by all participants at a specific threshold. In another word, using EA blew the detection
threshold can prevent EA detection. It might provide a new idea for implicitly improving
poststroke reaching performance using virtual reality platforms. These results are useful for

researchers and practitioners using EA in clinical domains.



Résumé

Des travaux antérieurs ont démontré qu’un retour d'information pendant les mouvements du bras
améliore la récupération motrice des membres supérieurs (MS) aprés un accident vasculaire
cérébral (AVC). L'augmentation de I’erreur (AE) est une forme efficace de feedback qui consiste
a amplifier les erreurs dans les mouvements du patient, par rapport a une tache souhaitée. L'AE
peut améliorer I'étendue de l'apprentissage moteur grace a l'utilisation de plateformes de réalité
virtuelle. De plus, I'apprentissage moteur implicite, ou les participants adaptent leur performance
motrice aux erreurs de mouvement sans en avoir conscience, semble étre plus résilient et efficace
dans le temps que l'apprentissage moteur explicite. Cette étude visait a : 1. Evaluer la faisabilité
de I'exécution d'une tache d'AE chez des personnes ayant subi un AVC et chez des participants en
bonne santé, 2. Mesurer la limite de I'AE qui peut étre utilisée pour fournir un feedback implicite,
sans que les participants en aient conscience, et 3. Estimer I'ampleur de l'erreur a laquelle les
variables cinématiques restent stables.

Dans cette étude, huit participants en bonne santé et neuf participants au stade d’AVC chronique
ont été recrutés pour effectuer des mouvements d'extension dans I'une des trois directions. Les
participants étaient agés de 42 a 75 ans et ont effectué la tache avec leur bras dominant (groupe
sain) ou affecté (groupe post-AVC). Les avant-bras des participants étaient soutenus par un
dispositif de soutien mobile, qui leur permettait de déplacer leur bras et leur avant-bras dans le
plan horizontal. Un écran affichait I'avatar du bras du participant en temps réel. Au cours de chaque
essai, une erreur de 7,5° a 30° pouvait étre ajoutée aléatoirement a I'angle du coude de l'avatar en
manipulant le retour visuel. A la fin de chaque essai, il était demandé aux participants s'ils étaient
conscients de la présence de I'AE. Enfin, des courbes psychométriques ont été utilisées pour

mesurer 50% du seuil de détection dans les deux groupes sous différentes directions afin de



mesurer le domaine implicitement applicable de I'AE. Les variables cinématiques ont également
été calculées et comparées entre les groupes et dans différentes conditions d'AE.

Les résultats ont montré que tous les participants, avec des caractéristiques sociodémographiques
différentes, étaient capables de réaliser 180 essais en moins de 2 heures et pouvaient détecter la
présence d'une erreur de 16,6° dans plus de 50% des essais. En outre, aucune différence entre les
groupes n'a été constatée en ce qui concerne le seuil de détection de I'AE ou I'une des variables
cinématiques (vitesse, rectitude, douceur du mouvement d'extension de la main, et ROM du
coude). En outre, ni les variables cinematiques ni le seuil de détection de I'AE n'ont eté affectes
par la direction du mouvement. Le seuil de détection de I'AE pour les deux groupes était de 16,6°
AE, et des changements dans les variables cinématiques ont été observés lorsque I'AE dépassait
ce seuil.

D'aprés nos résultats, I'AE peut étre ajoutée avec succes au mouvement d'atteinte et peut étre
détectée par tous les participants a un seuil spécifique. En d'autres termes, l'utilisation de I'AE en
dessous du seuil de détection peut prévenir sa détection. Cela pourrait fournir une nouvel outil
pour améliorer implicitement la performance d'atteinte post-AVC en utilisant des plateformes de
réalité virtuelle. Ces résultats sont utiles pour les chercheurs et les praticiens qui utilisent I'AE dans

des domaines cliniques.
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CHAPTER 1: Introduction and Background

1.1 Stroke

Stroke, also called cerebrovascular accident, is a sudden loss of brain function caused by the
interruption of blood flow and oxygen to the brain (ischemic stroke) or the rupture of blood vessels
(hemorrhagic stroke). As a result, brain cells affected by stroke die (Public Health Agency of
Canada, 2021). It is the leading cause of neurological disability in adults and the second leading
cause of death worldwide (Feigin et al., 2019). According to the Public Health Agency of Canada,
about 741,800 Canadians 20 years of age and older are living with a stroke. Of the number of
stroke survivors, more than 400,000 Canadians are currently living with stroke-related disabilities,
and this figure is expected to double in the next 20 years (Heart and Stroke Foundation, 2017).
Despite many medical advances in management and prevention, only 10% of poststroke subjects
completely recover. Almost 25% of them have a minor impairment, 40% have moderate to severe
impairment, and 10% are left with severe disability, including hemiparesis, a condition
characterized by motor weakness of one side of the body and requires long-term care (Heart and
Stroke Foundation, 2017). It has been reported that the direct and indirect cost of stroke to the
Canadian health care system is estimated to be approximately $3.6 billion per year (Heart and

Stroke Foundation, 2017).

1.1.1 Upper Limb Impairments after stroke

Upper limb paresis is one of the most common impairments following a stroke, with loss of arm
function occurring in up to 80% of stroke survivors (Lindsay et al., 2019). Upper limb motor
complications can significantly impact mobility and health (Langhorne et al., 2009). Impairment

of upper limb function contributes to functional disability in daily activities, including feeding,
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dressing, bathing, grooming, and writing, which can place a significant burden on stroke survivors
and their caregivers, physically, socially and psychologically (Williams, 2001). Despite
rehabilitation efforts, the upper limb does not recover as well as the lower limbs (Nakayama et al.,
1994). In particular, individuals with stroke have difficulty with elbow extension movements.
Elbow extension is a necessary component of many tasks of daily living (Oosterwijk et al., 2018).
Lack of elbow extension is one of the main features of movement in people who have had a stroke,
specifically in individuals with severe to moderate clinical impairments (Cirstea & Levin, 2000).
Additionally, lack of elbow extension may considerably affect quality of life as it is an important
predictor for motor recovery of UL in people who have had a stroke (Massie etal., 2011). Reaching
is a fundamental element of many activities of daily living that requires elbow extension as well
as shoulder flexion and wrist pronation or supination. The ability to reach and interact with the
surrounding environment is an important component in a wide variety of everyday tasks.
Therefore, even a minimal amount of recovery of the hemiparetic arm may lead to large changes

in function.

1.1.2 Upper Limb Rehabilitation

Currently, a variety of techniques are employed for the rehabilitation of post-stroke individuals
with upper limb movement impairments (Hatem et al., 2016; Pollock et al., 2014). There is some
promise in these interventions for the reduction of motor impairment after stroke, but selection of
the most appropriate intervention will differ between patients and depend on the severity of the
impairment (Barreca et al., 2003). UL rehabilitation techniques include, mirror therapy and
constraint-induced movement therapy (CIMT) which are specific interventions with promising
early evidence for stroke recovery (Dohle et al., 2009; Yoon et al., 2014), conventional therapy,

functional electrical stimulation, mental practice, robotics, and electromyographic (EMG)
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biofeedback. Most upper limb recovery approaches emphasize the need for repetitive, intensive
and task-specific training (Perry, 2004). CIMT is one of the most investigated interventions to
reduce functional problems in the affected UL. It involves intensive rehabilitation therapy of the
affected UL while constraining the use of the unaffected side. Patients with minimal sensory and
cognitive deficits and some degree of active range of wrist and arm motion may benefit from this
type of therapy (Kwakkel et al., 2015). In mirror therapy, the patient moves his unaffected limb
while watching the movement in the mirror. Mirror therapy uses visual feedback to enhance upper-
limb function following stroke, improve activities of daily living and reduce pain (Gurbuz et al.,
2016). The use of functional electrical stimulation to improve UL function after stroke has been
supported by high-quality evidence from a recent systematic review and meta-analysis (Monte-
Silva et al., 2019). Additionally, neurodevelopmental techniques and mental practice appear to be
no more effective than other conventional therapy approaches (Gelber et al., 1995; Paci, 2003;
Park et al., 2018). Evidence also suggests that EMG-biofeedback can result in modest
improvements in arm function. According to the result of one systematic review, there was a
significant improvement in UL function using a combination of EMG-biofeedback treatment and

physiotherapy compared to physiotherapy alone (Langhorne et al., 2009).

1.1.3 Conventional Therapy

Conventional therapies for patients recovering from stroke designed to treat physical disabilities
and sensory impairments include approaches such as Bobath or neurodevelopmental techniques,
and proprioceptive neuromuscular facilitation (PNF). Conventional care for stroke management is
delivered across a variety of healthcare settings and can be highly variable in duration, intensity,
and type. In Bobath approach, the focus is on normalizing the muscle tone while facilitating normal

movement patterns. In the PNF approach, muscles and nerves are manually stimulated to promote
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more functionally relevant movements. Therefore, in neurofacilitative approaches, therapist has
an active role in applying movement and stimulating nerves and patient remains relatively passive

in the treatment process (Pollock et al., 2014).

1.1.4 Robotic Training

Among different rehabilitation interventions, robotic training provides the opportunity to create
individualized and enriched practice environments for upper limb improvement in chronic stroke
survivors (Burgar et al., 2000; Krebs et al., 1999). Robotic-assisted arm devices can provide
passive assistance (weight bearing), active assistance or resistance to movements during training
for an isolated joint or multiple segments. Robotic therapy is also expected to provide stroke
survivors with high-intensity, repetitive, and goal-directed trials that leads to normalized muscle
tone, as well as improved strength and range of upper limb motion (Fasoli et al., 2003; Krebs et
al., 2003; Posteraro et al., 2009). The importance of repetitive training is related to the exercising
time that has been shown to be a critical factor for functional motor recovery (Mehrholz et al.,

2012).

1.1.5 Benefits and Importance of Robotic Training in Stroke Rehabilitation

Effort has also gone into studying the benefits of training with robotic-assisted devices. It was
shown that robotic-assisted training not only contributes to a decrease in upper limb disability by
reducing motor impairment and improving arm muscle strength, but it is also a well-accepted
treatment for people after stroke, as it can provide an opportunity for independent exercise and
increase motivation due to the feedback provided by the device (Mehrholz et al., 2018; Prange et

al., 2006).
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The use of such technologies is rapidly increasing in stroke rehabilitation. Incorporation of such
technologies as complementary therapies may increase motor learning and outcomes in stroke
survivors and can lead to higher patient’s satisfaction (Gilmore & Spaulding, 2007). However,
based on current research, there is still no evidence for the added beneficial effects of high-
intensity, technology-based upper-limb therapies over intensive usual care in stroke participants.
A systematic review has indicated that when the duration and intensity of robotic-therapy are
matched with usual care, no significant between-group differences were found in motor recovery,
daily living activities (ADL), strength, and motor control (Norouzi-Gheidari et al., 2012). Other
systematic reviews have shown that using robotic-assisted therapy with usual care is more effective
than robotic therapy alone, in terms of ADL, motor control and muscle strength (Bertani et al.,
2017). While the advantages of robotic training over usual care in terms of functional benefit are
not clear, studies suggest that robotic-therapy may be an innovative approach to address the needs
of repetitive, high accurate and task-oriented rehabilitation regimens (Duret et al., 2015; Levin et

al., 2009).

1.1.6 Virtual reality for upper limb rehabilitation

Robotic devices used for therapy can be coupled with a virtual environment, which is commonly
called a virtual reality environment. This combination may offer opportunities for new forms of
motor skills retraining that could increase the potential for motor recovery after stroke (Laver et
al., 2010; Mekbib et al., 2020).

One of the biggest advantages of virtual environments for UL rehabilitation is that they can enable
patients to experience an environment that closely resembles the real world and perform activities
that are similar to their real-world counterparts, which lets people who have had a stroke

immediately begin to adapt their activities with necessary functional performances (Weiss et al.,
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2006). The use of virtual reality interventions for rehabilitation may enable simulated practice of
functional tasks at a higher dosage than traditional therapies, as it can be more engaging for
poststroke people to practice through 3D virtual environments and video games with motivating
tasks than the traditional repetitive practice (Adamovich et al., 2009). Also, with the use of virtual
reality, stroke individuals can also safely perform some activities that may be impractical or could
not be performed in a clinical setting, such as shopping or cycling.

Several studies have demonstrated greater improvement of motor function in patients treated with
virtual environment than conventional rehabilitation (Kiper et al., 2018; Lucca, 2009; Pollock et
al., 2014). The findings from a Cochrane review on the efficacy of virtual reality on upper limb
function and activity showed that interactive video gaming has a small positive effect on improving
upper limb impairments in comparison with conventional rehabilitation therapy (Laver et al.,
2017). Moreover, when virtual reality was used in addition to usual care there was a significant
improvement in function of the arm (Kiper et al., 2018; Laver et al., 2017).

Despite all rehabilitation approaches including robotic therapy for UL recovery after stroke, the
result has been disappointing in terms of functional improvement and impairments persist in 55%

to 70% of the cases, despite intensive and prolonged rehabilitation (Chen & Winstein, 2009).

1.2 Motor learning

Motor learning has been defined as: “the acquisition of motor skills, the performance enhancement
of learned or highly experienced motor skills, or the reacquisition of skills that are difficult to
perform or cannot be performed because of injury, disease and the like (Magill, 2011).” There are
two different motor learning mechanisms: explicit and implicit motor learning; meaning that

learning can occur both intentionally and unintentionally.
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Explicit motor learning can be defined as learning by verbal knowledge of movement or
performance (Johnson et al., 2013). It is a more conscious form of learning that depends on
working memory involvement. Indeed, the learner is aware of the rules about movement
performance and the process of learning. To encourage explicit motor learning in rehabilitation,
therapists may instruct patients to do bridging exercises while thinking about their performance,
for example: “While lying on your back in bed, bend your knees up, press the feet into the mattress
and lift your bottom off the bed”. Augmented feedback regarding the correct movement production
is one way to transmit this knowledge and encourage learning.

In contrast to explicit learning, implicit motor learning refers to the acquisition of skills by
exploration or under trial-and-error conditions, with little to no working memory involvement and
with no or little conscious awareness (Kleynen et al., 2014). It is suggested that implicit motor
learning takes place more automatically and in a less conscious manner than explicit motor
learning (Kal, Prosée, et al., 2018).To learn implicitly basically means the learner is aware of the
process of learning but is not informed of the facts and rules of the motor skill to be acquired. For
example, in learning to ride a bicycle, the child is not necessarily aware of the rules and processes
for cycling while trying to learn it but is able to learn and succeed by trial and error.

The ability to unconsciously adapt the nervous system to the environment is one of the most
important aspects of recovery in terms of functioning for people who have had a stroke, so implicit
learning might have a significant effect on everyday life for these individuals. Orrell and
colleagues (2006) investigated implicit motor learning on a whole-body task after stroke. In this
study, participants were instructed to practice a balance board task. In order to induce implicit
motor learning, an errorless learning procedure was implemented, and task difficulty was gradually

increased by reducing the balance board’s rotational resistance throughout practice. Practice
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resulted in a significant improvement in balance performance, which lasted a week later during a
delayed retention test. A systematic review of 20 studies investigating implicit motor learning after
stroke in different clinical settings indicated that implicit learning does not result in superior
learning compared to explicit learning (Kal et al., 2016a). However, motor skills that are implicitly
acquired may be better suited when performing a variety of cognitive tasks simultaneously (Kal et
al., 2016a).

Current clinical practice shows therapists tend to rely on explicit motor learning or switch
frequently between implicit and explicit learning approaches (Kal, van den Brink, et al., 2018;
Kleynen et al., 2017). However, the type of learning that produces a change in performance is
believed to be related to the complexity of the task (Halsband & Lange, 2006). It seems that the
learning of complex tasks mostly occurs through the process of implicit learning. In addition, for
people after stroke with cognitive deficits, it can be difficult to process large amounts of verbal
explicit information; therefore, implicit motor learning could be useful by minimizing the
involvement of cognitive resources, especially working memory. Studies also showed that
performance of an implicitly learned task might aid multitask performance, so it can be more stable
under dual-task conditions (use of two tasks performed simultaneously) and more durable in
healthy population compared with its explicit counterparts (Kleynen et al., 2017; Orrell et al.,
2006). In summary, while evidence about the relative benefits of explicit versus implicit learning
is still lacking, implicit learning seems to be beneficial for poststroke individuals (Kal et al., 2016a;

Kleynen et al., 2017; Lee et al., 1994).

1.2.1 Feedback
Feedback is a general term that refers to the sensory information people receive about their

performance either during or following a motor task. Feedback is very important in the motor
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learning process. Some form of feedback is essential for learning to take place (Yamamoto &
Ohashi, 2014).

When people perform a motor skill, they have access to two types of feedback: intrinsic and
extrinsic. Intrinsic feedback refers to information that comes from producing movements and that
is captured through the human senses. Information may come from outside of the body
(exteroception), or within the body (proprioception: refers to the sense of position). Extrinsic
feedback is provided by external sources (Gilmore & Spaulding, 2001). Examples include when a
poststroke individual hears verbal feedback about his or her performance from a therapist, or when
movement is tracked and is provided as feedback to the user in the form of a hand trajectory on a
computer screen. Extrinsic feedback can provide information about the success or failure of a task
(knowledge of results, KR) or about the quality of performance (knowledge of performance, KP).
For example, when throwing a ball, feedback about task success or failure is KR, whereas

information about the quality of the movement required to perform the task is KP.

1.2.2 Rehabilitation system based on visual feedback

Cirstea and colleagues (2006) analyzed the performance of a reaching task in physical and virtual
environments, in both presence and absence of visual and haptic feedback. In this study, chronic
stroke participants with mild-to-moderate and moderate-to-severe arm impairment were recruited.
In addition to visual feedback in a virtual environment, a robot arm provided haptic feedback for
the users by stopping the movement when they reached the virtual button. The results showed that
accuracy and efficiency of the reaching movement were both increased when movement was
presented with feedback than without feedback. The authors also reported that the performance

was similar in both the physical and virtual environments. The effects of feedback on movement
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performance in stroke survivors indicated gradual improvements in UL performance compared to
no-feedback treatment.

Indeed, adding extrinsic visual feedback to the environment may provide an encouraging condition
for people with chronic neurological injuries to interact with the robotic devices (Boian et al.,
2002; Popovi¢ et al., 2014). Therefore, robotic therapy can be paired with visual feedback
delivered on a computer screen to enable task-specific training in order to improve upper extremity
control in people who have had a stroke (Brewer et al., 2006). Linking visual feedback with robotic
therapy represents an appropriate tool to enhance patient’s motor output during the training

session.

1.3 Robotic training paradigms

Interactive virtual reality and robots offer methods to further facilitate motor learning. Besides
increasing intensity and number of trials, robotic devices can deliver visual feedback or haptic
forces to assist in training. Two main robotic training paradigms have been developed so far are
error reduction (ER) and error augmentation (EA).

In error reduction, the robotic device will aid in minimizing movement errors relative to the
prescribed behaviour. ER can improve motor learning by assisting participants to learn movements
with little attention to the desired trajectory through improvement of proprioception awareness of
the body (Patton & Mussa-lvaldi, 2004). However, EA is an alternative and effective form of
feedback that magnifies the errors in the stroke survivor’s movements from the desired task. EA
can boost explicit motor learning by providing error feedback and consequently increasing a
person’s awareness of movement errors or implicit motor learning by improving movement control

in response to changes. In 2000, (Thoroughman & Shadmehr, 2000) revealed by EA that the motor

22



system detects kinematic errors in one trial and proportionally corrects them in the subsequent trial

in order to gradually improve performance of the new task.

1.3.1 Error Reduction Strategies

As mentioned previously, in an ER protocol, the practice conditions are set-up so that the
likelihood of errors is reduced during learning. Indeed, the robot assists people who have had a
stroke in performing a desired movement in order to simulate the desired “feel” of the movement.
Assistance can be provided in a variety of ways, including, assisting with arm support (Kahn et
al., 2006), limiting movement variability through viscoelastic forces (Patton et al., 2006), etc.
Robotic therapy devices can be paired with virtual reality simulations of activities of daily living,
such as walking (Ekkelenkamp et al., 2007) or reaching (Kahn et al., 2006; Wang et al., 2011). In
this method, the virtual reality platform can create different environments that allow practice of
correction and control over a wide range of real-life scenarios. There is some evidence that
suggests haptic stimulation might be as effective as conventional therapy in the initial stage of
motor recovery (Liu et al., 2018). Krebs and colleagues (2006) demonstrated that training with
robot assistance did not show any obvious advantage overactive reaching training in people who
have had a stroke. Kahn and colleagues (2006) found in a pilot study that training with a haptic
stimulator significantly increased range of arm movement, velocity of motion, and reaching

movement ability.

1.3.2 Error Augmentation Strategies
The role of error in motor adaptation has been emphasized in many theoretical methods. In EA,
the robot amplifies movement errors via haptic or visual feedback. It has been shown that

presenting magnified visual feedback of the original error during training can improve the extent
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of motor learning (Patton et al., 2006). Some authors also reported that error leads to learning, so
healthy individuals can learn more quickly if the error is larger (Yejun, Patton, et al., 2005). In
addition, EA studies have shown that by drawing more attention to errors, participants are more
likely to pay attention to them and make appropriate corrections. Indeed, EA makes errors more
noticeable to the senses and hence may trigger adaptative responses.

Sharp and colleagues (2011) performed a reaching task in a robotic optical operation machine
with healthy participants. The results showed that subjects who received EA were able to reach
their desired target more quickly and accurately than their baseline performance in comparison
with the control group. According to similar studies, it seems that error-enhancing training may be

a potential way to promote motor recovery for brain-injured individuals (Patton et al., 2006).

1.3.3 EA Methods

There are various ways in which EA can be implemented. Robotic devices can visually or
haptically amplify the error. Indeed, one of the commonly used haptic techniques to artificially
increase performance error is to create a force-field that disturbs the limb motion during the

movement (Patton et al., 2013).

Errors can also be visually augmented through manipulation of visual feedback. One method for
visually augmenting the error is by adding an additional error to the visual feedback of the hand
and arm movement and displaying the new hand path on the screen. Another method could be
through prism glasses that deviate vision by some degrees and shift the visual scene to the right or
left. It has been shown that in visual EA training, small reaching errors became more noticeable to
the participants and encouraged them to make faster responses to correct their movement (Huang
et al., 2010). Indeed, it has been proposed that amplified errors can increase the signal-to-noise

ratio of the error, which may improve cognitive processing and self-evaluation (Yejun, Bajaj, et
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al., 2005). In a study conducted by (Patton et al., 2013), participants were asked to perform
reaching movements under visuomotor rotation while holding the handle of a robotic system. The
groups that had visual EA had better reaching performance than those who trained without
augmented errors. Despite the effectiveness of visual feedback in the EA strategy alone, recent
experiments demonstrate that providing physical and visual feedback in one trial can promote the
adaptation process faster and can increase the subject’s satisfaction with the task, leading to high
engagement during the training (Shirzad & Loos, 2012). In this study, healthy subjects tended to

be more satisfied during visual-haptic EA methods, in comparison with only the visual EA method.

1.3.4 EA Mechanisms

Early results suggest that EA can facilitate neurorehabilitation strategies in post-stroke individuals.
Error signals may stimulate both sensory and motor function pathways with the aim of improving
upper limb movements in both healthy and stroke subjects (Abdollahi et al., 2011). However, the
neurological mechanism behind this phenomenon is still unclear.

One possible mechanism is the presence of a feedback/error-learning neural network, which could
facilitate the learning process more quickly when the error is larger. Such an error-driven learning
strategy might be related to neuromuscular adaptation during skill acquisition_(Kawato, 1990).
Another possibility is that increasing errors may heighten motivation and attention to reduce errors
until participants experience only small or no errors. In addition, errors might speed up the process
of updating motor commands by being exposed to motor errors and trying to reduce errors in the
learning period (Shadmehr et al., 2010).

Recent work by Milot and colleagues (2018) revealed the activation of the error detection system
and motor planning network during EA training. They used fMRI (Functional magnetic resonance

imaging) to detect brain network activation in both EA and error reduction conditions in healthy
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subjects playing a computer-based pinball-like game. Results showed that the error detection

system was strongly triggered during the whole training time period with EA more than with ER

1.3.5 Effectiveness of EA for stroke rehabilitation

Several clinical studies have endorsed EA for rehabilitation of upper limb movement and
specifically on arm reaching abilities among individuals with poststroke hemiparesis (Patton etal.,
2006; Yejun, Patton, et al., 2005)

In the study of (Abdollahi et al., 2014), robotic therapy with EA, compared with an equivalent
amount of reaching practice without EA, resulted in improvements in arm function, as measured
by the Fugl-Meyer Assessment and in the Wolf Function Motor Test. There was, however, no
significant improvement in range of elbow motion in either group. Similarly, in a study conducted
by (Patton et al., 2006), eighteen people who have had a stroke experienced training forces that
either enhanced or reduced their errors in hand movement (haptic EA). Following this intervention,
the EA group showed greater improvement in terms of Fugl-Meyer Assessment in comparison
with the control group. Therefore, EA can be an effective method to enhance motor recovery. In
2013, Tropea and colleagues conducted a crossover experimental paradigm with eighteen post-
stroke individuals in a six-week therapy program comparing ER and EA. They revealed that
although ER led to a non-significant UL improvement in post-stroke participants, EA led to a very
large effect size improvement in both the Modified Ashworth Scale and in the Motor Status Score
(Tropea et al., 2013).

Brewer and colleagues (2005) used visual feedback distortion to encourage stroke survivors with
motor deficits to push harder than their original capability (Brewer et al., 2005). Rossetti and
colleagues showed a therapeutic benefit of using prisms to shift the visual field in stroke survivors

with hemi-spatial neglect (Rossetti et al., 1998). Also, a recent systematic review concluded that
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error-amplification techniques benefit subjects more in motor learning than error-reduction
methods. It has indicated that EA can not only promote motor learning processes greater and faster
than the interventions involving ER paradigms, it also can be more effective than conventional
repetitive practice in UL recovery (Liu et al., 2018). However, most of the considered studies have

either short training periods or small sample sizes.

1.3.6 Error Amplification and skill level

It is worth considering that the effectiveness of EA is closely linked to the severity or nature of the
motor deficit. In one comparison study, Milot and colleagues (2010) compared learning effects of
ER and EA in a timing task. In their experiment, participants had to press a button with the use of
wrist motion to activate a flipper in a computerized pinball-like game. Additionally, errors were
reduced or increased through the use of a robotic device that alters the velocity of the wrist
movement. The goal was to press the button to hit the target at a precise time to achieve an accurate
trajectory. In the haptic guidance condition, when the participant hit the button late, the error was
corrected by speeding up the motion, and by slowing down the motion when they hit the button
early. However, in EA, early actions were sped-up and late actions were slowed down. The result
of this study showed that EA-based training led to greater learning than ER on a timing-based
tapping task for skilled participants, and haptic guidance was beneficial for unskilled participants
(Milot et al., 2010). Thus, errors should be augmented according to the individual’s initial skill
level. Similarly, in 2017, (Marchal-Crespo et al., 2017) conducted an experiment in healthy
subjects to investigate the effect of EA on complex tasks. Results showed that the training strategy
that enhanced learning depended on the subjects' initial skill level. Although EA had a particular
effect on more skilled individuals, motor training without error was suitable to increase motor

learning in less-skilled participants. Even though these research experiments worked on healthy
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participants, it seems that for each person, there is a certain level of EA that can be optimal for
learning and the added challenge of an EA paradigm is only beneficial for people with appropriate

skill levels.

1.3.7 EA for elbow extension movements in stroke

As explained, visual feedback can facilitate movement retraining. Visual feedback activates the
neural network that links motor and cognitive processes (Hanakawa., 2011), therefore it can
encourage individuals to increase the active range of elbow motion (range of elbow motion that
can be performed by people with stroke independently) during the designed task. Amplifying error
with visual feedback makes the elbow seem as if it moves less than in reality, hence participants
attempt to correct the error by moving and extending the elbow more than their usual extension.
In other words, subjects are encouraged to work beyond the limit of the designed task and expand
the range of elbow extension movement more than at the beginning of practice. The most recent
experiments demonstrate that the combination of high intensity and repetitive practice with EA
feedback to improve UL motor function, especially directed at elbow extension movement, is a
successful strategy to improve upper limb rehabilitation in post-stroke individuals (Israely et al.,
2018). Although repetitive, intensive training can have a significant effect on upper limb
rehabilitation, measuring the limit of EA, that can be implicitly implemented to improve range of
elbow motion, can provide important information for the design of effective robotic devices and

rehabilitation programs based on individual needs.

1.4 Rationale
Among different rehabilitation techniques involving technology, EA is considered as a promising

form of training for improving UL function after stroke. According to the study conducted by
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Abdollahi and colleagues (2011), a real improvement in reaching performance occurred after a 6-
week EA intervention. However, the key to a successful use of EA is to integrate it with a proper
practice environment. When EA is combined with an appropriate robotic device, it might provide
a good condition for people who have had a stroke to practice UL movements. Considering the
role of VR in improving motor function, this can be done in a VR environment to improve UL
function in people who have had a stroke.

In addition, implicit motor learning seems to be more resilient over time and more effective in
dual-task conditions than explicit motor learning (Hodges & Williams, 2020; A. J. Orrell et al.,
2006). For example, implicit learning in individuals with impaired movement and cognitive
deficits was associated with a positive impact on their rehabilitation process, as it required less
attention, as compared with explicit motor learning (Hochstenbach et al., 1998; Steenbergen et al.,
2010).

EA can be implemented both explicitly and implicitly, although implicitly would be preferable,
for reasons expressed before. In addition, EA seems to be promoting implicit motor learning based
on subjects’ skill levels (Lagarde et al., 2002). Scheidt and colleagues (Scheidt et al., 2001)
demonstrated that there might be a practical limit to error augmentation. They have found that
when force was used to disturb motions, participants gradually updated their movement based on
the latest error they had experienced. Indeed, there may be a limit to which error could be
amplified, with learning still occurring implicitly. Thus, one important question is how much can
error augmentation be manipulated before it becomes explicit? Using EA in high-intensity training
improves UL rehabilitation. However, the limit of EA can play an important role in a better

functional outcome. Knowing the maximum level of EA that can implicitly be amplified is useful
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in designing robotic training devices which optimize individualized impairment-based training,
through EA and implicit motor learning.

To determine if EA detection is happening implicitly, it is essential to know whether the error is
affecting kinematic variables of motor performance. Motor reactions rely on conscious and
unconscious learning processes (Kibele, 2006). Accordingly, the perception of error would have
an impact on the quality of movement. Kinematic outcomes describe the spatiotemporal
characteristics of the movement and measure its quality, such as straightness, smoothness, speed,
and timing. Kinematic variables are often used to measure the quality of endpoint movement,
however, in this study, we mainly focused on hand path straightness, smoothness, speed, and the
extent of elbow movement (ROM). The reason for analyzing hand path motion was to see the
effect of EA, applied to the elbow, on hand kinematic variables. Indeed, due to kinematic
redundancy in arm movements, hand path may remain the same during reaching movements, even
if elbow ROM increases due to the presence of EA. It is also known that participants, with or
without stroke, tend to maintain similar hand paths despite the presence of perturbations during
movement (Adamovich et al., 2001; Archambault et al., 1999). Therefore, hand path motion could
provide a better understanding of the effects of EA on kinematic variables after stroke than elbow

extension ROM.

1.5 Objectives and Hypotheses of the thesis

OBJECTIVE 1: As no previous study has examined awareness of elbow range error in an EA
paradigm, the first objective of this study was to determine if healthy and poststroke individuals
with different sociodemographic characteristics could safely perform EA tasks at four different
EA levels and three directions, and are able to finish 180 trials in less than 2 hours. The purpose

of a feasibility and pilot study is to assess the potential for a successful implementation of EA in
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healthy and poststroke individuals for measuring the practical limit of EA and to reduce threats to
the validity of future studies.

HYPOTHESIS 1:

For specific objective I, it is hypothesized that this study is feasible in terms of recruitment,
intervention, and outcome measurement.

e All participants are able to perform the task of reaching different EA levels and directions.

e Participants are able to detect the presence of 30° EA in more than 50% of trials.

e Both groups of participants are able to finish 180 trials in less than 2 hours.

e Participants do not experience minor or major side effects.

OBJECTIVE 2:

The second aim is to measure the practical limits of EA, that implicitly (without the participant’s
conscious perception) enhances elbow extension range of motion after stroke. Indeed, knowing
the maximal level of error that can be added to a movement without conscious perception may
then improve UL functional recovery during the exercise.

HYPOTHESIS 2:

There will be a threshold to the level of EA, beyond which participants will be aware of the
presence of EA in 50% of trials.

OBJECTIVE 3:

The third objective is to estimate the extent of error to which kinematic variables including,
smoothness, straightness, and speed of hand movement would remain unchanged during the
reaching task.

HYPOTHESIS 3:
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Elbow range of motion will increase with the level of EA, while smoothness, straightness and

speed of hand movement will remain unchanged during the reaching task.
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2.1 Abstract

Bckground and Rationale: Impairment of upper limb (UL) function is one of the most common

deficits following stroke. Visual error augmentation (EA) is an effective form of feedback that

involves magnifying the error during movement. EA is considered a promising form of training to

improve UL function after stroke. Furtheremore, implicit motor learning, where participants adapt
to performance errors without conscious awareness, seems to be more resilient and effective over
time than explicit motor learning. However, there might be a practical limit for motor learning
with EA to occur implicitly. Indeed, there may be an upper limit to which error could be amplified,
at which participants become consciously aware of its presence.

Objectives: 1. Assess the feasibility of performing reaching tasks under different EA conditions
2. Measure the practical limits of EA, that implicitly (without conscious perception) enhance elbow
extension range of motion after stroke 3. Estimate the extent to which visual EA of hand
movements is naturally adaptable (without changing smoothness, straightness, and speed) to
improve elbow extension.

Methods: Nine poststroke participants with mild to moderate UL impairment, aged 42 to 75 (yrs.),
and eight age-matched healthy individuals, were recruited to practice arm reaching movements in
a simple virtual reality environment. All participants performed 120 reaches with four different
EA levels in 7.5° increments (i.e., 7.5, 15, 22.5, and 30°), as well as 60 no EA trials in three
different directions. Then, they were asked if they felt that EA was present or not (objective 2).
Kinematic variables of the hand movement including, elbow range of motion, smoothness,
straightness, and speed were computed based on the collected motion capture data (objective 3).
These movement quality variables were compared using repeated-measures ANOVA with two

within-subjects factors (3 directions, and 5 EA levels)
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Results: This study was feasible in terms of EA implementation and outcomes. There were also
no significant differences between the two groups in EA detection threshold and in the kinematic
variables. Both groups were able to detect the presence of EA with errors above 16.6°+/- 5.2. As
for the kinematic variables, significant changes were observed when elbow error was above the
EA detection threshold.

Conclusion: It is concluded that there is a limit beyond which participants become consciously
aware of the presence of EA. Knowing the 50% detection threshold will be useful in designing
virtual reality tasks with EA, to optimize UL functional recovery through implicit motor learning.
Keywords: Error augmentation, Upper limb, Stroke, Arm reaching, Rehabilitation, Motor

learning

2.2 Introduction

Impairment of upper limb (UL) function is one of the most common deficits following stroke, with
approximately 40% of people experiencing UL paresis despite intensive and prolonged
rehabilitation (Nakayama et al., 1994). Reaching is a fundamental element of
many activities of daily living, and in stroke survivors, poor reaching performance is strongly
correlated with UL impairments (Kamper et al., 2002). Various rehabilitation strategies can be
used to improve UL function after stroke (Teasell & Kalra, 2004) and most UL recovery
approaches emphasize the need for repetitive, intensive and task-specific training (Perry, 2004).
Skill acquisition and retention can be facilitated through the application of motor learning
principles (Schmidt & Lee, 2011). Two major types of motor learning mechanisms are explicit
and implicit learning. Explicit motor learning can be defined as learning by extrinsic feedback
(external sources provide feedback during or after a performance) (Johnson et al., 2013). It is a

conscious form of learning, relying on working memory processes. Indeed, through feedback about
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motor performance, the learner becomes aware of the movement rules and the process of learning.
In contrast, implicit motor learning refers to the acquisition of skills by exploration or under trial-
and-error conditions, with little to no working memory involvement or awareness (Kleynen et al.,
2014). Implicit motor learning is suggested to take place more automatically and in a less conscious
manner, as compared to explicit learning. To learn implicitly basically means that the learner is
aware of the process of learning but is not informed of the facts and rules of the motor skill. Studies
show that performance of an implicitly learned task might be more stable under dual-task
conditions (use of two tasks performed simultaneously) and more durable in healthy populations
compared with an explicitly learned task (Kleynen et al., 2017; Orrell et al., 2006).

Error augmentation (EA), is a promising form of feedback that involves physically magnifying the
errors in the participant’s movement during a task (Rozario et al., 2009) or magnifying the visual
representation of movement, for example on a computer screen. Either method will first cause the
movement to deviate from its intended course. Haptic and visual error augmentation increases
movement control, with the participant gradually learning to neutralize the error-driven
disturbance to the motion. In stroke rehabilitation, (Rozario et al., 2009) the current evidence
suggests that augmenting visual error may enhance acquisition of skills and motor learning process
(Yejun, Bajaj, et al., 2005). In the study of Abdollahi et al. (2014) involving 26 stroke participants,
robotic therapy with EA, compared with an equivalent amount of reaching practice without EA,
resulted in significant improvements in UL motor ability through functional tasks (Abdollahi et
al., 2014). In a study conducted by Patton et al. (2006), eighteen post-stroke patients experienced
training forces that either enhanced or reduced their errors in hand movement (haptic EA).

Following this intervention, the EA group showed greater improvement in terms of Fugl-Meyer
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Assessment compared to the control group (Patton et al., 2006). Hence, error augmentation training
may be an effective method to enhance motor recovery.

Additionally, Scheidt and colleagues (Scheidt et al., 2001) demonstrated that there might be a
practical limit to error augmentation. They have found that when force is used to disturb motion,
healthy participants gradually updated their movement based on the latest error they had
experienced. Indeed, there may be an approximate limit to which error could be amplified before
changing from implicit to explicit motor learning. For implicit motor learning practice with EA, it
is essential to know whether the error is affecting kinematic variables of motor performance. Motor
reactions rely on conscious and unconscious learning processes (Kibele, 2006). Consequently,
quality of the movement would be affected by error perception.

Therefore, the goal of the experiment was to measure the practical limits of EA which implicitly
(without the participant’s conscious perception) enhances elbow extension range of motion after
stroke. We hypothesized that: 1) Performing elbow EA task in different conditions is feasible for
healthy individuals and people who have had a stroke. 2) Additionally, there would be a threshold
to the extent of EA that participants are able to detect the presence of EA. 3) And finally, we
hypothesized elbow range of motion would increase with the level of EA, while movement

smoothness, straightness and speed would remain unchanged during the reaching task.

2.3 Method

2.3.1 Population and Recruitment

The target populations included two subject groups: stroke survivors with moderate UL
impairments and healthy adults of a similar age range without UL disabilities. Healthy participants
were recruited from recruitment posters on social media, while poststroke participants were

recruited from the CISSS Laval / Jewish Rehabilitation Hospital (JRH). All participants provided
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informed written consent in accordance with the Center for Interdisciplinary Research in
Rehabilitation (CRIR) ethics committee and were aware that they always had the option of
withdrawing from the study at any time. The study took place at the Jewish Rehabilitation Hospital,

Laval, Canada.

2.3.2 Eligibility for participation

In order to join the study, stroke survivors had to meet the following inclusion criteria: 1) had
ischemic or hemorrhagic stroke; 2) were in the chronic stroke stage (at least 6 months
after stroke onset); 3) were aged between 18-75 years to reduce confounding effects of age-related
changes on smoothness, straightness and speed of hand movement (Yan et al., 1998); 4) were
medically stable and no longer receiving treatment; 5) had at least 30° active elbow movement; 6)
had mild to moderate UL motor deficits (4-6/7 on Chedoke McMaster Hand or Arm Stroke
Assessment) Gowland et al. (1993); 7) were able to understand and sign the consent form. They
were excluded if they had: 1) additional neurological, orthopedic or rheumatoid impairments that
could have an impact on task performance, such as severe sensory impairments (Nottingham
Sensory Assessment, <25, (Lincoln et al., 1998), shoulder pain, muscle atrophy, or contracture; 2)
visual impairment even with the use of contact lenses and glasses that could influence participant’s
ability to perform the task (MVPT-3, <55/145) (Brown et al., 2003); 3) elbow flexor muscle severe
spasticity (Modified Ashworth Scale total arm >3/4) (Dunning, 2011); 4) proprioceptive deficits
in the elbow (Fugl-Meyer UL Proprioception scale, <6/12); 5) aphasia or major cognitive
impairment which could influence the ability to perform the experiment (Mini-Cog, 0-2) (Seitz et

al., 2018).

The inclusion criteria for healthy individuals: 1) were aged between 18-75 years to reduce

confounding effects of age-related changes; 2) were able to understand and sign the consent form.
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Healthy participants were excluded if they had: 1) Upper limb disabilities; 2) major cognitive
impairment, people who had difficulty understanding the experimental tasks (Mini-Cog, 0-2); 3)

visual impairment that could influence participant’s ability to perform the task.

2.3.3 Sample Size

Sample size calculation for this experiment was based on Julious study (Julious, 2005) which
recommends a minimum sample size of 12 per group for feasibility studies. However, the
recruitment process was affected by the outbreak of COVID-19, and we ended up having eight

healthy participants and nine stroke survivors.

2.3.4 Data Collection

Clinical assessments and data collection were completed in a single 120-minute session for stroke
participants (one-hour clinical assessments, one-hour data collection) and one 60-minute session
for healthy individuals. Data collection took place at a research laboratory located at the Jewish
Rehabilitation Hospital in Laval, from August 2021 to March 2022.

After the clinical assessments, all participants performed repetitive trials of a reaching task in a
virtual reality environment. Different levels of error and conditions were randomly added to each
trial, and participants were asked if they felt that EA was present or not after completing each task.

This task is described in more detail in section 5.2.4.

2.3.5 Clinical Assessment

Clinical examinations were performed by researchers and used to verify the participant’s eligibility
for the study. Clinical assessments consisted of measuring range of elbow motion (ROM) by
manual goniometer as well as clinical measurements, specifically: Chedoke-McMaster Stroke

Assessment (Gowland et al., 1993), Motor-Free Visual Perception Test (MVPT) (Brown et al.,
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2003), Nottingham Sensory Assessment (Lincoln et al., 1998), Modified Ashworth Scale
(Dunning, 2011), and Mini-Cog test (Seitz et al., 2018).

The Chedoke-McMaster stroke assessment evaluates the functional ability of the hemiparetic arm.
This test consists of 7 tasks which are scored on a 7-point scale ( 1 to 7, most impairment through
to no impairment, respectively) (Barreca et al., 2004). The MVPT was used to assess visual
perception independent of motor ability. It consists of 65 items, each with 4 multiple response
options. The visual procedural speed is also calculated by averaging the time spent on each
question. This test has excellent test-test reliability (r = 0.92) (Brown et al., 2003). The Nottingham
Sensory Assessment assesses tactile sensation, movement position, direction, and joint position.
Items are scored on a 3-point scale for each join (from 0 = no proprioception and sensation to 2 =
normal proprioception and sensation) (Lincoln et al., 1998). The Modified Ashworth Scale is used
to measure muscle tone. This test is scored on a 6-point scale (from 0 = no increase in muscle tone
to 4 = limb rigid in flexion and extension, including 1+ = slight increase in muscle tone). This test
yielded reliable measurements in poststroke population (Gregson et al., 1999). Finally, the Mini-
Cog test assesses cognitive and memory impairments, language comprehension, and visual-motor
skills. The Mini-Cog has a sensitivity ranging from 76-99%, and specificity ranging from 89-93%
with a 95% confidence interval (Borson et al., 2000). A score of 0-2 on this test indicates positive

cognitive impairment and a score of 3-5 indicates negative cognitive impairment.

2.3.6 Experimental setup

Participants sat comfortably in an armless chair in front of a projection screen with their feet resting
flat on the floor (Figure 1). Trunk flexion and rotation movements were restricted by wrapping a
harness around the chair, the non-tested arm rested comfortably on the lap, and the tested forearm

was connected to a mobile arm support device by a Velcro strap. This device supported the arm
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against gravity while allowing participants to perform planar reaching movements of the arm,

using their elbow and shoulder (Figures 2 and 3).

Figure 1. lllustration of physical set-up of the experiment
An armless chair was placed in front of the projection screen. Participants sat comfortably with feet flat on
the floor and hips and knees at 90°. Trunk movements were restricted by a harness, and the testing elbow

was attached to an arm support device by a Velcro strap.

The height of the arm support device could be adjusted and was placed at the elbow level so that
participants could move their arms in the horizontal plane. Participants also wore “anti-down”
glasses, which prevented them from looking down to see their own arm. Anti-down glasses not
only helped participants to concentrate on the screen while performing hand movements, but they
also minimized the risk of bias by preventing a mismatch between the position of the real arm and
the arm avatar displayed on the screen (Figure 4). Additionally, the room was darkened by turning

off all lights in the physical environment to optimize viewing of the screen.
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Figure 2. Participant’s arm on arm support device

The arm support device was designed to restrain vertical arm movements while allowing horizontal

movements.

Figure 4. Anti-down glasses

Anti-down glasses used to avoid
mismatch between seeing the position
of the arm in one place and feeling it in
another place

l_ ——

Figure 3. Top-down view of
Arm Support Device
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2.3.7 Motion Tracking

The three-dimensional arm position and orientation was recorded using an Optotrak Certus motion
capture system (NDI, Canada). The Optotrak system tracked shoulder, elbow, and hand
movements in different positions using two cameras; one camera was placed horizontally on the
top of the projection screen and the other one was positioned vertically about 2-3 meters away
from the chair (the vertical camera was positioned according to the participant’s tested arm).

For motion recording with the Optotrak system, 15 infrared emitting markers (three rigid bodies
and six individual markers) were placed on specific body landmarks, as follows. The rigid bodies
were attached to the hand (three markers), forearm (three markers), arm (three markers), and six
individual markers were placed on the anterior aspect of glenohumeral joints of the right and left
arm, manubrium sternum, lateral side of elbow (lateral epicondyle), styloid process of the ulna,
and the dorsal section of distal phalange of the middle finger. Data from the rigid bodies were used
to calculate arm joint angles in order to provide a desired configuration of the avatar motion (Figure

5).
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NDI Strober

Figure 5. Placement of the markers on the reaching arm

Three rigid bodies (black triangles) were placed on the hand (three markers, 7,8,9), forearm (three markers,
4,5,6), upper arm (three markers, 1,2,3). Six individual markers (red dots) were placed on the anterior
aspects of the glenohumeral joints (ipsilateral and contralateral; 10, 12), manubrium sternum (11), lateral
side of elbow (13), styloid process of the ulna (14), and the dorsal section of distal phalange of the middle
finger (15).

There were three calibration procedures for setting the position of the arm avatar in the virtual
environment, the task workspace, and movement onset. Calibration for setting the position of the
virtual reality environment was first performed by asking the participant to straighten the tested
arm to 90 degrees of shoulder flexion. Consequently, limb lengths were measured and input into
the system. In the second calibration operation, participants were asked to move their arm in large
circles, while resting on the mobile armrest, to determine the task domain or workspace area. In
the third calibration process, participants were instructed to set their starting position by moving

their hand in front of their chest, about five centimetres away from the xiphoid process.
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2.3.8 EA procedure

To display the hand position on the screen, the Optotrak camera was used to measure the position
of the shoulder, elbow, and wrist. A custom-written computer algorithm read these data in real-
time and calculated shoulder and elbow angles, which were then applied to the arm avatar
appearing on the screen by forward kinematics. Forward kinematics uses specific equations to
compute the end position of the hand, given the limb lengths and joint angles. The representation
of the elbow on the screen could be manipulated by subtracting a fixed number of degrees from
the measured elbow extension angle. As a result, the participant’s arm avatar moved their elbow
less than in reality. Thus, when EA was turned on, the participant needed to produce more elbow

extension in order to obtain the same hand trajectory on the screen, as without EA.

2.3.9 Experimental Procedure
The arm of the participant was represented in real-time by an avatar in the virtual environment,

while they engaged in a simple pick-and-place game (Figure 6).

Figure 6. Display of the participant's arm avatar during reaching movements
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In this task, participants were asked to place the hand on the initial target, displayed on the screen
(movement onset). At that time, a second target appeared, and the participant had to reach for it
and stop the motion (movement offset). The reaching task designed here required a combination
of shoulder and elbow motion. EA could increase the active range of motion (AROM) in the
shoulder and the elbow by increasing the error into the actual motion. The increase in elbow ROM
could be helpful in preparation for later functional reaching activities in rehabilitation.

At the start of the session, participants took part in a series of practice trials, during which they
were asked to perform reaching movements without, and then with EA to each target, to develop
a basic understanding of the task. Specifically, they were instructed to move their arm and reach
the target on the screen and practice nine EA and nine non-EA trials in different directions. An EA
level of 30° was used, and participants were asked to notice the difference between EA and non-
EA. The habituation block was repeated if participants needed more practice.

Following the practice trials, participants performed a total of 180 trials (~40 minutes), where
target location and EA level were randomized. This included 120 reaches with 4 different EA
levels in 7.5° increments (i.e., 7.5, 15, 22.5, and 30°) and with 3 target directions: midline,
contralateral and ipsilateral. The remaining trials (60/180 or 33%) were performed to the same
targets and without EA. The order in the level of EA (from 0 to maximum) and in target location

was randomly selected to avoid any anticipation of the EA condition by participants.
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EA conditions Ipsilateral Midline  Contralateral

With EA 7.5° 10 10 10
15° 10 10 10
22.5° 10 10 10
30° 10 10 10
Without EA  0° 20 20 20

Table 1. Number of trials per condition

To control for distance, targets were placed at 90% of the participant’s calibrated reaching distance
in each direction. The velocity of the movement was also controlled by asking participants to
‘move at a comfortable speed’. To avoid fatigue, participants were able to rest between trials, as
needed.

The EA levels used in our study (7.5° to 30°) were determined through pilot testing. Specifically,
we constructed a profile based on the average reports of 5 healthy individuals. We set different EA
values (more than 50 trials) and asked participants if they felt its effect or not. Then, we measured
the maximal EA value for the experiment, based on the minimal EA level detected by all
participants in more than 80% of trials. These measurements were used to determine four EA

levels, from 7.5° to maximal value.

2.4 Data analysis

2.4.1 Outcome measures
In this thesis, we attempted to determine whether the reaching task under different EA conditions

could be performed within two hours without causing any adverse effects on the participants and
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to detect the highest EA level in more than 50% of trials. The feasibility assessment considered

the percentage of participants with different age, sex, stroke type, side of lesion, score in spasticity

and hand dominance, who could successfully perform and complete the task and detect EA, with

different EA values and directions.

Feasibility = Measurement Criteria for success
Indicators
Age | Interview No effect on outcomes
Sex | Interview No effect on outcomes
Stroke type | Interview No effect on outcomes
Side of lesion | Interview No effect on outcomes
Hand | Interview No effect on outcomes
dominance
Spasticity | Modified Ashworth Scale Scores > %, participants can
complete the task
Arm paresis Chedoke McMaster Stroke Assessment Scores between 4 to 7,
participants can complete the task
EA levels | Reaching the final target in at least 50% of  Participant is able to perform the
trials in different EA levels task in different EA levels
Target Reaching the final target in at least 50% of  Participant is able to perform the
directions | trials in different directions task in different directions
EA detection | Ask participants if EA was present or not Participant is able to detect the

Length of the
intervention
Adverse
effects during
assessment
Adverse
effects during
intervention

Time to perform the assessment and 180
trails

Participant or assessor’s report

Participant or assessor’s report

Table 2. Feasibility indicators

The feasibility of the study was assessed using indicators for recruitment, procedure, and outcome.

presence of 30° EA in more than
50% of trials
Participants complete task in < 2h

No major injuries or adverse
events

No major injuries or adverse
events
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The main outcome for the second objective was the participant’s awareness of different values of
EA. Accordingly, we asked participants, after each trial, to tell us if they had perceived that EA
was present or not; then we calculated the percentage of successful EA detection for each trial
condition (each direction and EA level). To quantify the perception of EA, we calculated the 50%
detection threshold. This was performed by first plotting the probability of detection (Y axis)
against EA level (X-axis). We expected that the EA detection rate would follow a sigmoid
function. Therefore, for each participant and target direction, we used appropriate regression
methods to fit a sigmoid function (Psychometric curve, Fig 7) to the measured error detection rate
and then determined the EA angle at which 50% of errors were detected.

To analyze the arm movements, 2D hand position data in the X-Y plane were used to derive several
kinematic variables. Position data were first filtered using a Butterworth, low-pass 2" order filter
(6 Hz cutoff). We then computed the hand speed with the use of hand marker, which was calculated
as the center of 3 markers, 6, 7, and 8. Movement onset was defined as the time at which the speed
of the hand marker exceeded and remained above 10% of its peak velocity for at least 20
milliseconds for participants with stroke or 5% of the peak velocity for at least 20 milliseconds for
healthy participants. Movement offset was defined as the time at which the actual speed of the
hand marker fell and remained below 10% of the peak velocity for at least 20 milliseconds for
stroke participants or 5% of the peak velocity for at least 20 milliseconds for healthy participants.
The following kinematic variables were then computed, using a custom MATLAB script: 1. Elbow
range of motion (elbow ROM); 2. Average speed; 3. Movement straightness; and 4. Smoothness.
Elbow ROM was calculated as the difference in elbow angles between movement onset and offset.

Speed was the average speed between movement onset and offset. Straightness of hand trajectory
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was computed as the ratio of the length of the straight line over the actual length of the reaching
path between onset and offset positions, and smoothness was the calculation of the number of

velocity peaks during the reaching movement.

2.4.2 Statistical analysis

The primary outcome measure was the comparison of the 50% EA detection threshold across both
groups and movement directions. To that end, we conducted a repeated measures analysis of
variance (ANOVA) with one within-subjects factor (target direction: ipsilateral, midline or
contralateral) and one between-subjects factor (group: stroke or healthy).

The performance and movement quality variables of the healthy and stroke groups in different
conditions were also compared using repeated-measures ANOVA with two within-subjects factors
(target direction: ipsilateral, midline or contralateral; and EA level: 0, 7.5°, 15°, 22.5° or 30°) and
one between-subjects factor (group: stroke or healthy). Then, partwise differences corrected using
Bonferroni method. To verify normality assumptions and identify potential outliers, distributions
were examined, and homogeneity of variance assumptions was assessed with Levene's test.
Aditionally, partial eta squared were used to estimate the effect sizes of different comparisons in

the ANOVA models.

2.5 Results

2.5.1 Feasibility Indicators
Participant characteristics:
A total of 17 participants performed the reaching tasks (healthy group=8, poststroke group=9).

Mean +/- SD age was 53.8 +/- 13.84 years. The groups were not significantly different in terms of
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characteristics are summarized in Tables 3 (poststroke) and 4 (healthy).

Age (yrs.) Mean 61.6
Median 65
Range 42-75
Gender Male 8
Female 1
Handedness Right 8
Left 1
Stroke type Ischemic 7
Hemorrhagic 2
Side of lesion Right 6
Left 3
MAS scale (/4) Mean 1
Median 1
Range 0-1+
Chedoke McMaster Mean 5.5
Stroke Assessment Median 5
(/49) Range 3-7
Elbow ROM Mean 128°
Median 140°
Range 50°-150°
MiniCOG (/5) Mean 4
Median 4
Range 3-5

age (t =-1.09, p=0.14), handedness (y- =0.007, p=0.92), or sex (x* =3.08, p=0.07). Participant

Table 3. Demographic variables and clinical assessments
Summarizes the demographic characteristics and clinical assessments of the 9 poststroke participants.

Participants were between 42 to 75 years of age.
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Age (yrs.) Mean 54.7

Median 52

Range 40 - 68
Gender Male 4

Female 4
Handedness Right 7

Left 1
MiniCOG (/5) Mean 4.5

Median 5

Range 3-5

Table 4. Demographic variables

Summarizes the demographic characteristics of the 8 healthy participants who completed the task (180

trials). Participants were between 40 to 68 years of age.

Analysis showed that all healthy participants with different age, gender, and hand dominance were
able to complete the 180 trials in different EA conditions (EA levels and directions) in less than
two hours and detect the presence of errors at the EA level of 30° in more than 50% of trials. The
poststroke individuals participating in our study were considered well-recovered with high scores
in motor (mean Chedoke McMaster Stroke Assessment =5.5), muscle tone (mean MAS scale=1),
and sensory assessments (sensation was intact for all participants except one). All poststroke
participants were in the chronic stroke stage and among them, eight people of different ages,
genders, stroke types, sides of lesion, elbow ROM, and functional abilities were able to complete
the 180 trials in less than two hours and detect the presence of error during movements at an EA
level of 30° in at least 50% of the trials. Due to a low cognitive score (Mini-Cog score of 3 out of
5), one participant in the poststroke group could not understand the difference between trials with
and without EA and detect the error in trials. Consequently, this participant’s data were excluded

from further analyses.
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2.5.2 Error Detection Threshold

The second objective of this study was to identify the practical limits of EA, that implicitly enhance
elbow extension range of motion. It was considered that there would be a threshold to the level of
EA, beyond which participants would be aware of the presence of EA in 50% of trials (2"
hypothesis). For the measure of mean error detection, psychometric curves were used to determine
the 50% detection threshold in different conditions. Figure 7 displays the psychometric curves and
the computed detection thresholds, obtained for one stroke and one healthy participant, for each of
the three movement directions.

Stroke participant
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Figure 7. Psychometric curves
Psychometric curves were used to determine the 50% detection threshold in three conditions (ipsilateral,

midline, contralateral), and two groups (stroke and healthy).
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2.5.3 Mean Error Detection Rate

Figure 8 shows the results of mean EA detection rates for both groups of participants under all
movement conditions (5 EA levels and 3 target directions). As can be seen, both groups s displayed
a similar EA detection pattern for movements in all three directions, and EA detection rate

increased with the level of EA.
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Figure 8. Mean EA detection rate
Graphs show mean detection rate by practice groups for each EA level and direction. Error bars are 95%

confidence intervals of the mean.

The detection rates at EA levels of 22.5° and 30° were higher than the odds due to chance (i.e.,
50%) for both groups, except for the stroke group at 22.5° in the ipsilateral direction where the
rate was 48.8%. Conversely, the rate of EA detection at EA levels of 15° or less for both groups
was less than 50%.

Figure 9 displays the mean 50% EA detection threshold for both healthy and stroke groups for all
three target directions. Mean 50% detection threshold varied between 14.7° (SD=5.1) to 20.2°

(SD=4.9) for both groups for targets in all directions.
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Figure 9. 50% detection threshold
50% detection threshold was calculated for both groups and three directions. Error bars are 95% confidence

intervals of the mean.

Analysis was conducted to compare the 50% detection threshold between the three directions and
two groups. Repeated ANOVA showed that there were no significant differences between healthy
and poststroke groups in terms of the 50% detection threshold (F=1.22, p=0.29, df=1). There were
also no statistically significant differences between the three directions (F=1.22, p=0.48, df=2).
Finally, there was no group * direction interaction in EA detection (F=0.4, p=0.67, df=2).
Considering that there were no meaningful differences in detecting the presence of error by each
group and across all movement directions, we can say that the 50% error detection threshold was

equivalent to the overall mean, e.g., at 16.6° of EA.

2.5.4 Reaching Performance
Figure 10 shows typical hand mean trajectories of a healthy and a poststroke participant in three

different directions and three EA conditions. Average trajectories are shown by lines in different
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colors. The error ellipses around the mean trajectories of no-EA configuration are shown for

clarity.

EA Level

I none
757
I 15
. 2257
I 30

Healthy participant Poststroke participant

Figure 10. Movement Trajectories

Typical hand trajectories for one healthy and one poststroke participant, for each of the three directions
and five EA conditions. Lines indicate the average trajectories. The ellipse indicates the error and, for

clarity, is added to the 'no EA’ condition only. Errors for other EA conditions were similar.

We analyzed changes in straightness, smoothness, speed, and elobow ROM of hand movement
(Figure 11) to understand kinematic variable changes in the context of error augmentation. We
expected that as error increased, kinematic variables would stay stable. Although there were no
significant differences between groups in different EA conditions, there was a significant change

in all kinematic variables above the EA detection threshold. To analyze these kinematic data, we
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performed a repeated analysis ANOVA with two within-subject factors (EA levels and target

directions) and one between-subject factor (group).

Group Effect EA Level Effect Direction Effect EA Level * Direction
Effect
Variables F Sig. 2 F Sig. 2 EA F Sig. 7 F Sig. 7 EA

Straightness 0 1.00 0O 1045 <0.0 043 30°  6.71 0.004 032 215 0.04 0.13

01
Smoothness 0.78 0.37 0.06 2224 <0.0 0.61 15°  0.65 0.53 0.04 115 0.34 0.08
01
Speed 3.05 010 018 427 0.004 0.23 30° 3432 <000 071 185 0.07 0.12
1
Elbow 3.01 0.10 0.17 3229 <0.0 0.70 75° 2.19 0.13 014 1.64 0.12 0.13
ROM 01

Table 5. Summary of Group, EA Level, Direction and interaction effects for kinematic outcomes

The table shows the F value (F)m the significance (Sig.) and partial eta squared (7?) for each main effect
and for EA Level * Direction interaction. EA indicates the lowest level of EA at which the kinematic

variable is different than at baseline (no EA), computed through pairwise comparisons.

Table 5 summarizes the ANOVA results for the kinematic data of interest, for group effect, EA
Level effect, direction effect, and EA level * direction interaction. Data analysis revealed that there
were no group differences in any of the movement variables. The EA level effect was always
significant for all four variables. Pairwise comparisons were analyzed to examine differences
between each EA level and baseline (no EA). Clearly, the changes in the kinematic variables
appeared at detectable EA domains (EA > 15°), except for elbow ROM, where differences were

significant starting at 7.5° of EA.
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Target direction had a significant effect on straightness and speed, but not on the smoothness and
elbow ROM. Smoothness did not vary with different movement directions, despite there being a
strong association between movement straightness and direction. In addition, straightness was the
only movement variable with a significant EA level * direction interaction, meaning that either
reaching a target in different EA levels or directions affected the movement straightness.
Particularly, straightness was only significantly different than the baseline in 30° of EA and
ipsilateral direction. Pairwise comparisons indicated that there is a strong association between all

described movement variables and EA levels greater than 30°.
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Figure 11. Movement variables
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Movement variables were compared between 2 groups and 3 directions to analyze the effect of EA on

performance. There were no significant differences between groups in different EA conditions, however,

there was a change in movement variables as EA levels increased. Error bars are 95% confidence intervals

of the mean.
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2.6 Discussion

2.6.1 Feasibility of study

The objectives of this study were to assess the feasibility of an elbow EA task in stroke and healthy
participants and to assess these participants’ awareness of the presence of a movement error. Based
on the evaluation of the feasibility criteria (table 2), it can be concluded that healthy individuals
with different sociodemographic characteristics were able to complete the EA task under all
defined conditions. Specifically, all eight healthy participants with different age, gender,
handedness, and MiniCOG score were able to complete 180 trials in less than 2 hours and detected
the presence of error at 30° of EA in more than 50% of trials.

Additionally, our sample included a total of nine poststroke participants. Among them one
individual with minor UL motor deficits (MAS=1+, CMSA=3) and eight well-recovered (mean
MAS=1, mean CMSA=6, mean elbow ROM=116.3°) poststroke participants. Only one of our
stroke participants, with a low cognitive score (3/5 MiniCog) and restricted ROM (40° elbow
extension), was unable to perform the task (e.g., unable to reliably differentiate between the error
and the no error conditions during the practice of the EA task). Other eight poststroke participants
with different age, gender, stroke type, and side of lesion were able to successfully complete all
180 trials, with no report of minor or major side effects such as elbow pain. The presence of error
was detectable by these eight stroke participants in more than 50% of trials when EA level was at
30°, and in all three movement directions.

A 50% detection threshold was calculated for all 16 participants who completed the experiment
and in all target conditions. Moreover, significant changes in the observed kinematic variables

occurred in the detectable EA levels, and there was no difference in smoothness, straightness, and
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speed of hand movement below the EA detection threshold. Thus, it can be said that this study was

feasible in terms of recruitment, EA implementation, and outcomes.

2.6.2 Practical Limit of Error Augmentation

In both groups, the rates of EA detection increased with the increase in EA level. In addition,
neither group showed significant changes in EA detection threshold for different target directions.
These results support the idea that there is a specific limit of error which is detectable for all
movement directions. Specifically, the mean EA detection threshold was estimated at 15.6° +/- 5.5
for poststroke participants and 17.6° +/- 5.3 for healthy participants. As ANOVA did not reveal
any significant group effects, then it can be said that the overall mean EA detection was 16.6° +/-
5.2 for both groups. This estimated detection threshold is only applicable to our small sample of
well-recovered participants in the chronic stage of stroke. However, that sample included ischemic,
hemorrhagic, right, and left-sided lesions.

According to the change in movement kinematic variables, it seems that the movement was
modified without conscious perception. Considering the idea that poststroke rehabilitation
practices can benefit from implicit motor learning paradigms, implementing error which takes
place without participants' awareness at specific EA levels can be useful for improving UL

rehabilitation for this group of patients.

2.6.3 Relationship between Error Detection and Implicit Motor Learning

The poststroke individuals participating in our study were considered well-recovered with close to
normal scores in their motor and sensory assessments. However, they still had mild motor deficits,
in comparison with their unaffected side or with healthy participants. Past research has indicated

that the capacity for implicit motor learning could be affected for movements with the paretic arm
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in people with cerebellar lesion (Gomez-Beldarrain et al., 1998; Kal et al., 2016b). Additionally,
the motor network of individuals with chronic subcortical stroke is also less engaged than that of
healthy individuals (Wadden et al., 2015). In other words, there might be a difference between
healthy individuals and those with even sub-cortical stroke lesions in their implicit motor learning
capabilities. However, in our study, there were no significant differences between poststroke and
healthy participants in EA detection threshold nor in the movement quality variables. This may
contradict what has been previously proposed in the literature, as the capacity for implicit motor
learning was similar in both of our groups. This discrepancy may be due to the fact that our sample
was composed of mostly mild poststroke cases. In fact, the absence of implicit motor learning
could depend on the stage of motor recovery (Pohl et al., 2001) and 8/9 of participants in our study
were in the chronic stroke stage and close to completely recovered.

There is evidence that deficits in proprioception can affect motor learning (Aman et al., 2014).
Thus, there might be a probability of failure in EA detection due to somatosensory deficits, causing
proprioception disorders (Hazelton et al., 2022). However, assessment results in our study
(Nottingham test) showed that our stroke participants had intact proprioception and sensation,
except for one (elbow score = 1/2), This might provide another explanation for why there were no
statistically significant differences between the two groups in terms of EA detection threshold.

In our study, we argued that the EA detection threshold represents the transition between implicit
to explicit motor learning, as this represents the minimal level of error that participants begin to
consciously perceive. This argument seems to be aligned with our findings, as a detection threshold
could be calculated in all participants and for all movement directions, and the kinematic measures

started to change when actual EA neared the detection threshold.
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2.6.4 Relationship between Error Detection and Kinematic Measures

Reaching movement time was not affected by group (poststroke or healthy) or movement
direction. In addition, there were no differences in straightness or smoothness of hand movement
between groups or target directions. Our hypothesis was that with the increase in EA, elbow range
of motion would increase, while smoothness, straightness, and speed of hand movement would
remain unchanged. We found partial support for this hypothesis as we discovered that the elbow
ROM did indeed increase with the increase in EA level and significant changes in kinematic

variables occurred after reaching targets with EA greater than 15°.

2.6.5 Relationship between Kinematic Measures and Implicit Motor Learning

One of the most important findings in this experiment was the evidence of the relationship between
kinematic variables and implicit motor learning through the changes in EA level. Our results
indicate a significant increase in movement speed, straightness, and smoothness as EA level was
above the detectable EA threshold. This means that significant changes took place when
participants detected the presence of error. The reaching performance at these EA levels happened
explicitly and with conscious perception. Interestingly, our results are compatible with results from
previous studies on the effects of implicit and explicit motor learning on movement kinematics.
According to these studies, the change from implicit to explicit conditions seems to affect

movement quality performance (Wang et al., 2019).

2.6.6 Sample Size

To better understand the effect of small sample size in this study, we performed a new analysis to
calculate the effect size of EA level, direction, group, and EA level* direction, using partial eta

squared (Table 5). Based on Cohen's benchmarks (2013), effect sizes can be defined as small (n2
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=0.01), medium (n2 = 0.06), and large (n2 = 0.14) while using eta squared. A large effect size
indicates a more meaningfull and practical result. When the effect size of an intervention is large,
it is possible to detect this effect in a small sample size, while smaller effect size would require a
larger sample size (Sullivan & Feinn, 2012). As a result of the large effect sizes in most of
movement variables (Table 5), we decided to stop recruiting more participants before we reached

our goal of 12 participants per group.

2.6.7 Study Limitations

Although the findings of this study were consistent across the two healthy and poststroke groups,
some important limitations should be considered. First, we were only able to recruit a low number
of participants with a total of nine poststroke and eight healthy individuals who completed the
experiment. This can be considered sufficient for ensuring the feasibility objective (El-Kotob &
Giangregorio, 2018). However, our sample only included one stroke participant with moderate
motor impairments and one with some sensory limitations. Based on the impact of recovery levels
on implicit motor learning, it is possible that EA detection threshold could differ for individuals
with moderate arm impairment following stroke. Thus we cannot determine if the results of our
EA analyses would also apply to individuals with moderate motor or sensory deficits. Second,
participants in this study were specifically asked to focus on the presence of EA. The actual
threshold could be higher when participants are unaware of the mechanism of EA, nor were made
aware of the fact that EA might be present.

Finally, trial-to-trial changes of EA could have worked as a cue for EA presence and prevented
participants from becoming accustomed to EA. Consiering the significant effect of repition on
memory performance, the detection result might differ if we had a different EA implementation

strategy, such as slowly increasing EA over many trials (Barber et al., 2008; Zhan et al., 2018).
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2.7 Conclusion

In this study, we provided initial evidence on the feasibility of a reaching task with different EA
levels in three directions. Both groups successfully performed the reaching task in different
conditions and were able to detect the presence of EA affecting their elbow movements, over 14.7°
to 20.1° (mean = 16.6°), in more than 50% of trials. It should be mentioned that there were no
between-group differences in terms of EA detection. In addition, this study gave us a better
understanding of the relationship between EA detection and implicit motor learning. It seems that
augmenting elbow error by less than 16° was not detectable by all participants, meaning that the
learning when using such levels of error may be happening implicitly and without conscious
perception. Kinematic variables provide more support to this notion as they began to change when
EA exceeded the detection threshold. Our results support the implementation of EA in poststroke
rehabilitative tasks to improve arm abilities. Having a practical limit of EA can be useful in
designing virtual reality tasks and environments with EA, to optimize upper limb functional

recovery while maintaining conditions for implicit motor learning to occur.

65



CHAPTER 3: Discussion and Conclusion

3.1 Thesis Findings and Discussion

The overall objectives of this study were to assess the feasibility of conducting EA detection
experiment in different conditions and to investigate the error detection threshold during a reaching
task in a poststroke population. Except for one poststroke participant with a low cognitive score
(3/5 MiniCog) and restricted ROM (40° Elbow extension), all the other 16 healthy and poststroke
participants with different age, gender, handedness, and cognitive score were able to complete the
180 trials in less than two hours and detected the presence of error in more than 50% of trials when
the EA level was at 30°. To this should be added that poststroke participants had different stroke
type, side of lesion, elobow ROM, MAS, and CMSA scores. The mean 50% detection threshold
was between 14.7° to 20.2° (overall mean = 16.6°) for both the stroke and healthy groups and for
all three movement directions (ipsilateral, midline, contralateral). Additionally, there were no
between-group differences for either the EA detection rate or for any of the observed kinematic
variables (smoothness, straightness, speed, elbow ROM of hand movement). We found, moreover,
that there was no effect of movement direction on EA detection threshold, smoothness, and elbow
ROM. Speed and straightness were the only measured kinematic variable affected by movement
direction. For example, when reaching to the contralateral target, both groups performed faster
than for the midline and ipsilateral directions.

Each of the four kinematic variables attempted to assess the quality of movement during the task
performance at different EA levels. Interestingly, there was a significant change in all kinematic

measures when elbow EA level neared its detectable range. This result provided the basis for a
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link between implicit learning and the EA detection threshold since participants were able to detect
the error when there was a change in their reaching motion.

We believe that trials with error above the EA detection threshold were mostly performed
explicitly and with conscious awareness, whereas trials, where EA was below the detection
threshold, were performed without implicit knowledge of the error. This may explain why, at error
levels of 22.5° and 30°, the movement was less precise and straight than for EA levels below the
detection threshold.

Age, sex, or cognitive scores did not differ significantly between two groups, and that might
explain the homogeneity of the results across groups. With regard to individual differences in arm
movement kinematics, we might have obtained different results with a larger sample, that had
included poststroke participants with more moderate functional impairments (Collins et al., 2018).
Altogether, this thesis has generated important results regarding the relationship between level of
EA and implicit motor learning. Providing error augmented intervention may allow functional
enhancements based on implicit or explicit motor learning in poststroke population. Our approach
revealed that error distributions could be unique for each poststroke participant according to their
motor learning capabilities. Customization of EA paradigm according to each patient’s actual EA
detection threshold could be useful in designing arm retraining protocols based on the level of
impairments. This way, the detection threshold can be assessed through some practical trials and
integrated into designed tasks to implicitly improve UL rehabilitation. Association between
specific levels of EA and implicit learning establishes possibilities for new training environments
using EA to enhance UL rehabilitation through implicit motor learning. However, further evidence
would be required to verify the effectiveness of implicitly implementing EA in order to improve

UL recovery. Such work is currently underway at the Jewish Rehabilitation Hospital (Laval,
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Canada). This experiment involves practicing the reaching task in a virtual environment with 30°
of error and measuring the participants’ performance after the experiment to develop a personalized

training program using EA conditions (Rajda et al., 2022).

3.1.1 Directions for future studies

A better understanding of EA perception threshold may open various related research areas in the
future. The results presented in this thesis suggest new questions including 1. To what extent does
implicitly implemented EA contributes to motor recovery? 2. In terms of EA perception, would
more severe poststroke patients display similar results as that observed in our study? 3. And finally,
does the EA detection procedure itself has any lasting effects on the rehabilitation of arm
movements?

As the number of participants in this study was limited, the next step would be to run a clinical
trial (RCT) with a higher number of mild to moderate poststroke participants, to investigate the
effectiveness of using EA below the detection threshold, for UL rehabilitation. Such a study EA
can implicitly be implemented in a reaching task. Then, participants' functional recovery can be
compared to the control group who practiced the same task in no EA condition. In this way, we
can verify the effectiveness of practicing with EA in implicit conditions. Additionally, it would be
important to consider the effects of the EA protocol on arm functional recovery after the
intervention and at follow-up (three or six months). Answers to these questions would increase our
understanding of the association between error augmentation and motor learning in stroke UL
rehabilitation.

The information collected about the EA detection threshold in this study can be used to inform

future research. For example, a new training environment can be created to improve UL

68



rehabilitation through implicit or explicit motor learning, by modifying the EA level according to

the patient’s EA detection rate.

3.2 Conclusion

In this thesis, we presented brief results of an EA detection experiment. The first aim was the
feasibility of implementing EA in various conditions into the reaching task. Secondly, we were
looking to measure the EA detection threshold and the effect of different EA conditions on
movement performance. Results indicated an association between EA detection threshold and
implicit motor learning. This might provide new interventions to implicitly improve reaching
performance in poststroke population through the use of virtual reality platforms that implement
some form of EA. However, we must wait for the results of ongoing studies before we can validate

such ideas.

69



References

Abdollahi, F., Case Lazarro, E. D., Listenberger, M., Kenyon, R. V., Kovic, M., Bogey, R. A,
Hedeker, D., Jovanovic, B. D., & Patton, J. L. (2014). Error augmentation enhancing arm
recovery in individuals with chronic stroke: a randomized crossover design. Neurorehabil
Neural Repair, 28(2), 120-128. https://doi.org/10.1177/1545968313498649

Abdollahi, F., Rozario, S. V., Kenyon, R. V., Patton, J. L., Case, E., Kovic, M., & Listenberger,
M. (2011, 29 June-1 July 2011). Arm control recovery enhanced by error augmentation.

2011 IEEE International Conference on Rehabilitation Robotics,

Adamovich, S. V., Archambault, P. S., Ghafouri, M., Levin, M. F., Poizner, H., & Feldman, A. G.
(2001). Hand trajectory invariance in reaching movements involving the trunk. Exp Brain
Res, 138(3), 288-303. https://doi.org/10.1007/s002210100694

Adamovich, S. V., Fluet, G. G., Tunik, E., & Merians, A. S. (2009). Sensorimotor training in
virtual reality: A review. NeuroRehabilitation, 25, 29-44. https://doi.org/10.3233/NRE-
2009-0497

Aman, J. E., Elangovan, N., Yeh, I. L., & Konczak, J. (2014). The effectiveness of proprioceptive

training for improving motor function: a systematic review. Front Hum Neurosci, 8, 1075.
https://doi.org/10.3389/fnhum.2014.01075
Archambault, P., Pigeon, P., Feldman, A. G., & Levin, M. F. (1999). Recruitment and sequencing

of different degrees of freedom during pointing movements involving the trunk in healthy
and hemiparetic subjects. Exp Brain Res, 126(1), 55-67.
https://doi.org/10.1007/s002210050716

Barber, S. J., Rajaram, S., & Marsh, E. J. (2008). Fact learning: how information accuracy, delay,

and repeated testing change retention and retrieval experience. Memory (Hove, England),
16(8), 934-946. https://doi.org/10.1080/09658210802360603

Barreca, S., Gowland, C. K., Stratford, P., Huijbregts, M., Griffiths, J., Torresin, W., Dunkley, M.,
Miller, P., & Masters, L. (2004). Development of the Chedoke Arm and Hand Activity
Inventory: theoretical constructs, item generation, and selection. Top Stroke Rehabil, 11(4),
31-42. https://doi.org/10.1310/ju8p-uvk6-68vw-cf3w

70


https://doi.org/10.1177/1545968313498649
https://doi.org/10.1007/s002210100694
https://doi.org/10.3233/NRE-2009-0497
https://doi.org/10.3233/NRE-2009-0497
https://doi.org/10.3389/fnhum.2014.01075
https://doi.org/10.1007/s002210050716
https://doi.org/10.1080/09658210802360603
https://doi.org/10.1310/ju8p-uvk6-68vw-cf3w

Barreca, S., Wolf, S. L., Fasoli, S., & Bohannon, R. (2003). Treatment Interventions for the Paretic
Upper Limb of Stroke Survivors: A Critical Review. Neurorehabilitation and Neural
Repair, 17(4), 220-226. https://doi.org/10.1177/0888439003259415

Bertani, R., Melegari, C., De Cola, M. C., Bramanti, A., Bramanti, P., & Calabro, R. S. (2017).

Effects of robot-assisted upper limb rehabilitation in stroke patients: a systematic review

with meta-analysis. Neurological Sciences, 38(9), 1561-1569.
https://doi.org/10.1007/s10072-017-2995-5

Boian, R., Sharma, A., Han, C., Merians, A., Burdea, G., Adamovich, S., Recce, M., Tremaine,
M., & Poizner, H. (2002). Virtual reality-based post-stroke hand rehabilitation. Studies in

Health Technology and Informatics, 85, 64-70.

Borson, S., Scanlan, J., Brush, M., Vitaliano, P., & Dokmak, A. (2000). The mini-cog: a cognitive
'vital signs' measure for dementia screening in multi-lingual elderly. Int J Geriatr
Psychiatry, 15(11), 1021-1027. https://doi.org/10.1002/1099-
1166(200011)15:11<1021::aid-gps234>3.0.co;2-6

Brewer, B. R., Fagan, M., Klatzky, R. L., & Matsuoka, Y. (2005). Perceptual limits for a robotic
rehabilitation environment using visual feedback distortion. IEEE Transactions on Neural

Systems and Rehabilitation Engineering, 13(1), 1-11.
https://doi.org/10.1109/TNSRE.2005.843443

Brewer, B. R., Klatzky, R., & Matsuoka, Y. (2006, 29-30 Aug. 2006). Initial Therapeutic Results
of Visual Feedback Manipulation in Robotic Rehabilitation. 2006 International Workshop

on Virtual Rehabilitation,

Brown, G. T., Rodger, S., & Davis, A. (2003). Motor-Free Visual Perception Test — Revised: An
Overview and Critique. British Journal of Occupational Therapy, 66(4), 159-167.
https://doi.org/10.1177/030802260306600405

Burgar, C. G., Lum, P. S., Shor, P. C., & Machiel Van der Loos, H. F. (2000). Development of
robots for rehabilitation therapy: the Palo Alto VVA/Stanford experience. J Rehabil Res Dev,
37(6), 663-673.

Chen, S.-Y., & Winstein, C. J. (2009). A Systematic Review of Voluntary Arm Recovery in

Hemiparetic Stroke: Critical Predictors for Meaningful Outcomes Using the International
Classification of Functioning, Disability, and Health. Journal of Neurologic Physical
Therapy, 33(1), 2-13. https://doi.org/10.1097/NPT.0b013e318198a010

71


https://doi.org/10.1177/0888439003259415
https://doi.org/10.1007/s10072-017-2995-5
https://doi.org/10.1002/1099-1166(200011)15:11
https://doi.org/10.1002/1099-1166(200011)15:11
https://doi.org/10.1109/TNSRE.2005.843443
https://doi.org/10.1177/030802260306600405
https://doi.org/10.1097/NPT.0b013e318198a010

Cirstea, M. C., & Levin, M. F. (2000). Compensatory strategies for reaching in stroke. Brain,
123(5), 940-953. https://doi.org/10.1093/brain/123.5.940

Cohen, J. (2013). Statistical power analysis for the behavioral sciences. Routledge.

Collins, K. C., Kennedy, N. C., Clark, A., & Pomeroy, V. M. (2018). Kinematic Components of

the Reach-to-Target Movement After Stroke for Focused Rehabilitation Interventions:

Systematic Review  and Meta-Analysis. Front Neurol, 9, 472.
https://doi.org/10.3389/fneur.2018.00472

Dohle, C., Pullen, J., Nakaten, A., Kust, J., Rietz, C., & Karbe, H. (2009). Mirror Therapy
Promotes Recovery From Severe Hemiparesis: A Randomized Controlled Trial.
Neurorehabilitation and Neural Repair, 23(3), 209-217.
https://doi.org/10.1177/1545968308324786

Dunning, K. (2011). Ashworth Spasticity Scale (and Modified Version). In J. S. Kreutzer, J.

DelLuca, & B. Caplan (Eds.), Encyclopedia of Clinical Neuropsychology (pp. 254-255).
Springer New York. https://doi.org/10.1007/978-0-387-79948-3 1792
Duret, C., Hutin, E., Lehenaff, L., & Gracies, J.-M. (2015). Do all sub acute stroke patients benefit

from robot-assisted therapy? A retrospective study. Restorative Neurology and
Neuroscience, 33, 57-65. https://doi.org/10.3233/RNN-140418
Ekkelenkamp, R., Veltink, P., Stramigioli, S., & Kooij, H. v. d. (2007, 13-15 June 2007).

Evaluation of a Virtual Model Control for the selective support of gait functions using an

exoskeleton. 2007 IEEE 10th International Conference on Rehabilitation Robotics,

El-Kotob, R., & Giangregorio, L. M. (2018). Pilot and feasibility studies in exercise, physical
activity, or rehabilitation research. Pilot and Feasibility Studies, 4(1), 137.
https://doi.org/10.1186/s40814-018-0326-0

Fasoli, S. E., Krebs, H. I., Stein, J., Frontera, W. R., & Hogan, N. (2003). Effects of robotic therapy
on motor impairment and recovery in chronic stroke. Arch Phys Med Rehabil, 84(4), 477-
482.

Feigin, V. L., Nichols, E., Alam, T., Bannick, M. S., Beghi, E., Blake, N., Culpepper, W. J.,
Dorsey, E. R., Elbaz, A., Ellenbogen, R. G., Fisher, J. L., Fitzmaurice, C., Giussani, G.,
Glennie, L., James, S. L., Johnson, C. O., Kassebaum, N. J., Logroscino, G., Marin, B., . .

. Vos, T. (2019). Global, regional, and national burden of neurological disorders, 1990—

2016: a systematic analysis for the Global Burden of Disease Study 2016. The Lancet

72


https://doi.org/10.1093/brain/123.5.940
https://doi.org/10.3389/fneur.2018.00472
https://doi.org/10.1177/1545968308324786
https://doi.org/10.1007/978-0-387-79948-3_1792
https://doi.org/10.3233/RNN-140418
https://doi.org/10.1186/s40814-018-0326-0

Neurology, 18(5), 459-480. https://doi.org/https://doi.org/10.1016/S1474-4422(18)30499-
X

Gelber, D. A., Josefczyk, B., Herrman, D., Good, D. C., & Verhulst, S. J. (1995). Comparison of
Two Therapy Approaches in the Rehabilitation of the Pure Motor Hemiparetic Stroke
Patient. Journal of Neurologic Rehabilitation, 9(4), 191-196.
https://doi.org/10.1177/154596839500900401

Gilmore, P. E., & Spaulding, S. J. (2001). Motor Control and Motor Learning: Implications for

Treatment of Individuals Post Stroke. Physical & Occupational Therapy In Geriatrics,
20(1), 1-15. https://doi.org/10.1080/J148v20n01_01

Gilmore, P. E., & Spaulding, S. J. (2007). Motor learning and the use of videotape feedback after
stroke. Topics in Stroke Rehabilitation, 14(5), 28-36. https://doi.org/10.1310/tsr1405-28

GoOmez-Beldarrain, M., Garcia-Moncd, J. C., Rubio, B., & Pascual-Leone, A. (1998). Effect of
focal cerebellar lesions on procedural learning in the serial reaction time task. Exp Brain
Res, 120(1), 25-30. https://doi.org/10.1007/s002210050374

Gowland, C., Stratford, P., Ward, M., Moreland, J., Torresin, W., Hullenaar, S. V., Sanford, J.,
Barreca, S., Vanspall, B., & Plews, N. (1993). Measuring physical impairment and
disability with the Chedoke-McMaster Stroke Assessment. Stroke, 24(1), 58-63.
https://doi.org/doi:10.1161/01.STR.24.1.58

Gregson, J. M., Leathley, M., Moore, A. P., Sharma, A. K., Smith, T. L., & Watkins, C. L. (1999).
Reliability of the Tone Assessment Scale and the modified Ashworth scale as clinical tools
for assessing poststroke spasticity. Arch Phys Med Rehabil, 80(9), 1013-1016.
https://doi.org/10.1016/s0003-9993(99)90053-9

Gurbuz, N., Afsar, S. 1., Ayas, S., & Cosar, S. N. S. (2016). Effect of mirror therapy on upper

extremity motor function in stroke patients: a randomized controlled trial. Journal of
physical therapy science, 28(9), 2501-2506. https://doi.org/10.1589/jpts.28.2501
Halsband, U., & Lange, R. K. (2006). Motor learning in man: A review of functional and clinical
studies. Journal of Physiology-Paris, 99(4), 414-424,
https://doi.org/https://doi.org/10.1016/j.jphysparis.2006.03.007
Hatem, S. M., Saussez, G., Della Faille, M., Prist, V., Zhang, X., Dispa, D., & Bleyenheuft, Y.
(2016). Rehabilitation of Motor Function after Stroke: A Multiple Systematic Review

73


https://doi.org/https:/doi.org/10.1016/S1474-4422(18)30499-X
https://doi.org/https:/doi.org/10.1016/S1474-4422(18)30499-X
https://doi.org/10.1177/154596839500900401
https://doi.org/10.1080/J148v20n01_01
https://doi.org/10.1310/tsr1405-28
https://doi.org/10.1007/s002210050374
https://doi.org/doi:10.1161/01.STR.24.1.58
https://doi.org/10.1016/s0003-9993(99)90053-9
https://doi.org/10.1589/jpts.28.2501
https://doi.org/https:/doi.org/10.1016/j.jphysparis.2006.03.007

Focused on Techniques to Stimulate Upper Extremity Recovery. Front Hum Neurosci, 10,
442. https://doi.org/10.3389/fnhum.2016.00442

Hazelton, C., McGill, K., Campbell, P., Todhunter-Brown, A., Thomson, K., Nicolson, D. J.,
Cheyne, J. D., Chung, C., Dorris, L., Gillespie, D. C., Hunter, S. M., & Brady, M. C.
(2022). Perceptual Disorders After Stroke: A Scoping Review of Interventions. Stroke,
53(5), 1772-1787. https://doi.org/doi:10.1161/STROKEAHA.121.035671

Heart and Stroke Foundation. (2017). Different Strokes, Recovery triumphs and challenges at any

age. https://www.heartandstroke.ca/-/media/pdf-files/canada/stroke-

report/strokereport2017en.ashx

Hochstenbach, J., Mulder, T., van Limbeek, J., Donders, R., & Schoonderwaldt, H. (1998).
Cognitive decline following stroke: a comprehensive study of cognitive decline following
stroke. J Clin Exp Neuropsychol, 20(4), 503-517.
https://doi.org/10.1076/jcen.20.4.503.1471

Hodges, N. J., & Williams, A. M. (2020). Skill acquisition in sport : research, theory and practice

(Third edition. ed.). Routledge, Taylor & Francis Group.

Huang, F. C., Patton, J. L., & Mussa-lvaldi, F. A. (2010). Manual Skill Generalization Enhanced
by Negative Viscosity. Journal of Neurophysiology, 104(4), 2008-2019.
https://doi.org/10.1152/jn.00433.2009

Israely, S., Leisman, G., & Carmeli, E. (2018). Improvement in Hand Trajectory of Reaching

Movements by Error-Augmentation. In M. Pokorski (Ed.), Progress in Medical Research
(pp. 71-84). Springer International Publishing. https://doi.org/10.1007/5584 2018 151
Johnson, L., Burridge, J. H., & Demain, S. H. (2013). Internal and external focus of attention

during gait re-education: an observational study of physical therapist practice in stroke
rehabilitation. Physical Therapy, 93(7), 957-966. https://doi.org/10.2522/pt].20120300
Julious, S. A. (2005). Sample size of 12 per group rule of thumb for a pilot study. Pharmaceutical
Statistics, 4(4), 287-291. https://doi.org/https://doi.org/10.1002/pst.185
Kahn, L. E., Zygman, M. L., Rymer, W. Z., & Reinkensmeyer, D. J. (2006). Robot-assisted

reaching exercise promotes arm movement recovery in chronic hemiparetic stroke: a
randomized controlled pilot study. Journal of neuroengineering and rehabilitation, 3(1),
12. https://doi.org/10.1186/1743-0003-3-12

74


https://doi.org/10.3389/fnhum.2016.00442
https://doi.org/doi:10.1161/STROKEAHA.121.035671
https://www.heartandstroke.ca/-/media/pdf-files/canada/stroke-report/strokereport2017en.ashx
https://www.heartandstroke.ca/-/media/pdf-files/canada/stroke-report/strokereport2017en.ashx
https://doi.org/10.1076/jcen.20.4.503.1471
https://doi.org/10.1152/jn.00433.2009
https://doi.org/10.1007/5584_2018_151
https://doi.org/10.2522/ptj.20120300
https://doi.org/https:/doi.org/10.1002/pst.185
https://doi.org/10.1186/1743-0003-3-12

Kal, E., Prosée, R., Winters, M., & van der Kamp, J. (2018). Does implicit motor learning lead to
greater automatization of motor skills compared to explicit motor learning? A systematic

review. PloS One, 13(9), €0203591-e0203591.
https://doi.org/10.1371/journal.pone.0203591

Kal, E., van den Brink, H., Houdijk, H., van der Kamp, J., Goossens, P. H., van Bennekom, C., &
Scherder, E. (2018). How physical therapists instruct patients with stroke: an observational
study on attentional focus during gait rehabilitation after stroke. Disability and
Rehabilitation, 40(10), 1154-1165. https://doi.org/10.1080/09638288.2017.1290697

Kal, E., Winters, M., van der Kamp, J., Houdijk, H., Groet, E., van Bennekom, C., & Scherder, E.
(2016a). Is Implicit Motor Learning Preserved after Stroke? A Systematic Review with
Meta-Analysis. PloS one, 11(12), €0166376. https://doi.org/10.1371/journal.pone.0166376

Kal, E., Winters, M., van der Kamp, J., Houdijk, H., Groet, E., van Bennekom, C., & Scherder, E.

(2016b). Is Implicit Motor Learning Preserved after Stroke? A Systematic Review with
Meta-Analysis. PloS one, 11(12), e0166376-e0166376.
https://doi.org/10.1371/journal.pone.0166376

Kamper, D. G., McKenna-Cole, A. N., Kahn, L. E., & Reinkensmeyer, D. J. (2002). Alterations

in reaching after stroke and their relation to movement direction and impairment severity.
Archives of  Physical Medicine and  Rehabilitation, 83(5), 702-707.
https://doi.org/10.1053/apmr.2002.32446

Kawato, M. (1990). Feedback-Error-Learning Neural Network for Supervised Motor Learning.

Kibele, A. (2006). Non-consciously controlled decision making for fast motor reactions in sports—
A priming approach for motor responses to non-consciously perceived movement features.
Psychology of Sport and Exercise, 7(6), 591-610.
https://doi.org/https://doi.org/10.1016/j.psychsport.2006.05.001

Kiper, P., Szczudlik, A., Agostini, M., Opara, J., Nowobilski, R., Ventura, L., Tonin, P., & Turolla,
A.D.o0.N.T.U.o0.S.S. U. K. (2018). Virtual Reality for Upper Limb Rehabilitation in
Subacute and Chronic Stroke: A Randomized Controlled Trial. Archives of Physical
Medicine and Rehabilitation, 99(5), 834-842. https://doi.org/10.1016/j.apmr.2018.01.023

Kleynen, M., Braun, S. M., Bleijlevens, M. H., Lexis, M. A., Rasquin, S. M., Halfens, J., Wilson,
M. R., Beurskens, A. J., & Masters, R. S. (2014). Using a Delphi technique to seek

consensus regarding definitions, descriptions and classification of terms related to implicit

75


https://doi.org/10.1371/journal.pone.0203591
https://doi.org/10.1080/09638288.2017.1290697
https://doi.org/10.1371/journal.pone.0166376
https://doi.org/10.1371/journal.pone.0166376
https://doi.org/10.1053/apmr.2002.32446
https://doi.org/https:/doi.org/10.1016/j.psychsport.2006.05.001
https://doi.org/10.1016/j.apmr.2018.01.023

and explicit forms of motor learning. PloS One, 9(6), €100227.
https://doi.org/10.1371/journal.pone.0100227
Kleynen, M., Moser, A., Haarsma, F. A., Beurskens, A. J., & Braun, S. M. (2017). Physiotherapists

use a great variety of motor learning options in neurological rehabilitation, from which

they choose through an iterative process: a retrospective think-aloud study. Disability and
Rehabilitation, 39(17), 1729-1737. https://doi.org/10.1080/09638288.2016.1207111

Krebs, H. I., Hogan, N., Volpe, B. T., Aisen, M. L., Edelstein, L., & Diels, C. (1999). Overview
of clinical trials with MIT-MANUS: a robot-aided neuro-rehabilitation facility. Technol
Health Care, 7(6), 419-423.

Krebs, H. 1., Palazzolo, J. J., Dipietro, L., Ferraro, M., Krol, J., Rannekleiv, K., Volpe, B. T., &
Hogan, N. (2003). Rehabilitation Robotics: Performance-Based Progressive Robot-
Assisted Therapy. Autonomous Robots, 15(1), 7-20.
https://doi.org/10.1023/A:1024494031121

Kwakkel, G., Veerbeek, J. M., van Wegen, E. E. H., & Wolf, S. L. (2015). Constraint-induced
movement therapy after stroke. The Lancet Neurology, 14(2), 224-234.
https://doi.org/https://doi.org/10.1016/S1474-4422(14)70160-7

Lagarde, J., Li, L., Thon, B., Magill, R., & Erbani, E. (2002). Interactions between human explicit

and implicit perceptual motor learning shown by kinematic variables. Neurosci Lett,
327(1), 66-70. https://doi.org/10.1016/s0304-3940(02)00380-4

Langhorne, P., Coupar, F., & Pollock, A. (2009). Motor recovery after stroke: a systematic review.
Lancet Neurol, 8(8), 741-754. https://doi.org/10.1016/s1474-4422(09)70150-4

Laver, K. E., George, S., Thomas, S., Deutsch, J. E., & Crotty, M. (2010). Virtual reality for stroke

rehabilitation. Cochrane Database of Systematic Reviews(2).
https://doi.org/10.1002/14651858.CD008349

Laver, K. E., Lange, B., George, S., Deutsch, J. E., Saposnik, G., & Crotty, M. (2017). Virtual
reality for stroke rehabilitation. Cochrane Database of Systematic Reviews(11).
https://doi.org/10.1002/14651858.CD008349.pub4

Lee, T. D., Swinnen, S. P., & Serrien, D. J. (1994). Cognitive Effort and Motor Learning. Quest,
46(3), 328-344. https://doi.org/10.1080/00336297.1994.10484130

76


https://doi.org/10.1371/journal.pone.0100227
https://doi.org/10.1080/09638288.2016.1207111
https://doi.org/10.1023/A:1024494031121
https://doi.org/https:/doi.org/10.1016/S1474-4422(14)70160-7
https://doi.org/10.1016/s0304-3940(02)00380-4
https://doi.org/10.1016/s1474-4422(09)70150-4
https://doi.org/10.1002/14651858.CD008349
https://doi.org/10.1002/14651858.CD008349.pub4
https://doi.org/10.1080/00336297.1994.10484130

Levin, M. F., Kleim, J. A., & Wolf, S. L. (2009). What do motor "recovery" and "compensation"
mean in patients following stroke? Neurorehabil Neural Repair, 23(4), 313-319.
https://doi.org/10.1177/1545968308328727

Lincoln, N. B., Jackson, J. M., & Adams, S. A. (1998). Reliability and Revision of the Nottingham
Sensory  Assessment for Stroke Patients. Physiotherapy, 84(8), 358-3605.
https://doi.org/10.1016/S0031-9406(05)61454-X

Lindsay, M. P., Norrving, B., Sacco, R. L., Brainin, M., Hacke, W., Martins, S., Pandian, J., &
Feigin, V. (2019). World Stroke Organization (WSO): Global Stroke Fact Sheet 2019.
International journal of stroke : official journal of the International Stroke Society, 14(8),
806-817. https://doi.org/10.1177/1747493019881353

Liu, Li, & Lamontagne. (2018). The effects of error-augmentation versus error-reduction

paradigms in robotic therapy to enhance upper extremity performance and recovery post-
stroke: a systematic review. Journal of neuroengineering and rehabilitation, 15(1), 65-65.
https://doi.org/10.1186/s12984-018-0408-5

Lucca, L. F. (2009). Virtual reality and motor rehabilitation of the upper limb after stroke: a
generation of progress? J Rehabil Med, 41(12), 1003-1100.
https://doi.org/10.2340/16501977-0405

Magill. (2011). Motor learning and control: Concepts and Applications. New York: McGraw-
Hill.

Marchal-Crespo, L., Michels, L., Jaeger, L., Lopez-Olériz, J., & Riener, R. (2017). Effect of Error

Augmentation on Brain Activation and Motor Learning of a Complex Locomotor Task

[Original Research]. Frontiers in Neuroscience, 11(526).
https://doi.org/10.3389/fnins.2017.00526
Massie, C. L., Fritz, S., & Malcolm, M. P. (2011). Elbow Extension Predicts Motor Impairment

and Performance after Stroke. Rehabilitation Research and Practice, 2011, 381978.
https://doi.org/10.1155/2011/381978
Mehrholz, J., Hadrich, A., Platz, T., Kugler, J., & Pohl, M. (2012). Electromechanical and robot-

assisted arm training for improving generic activities of daily living, arm function, and arm

muscle strength after stroke. Cochrane Database of Systematic Reviews(6), Cd006876.
https://doi.org/10.1002/14651858.CD006876.pub3

77


https://doi.org/10.1177/1545968308328727
https://doi.org/10.1016/S0031-9406(05)61454-X
https://doi.org/10.1177/1747493019881353
https://doi.org/10.1186/s12984-018-0408-5
https://doi.org/10.2340/16501977-0405
https://doi.org/10.3389/fnins.2017.00526
https://doi.org/10.1155/2011/381978
https://doi.org/10.1002/14651858.CD006876.pub3

Mehrholz, J., Pohl, M., Platz, T., Kugler, J., & Elsner, B. (2018). Electromechanical and robot-
assisted arm training for improving activities of daily living, arm function, and arm muscle
strength  after stroke. Cochrane Database Syst Rev, 9, CDO006876.
https://doi.org/10.1002/14651858.CD006876.pub5

Mekbib, D. B., Han, J., Zhang, L., Fang, S., Jiang, H., Zhu, J., Roe, A. W., & Xu, D. (2020).

Virtual reality therapy for upper limb rehabilitation in patients with stroke: a meta-analysis

of randomized clinical trials. Brain injury, 34(4), 456-465.
https://doi.org/10.1080/02699052.2020.1725126
Milot, M. H., Marchal-Crespo, L., Green, C. S., Cramer, S. C., & Reinkensmeyer, D. J. (2010).

Comparison of error-amplification and haptic-guidance training techniques for learning of

a timing-based motor task by healthy individuals. Experimental Brain Research, 201(2),
119-131. https://doi.org/10.1007/s00221-009-2014-z

Monte-Silva, K., Piscitelli, D., Norouzi-Gheidari, N., Batalla, M. A. P., Archambault, P., & Levin,
M. F. (2019). Electromyogram-Related Neuromuscular Electrical Stimulation for

Restoring Wrist and Hand Movement in Poststroke Hemiplegia: A Systematic Review and
Meta-Analysis.  Neurorehabilitation and  Neural Repair, 33(2), 96-111.
https://doi.org/10.1177/1545968319826053

Nakayama, H., Jargensen, H. S., Raaschou, H. O., & Olsen, T. S. (1994). Recovery of upper

extremity function in stroke patients: the Copenhagen Stroke Study. Archives of Physical
Medicine and Rehabilitation, 75(4), 394-398. https://doi.org/10.1016/0003-
9993(94)90161-9

Norouzi-Gheidari, N., Archambault, P. S., & Fung, J. (2012). Effects of robot-assisted therapy on

stroke rehabilitation in upper limbs: systematic review and meta-analysis of the literature.
J Rehabil Res Dev, 49(4), 479-496. http://www.ncbi.nlm.nih.gov/pubmed/22773253
Oosterwijk, A. M., Nieuwenhuis, M. K., van der Schans, C. P., & Mouton, L. J. (2018). Shoulder

and elbow range of motion for the performance of activities of daily living: A systematic
review. Physiother Theory Pract, 34(7), 505-528.
https://doi.org/10.1080/09593985.2017.1422206

Orrell, Eves, & Masters. (2006). Motor learning of a dynamic balancing task after stroke: implicit
implications for stroke rehabilitation. Phys Ther, 86(3), 369-380.

78


https://doi.org/10.1002/14651858.CD006876.pub5
https://doi.org/10.1080/02699052.2020.1725126
https://doi.org/10.1007/s00221-009-2014-z
https://doi.org/10.1177/1545968319826053
https://doi.org/10.1016/0003-9993(94)90161-9
https://doi.org/10.1016/0003-9993(94)90161-9
http://www.ncbi.nlm.nih.gov/pubmed/22773253
https://doi.org/10.1080/09593985.2017.1422206

Orrell, A. J., Eves, F. F., & Masters, R. S. (2006). Motor Learning of a Dynamic Balancing Task
After Stroke: Implicit Implications for Stroke Rehabilitation. Physical Therapy, 86(3),
369-380. https://doi.org/10.1093/pt}/86.3.369

Paci, M. (2003). Physiotherapy based on the Bobath concept for adults with post-stroke

hemiplegia: a review of effectiveness studies. Journal of rehabilitation medicine, 35(1), 2-
1.

Park, S.-W., Kim, J.-H., & Yang, Y.-J. (2018). Mental practice for upper limb rehabilitation after
stroke: a systematic review and meta-analysis. International Journal of Rehabilitation
Research, 41(3), 197-203. https://doi.org/10.1097/mrr.0000000000000298

Patton, J. L., & Mussa-Ivaldi, F. A. (2004). Robot-assisted adaptive training: custom force fields

for teaching movement patterns. IEEE Transactions on Biomedical Engineering, 51(4),
636-646. https://doi.org/10.1109/TBME.2003.821035

Patton, J. L., Stoykov, M. E., Kovic, M., & Mussa-lvaldi, F. A. (2006). Evaluation of robotic
training forces that either enhance or reduce error in chronic hemiparetic stroke survivors.
Exp Brain Res, 168(3), 368-383.

Patton, J. L., Wei, Y. J., Bajaj, P., & Scheidt, R. A. (2013). Visuomotor Learning Enhanced by
Augmenting Instantaneous Trajectory Error Feedback during Reaching. PLOS ONE, 8(1),
e46466. https://doi.org/10.1371/journal.pone.0046466

Perry, S. B. (2004). Stroke Rehabilitation: Guidelines for Exercise and Training to Optimize Motor

Skill. Journal of Neurologic Physical Therapy, 28(2), 101.
https://doi.org/10.1097/01.NPT.0000281192.58050.de

Pohl, P. S., McDowd, J. M., Filion, D. L., Richards, L. G., & Stiers, W. (2001). Implicit Learning
of a Perceptual-Motor Skill After Stroke. Physical Therapy, 81(11), 1780-17809.
https://doi.org/10.1093/pt}/81.11.1780

Pollock, A., Farmer, S. E., Brady, M. C., Langhorne, P., Mead, G. E., Mehrholz, J., & van Wijck,
F. (2014). Interventions for improving upper limb function after stroke. Cochrane
Database Syst Rev, 2014(11), Cd010820.
https://doi.org/10.1002/14651858.CD010820.pub2

Popovi¢, M. D., Kosti¢, M. D., Rodi¢, S. Z., & Konstantinovi¢, L. M. (2014). Feedback-Mediated

Upper Extremities Exercise: Increasing Patient Motivation in Poststroke Rehabilitation.
BioMed Research International, 2014, 520374. https://doi.org/10.1155/2014/520374

79


https://doi.org/10.1093/ptj/86.3.369
https://doi.org/10.1097/mrr.0000000000000298
https://doi.org/10.1109/TBME.2003.821035
https://doi.org/10.1371/journal.pone.0046466
https://doi.org/10.1097/01.NPT.0000281192.58050.de
https://doi.org/10.1093/ptj/81.11.1780
https://doi.org/10.1002/14651858.CD010820.pub2
https://doi.org/10.1155/2014/520374

Posteraro, F., Mazzoleni, S., Aliboni, S., Cesqui, B., Battaglia, A., Dario, P., & Micera, S. (2009).
Robot-mediated therapy for paretic upper limb of chronic patients following neurological
injury. J Rehabil Med, 41(12), 976-980. https://doi.org/10.2340/16501977-0403

Prange, G. B., Jannink, M. J., Groothuis-Oudshoorn, C. G., Hermens, H. J., & ljzerman, M. J.

(2006). Systematic review of the effect of robot-aided therapy on recovery of the
hemiparetic arm after stroke. J Rehabil Res Dev, 43(2), 171-184.
https://doi.org/10.1682/jrrd.2005.04.0076
Public Health Agency of Canada. (2021). Canadian Chronic Disease Surveillance System
(CCDSS). Public Health Agency of Canada. https://health-infobase.canada.ca/ccdss/Index
Rajda, C. M., Berman, S., Levy-Tzedek, S., Archambault, P. S., Jahromi, F. G., & Levin, M. F.

(2022). Feasibility of error augmentation feedback for upper limb rehabilitation in stroke
survivors ASNR 60th Annual Meeting,

Rossetti, Y., Rode, G., Pisella, L., Farné, A., Li, L., Boisson, D., & Perenin, M.-T. (1998). Prism
adaptation to a rightward optical deviation rehabilitates left hemispatial neglect. Nature,
395(6698), 166-169. https://doi.org/10.1038/25988

Rozario, S. V., Housman, S., Kovic, M., Kenyon, R. V., & Patton, J. L. (2009). Therapist-mediated

post-stroke rehabilitation using haptic/graphic error augmentation. Annu Int Conf IEEE
Eng Med Biol Soc, 2009, 1151-1156. https://doi.org/10.1109/iembs.2009.5333875
Scheidt, R. A., Dingwell, J. B., & Mussa-Ivaldi, F. A. (2001). Learning to Move Amid Uncertainty.
Journal of Neurophysiology, 86(2), 971-985. https://doi.org/10.1152/jn.2001.86.2.971
Schmidt, R. A., & Lee, T. D. (2011). Motor control and learning : a behavioral emphasis (5th ed.
ed.). Human Kinetics. http://books.google.com/books?isbn=9780736079617
Seitz, D. P., Chan, C. C., Newton, H. T., Gill, S. S., Herrmann, N., Smailagic, N., Nikolaou, V.,
& Fage, B. A. (2018). Mini-Cog for the diagnosis of Alzheimer's disease dementia and

other dementias within a primary care setting. Cochrane Database Syst Rev, 2(2),
Cd011415. https://doi.org/10.1002/14651858.CD011415.pub2

Shadmehr, R., Smith, M. A., & Krakauer, J. W. (2010). Error Correction, Sensory Prediction, and
Adaptation in Motor Control. Annual Review of Neuroscience, 33(1), 89-108.
https://doi.org/10.1146/annurev-neuro-060909-153135

80


https://doi.org/10.2340/16501977-0403
https://doi.org/10.1682/jrrd.2005.04.0076
https://health-infobase.canada.ca/ccdss/Index
https://doi.org/10.1038/25988
https://doi.org/10.1109/iembs.2009.5333875
https://doi.org/10.1152/jn.2001.86.2.971
http://books.google.com/books?isbn=9780736079617
https://doi.org/10.1002/14651858.CD011415.pub2
https://doi.org/10.1146/annurev-neuro-060909-153135

Shirzad, N., & Loos, H. F. M. V. d. (2012, 28 Aug.-1 Sept. 2012). Error amplification to promote
motor learning and motivation in therapy robotics. 2012 Annual International Conference
of the IEEE Engineering in Medicine and Biology Society,

Steenbergen, B., van der Kamp, J., Verneau, M., Jongbloed-Pereboom, M., & Masters, R. S. W.
(2010). Implicit and explicit learning: applications from basic research to sports for
individuals with impaired movement dynamics. Disability and Rehabilitation, 32(18),
1509-1516. https://doi.org/10.3109/09638288.2010.497035

Sullivan, G. M., & Feinn, R. (2012). Using Effect Size-or Why the P Value Is Not Enough. J Grad
Med Educ, 4(3), 279-282. https://doi.org/10.4300/jgme-d-12-00156.1

Teasell, R. W., & Kalra, L. (2004). What's new in stroke rehabilitation. Stroke, 35(2), 383-385.
https://doi.org/10.1161/01.5tr.0000115937.94104.76

Thoroughman, K. A., & Shadmehr, R. (2000). Learning of action through adaptive combination
of motor primitives. Nature, 407(6805), 742-747. https://doi.org/10.1038/35037588

Tropea, P., Cesqui, B., Monaco, V., Aliboni, S., Posteraro, F., & Micera, S. (2013). Effects of the

Alternate Combination of "Error-Enhancing” and "Active Assistive" Robot-Mediated

Treatments on Stroke Patients. IEEE journal of translational engineering in health and
medicine, 1, 2100109-2100109. https://doi.org/10.1109/JTEHM.2013.2271898
Wadden, K. P., Woodward, T. S., Metzak, P. D., Lavigne, K. M., Lakhani, B., Auriat, A. M., &

Boyd, L. A. (2015). Compensatory motor network connectivity is associated with motor

sequence learning after subcortical stroke. Behav Brain Res, 286, 136-145.
https://doi.org/10.1016/j.bbr.2015.02.054

Wang, C. Y., Hwang, W. J., Fang, J. J,, Sheu, C. F., Leong, I. F., & Ma, H. I. (2011). Comparison
of virtual reality versus physical reality on movement characteristics of persons with
Parkinson's disease: effects of moving targets. Arch Phys Med Rehabil, 92(8), 1238-1245.
https://doi.org/10.1016/j.apmr.2011.03.014

Wang, J., Bao, S., & Tays, G. D. (2019). Lack of generalization between explicit and implicit
visuomotor learning. PloS one, 14(10), e0224099.
https://doi.org/10.1371/journal.pone.0224099

Weiss, P. L., Kizony, R., Feintuch, U., & Katz, N. (2006). Virtual reality in neurorehabilitation.
Textbook of neural repair and rehabilitation, 51(8), 182-197.

81


https://doi.org/10.3109/09638288.2010.497035
https://doi.org/10.4300/jgme-d-12-00156.1
https://doi.org/10.1161/01.Str.0000115937.94104.76
https://doi.org/10.1038/35037588
https://doi.org/10.1109/JTEHM.2013.2271898
https://doi.org/10.1016/j.bbr.2015.02.054
https://doi.org/10.1016/j.apmr.2011.03.014
https://doi.org/10.1371/journal.pone.0224099

Williams, G. R. (2001). Incidence and characteristics of total stroke in the United States. BMC
Neurol, 1, 2. https://doi.org/10.1186/1471-2377-1-2

Yamamoto, R., & Ohashi, Y. (2014). The effects of inaccessible visual feedback used concurrently
or terminally. J Phys Ther Sci, 26(5), 731-735. https://doi.org/10.1589/jpts.26.731

Yan, J. H., Thomas, J. R., & Stelmach, G. E. (1998). Aging and rapid aiming arm movement

control. Experimental Aging Research, 24(2), 155-168.

Yejun, Bajaj, Scheidt, & Patton. (2005, 28 June-1 July 2005). Visual error augmentation for
enhancing motor learning and rehabilitative relearning. 9th International Conference on
Rehabilitation Robotics, 2005. ICORR 2005.,

Yejun, Patton, J., Bajaj, P., & Scheidt, R. (2005, 18-22 April 2005). A Real-Time Haptic/Graphic
Demonstration of how Error Augmentation can Enhance Learning. Proceedings of the
2005 IEEE International Conference on Robotics and Automation,

Yoon, J. A., Koo, B. I, Shin, M. J., Shin, Y. B., Ko, H.-Y., & Shin, Y.-l. (2014). Effect of
constraint-induced movement therapy and mirror therapy for patients with subacute stroke.
Annals of rehabilitation medicine, 38(4), 458-466.
https://doi.org/10.5535/arm.2014.38.4.458

Zhan, L., Guo, D., Chen, G., & Yang, J. (2018). Effects of Repetition Learning on Associative
Recognition Over Time: Role of the Hippocampus and Prefrontal Cortex. Frontiers in
human neuroscience, 12, 277. https://doi.org/10.3389/fnhum.2018.00277

82


https://doi.org/10.1186/1471-2377-1-2
https://doi.org/10.1589/jpts.26.731
https://doi.org/10.5535/arm.2014.38.4.458
https://doi.org/10.3389/fnhum.2018.00277

	List of Figures
	List of Tables
	Abstract
	Résumé
	Acknowledgements
	Contributions of Authors
	Abbreviations
	CHAPTER 1: Introduction and Background
	1.1 Stroke
	1.1.1 Upper Limb Impairments after stroke
	1.1.2 Upper Limb Rehabilitation
	1.1.3 Conventional Therapy
	1.1.4 Robotic Training
	1.1.5 Benefits and Importance of Robotic Training in Stroke Rehabilitation
	1.1.6 Virtual reality for upper limb rehabilitation

	1.2 Motor learning
	1.2.1 Feedback
	1.2.2 Rehabilitation system based on visual feedback

	1.3 Robotic training paradigms
	1.3.1 Error Reduction Strategies
	1.3.2 Error Augmentation Strategies
	1.3.3 EA Methods
	1.3.4 EA Mechanisms
	1.3.5 Effectiveness of EA for stroke rehabilitation
	1.3.6 Error Amplification and skill level
	1.3.7 EA for elbow extension movements in stroke

	1.4 Rationale
	1.5 Objectives and Hypotheses of the thesis

	CHAPTER 2: Manuscript
	2.1 Abstract
	2.2 Introduction
	2.3 Method
	2.3.1 Population and Recruitment
	2.3.2 Eligibility for participation
	2.3.3 Sample Size
	2.3.4 Data Collection
	2.3.5 Clinical Assessment
	2.3.6 Experimental setup
	2.3.7 Motion Tracking
	2.3.8 EA procedure
	2.3.9 Experimental Procedure

	2.4 Data analysis
	2.4.1 Outcome measures
	2.4.2 Statistical analysis

	2.5 Results
	2.5.1 Feasibility Indicators
	2.5.2 Error Detection Threshold
	2.5.3 Mean Error Detection Rate
	2.5.4 Reaching Performance

	2.6 Discussion
	2.6.1 Feasibility of study
	2.6.2 Practical Limit of Error Augmentation
	2.6.3 Relationship between Error Detection and Implicit Motor Learning
	2.6.4 Relationship between Error Detection and Kinematic Measures
	2.6.5 Relationship between Kinematic Measures and Implicit Motor Learning
	2.6.6 Sample Size
	2.6.7 Study Limitations

	2.7 Conclusion

	CHAPTER 3: Discussion and Conclusion
	3.1 Thesis Findings and Discussion
	3.1.1 Directions for future studies

	3.2 Conclusion

	References

