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AUGMENTED SENSORY FEEDBACK TO ACCELERATE MOTOR

PERFORMANCE WITH COMPUTERIZED INTERFACES FOR REHABILITATION
ABSTRACT

Neurological traumas can impair motor function aoednpromisethe ability to perform
activities of daily living. Physical rehabilitation can aid in motor recovery, but these
practices ar frustrating due to their rigorous and repetitive nataneerging rehabilitation
technologies utilize@mputerized interfaces, such as virtual redbitincrease participant
engagement anbettertrain musclelevel control. These interfaces caeadily provide
enhanced augmented sensory feedback, espeataligual levels to accelerad motor
outcomes. Still, there remains a lack of understangingptimizing the deployment of
augmented sensory feedback for clinical motor rehabilitationthis reseach, |
investigated how specific features augmented visual feedback can improve motor
performance during rehabilitation trainingrThe two primary features of interest were

complexity and intermittency which vary the amount and frequency of visgaidance

provided respectively. A key supplementary feature of augmented visual feedttaek

level of body representation to leverage visual embodimdrith was also examined. |
evaluated unique combinations of these featiorgsprovefunctionalperformance of two
different motor rehabilitation exercisegpresenting eithex motior or force-based task.

For a twelegged squat exercise (motibased), augmented visual feedback that was
relatively complex with more bodgiscernible guidance cues prawed the best
performance during and after training. The dynamic embodiment may have facilitated the

ability to effectively synthesizenore feedback information durirey synergistic, muki



segment movement. Alternatively, training with simple feedlmmkonstrateda greater
potential for motor learningf a task utilizing isometric muscle control (forbased).
Complex feedback may have been interpreted as superfluous to this task, given the shifted
emphasis to force control without dynamic embodiment.sThhe additional cues may

have hindered both learning and user experience, reflected in reduced performance and
significantphysical and cognitive stress chasd-ortraining of eitheexperimental task,
intermittently providing visual feedbackabout rektime performance errorgi.e.,
concurrent bandwidtiieedback suggested a greater potential for motor learning. In
conclusion, systematic variation of specific features in augmented feedback can
significantly improvemotor performance. Thus, optimizingraputerized interfaces for
motor rehabilitation requires a greater understanding ofdensoryfeedback affects the

user for a given functional task.
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1. INTRODUCTION
Neurological traums such as stroke or spinal cord injurieslueefunctional capabilities
in the lower and uppeextremitiesand reduce the abpitto completeactivities of daily
living (ADLSs) [1], [2]. Physical rehabilitation is commonly prescribed during treatment
regimens to restore normative functiori3uring physical rehabilitation, participants
benefit from external feedback cuet help improve performancesuch as verbal
instrudions from the therapist or a simple mirror to monitor spatial positiof®ig
Computerized interfaceme engaging to the participant azah provide more informative
external feedback cue@cluding immersive virtual reality environments using head
mounted displayft], [5]. Augmented ensory feedbaclparticularlyvisual feedback, can
accelerate motor learning by guiding the participant towadgsimednovementrajectory
or muscle activation patterf6]. The objective of visual feedback paradigms is to
intelligently train the user for bettarovemenperformance anthcrease independence by
improving functional capabilitiedJnfortunately, there is a lack of integration between
clinical rehabilitation and computerized interfacesmphasizingimproving motor
performanceKigure 1). My research has identified featuresaafymentedisual feedback
for supplementarguidanceduring movement tasg], [8]. These features, identified as
1) complexity,2) bodyrepresentationand 3) intermittency have unique advantagasd
disadvantages in motor learning based upon-saskific characteristicsncluding the
parti ci pan indhssremarghtbesefeatures ef visual feedback were evaluated
in two distinct platforms tdeter understanthe effects on improving motion aridrce

control duringmuscledrivenexercisesntended for rehabilitatianThe two platformsvere



Research
Problem: Lack of optimization in the deployment between computerized
interfaces and clinical rehabilitation with emphasis on accelerating motor
performance

Objective: Systematically leverage augmented visual feedback in virtual
reality to identify features that accelerate positive motor performance

Outline
Introduction: Clinical motor rehabilitation, computerized interfaces,
motor learning theories, and augmented sensory feedback

\/

AIM 1: Investigate the effects of specific features of augmented visual
feedback on the performance of a motion-based rehabilitative task

Complex Feedback Start Simple Feedback End

a* a

y User User Thigh
A .+ Angle
K » Segment I
PN ¥ Angles Target’ e
Tarbet Feedback 4

Feedback Maximum Squat Depth

Supportive
Arm Brace

Conclusion and future directions
Appendix: Multimodal feedback and cognitive agency

Figure 1: The research is gstematic evaluation of augmented visual feedback
featuredo target the lack obptimization in the deploymeibietween clinical motor
rehabilitation and computerized interfaces

a dynamic loweibody motion-basedtask the twelegged squat, and an isometric upper
extremityforce-based tak, wherea machine learning classifier mappadscle activity to

movementwithin a virtual reality environmentThe results of this researetientified



optimal features for acceleragjinmotor learning during physical rehabilitation at a
participantspecific level. In the Introduction, will provide background information
regardingthe central pillars of my research,ncluding clinical motor rehabilitation,
computerized interfacesjotor learning theory, and augmented sensory feedback

1.1. Clinical Rehabilitation of Motor Function
Neurological traumas, such as stroke and spinal cord injury (SCI), affect millions of people
every year and are ldimg causes of death and disabi[®i [11]. 50% of SCI cases affect
upperextremity function[11], and up to 65% of stroke survivors have limited hand
function 6months following the injury12]. Peoplesuffering from astroke,or a traumatic
brain injury, mayrequire a more tailored sensory feedback paradigmthose having
spinal cord injury{13], [14]. For examplesupposedamage to the brain lies in an area
responsible for interpreting audio signdlsis crucial to consider the form of augmented
sensory feedbadks participants may have difficulty utilizing audioes to improvenotor
performance The functional capabilities of spinal cord injupgrticipantsare primarily
dependent upon thajury siteon the spinal columrFor example, injuries to the lumbar
section of the spine wilhainly affect the lowerextremities while cervical level injuries
will additionally affect autonomic and uppektremity functions.

Physical rehabilitation aims to restore independent function through repetitive task

training by promoting strength, flexibility, and neuroplasti¢ity]. The primary objective
of motor rehabilitation is to restore functional abilities for movement ideswvthrough
rigorous practices that improve motor skills transferrable to A(Pigure 2). Functional

movement actions include walking, sitting, standing, reaching, or grasping objects.



Clinical rehabilitation with the emphasis on accelerating motor learning

' o
Neurological traumas reduce the ability | “’ég s_a
to complete activities of daily living s \“\ 4 :

Clinical motor rehabilitation focuses on
repetitive training of functional activities _ y
such as reach-to-grasp and gait MOCORE Laboratory Research

s [t

\

Rehabilitative motor tasks can be
described as either motion- or force-
based exercises

\

Training with different features of
augmented sensory feedback directly
affect motor performance outcomes

\

Different features of augmented sensory
feedback may be leveraged for optimizing
virtual reality-based motor rehabilitation
specific to motion- and force-based tasks

Figure 2: Clinical motor rehabilitation can be improved leyeraging specific
features of augmented sensory feedback for mo#iod forcebased tasks.

Unfortunately conventionalehabilitation processes are very timaead effortintensive A
physical therapist will supervise and guide operational practicesgdaonventional
therapy regimes for persons with motor impairmerjts5], [16]. Physical rehabilitation
for spinal cord injury typically includsjoint exercises that facilitate greaterestgthand

range of motion[16], [17]. Stroke rehabilitation typically centeon functional task



practice[18], wherethere areadjustments tadlifficulty levelsfor each persarfor eligible
persons with hemiparesis, therapists may incorporate considirded movement
therapy to compel more engagementhef affected sidgl9]. Conventional rehabilitation

can become frustrating tparticipantsdue to its tedious andepetitive nature [15].
Computerized interfaces can be integrated with conventional rehabilitation to design more
efficient motion and forcebasedprotocolsto achieve functional gains with fewer
repetitons.

Conventional rehabilitation exercisese either motionrbased or forcéased
depending upon the action of the human badigtion-basedasks also known as dynamic
exercises, are movements such as ga#ositand, or reachinglasksare commonly
associated with ADLs and utilize concentric and eccentric muscle contraictiohange
joint anglesof multiple body segmentgorcebasedasksare isometric exercises thatn
to promote greater muscle level contidiny ADLs employ both moticrand forcebased
tasks, such as reaching (motion) and grasping (force) for an object. Examples of isometric
exercises in physical rehabilitation are leg extensions, wall sits, and si#s. ptametric
exercises are usually done against an immovable object as they result in no change in
muscle length, although tension and energy fluctuate to produce force. The capable force
generated during an isometric exercise is wholly dependent oertgthlof the muscle
[20]. During clinical motor rehabilitation, isometric exercises are uniquely beneficial as a
bridge to dynamic functional tasks, as muscle weakness is a common clinical symptom of

many neuromuscular trausialsometric exercises can increase strength and promote



healthy blood flow while being intrinsically safe and suitablecfanical populationsvith
motion limitationg[20].

Understanding the bgts nervous and musculoskeletal system is necessary to
leverage augmented sensory feedbfrkoptimizing clinical motor rehabilitation. The
brain has several regiomaplicatedin sensory feedbadiased rehabilitatiomMotor cortex
regionsare directly respnsible for movements dfody extremitiesThe sensory cortex
adjacent tathe motor cortexnterpres sensory signals to the braisuch as touch and
proprioception to inform movement controlhe cerebellums responsible for balance
interpreting visuabignals and integrating sensory and motor cues in both feedback and
feedforward loops Damage tothe cerebellumwould negatively impact motor
coordination andthe ability to comprehend augmented visual feedbackThe
musculoskeletal systeme ner at es forces through muscl es
systemMuscles are primarily responsible for movement and are soft tissue segments found
across joints, bone to bone junctions. Muscles range in fiber pattern/structure and can
consist of fat-twitch (type Il) for rapid movements (e.g., eye muscles) to-$Wateh fibers
(type ) for force generation and balance (e.g., soleus and back muscles). Stmiae
elemers of the musculoskeletalystem includéigaments attaching bone to bosech as
the anterior cruciate ligame(ACL), andtendonsconneding muscle to bonesuch as the
Achilles. Following rupture of the ACL, commonly seen in athletics, rehabilitation with
augmentedisual feedbackanreduce knee moment forces armalp maintaina center of

balancq21], [22]. Monitoring muscle activity, for example, the quadriceps muscle during



ACL rehabilitation[23], [24], is done through electromyography (EMG) sensors taped to
the personés skbhelty. on the muscle mid

EMG sensors are a powerful tool of rehabilitation used to display muscle activity,
especially during isometric fordeased taskd he realtime output fromEMG sensorsan
also commandyoelectric assistive devicesuch as prosthetics or exoskelet@igi [27].
Clinical populations with severe injuries often require powered assistive devices to
completeADLs. Participants utilize residual muscle capabilities as a command interface
to control robotic actuators, device joint angles, and applied fokdefortunatdy,
inadequate training is one of the key contributing factorthégoor earlyadoptionof
myoelectric contro]28]. Lack of motivation anfaulty device functionality results in 20%
of users reporting abandonment of their devicesrfore straightforwardbols (e.g., hook
hand) [29]. Augmented sensory feedbaolised traininghas been proven effective for
improving motor performance, arichining powered assistive devices compared to no
feedback groupf30]. For example,lte addition ofaugmented visudkeedback increased
locomotor adaptation for transtibial amputees utilizing a powered prostfgHis
Computerized interfaces, such as virtual reality environmeatsgisplay EMG activity
and augmented sensory feedbeknproveclinical motor rehabilitabn [32].

1.2. Virtual Realityfor Motor Rehabilitation

Following neurological trauma, motor training with computerized interfaces soffer
advantagesompared to conventional therapigsterms ofdata monitoring and increases
in cognitive engagemep83]. Virtual reality (VR)is used in clinical motor rehabilitation

to motivate the participare], [34], [35] and in some casgegan increase strength and



endurance compared to conventional therfg8]. Integrating VR environmentsinto
physicalrehabilitation began decades 48d]. However, he technology was nowhere near
todays options and equipmentould cost thousands of dollargor a fully functional
system. Today, VR is much mord@fiable and allows foecreatingenhancecdugmented
sensory feedbacinobtainable in conventional theragydding VR-based rehabilitation

to conventional therapgegimens hasimprovedfunctional outcomes in ableodied and
neurotraumatic populatiorf87]i [39]. The sucess of VR rehabilitation has been mainly
attributed to increasing motivation and simulating task practices that have high physical
and cognitive fidelity to ADL$37]. Virtual reality introduces immersive and customizable
environments witlgamifying elementg!0] that increase cognitive engagemdat] and
reduces neuropathic painin people recovering from neurological traum§i2]i[44]
(Figure 3). Although VR shows promise for neurorehabilitation,rétmains unclear
whether it is more effective than conventional theréggmme studiesiave foundhat the
effects on motor learning are equal when the training dasaggual[45]. Although one
treatmentmay not be more effectivegparticipantstend to enjoy VR therapy more,
motivating themto continue their rehabilitation regimddl]. Still, there is a lack of
systematic evaluation fothe effects ofvarious components oWR-based motor
rehabilitation that integrates augmented sensory feedback to acceletatperformance.
Given the powerful flexibility and customizability of computerized interfaces, the
effectiveness of VR rehabilitation lies in the more intelligdagdgn of augmented sensory

feedback



Implementing virtual reality for improving clinical motor rehabilitation

=TI A

Virtual reality increases cognitive
engagement and displays
| augmented sensory feedback

Calabro et al. 2017
_,

Reddit.com 1

Virtual reality displays gamified environments for (3
motion- and force-based rehabilitative tasks

Figure 3: Virtual reality is used to increase cognitive engagement through gamifi
environments that display augmented sensory feedback for motor rehabilitative

When developing a VRbased rehabilitative taskhe level ofimmersionand
participants perceied sense of presenceiight affect performance. Immersiors
quantifiable and dependent upon the equipment (#&danda parti ci pant 6s

presence is qualitative and defines tha r t i ergeptiontobimmersion in the VR
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environmen{36]. Yao and Kin[36] describe itagj | mme rsa synzhronicity of media,

user, and contents where presenese ionl y a human consci ousne
Immersionranges fromow, moderate/medium, or high immersjalependingupon the
technology used. Slater and Wilbur identified five categories to quantify immersion:
inclusive, extensive, surround, vivid, amdatching[47]. Each of the five categories
influences but is not the sole determinant of the particpprtceptual experience. Miller

et al. briefly described each categaran easyto-read table formafTheyevaluated how
immersion impacts the ability to assess and teach social skieojplewith autism[46].

Highly immersive VR environments may increase giterand endurance [36], but more
straightforward tools such as computer monitors may outperformrheadted displays
forsimpletask$l6]. The participantdés sense of prese
is often Ushaped, similar to thBuncanny valley associated with the representation of
human face$49]. For example, a traditional computer interface with a monitor, speakers,
keyboard, and mouse provides a greater sense of presence thagualipw/R headset.
Memory tasksdo not directly improve by increasing tlgpiality of 3D models in VR
however, increased sense of presence can improve memory task felultfask
irrelevant immersive elements, such as extraneous objects, may detract from memory
retention tasks if they distract from the desired stim[Bd$ These two principles imply
including immersive elements into clinical motor rehabilitation has an unknown but ideal
numberthat appears natural to the user but does not distract them from their assigned task.
This nunber is likely different for individual users, makingesigning these VR

environments difficult.Fortunately, VR lends itself to enhanced forms of augmented
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sensory feedbacland immersionfor optimizing clinical motor rehabilitation at a
participantspecific level.

1.3. Augmented Sensory Feedb&akMotor Training
Augmented ensory feedbackprovides visual, audio, or haptic cues tonprove
performance during functional tasksd accelerate motor learnif@§]. Augmented
feedbackis transformed di spl ay oduchtshaebargrapht i ci p
representingyraspforce or isometric muscle activity. Examples of ¥Rsed augmented
visual feedback are transparengetrbody positions that overlay a figtrson perspective
to guide spatial positioningp2]. The primary mechanism in arfigedbackmodality is to
provide information about participant performance either in-tre@d or immediately
following task completion. Providing information about their performance allows them to
make corrections or impose elfscompetition element for improwgent[41]. The optimal
type of feedback to apply relies heavily on participant experience and the complexity of
the tasK53].

Compared to audio and haptic, augmented visual feedback is best for guiding
spatial positioningd54], [55]. Audio and haptic feedbkdave advantages in unimodal
situations, especially in simple tasks where visual feedback can be distracting. Audio
feedback can cue the participant to start or stop an experiment and provide complex
performance variables such as sonification error fimdhg or walking balance. Haptic
feedback is a general term for anything related to touch sensation and can provide
sonification of balance error through tactile actuators or vibration motors attached to the

participant. Multimodal feedback, most commoalydicvisual or visuehaptic, provides
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multiple sensory modalities as multiple sources of performance information and has been
proven effective at accelerating motor learning in complex tasks.

Another term for sensory feedback Ilsofeedback and it means providing
biomechanics data back to the user to impnokgsical rehabilitationBiofeedback has
two primary typesbiomechanical and physiological, each with thiesxback categories
[56]. Biomechanical data types include movement, postural control, andutilizeng
motion capture and force plate systems. Physiological data types include neuromuscular,
cardiovascular, and respiratory ansk Wiological sensors to measure signals such as
muscle activity or heart rate variability. Gigg et al. (2013) identifaktwo strategies for
providing feedbacks6]: 1. Direct feedback, where the measured varialdepsicit, such
as heart rate variability directly from watch, and 2. Transform feedback, where the
measured variablenapsto an audio, visual, or haptic feedback systdihe second
strategy, transformed feedbagkbiomechanical datas myfocus and how toptimize the
type of transform feedback to achieve the desimetbrrehabilitation outcomes.

1.3.1. Training versus Retention

Motor learning can be described as developing intrinsic mechanisms, such as muscle
memory or proprioception, to repeat a movementpedédently. Physical rehabilitation
has two distinct phases leveraged throughout any learning sessioimg andretention
The training phase whenaugmentedensoryfeedbackimproves task performancéy
guidingthe participant towards a desired movement trajectory or muscle activity pattern
The retention phaseasno sensory feedbackgrcing the participanto performthe task

independentlwithout movement suppof8]. High performance during the training phase
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will induce the desired motor outconmeesd benefits tasks of high complexity, such as full
body movements or controlling a myoelectric deviceghHperformance during the
retention phase indicatasiprovements inong-term learning and the development of
independent movement strategi€sansfer tests can alswaluateetention A transfer test
is a different task presented during retention tds@n during training to assess the
transferabilityand generalizabilitpf thebenefits on notpracticed movements and muscle
control[3]. It is important to note that high performance during training does not correlate
to increasegerformance during retention; the opposite ofieaurs[57]. Optimizing VR
rehabilitation peadigms depends on participasgiecific need$o identify which phase of
motor learning, trainingor retention is most valuable. For examplg@easonlearning to
use an exoskeleton for the first time will benefit significantly from high performancegdurin
the training phase. As theersongains independence and moves towarelsoate usage,
value moves from the training phase to the retention phase of physical rehabilitation.
1.3.2. Theories of Motor Learning
Multiple motor learning theories and previous research have created a foundation for
augmentedsensory feedbaekasedmotor rehabilitation. The guidance hypothesis is a
motor learning theoryhat indicates that higher reliance on feedback for assistandegiu
training will negatively affect retentiofp8]i [60]. Whenaugmentedensory feedback is
constantly provided during training or in a high frequency of trials, participaiyten the
feedback for movement suppofthe idealaugmented sensofgedback would result in
sustained performance in retention trjaiglicatingimprovedindependence anchuscle

level control during training trialsThe guidance hypothessstraditionally evaluated over
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an extended periotly altering the frequency of feedback as motor learning improves,
including retention trials interspaced withitriag trials[58]i [60]. This theory is the basis
for many othemotor learning theorieis that forcing participants to practice a movement
on their own and develop independent movement strategies, is beneficial fotdong
learning.

The specificity of practie hypothesis suggests thedrning is specific to the source
of afferent information that is more likely to ensure optimal accuf@ty In other words,
the taskpresented during traininghould closely resemble the dedimotor or muscle
control and the feedback provided should be relevant to the task at Admede are
examples of presenting a different tésting retention, known as transteststo evaluate
the transferability offunctional outcomesHigh performance during training trials does
not always coincide with high performance during retentionfact, the opposite trend
oftenoccurg[57]. Participants often believbatif they are performing well during training
trials, they must be learning the best they. darns crucial to ensure pacipants are
constantly challenged during trainitmhelp accelerate the learning processditionally,
having the participants perform a wide range of training exercises may be more
advantageous than repeating the same task over numerous seBsmneview by
Soderstrom and Bjork breaks down many examples of ways to structure rehabilitation
paradigms to accelerate motor learningcluding latent learning, distribution and
variability of practice, and metacognitifi/].

The participant's focus of attention during training can dramatically affect motor

learning Instructing participant® focus on arextrinsicpart of the rehabilitative taskill
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improve motor learning moréhan an intrinsic focus point[3]. An example iswhile
learning to kick a soccdrall, should you focus on your leg and foot throughout the motion
(intrinsic), or should you focus on the trajectory of the soccer ball (extrih&itextrinsic
focus typically outperformsan intrinsic one for improving motor learning.The
participant ds e x p e optirmalamaent &nd fvequencywof dugmerdetl f e c t
sensory feedbaadkuring training trialslt is necessary tanderstand which stage of motor
learningthe participantis at or how much experience they have withrttotortask Fitts
and Posner introducedelthree stages of motor learning in the 19@ts Cognitive stage,
the Associate stage, arile Autonomous staggs2]. During the first stage, the Cognitive
stage, the participant would have little experience with the task errors to the target
trajectory improve over a few short training sessionMovements are slowand
considerable cognitive activitis required to control actions consciousQuring the
second stage, the associate stage, movemeatsnbemore fluid and less cognitive
activity is required During the final autonomousstage, movements beme more
consistentand little to no cognitive activity is required. Improvements durindabsigwo
stages take much longer than the first stage

Finally, there are distinctechniques for increasing cognitive engagentemtng
motor rehabilitation [41]. Zimmerli et al. (2013)identified feedback elements for
increasing engagement and motivation during rokmdgisted gait exercises. The first
element is ensuring that participants can interact withr #revironment Compared to
walking on a treadmill without VR, participantgegrated with anovingVR environment

without external feedback cues were motivated to work harder. A second element is the
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introduction of reatime performance cues, which is the basis &agmentedsensory
feedback rehabilitation. By providing parpeintswith an average gait velocity over time,
researchers introduced an element of -sethpetition that significantly increased
motivation andmotor performance. Finally, they investigated the response to external
competition as a virtual opponent. Thirsal element wasconclusiveas some participants
enjoyed the external competition while others did Aoigmented sensory feedbaitiat
represented redime participant performance significantiynproved motivation and
performance compared to the cahigroup.

1.4. Features oAugmented/isual Feedback
Augmented isual feedbackprovidesexternal cuesluring physical rehabilitatioand is
superior to audio and haptic feedback for guiding spatial positioWteghave identified
features ofaugmentedisual feedback foguiding spatial positioning during motaoasks
to optimize clinical rehabilitationin general, isual feedback hefpproduce consistent
movementor muscle controfor improving physical rehabilitatignsuch as improving
isometric muscle control or helping restore natural [§&}. Examplegaitimprovements
with visual feedback trainingnclude reducing joint momenf{64], improving symmetry
[65], increasing forward propulsid66], and increasing stride lendii7]. Improvements
with visual feedbackn assistive devictraining for various clinical populatiomange from
wheelchais [68] to prosthetics[31], [69]. There are many different modalities for
providing visual feedbackncluding television screerjg0], computer monitorg31], [66],
signal lights[71], laser pointer$72, p. 2] and immersive virtual reality headounted

displays[69], [73]. Theoptimalviewing modality can be influenced by the complexity of
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the task, as simple tasbkften benefit more from simple feedbaakd highly complexVR
environments may be distracting or cognitively overloadingVR, augmented visual
feedback is the most exploitable sensory modality. VR introduced enhanced forms of
augmented visual feedback, unable to be replicated in conventional therapy, such as
compl ex avat ar B2]a & target pogition regpesentdd asoan instructor or
virtual mirror [74]. Motion- and forcebased motor tasks utilizing augmented visual
feedback integrated with VR include guiding uppemn positior{75], [76], providing real
time muscle activity for controlling a prosthetiovitee [32], and training medical students
on specific surgery practicdg7]. Features ofaugmentedvisual feedbackfor guiding
spatial positioning during motor taskelude 1) complexity (simpleversuscompley, 2)
body representatior(abstract versusrepresentativg and 3) intermittency ¢ontinuous
versushandwidth) (Figure 4). These featureareleveragediuring VR-based rehabilitation
to accelerate motor learning at a participgmecific level One additional featuréiming,
is definedin the following sectiorand is a feature unique smgmentedsisual feedback
alreadyextensively researched in motor learning.

1.4.1. Timing (concurrentversusterminal)
Timing is a feature unique mugmentedisual feedback that has already been extensively
researched and directly meamsento provide the feedback to the participaddncurrent
feedbacks reattime information about performance, suchpasticipant spatial position
to match alesirednovemenmtrajectory, and helps the participant immediately reduce error
to the targetTerminalfeedback is provided after the exercise within a few seconds and

includes information about the previous trial to help adjust for the nexicpn€erminal
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Protocol for leveraging features of augmented visual feedback to accelerate motor learning

Virtual reali ﬂ VF: Only hand displayed
o B ‘ —_— | USER o
k< Motor control 8 = »" ARM | =
PN
VISUAL
Features of FEEDBACK (VF)
-
) Examples for a reaching task
visual feedback P g
1. Complexity
2. Body

Representation VF: Single abstract line VF: Multiple abstract spheres

" 3. Intermittency
Virtual reality-based Systematic evaluation of features designed to
clinical rehabilitation guide spatial positioning of motor tasks

Identify features with the highest positive effect on motor
learning based upon training and retention performance

Figure 4: During training with augmented visual feedback to improve motor cont
different features are evaluated for guiding spatial positioning to identify the optit
design to accelerate performance.

=

feedback hasaionstrated comparativebetterbenefits in longierm retentionf58], [59],

but concurrent feedback genesat@ore immediate performance improvemefis].
Concurrent feedback is most beneficial in the early stages of motamigawhen the
participant is inexperienced or naive to the task, making significant adjustments and
notable changes in performané2]. Terminal fedback becomes beneficial in the latter
stages of motor learning as the participant makes more minute changes and impreves long
term learning62]. Compared to termindeedbackconcurrenteedbackcan be ineffective

for training simple taskg53]. However, complex tasks such as ma#gmented
movements benefit from concurrefgedback, especiallin the early stages of motor
learning[53], [62]. Concurrentfeedbackparadigms are most effective if they guide the

learner toward an optimal movement while also reducing dependemecygovement
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support[6]. Overrelianceon concurrent feedbaakegrades the development of intrinsic
mechanismg58], [60], which contribute toridependent movemestrategiesTerminal
feedbackaims to eliminateeliance on the feedback forovemensupporto reinforce the
development of intrinsic mechanisrifsb], [78], [79]. When developinglinical motor
rehabilitation paradigms t he par t i c iamastage dfsmoter xepreingill e n c e
determineconcurrent and terminal feedbackome studies have found tha@mbined
concurrent and terminal feedback can Heamtageous if still interspaced with retention
trials [78]. In my research, allaugmentedvisual feedback as examined as concurrent
feedback to investigate the raahe adaptation of motor performance and potential
learningin shortterm retention tests.

1.4.2. Complexity 6impleversuscompleXx
The first featureof augmeted visual feedbackve identifiedto leverageduring motor
rehabilitation is complexityand defines th@mountof visual feedback providedrhe
complexity of visual feedback and the complexity of the motor task have similar
definitions.Wulf and Shea (2002) defined simple tasks as capably learned in one session
or are a single degree of freedom, while complex tasks have multiple degreeslofrire
require numerous training sessions to master, and are more ecological[3aNdsual
feedback complexity shifts from simple to complex as more targets are pref&gnféd
Smple feedback provides a single DOF or variable about performancec@anglex
feedback provides two or mofé]. The optimal visual feedback complexdgpendson
the complexity of the task, i.e., overly complex feedback couldidtemental when

training simple tasks.
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Given their simplicity of function, simple visual feedback providing one
performance variable is appropriate for a@hmensional or isometric tas$], [53].
Radhakishnan et al[80] found significant differencesduring a postural sway task for
motion performance across differaimple feedback types, utilizingsual and audio cues
Continuousfeedbackgenerated better endpoint precision matre significanimovement
intermittencythanmore discrete formgAdditionally, simple feedback can provide either
spatial or temporal information.ifferent types(position \ersts temporal, meamersus
variability) of simplefeedbackpresented during training produdédferent performance
and retention outcomes for the sametortask[81]. The spatial or temporal performance
metric presnted during traininghad the highest performance during retention tests.
Complex feedback is advantageous for movements with high complekign the
information is relevant to the task but does not hinder performance by being overwhelming
or providng too much informatiorj73], [82]. For example, for training complex dance
movement, reduceteedbackwith only four variables about spatial positiqjenerated
improved retention in performance compared to being trained witblve [73]. This
finding suggestsomplexfeedbackis beneficial if it only presents the most important
features ofnotorperformance and removes extraneous information

Simple feedback isiore appropriatéor simple tasksasa singulafocus targetThe
highfocuson a distinct target magsult inincreasegerformance during training but may
result in degraded development of intrinsic mechanigth<On the other handsomplex
feedbackmay cogitively overloador be ineffective during training if the participant finds

the information irrelevant to the taskomplex feedback cameadvantageous in reime
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performance, providing more targets to guide multiple performance meétaegver.the
body representation of treugmented visudéedback is crucial for allowing the participant
to embody the feedbackuring trainingfor improved resultsluring retention tests.

1.4.3. Body Representatiorabstractversusrepresentative
Another feature of visual feedbacko be leveraged fomotor rehabilitation is if the
feedback displays boejiscernible features.Abstract feedback displays training
performanceas line plots or bar graphs with no bedigcernable featuredn contrast,
representativéeedbackd also known as natui@lhas appareriody-discernable features
such agirtual avatars or mirrors of the participandjsatialposition[6]i[8] (Figure 5).
There is a natural connection betwesimpleabstract and complexrepresentative
feedbacK6].

Abstract feedback is considered best for simple tasks because of the simple nature
of the feedback, typically a single line to traxebar graph. Foexample, foEMG-driven
prosthetic training, hand grasp force can be provided as a bar graph to train muscle level
control [83]. Representative feedback is best fomplex movement task$3], such as
multi-joint movements thahayappear disjointed when displayed as independent abstract
lines[7]. In VR-based rehabifation, complexepresentative modes atigmentedsisual
feedbackhelp totrain movement taski®2] or simulate posthetic devices in the virtual
environment[84], [85]. During any wholebody movementsuch as the gait or squat
exercise, complexepresentative visual feedback helps the participants embody the
feedback display, leading to a greater developmemuti-joint intrinsic mechanisms than

abstract displays. Aftecomparingcombinations ofiugmentedvisual feedbacKeatures
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Body representation features for a reaching task

Figure 5: The augmented visual feedback featurbaly representatiors defined as
either A) abstract or B) representativgperding upon the bodgiscernibility of the
target feedback. Abstract displays have no bdidgernible elements while
representative has clear bedigcernibility. Different features provide different
methods of guiding spatial positioning for motor tasks, reachto-grasp

(complexity and bodyrepresentationfor the twelegged squat exercise my thesis
studies complexrepresentative feedback demonstrated increasedistency in motion

and muscle activity patterfig].
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Abstract feedbacksi appropriate during fordgased motor exercises to maintain
force control or muscle activity when representative feedlsackotrelay the desired
outcome measure. One disadvantage of com@presentative in augmented visual
feedback is that it is onleffective at guiding spatial positioning during movement
exercises. Representative feedback would be ineffective for isometric obBmedasks
unless forces translate to virtual movements

1.4.4. Intermittency ¢ontinuousversusbandwidth
Thefinal feature ofaugmentedisual feedback durinmotorrehabilitationdepends on the
frequencyof visual feedback provided during traininGontinuousfeedback involves
constant, uninterrupted presentation of
targets throughout the movement t§&&]i [88]. The classic approach &mceleratenotor
learning presented earlier éiseguidance hypothesis to effectively reduce the frequency
of terminal feedback trials by interjecting additionaktention trals [58], [89].
Theoretically, reducing the frequency of feedback trials promibtesdevelopment of
independent megement strategies and improviatrinsic mechanismgb8], [59]. Reduced
frequency of feedbackethodsto accelerate motor learnirsge faded[81], selfselected
[90]1[93], and bandwidth [82], [94], [95] Bandwidth feedbacks the only reduced
frequency paradigm developed for concurfeetiback.

Bandwidth feedbackis the intermittent presentation of visual cues based on a
performance criterignsuch as movement error to a target trajectbyring bandwidth
feedback feedbacks not displayed in times of low errbut onlywhenthe error exceeds

a performance threshold T h e s e @ositibecandchsgative error ta@gettrajectory,
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aim to stabilize performanca certain error levels (e.g., 5%, 10%, or 15% of maximum
error)[96], [97]. The working principle with bandwidtteedbacKor long-term learning is
to reduce reliance on the feedback as performance improves progressiyahally,
bandwidthfeedbackusesterminal feedback82], [94], [95], [97]i [99]. Relatively fewer
studies have investigated performance with concurrent bandfadtiback. Examples
include anisometric force task87], a driving simulatof100], and the twdegged squat
exercise[8]. For a single joint isometric force tas&pncurrentbandwidth feedback
generated higher variability but higher regularity to a force taéingeicontinuoudeedback
[87]. They postulatedthat bandwidth feedbackinduced greater reliance on intrinsic
mechanisms that produced lower apgmmate entropyConcurrent bandwidth feedback
showed more significant learning potential for the tegged squathan continuous
feedbacK8]. Although the effects ofoncurrenbandwidth feedback on lortgrm motor
learning have beeunnderresearchedthereis potentialto improve shortterm retention
with implications for longterm regularity[87].

Continuous feedbacis most advantageous in the early stages of metmning
until the participant begins to gain experience. Once they understand the motor task and
desired outcomes, it ibeneficialto transition to concurrent bandwidth feedbauid
terminal bandwidtho reduce reliance on the feedback for movement stigwadually
Continuous feedback is best for increasing -tmaé performance, while bandwidth
feedback shows potential for improving retenti8h

Other forms of augmented sensory feedback, including audio and haptic,

effectively improve motor performance. Augmented haptic feedback as vibration can



25

provide therapeutic benefits to newdeficit populations by reciing additional muscle
fibers[101] or positively affecting proprioception during motor rehabilitafib®2]. Haptic
feedback also enhances integration and immersion duringagRd rehabilitatiof83],
[103], [104] Augmented multimodal feedback, combinations of visual and vibration,
effectively improves motor performance and provides therapbatiefits during complex
motor rehabilitative tasi®], [105].
1.5. Potential of Multimodal Feedback

Note from Authori For a g o o d .Dpjeurngy, | mVestigated vibtation or
vibrotactilei feedbacko createnovelaugmentednultimodal (visual + hapticjeedback
paradigms for improving task performance. Due to unforeseen circumstances, including
and not limited to COVID, | decided to focus more of my time on visual feedback within
virtual reality to ensure the quality of the work was high instead ofgrigrspread myself
thin with a fullyfledged haptic feedback project. However, | did a lot of research and
several pilot experimen{see Appendixpto the advantages of utilizireugmentedhaptic
feedback, both in uni mod®dnSanford mul t i modal

Augmented hptic feedback is a broad term that encompaasgsodalityrelated
to touch sensatiof6]. Examples of haptiteedbackinclude changes in applied forces,
pressure, vibration, or temperature to relay information about the environment to the user.
During physical rehabilitation, one example of haptic feedlacgroviding vibration
repulsion or attractioto guide the participant towards the target movement trajectory
[106]. Mapping haptic feedback magnitude, such as vibration magnitude, to position error

providesadditional levels of complexity and information about performgh0&], [108]
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In more complex scenarios such as utilizing an E60Gtrolled assistive devicproviding
reattime haptic feedback mapped to hand force feedback results in greateevser
integration and improved task performaf@3], [103]. This phenomenon can be described
as sensory substitution and helps amputegseoplewith neurological trauma discern
magnitude changes in device force control or proprioceptive movemenfl€®dr[110]

A common form ofiugmentedhapticfeedbacks applied forces or modulating the
effort required by theparticipant(i.e., sensitivity). In a simple analogy, adding weight
during strength training woulddda d di t i o n a | affeét motaor elabilibation. o
Another example of applied forces in mokearning is the effects of perturbations during
gait, balance, or reachingusiies.Two types areeal perturbations, such as being pushed
or pulled during gait or balance training, or visual perturbations applied ¥R a
environment to evaluate reaction time or internalemoent model§l11], [112] Another
exampleof applied forcesncludes modulating the sensitivity of a jagktcommonly used
in upper extremity motarehabilitationor computerized interfaces for gamifid.3].

A secondaugmentedhaptic feedback modality is vibration. Vibratieapplied
through an exteral device, such as a handle or standing platform, or vibration motors
attached directly to the epouwanarantedéorn. Tr
adverg effects, such as the lotgrm usage of jackhammeby construction workers.
Recently, researchers have been exploring vibration in more controlled environments to
providetherapeutidoenefits.Vibrationfeedbacki also know as vibrotactile feedback
can bedescribedasexplicitor implicit depending upoits connection to task performance.

Vibration is explicit if the cues are directly related to task performance opdhtecipant
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focuses onutilizing the vibrationto complete the taskibration cues range from velocity

or positiondependent for upper eemity tasks by mapping error magnitude to vibration
magnitudg114]. Another example of explicit haptic feedback includes mapping vibration
magnitude to error magnitude during standing baldh&8]. Multiple vibration motors

can cue direction relative to a target trajectf®8]. One disadvantage of explicit
augmentedhaptic feedback in conjunction with visual feedback is the possibility of
cognitive overload, especially when tasks can be deemed simple enough to be mastered
with visualfeedback alonglL08].

Implicit vibrotactile feedback isot directly coupled to task performance and can
alter a participantods muscl e [l@lf (LO2NThdsey or
effects are unique to vibrotactile feedback because of the ability to affect afferent signal
pathways anéthducemuscle stretch reflexe$he first inplicit form of vibration includes
whole-body vibration[116], [117] It is common to thesarlier jackhammer analogy as
whole-body vibration can be detrimental if exposed for an extended duration. In recent
years, researchefsmave beerexamining thetherapeutic effectef vibration on muscle
activity training. During isometric exercises, applying vibration universally isestaG
activity in both agonist and antagonist musdie$8]. For example, indirect vibration
through an external devicd the hands or feet may increase the EMG response during
isometric exercises by recruiting additional muscle figéfd], [119] Factors such as
vibration frequency, amplitude, and target force magnitude dramatically influence the
subsequent effects on EMG activity compared to control groups without vibfa@ibh

Vibration alsoincreass fatigue believed to be due to the recruitment of additional motor
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units.Muscle fatigues identified through frequenegiomain analyses d¢iie EMG activity
by examining thenean omedianfrequencie$120].

The second forrof implicit vibrationaltersuser proprioception bgpplying direct
vibration at the muscktendon junctionDirect muscletendon vibration may lead to an
illusory movement effect in the direction of muscle str¢fi@?], such as a sensation of
elbow extension during vibration on the pmmeil or distal bicep tendonkinlike whole-
body vibration creating anillusory movement requires lower vibration frequencies to
induce the desired effect and is more successful with Linear Resonant Actuators (LRAS).
LRAs are vibration motors that act mdre k i @t d@nmeduireannoctt more complex
devices to control the various parameters (magnitude, amplitude, frequEncghtric
Rotating Mass motors, often seen as small coin motors, are not as effective at inducing an
illusory movement effect but cdoe utilized for other forms @ugmentedhaptic feedback.
IntegratingVR with implicit vibration has been shown to amplify the observed illusory
movement effect and shows potential for more effective therapgaplewith severe
sensory dysfunctiofi21].

Another unique form ochugmentedaptic feedback is electric stimulation, either
to the muscle, nerve, spine, or brain ley&22]. Electrical stimulation can help to reduce
neuropathic pain, reduce spasms, and reduce muscle atropepplesuffering from
neurological trauma. For example, functional electrical stimulation applied directly to the
muscle midbelly on the skin surfacean be therapeutic following neurological trauma.
Stimulating the muscles, whethawoluntarily or voluntarily controlledcan increase

blood flow and promote neuroplasticity durimgotor rehabilitation[123]. Stimulation
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applied in conjunction witimotorrehabilitation tasks can assist participants in completing
the movements when they may be unable to do them independently, such as ankle
dorsiflexion for gait or hand function for reach to graSpmbiningone or moremodes of
augmentedensory feedback to create uniqualtimodal also known as muksensory
feedback applications has shown promis@doelerating motor learning and improving
motorperformancdg6].

Multimodal feedbackicreases the required attention during training, an advantage
being high performance, but would be detrimental to developingtemglearning effects
due to less reliance on intrinsic mechanisms. Multimodal feedback, such asigudi@r
visuc-haptic, can increase performance beyond unimodal sensory feedioadg¢k The
combinations of audio and visu@udiovisual) or haptic and visua{visuo-haptig are
more common than audio and haptic because of the required focus to use each sensory
modality effectively. Augmented audio and haptic feedback lmanconsidered less
distractive and require less attention during movement tasks than visual feedback. A
limitation of multimodal feedback is ensuring no cognitive overload that may prove
detrimental to the participant

Several experiments have investightthe positive benefits of integrating
augmentedhaptic feedback witkhisual feedback andR to improvemotorrehabilitation.
The most straightforwareixampleof incorporatinghaptics intovR-basedehabilitation is
the addition of applied pressures or vibration to impnoaor performance or increase
userdevice integrationBy providingvibration magnitude mapped to force magnitude on

the nearby residual limb or another intuitive location, usars modulate low, medium,
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and highforceswithin a VR environmento significantly improve myoelectric device
function[83]. Additionally, augmentedibrotactile and visual feedbacgkiidedupperlimb
movementg108]. Compared to visual alone, vibration only benefitted simpldedree
of-freedom (DOF)movementsThe addition of augmented vidiactile feedback did not
benefit the training of complex (2+ DOFs) movemeDbisiing upperarm robotic therapy,
Scotto di Luzio et al. (2020) evaluated vibrotactile and visual feedback on improving
posture[124]. Participants completed a rokaitied uppeextremity movement task to
reach a target displayed in the virtual envimemt. Their results indicated that both
feedbackmethodseffectively improved head and neck angles compared to the control
group and are valid solutions for rdathe posture assessment.

In some casegugmented haptic feedbadid not help improve the plermance
of upperextremity tasks or was detrimental when combined with visual feedbaek.
ineffectivenesss possibly due to the complexity of the task evaluated anghittieipant's
experience When tasks are considered simple or the participameigperienced, the
proposed benefit of multimodal feedback could result in cognitive overload. Hasson and
Manczurowsky (2015) determined that vibration did not improve an tgfiegmity task's
skill acquisition when presented independently or with viseedlhack114]. The task they
evaluated was a simple;d1OF movement in which participants controlled the swing of a
virtual myoelectric prosthetic arm. Their results concluded dogimentedvibrotactile
feedback could be detrimental as some participants may have had difficulty integrating the

haptic informatiorwith the virtual component.believe a more complex task with multiple
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DOFs may demonstrate opposite results wrargmentedhaptic feedback could be
beneficial when combined with visual feedback.

Implicit types of vibrotactile feedback, as mentioned before, are not directly
coupled to task performance. Physiological effects of vibration, including altering EMG
signals or producing an illusory movement effect, can have therapeutic ben&fRs in
based rehabilitation. A therapeutic effect of implicit haptic feedback, in any form,
combined withvisual feedback an¥R, is the reported reduction in neuropathic pain and
i mproved neuropl ast i ci tCpmpareditontiaditianal therapy 6 mi r r
Saleh et al. (2017) reported greater cortical reorganization and greater improvement in
clinical measures of postroke participantsfollowing a novel robotieassisted upper
extremity VR task[125]. Bassolincet al. (2018) created a novel braiomputer interface
for inducing embodiment and an illusory movement withmMRaenvironment to observe
usercontrolled mirror therapyl26]. They utilized a unigque form of haptfeedback by
combining transcranial magnetic stimulation (TMS) WMR to create a TM%voked
mirror therapy effect. Two studies, Pozeg et al. (2017) and Le Frank et al.,(@@2@d
VR to enhance the illusory movement effect and therapeutic benefitcced by
augmentedibrotactile feedback. Pozeg et al. (2017) determined that vibrotactile feedback
reduced neuropathic pain in Sgdrticipantsand improved embodiment within thetual
environmen{42]. Le Frank et al. (2020) found thdR enhanced the illusory movement
effect of tendon vibration in healthy participanf$27]. Combiningaugmentedhaptic

feedback wittvisual feedback throughiR can enhance the desired outcanmeasures such
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as improved motor performance, enhanced immersion or integration, more therapeutic

benefits such as reducing neuropathic pammprovingvirtual embodiment.
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2. SPECIFIC AIMS
| have identifieda lack ofoptimization in the deploymefitetween clinical rehabilitation
and computerized interfaces, emphasizing improving motor performance. The overarching
objective ofmy dissertation is to systematically leverage augmented visual feedbd@Rk in
to identify features that accelerate positivetor performanceAugmented visual feedback
guides spatial positioning during motiomnd forcebased tasks to improve motor
performance. Each augmented visual feedbaskihmigue combinations of visual feedback
features, including complexity, body repeasation, and intermittency. Changes in motor
performance, including motion and muscle activity consistency, will be the primary
outcome measure with additional supplementary results as measurable changes in
neurophysiological signalgzinally, because o& natural connection in motor learning
between features of complexity and body representation (i.e., sahpleact and complex
representative), my focus is on evaluating the two features of complexity and intermittency
for improvingperformanceluring mdion- and forcebased motor tasks

AIM 1 : Investigate the effects of specific features (complexity and intermittency)

in augmented visual guidance during training on the performance mbtonbased
rehabilitation taskl examined ombinationsof augmented visual feedback with features
of complexty and intermittencyfor a motion-basedtask (twelegged squat) highly
prevalent in clinical rehabilitatiofuring training, participants received concurrent visual
feedback of their segmental (torso, thigh, shank) motions in the sagittal Ipdsaduded
the effects of visual feedback featurgsrovided during training based qerformance

improvementsfound immediately after training (i.e., sherm retention). Greater
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feedback complexity required participants to process more visual information (i.e.,
feedback about additional segments)nvestigated intermittency through augmented
visualfeedback provided continuously or periodically based on bandwidth threghelds
belowa specified threshd).

AIM 2 : Investigate the effects of specific features (complexity and intermittency)
in augmented visual guidance during training on the performance fufraebased
rehabilitation task.Our lab created a novel computerized (virtual reality) platfoom f
rehabilitating uppeextremity muscle function to pursue this aifilme platform utilized a
positionadjustable brace to provide gravity support and facilitate isometric training at
varied muscle lengths for persongh severe motor impairment (e.g.,iisq@ cord injury).
Participants exerted muscular efforts within the brace to generate patterns of muscular
activity classified as myoelectric commands for controlling virtual avatars (e.g., robot arm
performing reacho-touch tasks). The task was inhergnitbrcebased since the brace
providal resistance to motion which served to amplify myoelectric signals. These muscle
based signals subsequently drove a virtual robot arm performingteetminch tasks, from
which to trainmusclestrength and coordination. Augmented visiggddbackwasin the
form of a semiransparent guide avatar that indichtiee optimal (shortest) patengths
to reach targets. Variations in complexity and intermittency were applied during training.

We hypothsized that feedback complexity would improve pogining
performance for both Aimi$ guidanceincludesbody-level representationse., complex

representative feedbackjVe also hypothesized that bandwidth feedbackldimprove
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posttraining performaoe by reducing the reliance tme augmenteteedbacko promote

intrinsic mechanisms for either motioor forcebased mototasks.
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3. PRIMARY METHODOLOGIES
Electromyography (EMG) recordselectrical activity in muscles during forgenerating
contractions. EMG can be collected in reale duringmotorrehabilitation to determine
the workload of individual muscles. Sensors placed on the muscleeityd in alignment
with the muscle fibersmeasure the voltage difference from tdifferent skin surface
contact points. The frequency of action potentials traveling across multigielermotor
unitschanges the timearying amplitude of the raw EMG signal captured. Each motor unit
consists ofa single motor neuron and all muscle fibers it innervates. EMG recordings are
highly susceptible to variance (noise) in signal strength due total&sscross the muscle
structure, sensitivity to insecure electrode placement, and movement artifactsn@jtire
factors include muscle size and the amount of subcutaneous tissue under the skin surface.
EMG signals are normalizedcross participantbased upon recordings taken during
maximum voluntary isometric contractions (MVICs). MVICs are individual griaith
specificexercises fodifferentmuscles to extract a 100% EMG readiBgnsor locations
and MVIC protocolsaredescribedn the ABCs of EMJ128].

The following are steps for filtering EMG @ato determine individual bursts used

for controlling a myoelectric devic&igure 6):
1. The raw signal is the difference in voltage across two electrodes.
2. Rectificationtakesthe absolute value of the signal, making all values positive.
3. EMG must be sampled at least twice the highest frequency of interest to avoid signal

aliasing, typically at least 1000 Hz. Applying a bayass filter, around 1800 Hz,

removes baseline drift associated with movement artifact or user perspiration and
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Processing steps for electromyography (EMG) activity of a squat repetition
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Figure 6: Sequential processing steps of tibialis anterior EMG activity during a single
repetition of the twdegged squat exercise over-aecond period. The raw EMG is the dats
collected directly from the EMG sensor. The rectified EMG is the absadlile of the raw
EMG data. The root mean squared (RMS) and moving average (MovAvg) filters smoott
curve of data for easier analysis and integration to myoelectric devices.

preserves only the expected range of firing frequencies from the musclehAfittet
at 60 Hz mitigates noise from power sources.

4. Some smoothing of the EMG signal occurs with the-p@ags effects of the bandpass
filter. Additional smoothing filters (root mean square, moving avenagelucesignals
appropriate for simple on/ofinhings of bursts of muscle activity or create a robust (i.e.,
indicates clear intent and amplitude of effort) command signal for device operation.

Electroencephalography(EEG) measureérain activity througtsensors attached
to ascalpcapand placed on the participant's head, typically with electrode gel to reduce

impedanceEEG offline measuredognitive loading, specifically thalpha (U andbeta
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( Bband power in the primary motor and sensory cortéXeanges in alpha and beta band
power may indicate changes to potential motor learfiapand the participat# ability to

focus on external objects during VR rehabilitatijdr29]. A greater external focus of
attention during rehabilitation helps to improve motor learning compared to an internal
point of focus[3]. EEG datadid notcontrol elements of th&R environment However,
braincomputer interfaces show promising results for neurorehabilitftjoEEG can be
utilized inbrainrcomputer interfaces to introduce an element of-ueatrol for increasing
neuroplasticity130].

Motion capture is the process of recording the movements of people and objects.
Retroreflective markers are used in conjunction with infrared cameras that emit and receive
light for tracking marker position. Markers are placed on anatomical landmarks to recreate
markerbased skeletons preprogrammed into the motion capture software. Additionally,
markers can be placaxh foam board to createrigid bodiesfor reattime streamingof
body segments. Motion capture is used in-readld applications such as movies afidieo
games.Motion capture helps train correct spatial positioning during mdiased tasks
Participant kinematic data can also be used for computational modeling to analyze internal
body mechanics.

Machine learning is a computational intelligence techniquetipredics outputs
such as future movement states, based on a pattenput§ such as EMG signals
indicating realtime user intentl31]. During trainingwith an assistivenyoelectricdevice,
users learn to produce machipeedictable muscle activation patterns and develop-long

term retention for d&r use [31]. Machine learning algorithms are evaluatbg
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classification accuracy, accurately predicting desired outputs from new, untrained input
data, and resulting performance during functionsfk32]i [134]. Classical approaches

for EMG-controlled devicsuse the followingnachine learning algorithms: support vector
machine (SVM), linear discriminant analysis (LDAY, artificial neural networK ANN)

[135], [136] Support vector machinasesupervised learning modshat identif a unique
solution using linear or nelinear functions. An optimal separation hyperplane is identified
that aims to separate the classes by the maximum distance. LDAs can be usedifioe real
applications,althoudh they are more effective for ofline analyzes due to their fast
computational timed_.DAs work by utilizing the entire data set and calculating the means
between classes to reduce the dimensionality by a linear fundfimn.realtime
applicationsusing EMG controllers SVM has proven more effective compared to LDA
[137]i [139], especially for dynamic taskB40]. An artificial neural network is a multilayer
intelligence system for predicting outputs from inputs based on a series of linear
transformations (multiplications, additions@foreapplying a noflinear transfer function

(e.g., step function\Weights and biases are parameter values for the multiplication and
addition operations applied to individual input sigrforesummation at a network node.
This architecture is analogous to multiple symajpiputs to garticularmeuronDuringthe
training of anymachinelearningalgorithm, parameter valuesiaptto better match the
algorithm outputs to actual outputs observed from an experiment. If properly trained, the
algorithm should effectively predioutputs based on new inputs on which it was not

previously trained.
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Feature extractionsaredigital signal processing methotisidentify and extract
features for further analysis armore accurate representation of the signal for machine
learning processd20]. Beyond filtering a signal, such as applying a notch filter to EMG
data to remove noise from the power supply, feature extraction methods can help
restructure data in a format more easily separatedligtinct classes during classification.
Feature extraction methods are either toenain, frequencgomain, or timerequency
domain. Timedomain features such as root mean square or moving averag€Filhene
6) are commonly used in redime EMG gplications to help smooth out the raw data for
easier interpretation. Frequendgmainfeature extractionare used fooffline analyze®f
EMG data Examples include calculatirthe mean or median frequency changé&EMG
signals to measure muscle fatig@@mmparatively, there are much fewené-frequency
domainfeatureghan timedomain or frequencgomain. Athough a major problerwith
the time-frequencydomainis the high dimensionality of data set#he resultssuggest
possible improvement over tirtomain features for complex EM&ntrol setups[20].
Reducing the dimensionality of the datt, such as through an LD&so helps to convert
complex data sets into fewer dimensifmrseasier computational requirements atidws
for simpler classification modeléinother examplef reducing dimensionalitis principal
component analysis, which identifies trends in the datd141]). The objective isto
interpret the original data set, with high dimensi@assa new data set with fewer signals

or dimensions that still represanbst of the original data trends
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4. AIM 1: MOTION -BASED TASK
4.1. Introduction

The twelegged squat is a physical rehabilitatexerciseclinically correlated to the sib-
stand movement[142]. The squat exercisds commonly prescribedfollowing
neuromuscular or orthopedic traufdd3]i [145]. Themotionbasedaskwas a desirable
platform for this research aboatigmentedvisual feedback because it is a mygiint
movementwith a singlemodulation variablesquat depthSquat technique, such as squat
depth, hghly influences muscle activatiori$46]i [148] and can be regulated through
visual feedbacK72], [149], [150] Concurrent vigal feedbackcandisplay squat depth
[71], reduce hip and knee internal rotat{@2], and increase movement symmetry during
sit-to-stand[70].

This study evaluatethe effects of various features of visual feedbackyplexity
body representatigrandintermittencyfor training motion and muscle activity consistency.
Six uniqueconcurrentvisual feedback modeguided the thigh angle's retine spatial
positioning and in some feedback mogdadditionally the shank and torso segmeRtar
unique combinations of complexity and body representation were designed for continuous
feedback (simplabstract, simpleepresentative, compleabstract, complex
representativeOnly two bandwidth visual feedback modes were designed to evaluate the
natural connections between simplestract and complerepresentativeThe objective
was to identify differences in training and shiatm retention performance, evaluated in

retenton trials performed immediately following training of each visual feedback mode.
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4.2. Subject Recruitment
Eighteenneurotypicalparticipants signed an informed consent approved by the local
Institutional Review Board and were recruited from a University campus through printed
flyers and worebf-mouth(TwelveMales: 179 £ 5.0 cm in height, 163 + 17.5 Ibs in weight,
20.4 £ 0.9 yeart age.SixFemales: 166 £ 5.1 cm in height, 136 + 16.7 Ibs in weight, 19.7
+ 1.1 years in age)Varsity athletes were not recruited due to their experience with the
squat exercise. All subjectsere considerednonathletes or played a club sport and
repated minimal to no weekly exerciseith the squat maneuver. Individuals were
excluded from this experiment if they reportéé following: 1. Previous surgery to any
lower extremity or of the spine/neck. 2. Chronic pain of any lower extremity or the
back/reck within the last three months. 3. A musculoskeletal or neurological disease
affecting normal gait function. 4. Sutmrmal hearing or vision that is not correctable. 5.
Any cardiovascular issues that make squat exercises difficult. 6. Inability tortegalaat
to the maximum squat depth of 70 degrees.

4.3. Study Design
Each participant completed a single training session that incorpavaiguhases for the
six augmentediisual feedback modes tiaining phase inmediately followed by a shert
term retentionphase During the training phase, ten trials of concurrent visual feedback
guided thigh angle position at a unique target depth for the squat exercise. Concurrent
visual feedback guided the motion of-@&condsquat cycle, which started and stopped at
the erect standing position. The target movement trajectogafdr body segmerghank,

thigh, and torspwere symmetric sinusoids, representing angular positions, téh
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maximum squat depth at 2 seconds. Participants were instructed to minimize spatial
positioning error to all visual targets presented during training trials. Immediately
following the trainng phase, a retention phase began of ten retention trials without visual
feedback supporParticipants independently reprodddbe movementso measure the
training effects on shoterm retentionThe primary outcomes measures for the effects of
visual feedback were the ability to increase accuracy (mean) and consistency (standard
deviation) of motion and muscle activity performaaceoss each phase

4.4. Experimental Protocol
Upon entry, prticipantsfirst selfseleced the positions of both feet for ssdquent
squatting trialand ape outlind each foot position for consistent replacement of the feet.
Next, participants were encouraged to stretch and wagnbefore EMG sensors and
motion capture markers were attached. Before completing any squat trials, MVICs were
collected for all muscle group#\ television was positioned five feet in front of the
participant and placed approximately dgeel atan erectstanceParticipants completed
twenty trials for each augmented visual feedback momigsisting of a single squat
repetition a block of ten training trials with concurrentsual feedbacKollowed byten
shortterm retention trials(Figure 7). A 2-second countdown clock preceded the
participants completing thegecond squat movement for each training.tRalticipants
hadaéesecond window to complete the sqguat at
for each retention trialThere was &-seconl break after each training and retention trial.

A 5-minute break separated eaghual feedback mod® minimize fatigue and mitigate



44

Experimental protocol and trial blocking for the two-legged squat task

A) Experiment Data Flow B) Experiment Blocking
| Display of Training with
Visual Feedback: Visual Feedback

Real-time 2 : x10
Adjustments to | |C§ > | B trials

Spatial Position

DA \{
Participant Squat 4 Retention
: Testing

! Target
Actual Movements Movements | DS | B x10
- ...: .............. trials

Performance Variables C—Countdown: 2-seconds
S—Squat: 4-seconds

Motion, Electromyography, BBk AR
Center of Pressure DS — Squat at Discretion: 6-seconds

Figure 7: Experimental setip. TOP) Retroreflective markers were used for motion
capture analysis, electromyography sensors and force sensitive resistors measy
muscle activity and center of pressure, respectively. BOTF)Marticipant and
target movements weregsented in regime for adjusting spatial positioning.

BOTTOM-B) For each visual feedback mode, participants completed ten training
trials with visual feedback immediately followed by ten retention trials.

any overall learning effect across the sessidre order ofvisual feedback modesas

randomized for each participant.
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4.5. Visual Feedback Modes

| developed i visual feedbacknodeswith combinations of visual feedback complexity,
bodyrepresentation, and intermittency. The six visual feedback nawdely Continuous
ComplexRepresentative, 2) Continue@®mplexAbstract, 3) ContinuouSimple
Representative, 4) Continue@&mpleAbstract, 5) Bandwid#ComplexRepresentative,
and 6) Bandidth-Simple Abstract. Continuousmodes constantly displayed both the
participantsposition and the target positigRigure 8). The transparency or color of these
visual cues never changegioth the participant and target position visual cues gradually
changed transparency duribgndwidthmodesbased upon error to the target trajectory
(Figure 9). The threshold for the feedback to begin appearing waasset 5% of the
maximum segmentangke. Only two modeswere presented with bandwidth feedback,
complexrepresentative and simpédstract, as these combinatiare naturally coupled

[6]. Simpleandcomplexmodes differed by the numbef visual cues displayed. The cues

represented body segment angles and vedrendependently contrdd. Only the
participant and target thigh angle positions were displayed during simple.nibdésigh
position is most indcative of squat depth, and squat depth was the most influential
parametefor altering muscle activity and interrjaint and muscléorces. Complex modes
presented three different participamuntrolled variables and three target trajectories, the
shank,thigh, and torso segmenf3ue to the squat being a closeuain task, presenting
reaktime information o the shank and torso segments mapeie full-body movement
control. Lastly,abstractmodes of visual feedback presentdusoidal targets with the

participant trajectory traveling across the screen from left to right.réheesentative
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FOUR CONTINUOUS VISUAL FEEDBACK MODES

Target Thigh ~ Simple- Simple-
Angle abstract representative
e
\ User Thigh .'.-". /
Start ™~ I Angle p -+ End
Position: "N~ . Position _
Standing et (4sec) \:_ Thigh
(Osec) 1‘
Maximum depth (2sec)
Torso  Complex- ] Complex-
abstract e representative
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Figure 8: During each of the four continuous feedback modes, participant and tg
positioned were constantly displaydaloughout the entire trial. Differeneamongst
feedback modes were based upon features of complexity and body representat

modes displayed 2D line segments representing body segments connected at presumed
joint locations in the sagittal plane. The fg@pant followed the feedback as it squatted
down and up to return to a standing position.

Due to each participant completing a single training session allithix visual
feedback modesthe squat depths for each visual feedbautde werevaried. The
maximum squat depth represented as the maximum thigh angle were as: fb)|6@° -
ContinuousSimpleRepresentative, 2) 542 ContinuousSimpleAbstract, 3) 58°-
ContinuousComplexAbstract, 4) 622 BandwidthSimpleAbstract, 5) 66° Bandwidth-

ComplexRepresentative, and 6) 70ContinuousComplexRepresentative/arying the
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TWO BANDWIDTH VISUAL FEEDBACK MODES
Simple- Complex-
abstract representative

Participant and target position appear only if participant position error falls outside of error
‘bands’ of #5% maximum angle for each body-segment

v v

Abstract Error ‘Bands’ Representative Error ‘Bands’

(not visible) it (not visible)
R +5% P —_— i —
“::I:_ 0, ':':‘ <« _KO
/ +5% e 5%

-5% —_—

Subject Position Trajectory
wumnmnnnnnn Torget Position Trajectory

Figure 9: For the two bandwidth visual feedback modes, participant and target
position gradually disappeared and reappeared based upon user error to the tar
trajectory. Bandwidth thresholds were set at586 for each individual body segmer

squat depth helped reduce the reliancprenious experiencand forcel the participant to
adopt new movement stratep for each visual feedback modzforetraining tials for
each visual feedback maqdthe participant completed fivpracticetrials where they
attempted to squat to the new target deplte pactice trials' participargpecific average
shank and torso valgeguided the participants durirgubsequent complex feedback
training triak.

4.6. Measurement of Physiological Signals

During all experimental phases, wireless electromyography (EMG) senBogso

Wireless EMG Systenbelsys, Natick, MA, USA) were used to record muscle activity
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sampled atl925.9 Hz. Sensors were placed bilaterally on seven muscle groups highly
implicated with the squat exercise: tibialis anterior (ankle e@asor), gastrocnemius
lateralis (ankle plantdiexor, knee flexor), rectus femoris (hip flexor, knee extensor),
vastus lateralis (knee extensor), biceps femoris (knee flexor), gluteus maximus (hip
extensor/abductor), and erector spinae (trunk extensor). Each EMG sensor was placed on
the midbelly of the muscle aligned with the muscle fibers. MVICs were collectdtkat t
beginning of the experimental protocol before any squats were performed and were used
to normalize EMG measurements across participahts ganding center of pressure was
estimated using foresensitive resistors from the same wirel€éddG system. Fou
individual sensors were taped to the ground wkaoh participant's feet were marked and
coincided with specific foot pressure points (heel, big toe, 1st metatarsal, 5th metatarsal)
4.7. Motion Capture Analysis
Nine wideangle infrared cameraBiime 17Wby Optitrack®, NaturalPoint Inc., Corvalis,
OR, USA)captured the 3D motionf the participants spatial position. Marker position
data were streamed in re@he using motion capture softwalddtiveby Optitrack®) and
processed at 30 frames pmacond in MATLAB® (Mathworks Inc., Natick, MA, USA)
using a desktop computer (Dell Intel® Xeon® CPUXH0 v4 @ 3.20 GHz) for display
onabigscreen t elk v sdvidabModEBOF$IBO0Spatial positioning
of the shank, thigh, and torsegsnents streamed in rdahe as narker clustereomposed
of foam boards and three naollinear retroreflective markers§wo shank and thigfoam
boardsweretapedon the outside of each leg. The shaolrdswere equally between the

medial malleolus and the middle of the knee joint center of rotation. Theltbagtsvere
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equally between the lateral epicondyle of the knee and the greater trochanter at the hip. A
single torsofoam boardwas centered betweerhé shoulder blades. Changes tive
orientation of eactmarker clustemwere to a global reference franmkhe initial setpoint
(zero angle) for orientationcoincidedwith thestanding position of eagbarticipant

4.8. Data Analysis
All motion and EMG data we processed and analyzed usingStaistics Toolbowithin
MATLAB® . Motion and EMG performansewere the mean (accuracy) and standard
deviation (consistency) relative differences acrossiallvisual feedbacknodes. Motion
performancenvasthe accuracy (minimizing error) and consistency (minimizing standard
deviation in error) of the participahtserformance relative to the target trajectory and
depth. All motion data erenormalized to a target depth of @0°remove depth as a factor
and allow direct comparisons across visual feedback mBdegipant error to the target
trajectory was multiplid by 60 and then divided by the target depth for that feedback mode.
EMG performance was the changes in mean EMG magnitude during individual squat
bursts measured collectively across all fourteen musstgmratesquats bursts were when
EMG exceeded or febelow 10% of the MVIC. EMG data were rectified and filtered
through a bangbass Butterworth filter (500 Hz, 3rd order)

The primary factor consideredawthe six visual feedback modesand although
three Batures of visual feedback weewaluated all six modes wereindependently
assessedA onesample Kolmogorov Smirnov test determined that performance data was
not normally distributedand therefore nonparametric statistical tests were required. A

Kruskal Wallis oneway analysis of vaance (ANOVA) madecomparisons acrosall
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visual feedback modeand amultiple comparison testyith Bonferroni correctionwas
used for individual comparison& Mann Whitney U tespaired sample comparisons
betweereach feedback mode's training and shemn retention blocks
4.9. Results
In this study,l evaluatedthe effects of various features of visual feedback for improving
motion and muscle activity accuracy (mean of error) and consistency (standard deviation
of error). The primary features wofterest were complexity and intermittency. Significant
differences were observed between features of complexity and intermitBgnificant
differences were also observed across individual visual feedback modes.
49.1. Motion Performance Target Trajectory

The primary performance metric for eadbual feedback mode@asmotion performance
evaluated as participant error to the target trajectiyure 10, Tables 1 and 2 An
ANOVA test indicated a significant difference across all visual feedback modes for both
accuracy and consistency of the thigh angle to the target trajectory. Significant differences
betweervisual feedbacknodeswereobservediuringtraining All visual feedback modes
except bandwidtsimple-abstract exhibited significantly worse accuracy during retention
than training.

Continuouscomplexabstract washe worst accuracy and consistency to the target
trajectoryof all visual feedback mode€£ontinuouscomplexabstracthad significantly
worse accuracy (p<0.01) and consistency (p<0.05) to the target trajectory during training
trials compared to the other three continuous feedback modes. Contomopiex

representative exhibited the largest performantferdnce in consistency to the target
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trajectory compared to continueuaemplexabstract (p=0.0001). Between matching
continuous and bandwidth feedback for simglbstract and complerepresentative
modes continuous feedback resulted in significantly Hag accuracy (p<0.05) and
consistency (p<0.05) during training trials. Unique to the comparison between continuous
and bandwidth modes waasvaluating potential learning as an outcome measure,
represented by the difference between retention and trainifayrmpance Both bandwidth
feedback modes exhibited a positive potential learning trend for consistency to the target

trajectoryand were significantly better than continuaiismpleabstract (p<0.01).
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Motion Performance to the TargetTrajectory from Training to Retention

ACCURACY: Mean of Error between Participant Thigh Angle and Target Trajectory
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Table 1: Motion performance results of participant thigh angle
for accuracyto thetarget trajectory
Table 1A: Mean value of all four visual feedback (VilApdesfor
accuracyto thetarget trajectory (degrees, mean -1 standard deviation)
Visual FeedbacModes
Block: CSA CSR CCA CCR BSA BCR
Training 4.0£1.0 3.9+0.8 | 5.6+1.9| 4.0+1.1 | 5.1+1.3| 5.2+1.3
Retention 7.4+2.3 7.0+2.2 | 8.0+3.1| 6.842.6 | 6.4+2.4| 7.4+2.9
Potential Learning| 3.5+1.3 3.1+1.4 | 24412 | 2.8£4 1.241.1 | 2.2+1.6
Table 1B: Post hoc comparisons;value,
between visual feedback modes dutiraining
CSA CSR CCA CCR BSA BCR
CSA X 1.0 0.0125 1.0 0.0935 | 0.0550
CSR X X 0.0037 1.0 0.0332 | 0.0186
CCA X X X 0.0068 1.0 1.0
CCR X X X X 0.0560 | 0.0321
BSA X X X X X 1.0
BCR X X X X X X
Table 1C: Post hoc comparisons;value,
between visual feedback modes duniatgntion
CSA CSR CCA CCR BSA BCR
CSA X 1.0 1.0 1.0 1.0 1.0
CSR X X 1.0 1.0 1.0 1.0
CCA X X X 1.0 0.5919 1.0
CCR X X X X 1.0 1.0
BSA X X X X X 1.0
BCR X X X X X X
Table 1D: Post hoc comparisons;value,
between visual feedback modes potential learnin
CSA CSR CCA CCR BSA BCR
CSA X 1.0 1.0 1.0 0.2460 1.0
CSR X X 1.0 1.0 0.4139 1.0
CCA X X X 1.0 1.0 1.0
CCR X X X X 1.0 1.0
BSA X X X X X 1.0
BCR X X X X X X
Table 1E: Mann Whitney U test, palue,
for each visual feedback mobetween training and retention
CSA CSR CCA CCR BSA BCR
1.176E05 | 7.575E06 | 0.0051 | 1.210E04 | 0.0791 | 0.0155
Note: Visual Feedbadklodesi CSA (continuousimpleabstract)i CSR (continuousimple
representativej CCA (continuousomplexabstract)i CCR (continuousomplex
representativej BSA (bandwidtisimpleabstract)i BCR (bandwidtisimplerepresentative)
Note 2: Significant Rralues (p<0.05) bolded
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Table 2: Motion performance results of participant thigh angle
for consistencyto thetarget trajectory
Table 2A: Mean value of all four visual feedback (VF) modes for
consistencyto thetarget trajectory (degrees, mean -1 standard deviation)
Visual Feedbackodes
Block: CSA CSR CCA CCR BSA BCR
Training 2.5+£0.5 2.7+0.8 | 3.4+0.8 | 2.3+0.4 | 3.5+1.2 | 3.3x0.7
Retention 3.8+1.3 3.6£0.9 | 3.6£1.4 | 3.0£1.0 | 3.1+0.7 | 3.2+1.2
Potential Learning 1.3+£0.8 0.9+0.1 | 0.3+0.6 | 0.7£0.6 | -0.4+0.4 | -0.1+0.5
Table 2B: Post hoc comparisons;value,
between visual feedback modes duriraning
CSA CSR CCA CCR BSA BCR
CSA X 1.0 0.0440 1.0 0.0396 0.0211
CSR X X 0.0808 1.0 0.0732 0.0403
CCA X X X 0.0008 1.0 1.0
CCR X X X X 0.0007 0.0003
BSA X X X X X 1.0
BCR X X X X X X
Table 2C: Post hoc comparisons;value,
between visual feedback modes durnietgntion
CSA CSR CCA CCR BSA BCR
CSA X 1.0 1.0 0.3413 1.0 0.8621
CSR X X 1.0 0.3813 1.0 0.9494
CCA X X X 0.6812 1.0 1.0
CCR X X X X 1.0 1.0
BSA X X X X X 1.0
BCR X X X X X X
Table 2D: Post hoc comparisons;value,
etween visual feedback modes potential learning
CSA CSR CCA CCR BSA BCR
CSA X 1.0 0.4929 1.0 0.0135 0.0236
CSR X X 0.9608 1.0 0.0357 0.0599
CCA X X X 1.0 1.0 1.0
CCR X X X X 0.3919 0.5843
BSA X X X X X 1.0
BCR X X X X X X
Table 2E: Mann Whitney U test, palue,
for each visual feedback mobdetween training and retention
CSA CSR CCA CCR BSA BCR
7.530E04 | 0.0018 | 0.6464 | 0.0038 | 0.3506 0.1249
Note: Visual Feedbadodesi CSA (continuousimpleabstract)i CSR (continuousimple
representativej CCA (continuousomplexabstract)i CCR (continuousomplex
representativej BSA (bandwidtisimpleabstract)i BCR (bandwidtisimplerepresentative)
Note 2: Significant Pralues (p<0.05) bolded
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4.9.2. Motion Performance Target Depth

Significant differences werundb et ween t he p ar dndtargepdepths s 6
(Figure 11, Tables 3 and 4 Thep ar t i depfhwas thé maximum deptbver the
entire trajectoryvaluated for accuragynean of errorand consistencistandard deviation
of error)to the target depthA significant difference was observéd potential learning
accuracy to the target depth. Significant differences were observed for individual feedbac
modes between training and retention

Continuoussimple-abstract exhibited significantly better accuracy (p=3-29k
and consistency (p=0.02) during training than during retenti@mmtinuoussimple-
representative alsshowed significantlybetter accuacy (p=0.01) during traininghan
retention. Additionally, for consistency to the target depth, the observable trends were that
both continuous simple feedback modes decreased consistehtycontrast, both
continuouscomplexand bandwidttieedback modes exhibitéacreasedonsistency from
training to retentionBandwidthcomplexrepresentative was the only visual feedback
mode with positive potential learniraccuracy to the target depthresented as higher
performance during retentionah during training, and was significantly greater than
continuoussimple-abstract. Although no significant differences were fouhdth
bandwidth visual feedback modes exhibited a positive potential learning effect for

consistency to the target depth.
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Motion Performance to the Target Depth from Training to Retention

ACCURACY: Mean of Error between Participant Maximum Depth and Target Depth
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Figure 11. Motion performance was measured as the accuracy (mean of error) g
consistency (standard deviation of error) of the participant maximum depth to th

target depth
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Table 3: Motion performance results of participant thigh angle
for accuracyto thetarget depth
Table 3A: Mean value of all four visual feedback (Vilipdesfor
accuracyto thetarget depth (degrees, mean -1 standard deviation)
Visual FeedbacModes
Block: CSA CSR CCA CCR BSA BCR
Training 2.6x1.3 3.5+¢1.9 | 35+15| 3.3x1.9 | 3.241.0 | 4.1+2.1
Retention 6.9+4.0 6.5+4.1 | 5.6+3.8 | 45+2.3 | 4.844.3 | 3.8+2.1
Potential Learning 4.3+2.6 3.1+2.2 | 2.1+2.8 | 1.2+0.4 | 1.6+3.2 | -0.3+0.03
Table 3B: Post hoc comparisons;value,
between visual feedback modes dutirainin
CSA CSR CCA CCR BSA BCR
CSA X 1.0 0.8833 1.0 1.0 0.2424
CSR X X 1.0 1.0 1.0 1.0
CCA X X X 1.0 1.0 1.0
CCR X X X X 1.0 1.0
BSA X X X X X 1.0
BCR X X X X X X
Table 3C: Post hoc comparisons;value,
between visual feedback modes duniatgntion
CSA CSR CCA CCR BSA BCR
CSA X 1.0 1.0 1.0 0.4799 0.1803
CSR X X 1.0 1.0 1.0 0.4673
CCA X X X 1.0 1.0 1.0
CCR X X X X 1.0 1.0
BSA X X X X X 1.0
BCR X X X X X X
Table 3D: Post hoc comparisons;value,
between visual feedback modes potential learning
CSA CSR CCA CCR BSA BCR
CSA X 1.0 1.0 0.2607 | 0.2607 0.0045
CSR X X 1.0 1.0 1.0 0.0982
CCA X X X 1.0 1.0 0.93381
CCR X X X X 1.0 1.0
BSA X X X X X 1.0
BCR X X X X X X
Table 3E: Mann Whitney U test, palue,
for each visual feedback mobdetween training and retention
CSA CSR CCA CCR BSA BCR
3.294E04 | 0.0119 | 0.2114 | 0.0738 | 0.8371 0.4765
Note: Visual Feedbadklodesi CSA (continuousimpleabstract)i CSR (continuousimple
representativej CCA (continuousomplexabstract)i CCR (continuousomplex
representativej BSA (bandwidtisimpleabstract)i BCR (bandwidtisimplerepresentative)
Note 2: Significant Rralues (p<0.05) bolded
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Table 4: Motion performance results of participant thigh angle
for consistencyto thetarget depth
Table 4A: Mean value of all four visual feedback (VF) modes for
consistencyto thetarget depth (degrees, mean -+1 standard deviation)
Visual Feedback Modes
Block: CSA CSR CCA CCR BSA BCR
Training 1.5+0.5 | 2.0£1.2 | 2.2+#1.0 1.8+0.7 | 1.840.7 | 1.9+0.9
Retention 22+1.0 | 24414 | 1.9+0.9 1.7+0.6 | 1.6£0.8 | 1.8+0.6
Potential Learning | 0.7+0.4 | 0.3x0.2 | -0.3+0.1 | -0.1+0.1 | -0.2+0.1 | -0.1+0.3
Table 4B: Post hoc comparisons;value,
between visual feedback modes dutiraining
CSA CSR CCA CCR BSA BCR
CSA X 1.0 0.2882 1.0 1.0 1.0
CSR X X 1.0 1.0 1.0 1.0
CCA X X X 1.0 1.0 1.0
CCR X X X X 1.0 1.0
BSA X X X X X 1.0
BCR X X X X X X
Table 4C: Post hoc comparisons;value,
between visual feedback modes duniatgntion
CSA CSR CCA CCR BSA BCR
CSA X 1.0 1.0 1.0 0.3919 1.0
CSR X X 1.0 1.0 0.6812 1.0
CCA X X X 1.0 1.0 1.0
CCR X X X X 1.0 1.0
BSA X X X X X 1.0
BCR X X X X X X
Table 4D: Post hoc comparisons;value,
between visual feedback modes potential learning
CSA CSR CCA CCR BSA BCR
CSA X 1.0 0.1803 0.6812 0.1776 0.3973
CSR X X 1.0 1.0 1.0 1.0
CCA X X X 1.0 1.0 1.0
CCR X X X X 1.0 1.0
BSA X X X X X 1.0
BCR X X X X X X
Table 4E: Mann Whitney U test, palue,
for each visual feedback mobetween training and retention
CSA CSR CCA CCR BSA BCR
0.0200 | 0.5166 0.4198 0.7880 0.2750 0.7397
Note: Visual Feedback Modé<CSA (continuousimpleabstract)i CSR (continuousimple
representativej CCA (continuouszomplexabstract)i CCR(continuouscomplex
representativej BSA (bandwidtisimpleabstract)i BCR (bandwidtisimplerepresentative)
Note 2: Significant Rralues (p<0.05) bolded
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4.9.3. Electromyography
Muscle activity performanceutcomes were based dhe consistency of meaBMG
magnitude(Figure 12, Table 5. Significant differences weréound between the two
continuous and representative visual feedback modes during training=viaés average
EMG magnitude across all musclescontinuouscomplexrepresentative exhibited

significantly greater consistency (p=RX5) in EMG activity than continuoussimple

representativeAdditionally, two individual muscles, the rectus femoris (p=0.034) and

tibialis anterior (p=0.035) exhibited significantly greater consistency duringrigaimith

continuouscomplexrepresentative thactontinuoussimplerepresentative.

Requlation of Muscle Activity during Training

CONSISTENCY: Relative Std Dev of Electromyography (EMG) Magnitude
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Figure 12 Electromyography performance was measured as the regulation of m
activity during training trialsMuscle activity was measured as the mean magnitug
of all EMG sensors normalized by the mean EMG magnitude.
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Table 5: Electromyography (EMG) performance
for magnitude consistency of all muscles
Table 5A: Mean value comparisons across all four visual feedbackrf\dges
(%MVIC, mean + 1 standard deviation)
Visual Feedbackodes
Block: CSA CSR CCA CCR BSA BCR
Training 27.3+4.7 | 34.3£10.4 | 29.6+6.2 | 25.6+4.5 | 28.#46.8 | 32.A#11.9
Retention | 27.2t4.6 30.6t6.1 31.3t11.6 | 28.46.6 | 29.0t6.5 28.9+4.7
Table 5B: Post hoc comparisons;value,
between visual feedback modes duttiraining
CSA CSR CCA CCR BSA BCR
CSA X 0.4994 1.0 1.0 1.0 1.0
CSR X X 1.0 0.0215 1.0 1.0
CCA X X X 0.4673 1.0 1.0
CCR X X X X 1.0 0.2093
BSA X X X X X 1.0
BCR X X X X X X
Table 5C: Post hoc comparisons;value,
between visual feedback modes duniatgntion
CSA CSR CCA CCR BSA BCR
CSA X 0.5843 1.0 1.0 1.0 1.0
CSR X X 1.0 1.0 1.0 1.0
CCA X X X 1.0 1.0 1.0
CCR X X X X 1.0 1.0
BSA X X X X X 1.0
BCR X X X X X X
Table 5D: Mann Whitney U test, walue,
for each visual feedback mobetween training and retention
CSA CSR CCA CCR BSA BCR
0.8371 0.4964 0.9370 0.1032 0.9118 0.7397
Note: Visual Feedbadklodesi CSA (continuousimpleabstract)i CSR (continuousimple
representativej CCA (continuousomplexabstract)i CCR (continuousomplex
representativej BSA (bandwidtisimpleabstract)i BCR (bandwidtisimplerepresentative)
Note 2: Significant Pralues (p<0.05) bolded
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4.10. Discussion
This study evaluated the efts of specific features of augmentedual feedback for
training motion and muscle performance for theo-legged squat exerciseBy
systematicallycomparingmultiple visual feedback modes for the same motor tidm,
research aimed to identifye potential advantages and disadvantages of &athre of
visual feedback The objective was taleterminethe features that optimizenotor
rehabilitation, both in the training and shewrm retention phase&ix unique visual
feedbackmodesguided reattime spatial positioning of the twlegged squatprimarily
focused on thearticipantsthigh body segment angular positidrhree visual feedback
modes, éemed to be complex feedback, also guided the shank and torso body segments
naturally coupled to the thigh during the closdrxhin movementSignificant differences
across visual feedback modes wkmend formotion accuracy and consistency, measured
aspaticipant thigh angleerror to the target trajectory and dep8ignificant differences
were also observed for specificodesfor potential learningcalculaed as the relative
difference for an individual visual feedback mode between training and retentio
performanceAlthoughthree features of visual feedbagkreevaluated in this studpnly
complexity and intermittency were the primary featuremtidrest andresearctas been
publishedin two scientific journals[7], [8]. Continuous feedback was more effective
during training trialsat increasing motion accuracy and consisterf@n bandwidth
feedback Continuouscomplexabstracexhibitedthe worstperformanceacross all visual

feedback modg while continuouscomplexrepresentative exhibited the highest relative
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performance Although bandwidth feedbaakemonstreed low training performance
indicatedhigherpotential learninghancontinuous feedback.

The role of simple visual feedback in optimizing motlmased tasks is uncertain
based on the results this study. While the twidegged squat involves multipteegments,
it is essentially a modulation of the single variable, squat depth. Thigh angle was the
primary surrogate for squat depth, which is consistent with other squat $idjg451],
[152]. My results indicated increases in motion consistency to the target depth for both
continuouscomplex modes and reductions for both continesiogple modes. This
observation suggests that complex feedback for matching alaimgovement feature,
such as squat depth, is overtly challenging during training. Yet concurrent complex
feedback may still generate better development of intrinsic mechanisms relied upon during
retention[89]. Both continuousimple-abstract and continuoissmplerepresentative had
similar motion performance to the target trajectory and maximum depth. Simple feedback
is advantageous over complex feedback in accuracy and consistency to a target trajectory
if displaying abstract feedbk. This study demonstrates that visual feedback of additional
DOF still benefits the primary performance variable if provided with kdidgernible
features

For the naturally coupled visual feedback modes siapitract and complex
representative, theoatrasting differences in potential learning support the findings of
Soderstrom and BjorKL53] in that training results cannot infer retention results, and vice
versa. Both continuous simpébstract and complerepresentative feedback modes

presented similar performee during training, but only continucaemplex
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representative was able to maintain performance during retention trials. Cortinuous
simpleabstract showed the lowest learning potential across all four motion performance
metrics. Constant presentation ofarmation without the additional context of other body
segments may have precipitated exadrance on a singular movement feature. Complex
representativemodes may have mitigated oveeliance on continuous feedback by
presenting additional body segmetsitionsthat allowedparticipants to interprethe
feedback against their squat movements more holistically across their entire body.
Among the two continuousomplex visual feedback modesntinuouscomplex
representative produced better accuracy and consistency than conrtioogquiex
abstract. Thidinding strongly suggests the importance of complex feedback and body
representation during musegmented motiebased tasks. For some maimsks, complex
feedback can be overwhelming such that it degrades movement perforfBahce
Complex feedback is appropriate if the additional feedback information is inherently
important to a specific task, then performancexpected to imprové82]. Our study
suggests that vi sual feedback more Orepre
performance. Our streamlined continu@esnplexrepresentative mode demonstrated
notable advantages overontinuouscomplexabstract, providing feedback cues as
sinusoids. The visual gains of the sinusoids were normalized while representing additional
body segments (torso, shank) moving synergistically with the thigh. These segments are
functionally coupleddue to the legs forming a closed chdirb4] and the balance
requirement of maintaining the body center of mass over the base of Juppqrihese

constraints require an inherent functional synergy across these segments. Despite this
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synergy, the additional feedback streams for the torso and shank segments only generate
better performance in tracking the thigh segment if visual feedback represemteshmn
as body segments rather than abstract sinusoids. Embodiment in rehabilitation is-the first
person perspective of al nneeadion A56]d Hhis skudy i ng e
portrayed representative modes with baligcernible features as a stick figure of body
posiion in the sagittal planeresulting in a greater feeling of embodiment. The
representative feedback modes still lacked embodiment features such as realistic body
representatiori74], [157], first-person perspectivip2], [85], or direct mirroring[158],
[159].

Our results indicate that continuous feedback is beneficialcieasingtraining
performancewhile bandwidth feedbackroved to be more advantagedos retention.
During movement training, providing a constant and uninterrupted stream of angular
position informationduring continuous feedbaadlesulted in clearly higher movement
accuracy and consistenthan intermittently removing position informatidtowever, this
may have degraded learning as participants were Hgpesed on the feedback for
movement supporBandwidth feedbaclwasmore beneficial for learning by reducing the
reliance oraugmentedisual feedback during trainingdlowever, n this study, which we
constrained in scope to observe sheri retention only, no significant differences were
between visual feedback modes for retention. Bandwidth feedback modes showed higher
performance impvementfor the relativechangefrom training to shorterm retention
caledipot ent i al l earning. 0 These |Ii mprovement

significant compared to continuessanpleabstract in potential learning for consistency to
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the targettrajectory and accuracy to the target depth. Both bandwidth feedback modes
showed a positive potential learning effect for consistency to both the target trajectory and
target depth. This positive trend for movement consistency with bandwidth feedbattk coul
indicate that, despite relatively more challenges duraiging, bandwidth feedback can
produce more significant relative improvements in skenrn and presumably lortigrm
learning of rehabilitative movement&vidence suggests positive links in feadkbased
learning between the generation of immediate and letgger positive improvements
[160], [161] Higherpotential learning with bandwidth feedback may further support the
possibility of developing intrinsic mechanisms during training necessary for sustained
long-term learning[82]. Our premise for potential learning is that parfance during
training provides the baseline to compare how much training benefit is retained. We posit
that this effect may be continually leveraged with future training sessions in which the
training performance error (baseline) itself may be subsequaatliced78]. Our study
demonstrated thatomplex andepresentative modesve superior training benefits for a
motionbased taskhan abstract modes across both continuous and bandwidth feedback.
This finding further suggests the potential benefit of representiataresfor multi-
segmented movements. Immersive, vigiralen training platforms such as VR are well
suited to leverage embodiment features for more effective feedback displays to increase
movement retention.

Continuouscomplexrepresentative also generated more consistent muscle
activation patterns relative to camioussimplerepresentative. The squat maneuver

benefitsthe rehabilitation of the knee following rupture of the anterior cruciate ligament
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and patellar tendof22], [63], [162] During rehabilitation, it is advantageous to regulate

the activation patterns of muscles surrounding the knee joint, such as the rectus femoris
and tibialis anterior. The implications for continuamnplexrepresentative for
regulating muscle activitylso span movement rehabilitation with powered assistive
devices. During ADLs, powered exoskeletons and prostheses often rely on myoelectric
interfaces to discern user commands for desired movement exdd@8ji{165], where

more consistent muscle activation patterns are advantaje&2)s[133]

No significant differences were observed in the chang#seinenter of pressure
measured as the magnitude of the forward excursions or the consistency of excursion
magnitude. Only forward excursions were evaluated since all visual feedback provided
averages of the left and right sides projected onto the sagittal plane. It abpéaasying
visual feedback did not generate significant differencawercenter of pressure. While
beyond the scope of this study, this result would suggest any sighifltanges in internal
mechanis would be due to changes in joint andl£66].

There were multiple limitations to our experimengaproach primarily the
sample size and length of the stud@ze sample size of only eighteen participants resulted
in the need for nonparametric statistical testifigere was alsa lack of evaluatioof long-
term learning or classical retention effects. Motor adaptation should be confirmed over
numerous weeks, includingultiple training sessions and transfer testsre indicative of
long-term learning. The scopéaur investigation was restricted to a single training session
per participant to assess both training and dieom retention performanc&he twe

legged squat movement can also be highly stereotypical for neurotypical particgoants
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pilot testing indcated it was necessary to change the squat depth for different visual
feedback modesChanging the squat deptéould ensure the participahtgliance on the
visual feedback for learning the new movement and would reduce the overall learning
effect acrosshe training session.
4.11. Conclusion

The objective of this study was to investigate Heatures ougmentedisual feedback,
complexity, body representation, and intermittemgy affectmotion and muscle activity
during bothtrainingand shorterm retention othe same motor taskhe objective was to
identify features that increased the accuracy and consistency of partihigardngleto a
target trajectory and the consistency oftflG activity patternsThis study implies that
complexrepresentativeand bandwidthfeedback may have notable advantages in
regulating motor performanceVisual feedback that was complexd included body
representatie featuresoutperformed other visudeedbackmodesthat were otherwise
simpler or more abstract. Continuous feedback outperformed bandesdtbackduring
training to minimize error to a target trajectpbut the performance was unable to be
maintained during retention trial8andwidth fedback demonstrateghore significant
promise for potential learning from relative improvement in independent performance
immediately after training ith visual feedback

Providing continuous visual feedbackdomplex andody-representativéeatures
may be desirable in the training performance of a rselymentednotion-based taskThe
implication thatcomplexrepresentative feedback is optimal faption-based taskand

can outperform simple and abstraeedback modesiay be a valuable directive MR-
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based rehabilitationAdditionally, introducing features of bandwidth feedback may be
beneficial in supplementing retention effects for learning independemtement
strategies Bandwidth feedback may serve as a bridge eetwconcurrent continuous
feedback and terminal feedback by gradually increasing reliance on and d®yelop
intrinsic mechanismsAdditional evaluationsof complexrepresentative and bandwidth
feedbackon longterm motorlearning should be pursuedR is becoming increasingly
prevalent in physical therapy to enhamegmentedisual feedbackVR may effectively
train motion-based taskand readily visualize custom body representatwitis complex
representative featuresincorporating VR to create persgpecific 3D body
representations could increassattime performance and the development of intrinsic

mechanisms througddditionalembodiment features.
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5. AIM 2: FORCE -BASED TASK

5.1. Introduction
After completingthe motion-basedsquattask my researchutilized EMG as the primary
platform for improving muscle level contrdMG i necessary fomyoelectric control
is used for commandingassistive devices, such as prosthetics or exoskeletons, and
monitors muscle activity during physical rehabilitatioR effectively trains muscle
activity patterns of myoelectric prostheses, both in-weald devices[32] and those
simulaked in an immersive VR environmdd67]. In this study, heexperimentaplatform
is aVR-based forcéask However, the uniqupropertyof therehabilitation platfornrwas
that forceinputs i.e., participantisometric EMG activity patterns, were mapped to
movement commands in the virtual spdd®]. Acting in a haptic joystickdesign
participants donned supportivearm brace, where pushing forward in the brace would
induce the desired muscle contractions to command the virtual device foBuatd the
two-legged squat study findingeesearch focused on employing complegresentative
and bandwidtHeedback modedJnigue to this study, participants also completed a short
pretraining phasébaseline no feedbackpeforetraining and the posgtaining (retentior)
trials to further evaluateow each visual feedback moaféects performance and cognitive
engagement.

Before the development of VR heatbunted displays, visual feedback was limited

to external monitors or mirrors to guide spatial positioning. There is a desire to evaluate
features of visual feedbadakithin immersiveVR environments because of thbility to

create enhanced forms of visual cues unable to be recreated in conventional therapy
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example is representing the target trajectory as a transparent overlay to the user's body
position, such as a "gheatm" during a reaching task to identify the dedipati52]. VR-

based training can increase embodiment through avatars or 3D representations of body
position[156].

In this study, we investigated how the complexity and intermittency of augmented
visual guidance can facilitate improved functional performance of a rbask
(myoelectriccommand) training task for uppektremity rehabilitation. We utilize a novel
computerized platform that incorporates myoelectric control of a virtual robot avatar to
perform reacko-touch tasks while the participant receives augmented visual guidance
during training. The task employs a positiadjustable brace of the upper extremity to
support users, such as those with spinal cord injury who are challenged to move their limbs
against gravity[132], [168] The brace also holds the arm isonoelly to support
resistance strength and coordination training at varied arm poditié8f Thus, we are
fundamentally investigating the effects of variations in augmented guidance for the
performance of a forebased rehabilitation tagk70], [171] Anothe crucial and novel
element of our investigation is the examination of concurrent feedlaclprevious
bandwidth investigations have utilized terminal feedt{agk, [59].

Furthermore, we measure and evaluate -usetered response variables to
potentially explain an underlying mechanism in how augmented guidance may induce the
observed performance patterns. Specifically, we assess participant perceptions in agency
[172] over the command interface. In addition, we measure the physiological stresses that

are endured at cognitive (electroencephalography measures for Ifat8fjgand physical
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(electrodermal activity indicative of body aroudal74]) levels. These physiological
stressesndicatewell-being during training, which may help further identify participant
tolerance of various visual feedback modes and may be an addiimeaision of persen
specific customization of Vf®ased training.

5.2. Subject Recruitment
Thirteen healthy participants signed an informed consent approved by the local
Institutional Review Board. They were recruited from a university camfeveq
Females21.2+2.0 years, 165.1+3.7 cm, 56.5+£2.6 kg. Six Males: 22.3+2.1 years, 179.3+5.9
cm, 77.5+6.4 kg)All participants stated they were righéaind dominant. All participants
were naive to both the brace device and mudidleen command interfaces. Individuals
were excluded from participating if they reported any of the following: 1. Clinical
diagnosis of cognitive or neuromuscular impairment. 2. Previous surgery to an upper
extremity or the spine/neck. 3. Hearing or vision issues not correctable to nornmal4evel
Proneness to epileptic seizures due to visual stimuli.

5.3. Supportive Brace Apparatus
A novel computerized platform for isometric training of muscle function has been
developed for motor rehabilitation of the upper extrentiigire 13). The first principal
component of this platform is a positianjustable brace that isometrically supports the
upper arm undergoing training. The brace was custom constructed using 3D printing and
essential hardware components, and it allows the useassume variable arm
configurations. Support at varying configurations can enable physical therapists to develop

training programs that promote muscle strength and coordination at different muscle
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lengths[175], [176] even for persons with severe motor dysfunction. In cases of severe
motor disbility, the brace provides gravity support to assume different configurations
while a person can focus training effort preserved muscles executthg computerized
task. Fundamentally, the person will exert directional efforts against the brace'sl padde
interior (contactside). Isometric resistance from the brace amplifies thesskilace EMG
signals used to drive the motion of virtual avafai®’], [178]

The brace comprises an arm mount, an adjustadal, and a secondary mount on
the table directly in front of the participant. The arm mount component straps twice over
the upper arm once over the forearm and allows adjusting and locking of the elbow angle.
The arm mount has cuouts for EMG sensors dhe upper arm and forearm muscle mid
bellies. An adjustable rod attached to the forearm connects the arm mount to a second
mount clamped to the table in front of the participant. The adjustable hinges on the mounts
and rod allow the arm position to be astied at elbow and shoulder angles that are
comfortable and within desired limits. In this study, we searched for arm positions deemed
comfortable and neutral for each participant within the following angular ranges: shoulder
ad/abduction (455°), shouldeinternal rotation (45°), and elbow flexion (8Q220°). We
approximately definedeutralas an arm position where participants perceived they could
produce high forces in the four orthogonal directions (forward, back, left, right) used to
command the vival avatar (robot arm).

While donning the brace, participants completed MVICs for normalizing EMG
activity by producing maximum force in each of the four orthogonal directions. The

averagalistributionacross all participants fonuscle activityin each ethogonal direction
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during MVIC trials is represented ifrigure 14. Each direction drastically changed the
distribution of muscle activity. This distribution promotes rehabilitation across multiple
muscle sites and validates the platform as a suitablefaoge for commanding a
myoelectric device through isometric contractions. Each direptiesentsotable changes

in the pattern oEMG magnitude across muscle sites thatchine learning algorithms
would easily classifyor determining direction intent.ne data also represents a platform

for deciding futurebrace utilizatiorfor clinical populations with more reduced muscle sets.
Identifying the correlated muscle setslized in direction control will helgleterminethe

ideal inputs for optimizing myoelectriadevices A platform that provides feedback on
correlated (and uncorrelated) arm muscle activity may also be used to improve unwanted

co-contraction seen as part of the spasticity syndrome after spinal cord injury.



74

Experimental protocol and trial blocking for the VR force-based task

Electroencephalography (EEG)

v

| Electromyography (EMG) E

A) Trial Blocking B) Experimental Design
For each of the
four visual feedback modes: o abli
Real-time visual
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v movement
10 Training trials Ganeetions
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Figure 13. Experimental setip. TOP) Participant arm placed in supportive brace
fastened to the table to apply isometric muscular exertions. Worn EMG sensors
record myoelectric patterns to command the VR robot arm avatar. EEG and ED
signals additionally recorded to measure participagnitive loading and physical
arousal, respectively. BOTTOM) For each visual feedback mode, participants
completed prdraining and postraining trials (with no feedback) before and after
training trials (with visual feedback). Isometric muscle contra$ wsed to command
a virtual device through a variety of reaching tasks while receivingirealvisual
feedback for making movement corrections to reduce error to the shortest path

between targets.
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Distribution of muscle activity in the supportive brace during each orthogonal direction MVIC
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Figure 14. Four pie charts #itindicate theaveragelistributionacross all participants
of electromyography activity magnitudéhe muscle activityepresentthe MVIC
data collected for each orthogonal direction while donning the supportive brace.

BACK

Triceps Biceps  post Delt

Lat Delt
Trap High
Ant Delt
Pec

Forearm Ext

TtapiMed Forearm Flex

Lat

Trap Low Serratus Ant

Infraspinatus

RIGHT

Biceps

Post Delt

Triceps

Trap High
Lat Delt

Trap Med Ant Delt

Pec
Forearm Ext
Forearm Flex
Lat

Trap Low Serratus Ant

Infraspinatus




76

5.4. Measurement of Physiological 8&js
Fourteen wireless electromyography (EMG) sensdmsgiio Wireless EMG System
Delsys Natick, MA, USA) were used to measure fBiade muscle activity and serve as
myoelectric inputs to control the virtual robot. EMG sensors were placed on theelyid
of fourteen individual muscles of the arm and torso: brachioradialis, extensor digitoru
biceps brachii, triceps brachii, upper trapezius, middle trapezius, lower trapezius,
infraspinatus, serratus anterior, latissimus dorsi, pectoralis major, anterior deltoid, lateral
deltoid, and posterior deltoid. These muscles were identified as prioraggenerating
muscles in uppeextremity movements and targets for physical rehabilitation. All EMG
data were sampled at 1728 Hz.

A 64-channel electroencephalography (EEG) scafmrding cap d.USBamp

g.tec neurotechnology USA, Inc.) measured beaitivity during all experiment phases.
Power spectrum analyses were performed offline to identify mean power in aipBa (8
Hz) and beta (1:30 Hz) frequency bands as measures of cognitive loa@inly. seven
participants were available to have EEG measerds taken during adixperiment phases
All EEG data were sampled at 256 Hz. Electrodermal (EDA) activity was measured as a
proxy for emotional and physical arousal based on increases in skin conductivity (in
microsiemen) of the left hand. Changes invgalc skin response due to moisture were
measured from electrode readin@hifnmer3 GSR+ sensd@himmer, USA) at the index
and middle fingergOnly four participants were available to have EDA measurements taken
during allexperiment phasesll EDA datawere sampled at 51 Hz. All EMG, EEG, and

EDA data were synchronized offline.
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5.5. Survey Measurement for Perception of Control
Immediately following each visual feedback block, participants completed a survey
inquiring about their perception of control bktvirtual avatar during trainin@nly ten of
the eligible participants completed the survBlye survey included a statement and space
to write a single number between 1 and 100, representing the extent to which they disagree
(1) or agree (100) with thetatement. The statement reflected sense of ad&mnéyand
read asl was in full control of the virtual prosthetic arm during training

5.6. Utilizing Support Vector Machines for EMG Classification
A support vector machine (SVM180] was used as the machine learning classifier for
translating EMG activation patterns (14 muscle inputs) to direction outputs to be used as
commands for thendeffector of the virtual robot arm. SVMs were trained uniquely for
each participant. During pilot testing with our platform, we attempted using a single SVM
to output eight directional commands (four orthogonal, four diagonal). However, the single
SVM produced challenges in EMG control of multiple degrees of freedom, as-sitedll
[181], and participants reported poor intuitive control. Thus, we alternatively created an ad
hoc command architecture using two SVM structures in parallel. One SVM was trained to
identify forward and backward command directions, tredother was separately trained
to identify right and left command directions. Training trials with diagonal data were
included in both classifiers. A manual threshold was specified in series with classifier
output to denote 'no movement' of the @fiéctor when average EMG activity across all
muscles was within 20% of the baseline (i.e., resting periods between target plateaus) EMG

amplitude, presumably from sensor noise or hyperactivity at rest.
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The main consequence of this command scheme was th@igaants primarily
utilized sequences of diagonal movements (i.e., both SVM classifiers were producing
command outputs concurrently) to move towards target locations. However, this approach
was ultimately justified for our platform since participants régmb seamless and natural
control of the robot avatars. This perception may partly explain endpoint stiffness
regulation as a function of arm postijis82], and diagonal translations may have better
aligned with user endpoint forces. However, considerations of mappimgasture to
endpoint force synergies were beyond the scope of this study and held secondary to finding
arm postures accommodating user comfort and stated preferences. More sophisticated
approaches to the command interface may be enacted in future depteymcluding
those that better facilitate robust and concurrent control of multiple degrees of freedom.
Still, the current scheme provided a sufficiently stable and consistent interface to discern
performance effects due to variations in visual feedlieatires, as is the main objective
of this study.

For classifier training, each participant would be placed in the brace to perform
voluntary isometric contractions in specific directions as instructed by the experimenter.
First, the participant would perm maximum voluntary isometric contractions (MVIC) in
the four orthogonal directions: forward, back, left, and right. From these trials, we
identified the average EMG across all muscles signifying 100% MVIC for normalizing
target force levels during frang trials. Second, data to train an SVM were collected in
sixteen individual trials within the VR environment. In each trial, participants would exert

effort at one of two force level targets, 20% or 40% MVIC, in one of eight movement
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directions, the for orthogonal directions, and their corresponding four diagonal directions
in that same plane. If they reached and exceeded the force target, the virtetiéetod
would slowly start moving in the intended direction to encourage them to maintain that
force level. Participants maintained an isometric hold for no longer than 12 seconds at the
desired force level for each trial. To standardize the classifier inputs during training, data
were extracted from each trial and resampled from ~20000 down to $@6{fe points
of EMG activity for each movement direction. Réiate input data to either SVM was
provided as the root mean square filter with a window of 200 samples for the fourteen
EMG sensors.

5.7. Virtual Reality Task Environment for Training amdsting
The 3D VR task environmentHgure 15) was primarily comprised of a robot arm whose
endeffector moves within the transverse plane (forwaadkright-left) based on SVM
outputs commanded by the participant's myoelectric patterns. The remainder of the robot
arm linkage follows the eneffecta according to inverse kinemati¢$83]. The end
effector moved towards target locations (marked by sphenebpfb training and testing
trials of functional performance. Participants were instructed to pursue targets as quickly
as possible, and that performance was measured by the shortest pathlength taken between
targets, i.e., endffector pathlength. Particnts performed reado-touch tasks with the
robot arm either in training trials with augmented visual guidance or during testing trials
with no added feedback. For training trials, there are five target spheres arranged
equidistantly (at 0°, 45°, 90°, 135%and 180°) from the starting position for conducting a

point-to-point reaching taskl84]. A color change of a random target sphere would cue the
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participant to command the esdfector to reah and contact that target before immediately
returning to the starting position and pursuing the next target. The five targets were
arranged randomly for testing trials, and participants could choose the order to contact all
targets serially. Allowing pécipants to select the order of pursued targets strategically
supports the development of motor confd@5]. Participants were informed about their
pathlength during training through a "Pathlength Score" display to facilitate learning with
knowledge of resultfl86] and score gamificatiofl87]. Pathlength score was explicitly
computed as the ratio of the minimum pathlength (straight line distbetegen targets

over the actual pathlength traversed by the-effettor multiplied by 100. For the
participant, score interpretations were intuitive, whereby the goal was to achieve a score as

close to 100 as possible.
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Training Environments

Pathlength Score: 00

Testing Environments (before and after Training)

Participant movement
‘ EEER ’

Figure 15. Threedimensionalirtual reality task environmershhown for robot arm

(white) under myoelectric control to make contact between iteefadtor and target
spheresTOP)During pointto-p oi nt #Atrai ningo, the t
equidistantly from a central initial position as the participant received augmenteq
visual guidance in moving to (reach) and from (return) the tarB&%TOM) During
Atestingo, audamewas rendoved and targets were randomly

positioned, and participants pursued targets in series and in the sequence order
choose.
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5.8. Visual Feedback Modes Utilized for Augmented Training Guidance
Augmented training guidance in this study waresented as visual cues to suggest
participant deviations from optimal (shortest) pathlengths between initial positions and
targets. A second 'ghost’ (setransparent) robot avatar was presented concurrently as a
guide against the participaobntrolledavatar during training. The eraffector position
for the guide avatar was a projection of the particizamtrolled avatar onto the optimal
pathlength. Four modes of augmented visual feedback were created through concurrent
variation of complexity(amour of visual information) andntermittency(frequency of
visual information), with each feature tested at two levéigufe 16).

Guidance complexity was specified as eiierple through the display of only the
endeffector of the guide robot, versosmplexwhich also displayed the guide robot's arm
linkage. The arm linkage of the guide robot similarly follows inverse kinematics of its end
effector and does not inherently prdgiadditional feedback about error. Howevay,
previous work|[7] suggested that additional visual cues, even if redundant due to
biomechanical coupling, may facilitate better motor learning if they signified greater body
representation, e.g., serial sequence of body segmentthisinprevious study, the
performance variable of interest was the thigh angle during the squat exercise. A serial
body linkage improved motor performance by adding additional visual information about
torso and shank segments. Thusgek to investigate such feedback may positively
contribute to motor learning despite the fundamental motor task difference of isometric,

i.e., forcebased, avatar control.
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Guidance intermittency was specified as eitbentinuous whereby the guide
avatar is always presentersusbandwidth whereby augmented guidance was only
provided if position error exceeded a particular threshold. This study specified the
threshold as theneanerror for a given participant during two practice training as part of
initial accommodatioriWhen this error is exceeded, a seransparent version of the guide
arm appears and becomes opaquer in proportion to increasing error. The guide arm is fully
opaque at twice the error magnitude of the threshold value. Pilot experimental sessions for
this study and our previous work have indicated that modulating transparency of the guide
arm in proportion to error magnitude ensured that intermittent transitions in feedback are
not perceived as jarring to participants. The guide arm was presented at 2§8areacy
for continuous feedback modes. Pairing each unique level of one feature to another feature
resulted in four visual feedback modes: 1) comygentinuous, 2) simpleontinuous, 3)

complexbandwidth, and 4) simpleandwidth.
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Augmented visual feedback presented during training trials
1. Complex-Continuous 2. Simple-Continuous

3. Complex-Bandwidth (3 frames)

“bands”
(bands not visible)

“bands”

(bands not visible)

Figure 16. Visual Feedback Modes for Augmented Guidance during TraiAlhg.
visual feedback modes project variations of a seamsparent guide robot arm that
follows the shortest (straight line) pathlengths between initial positions and activ

targets.
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5.9. Experimental Protocol
Each participant completed a single session that evaluated the effects of all four visual
feedback modes within four hours. The participant donned the-appdbrace and had all
skin-surface physiological (EMG, EEG, EDA) sensors ethapon arrival. Immediately
after, several accommodation procedures occurred, including 1) brace adjustment for
comfort and neutrality, 2) participant selection of an avatatedfedtor speed (three speed
choices presented), 3) a couple of minutes ggimxperience commanding the virtual
robot. Before testing each visual feedback mode, a couple of practice trials were conducted
to determine baseline average performance errors (optimal pathlength deviations) to
determine bandwidth thresholds. For eacthefvisual feedback modes, each participant
underwent a threblock trial sequence: 1) Five testing trials ¢maning), 2) Ten training
trials (training with augmented visual guidance), 3) Five testing trials-{faosing). The
order of visual feedb&cmodes was randomized for each participant. Each trial was
separated by 15 seconds, and arfibute break separated each tHbésck sequence for a
visual feedback mode to mitigate fatigue effects. Participants were further queried
intermittently throughaot the session about how they felt and if they required an additional
break.

5.10. Data and Statistical Analysis
All statistical analyses were performed using ®iatistics Toolboxof MATLAB®
(Mathworks Inc., Natick, MA, USA). All metrics for performance (cdetipn time and
pathlength score), perception (agency survey), and physiological engagementgatpha

betaband EEG activity for cognitive loading; EDA for physical arousal) were evaluated
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for each participant, visual feedback mode, and block of tegtitrgining trials. Analysis

of central interest in this study was the relative change in performance between post
training and prédraining trials for each visual feedback mode. We further evaluated the
change in physiological measures from-ppening D either training or posgtaining.

Finally, we observed participants' sense of agency for each visual feedback mode used for
training. A twofactor Friedman(two-way ANOVA by ranks}est was performed for each

of these metrics to identify significant difences across factors of complexity and
intermittency A paired ttest was the post hoc test for making multiple comparisons across
visual feedback modes.

5.11. Results

5.11.1. Motion Performance Pathlength Score and Completion Time
Results for both performance variables (pathlength score, completion time) are reported as
the mean across participaetel averages within each block of trials. For each participant,
the performance results during paistining blocks are divided (normzéd) from those
for pretraining to suggest the relative change in performance due to training with a
particular visual feedback mode. When performing the maltiate analysis (MANOVA)
for both performance variables (pathlength, completion time), afisamt difference
(p=1.8 E08) was observed across the independent variable of visual feedback modes.
Figure 17 presents the results for pathlength score alone. For the factors of complexity and
intermittency, the twavay ANOVA indicated a significant dérence for pathlength score
based on complexity but not for intermittendable 6). No significant interactions were

observed between these factors for either performance metric. The normalized pathlength
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score was significantly higher (p=@®1) for simple feedback modes compared to complex
modes. When examining individual feedback mod&able 7), simplecontinuous
feedback generated better pathlength performance compared to both eoompiexous
(p=0.0293) and compledandwidth (p=0.0449).Furthermoe, an improvement in
pathlength score during pesaining compared to preaining (i.e., normalized value
greater than 1) was observed for all individual visual feedback mbgse 18 presents

the mean completion times during parstining when normated by pretraining averages.
Significant differences in completion time were not observed between pairs of individual

visual feedback modes.
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Mean Normalized Pathlength Score from Pre-training to Post-training
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Mean Normalized Completion Time from Pre-training to Post-training
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Figure 18. Results indicate relative change in tigaimpletion timgerformance after
training as mean time in pestaining is divided (normalized) by time in pr&ining
for each participant.




Table 6: Performance results as the relative change frontraiteing to postraining

(Post/Pre ratio per participant)

Table 6A: Mean performance across visual feedback modes

Visual Feedback Modes

Metric: CC CB SC SB
Pathlength Score 1.01+0.05 1.02+0.05 1.06+0.06 1.05+0.05
Completion Time 0.92+0.05 0.91+0.09 0.90+0.07 0.89+0.06
Table 6B: Two-way ANOVA results based on factors of complexity and intermitte
Complexity Intermittency
Metric: Chi-square p-val Chi-square p-val
Pathlength Score 3.98 0.046 0.02 0.885
Completion Time 0.82 0.365 0.43 0.514

Note: Visual Feedback ModégCC) ComplexContinuous (CB) ComplexBandwidth
T (SC) SimpleContinuous (SB) SimpleBandwidth
Note 2: Significant Pralues (p<0.05) bolded
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Table 7: Post hoc results comparing performance between pairs of visual feedback

Table 7A: P-values forpathlength score

CC CB SC SB
CC X 0.726 0.029 0.171
CB X X 0.045 0.097
SC X X X 0.480

Table 7B: P-values forcompletion time

CcC CB SC SB
CC X 0.720 0.387 0.176
CB X X 0.473 0.299
SC X X X 0.656

Note: Visual Feedback ModégCC) ComplexContinuoud (CB) ComplexBandwidth

i (SC) SimpleContinuoud (SB) SimpleBandwidth
Note 2: Significant Rralues (p<0.05) bolded
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5.11.2.  Electroencephalography

Figure 19 presents EEG data for alpha and beta powers measured across all channels,
observed as relative changes from-jpagning to training (Train/Pre rati@r pre-training

to posttraining (Post/Pre ratio). Significant differences in EEG were observed based on
intermittency Table 8) and across individual feedback modd@sl{le 9). Significant
differences were observed only for Post/Pre for the alpha band. Continuous feedback
resulted in significantly higher (p=0.08)LEEG activity than bandwidth (intermittent)
feedback. No significant interactions were observed between factors of complexity and
intermittency. Additionally, complekontinuous (p=0.0318) and simgientinuous
(p=0.0014) resulted in significantly higher EEG activity compared to sHvguhelwidth.

For the beta band, compldandwidth generated significantly higher (p=0.0384) EEG
activity during training than simpleandwidth.Figure 20 presents a brain map of EEG
alpha band activity averaged over all participants for siropfginuous and simple
bandwdth (PostPre). The simple modes are further examined since they result in better
performance than complex modes. The higher alpha band activity preserved-in post
training was generally distributed across the entire brain, including motor and sensory

area, suggesting a shift to continuous feedback produced a uniform effect on brain activity.
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Mean Normalized Electroencephalography Activity for Alpha Band (8-12Hz) and Beta Band (13-30Hz) Power
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Figure 19. Electroencephalographiesults indicate change in alpha or beta band

power during either training or pesaining from pretraining.




Table 8: Electroencephalograpipha Band (8-12Hz) andBeta Band (1330Hz) power
as the relative change from graining to training (Train/Pre)

and pretraining to postraining (Post/Pre)

Table 8A: Mean EEG results for across visual feedback modes

Visual Feedback Modes

Metric: CC CB SC SB

Alpha Bandi Train/Pre 1.08+0.12 1.07+0.26 1.11+0.21 1.06+0.24
Beta Band Train/Pre 1.04+0.06 1.15+0.13 1.09+0.13 0.96+0.17
Alpha Bandi Post/Pre 1.14+0.14 | 0.96+0.20 | 1.08+0.19 | 0.91+0.20
Beta Band Post/Pre 1.06+0.17 1.09+0.32 0.94+0.20 0.98+0.30

Table 8B: Two-way ANOVA results based on factors of complexity and intermitten

Complexity Intermittency
Metric: Chi-square p-val Chi-square p-val
Alpha Bandi Train/Pre 0.05 0.824 1.08 0.299
Beta Band Train/Pre 0.93 0.334 0.09 0.766
Alpha Bandi Post/Pre 0.45 0.504 6.38 0.012
Beta Band Post/Pre 1.24 0.265 0.09 0.766

Note: Visual Feedback ModégCC) ComplexContinuous (CB) ComplexBandwidth
T (SC) SimpleContinuous (SB) SimpleBandwidth

Note 2: Significant Pralues (p<0.05) bolded
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Table 9: Post hoc results comparing EEG band powers between pairs of
visual feedback modes

Table 9A: P-values forAlpha Band i Training/Pre

CC CB SC SB
CC X 0.904 0.734 0.827
CB X X 0.692 0.923
SC X X X 0.584
Table 9B: P-values forBeta Bandi Training/Pre
CC CB SC SB
CcC X 0.072 0.322 0.212
CB X X 0.474 0.038
SC X X X 0.092
Table 9C: P-values forAlpha Band i Post/Pre
CC CB SC SB
CcC X 0.104 0.552 0.032
CB X X 0.248 0.600
SC X X X 0.001
Table 9D: P-values forBeta Bandi Post/Pre
CC CB SC SB
CcC X 0.778 0.086 0.485
CB X X 0.065 0.444
SC X X X 0.768

Note: Visual Feedback ModégCC) ComplexContinuoud (CB) ComplexBandwidth
i (SC) SimpleContinuoud (SB) SimpleBandwidth
Note 2: Significant Pralues (p<0.05) bolded
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Brain maps of average EEG alpha band activity (Post/Pre)

Average Band Power

Simple-Continuous Motor and
sensory cortexes

Simple-Bandwidth

Figure 20. Brain map of EEG activity averaged for all participants

Electroencephalography (EEG) results to indicate changes in average alpha ba
activity during postraining from pretraining for simplecontinuous (LEFT) and

simplebandwidth (RIGHT).

Average Band Power
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5.11.3.  Electrodermal Activity

Figure 21 presents the relativg Mean Normalized Electrodermal Activity

changes in electrodermal activit from Pre-training to Training

for each visual feedback mody NOR
19 = 7 -
- imple
from pretraining to training.| — Complex
Y 18 F -
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€ 16} * -
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CB — Complex-Bandwidth
Simple feedback resulted i 1.1 A SC — Simple-Continuous
SB — Simple-Bandwidth
| I | | | ||

significantly higher (p=0.0Z3 cC CB SC SB

skin conductance during training Visual Feedback Modes

than complex feedback Figure 21. Relative change ielectrodermal
_ activity resultduring training compared to pre
Furthermore, compleRandwidth | trainingfor each feedback mode.

feedback resulted in significantly
lower conductance that either simyglentinuous (p=0.0377) or simplandwidth

(p=0.0218).
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Table 10: Electrodermal activity during tmaing with each feedback mode. Results presen
as the mean skin conductance during training divided byraireng (Train/Pre)

Table 10A: Mean EDA results (microsiemens)

Visual Feedback Modes

Metric: CC CB SC SB
Training/Pre 1.39+0.18 1.43+0.07 1.56+0.03 1.56+0.12
Table 10B: Two-way ANOVA results based on factors of complexity and intermittency
Complexity Intermittency
Metric: Chi-square p-val Chi-square p-val
Training/Pre 5.10 0.024 0.17 0.681

Note: Visual Feedback ModégCC) ComplexContinuoud (CB) ComplexBandwidth

i (SC) SimpleContinuoud (SB) SimpleBandwidth
Note 2: Significant Pralues (p<0.05) bolded




Table 11 Post hoc results comparing EDA between pairs of vimeglback modes

Table 11A: Post hoc comparisons;value,
between visual feedback modes EDA activity 1 Training/Pre

CcC CB SC SB
cC X 0.733 0.197 0.304
CB X X 0.038 0.022
SC X X X 0.973

Note: Visual Feedback ModégCC) ComplexContinuoud (CB) ComplexBandwidth

i (SC) SimpleContinuous (SB) SimpleBandwidth
Note 2: Significant Rralues (p<0.05) bolded
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5.11.4. Agency Survey)Results
Themeansurvey scor€80.65)for the perception of control (agency) wasrmalized for
each participant bgubtractinghe mean across visual feedback motekighlight better
the modellevel differences in survey scoreSiqure 22A). The mean values for each
feedback mode were: compterntinuous = 83.5/100, comphsandwidth = 81.6/100,
simplecontinuous = 81.5/100, simpl@ndwidth = 76/100. A significant difference
(p=0.0249) was observed between comertinuous and simpleardwidth. No
significant differences were observed based on factors of complexity or intermittency.
Figure 22B plots agency against pathlength performance (relative change in score from

pretraining to postraining).

A) Survey Results - Statement 1 B) Survey Results (Agency) versus Pathlength Score (Performance)
1 I I 1 I I I
) I * .......... i el ]
- [ complex-Continuous

3 - é 83 |- —————— , -
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2 2 S/ [ complex-Bandwidth
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CB - Complex-Bandwidth S
SC — Simple-Continuous . . )
-4 [~ |sB-simple-Bandwidth  [] ] 76 [ Higher Performance B simple-Bandwidth .
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Mean Normalized Pathlength Score (Post/Pre)

Figure 22. Survey resultsd) Survey score results for agency for each visual
feedback mode. B) Agency results versus relative change (pre to post) in pathle
score performance.
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5.11.5. EEG and Agencyersus Pathlength Score by Participant

EEG and agencyesults were additionally evaluated againBathlength Score at a
participantspecific level(Figure 23). For each participant, EEG alpha band poweas
plotted againsPathlength Score, both presented as-prasting/pretraining, and a linear
regression line was fitted for each visual feedback modée linear regression line for
simplecontinuous has a distinct negative slope, indicating higher cognitive loading
resulted in lower performancé&dditionally, agencyesults were plotted against Pathlength
Score.Both simple feedback modes had a regression line that was notably negative,
indicatingthathigher agency resulted in lower performance. For simple feedback, higher
performance (Pathlength Score) is related to lower cognitive activity and lower agency. No

significant differences were found for the slope of any regression lines.
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EEG and Pathlength Score for each participant and visual feedback mode (post/pre)
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5.12. Discussion
This study primarily investigated changes in forbased motor performance with
variations in features of augmented visual feedback, namely, complexity and intermittency.
We leveraged a novel rehabilitative platform utilizing a computerized interface (i.e.,
immersive virtual reality) and a positiedjustable am brace that provides gravity support
during isometric strength trainindMly results demonstrated that variations in visual
feedback features could generate significant differences irnaasng performanceMy
results do not reflect true motor leargii88], which requires demmstration of longterm
retention and skill acquisition; however, immediate (skem) performance effects can
be indicative of learning potentifl89] and promise for neuromotor rehabilitatidr®0].
Immediate performance effects were characterized according to a relative changefrom pre
training to postraining for each participant and theeflback mode used for augmented
guidance. Fothe pointto-point motor task in VR, simpler feedback (i.e., @ifibctor
guide only) appeared to be more effective in improving performance. This more simple
guide provided continuously produced the best patfiteperformance overall.

| presented more complex feedback for this fdrasedask (i.e., participant held

isometrically) with the inclusion of the links preceding the-effdctor of the guide arm.
In my previous work investigating visual feedbdelatures for a motichasedask (i.e.,
participantsown motions drive computer display)], there was a single segment (thigh)
whose observed motions were the primary trajectory target for performance. More complex
feedback wagresented aadditional segment trajectories to match, namely the torso and

shank. That study suggested that complex feedback representing the intrinsic coupling of
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all body segmentdacilitated better tracking of the thigh segment due to functional
constraints for thequd. In the current study, the target segment to track is the#actor,
and motions of the links are constrained to the-effettor through inverse kinematics.
While the presentation of these link positions is, in fact, extraneous to the primpgaty ta
of the eneeffector, its inclusion as additional raahe feedback tests whether presenting
a kinematic synergy facilitates better motor learning. A major distinction with this study
from my previous work with the squat task is that the participahieid isometrically and
cannot dynamically embod$56] with the motion feedback being presented in-teaé.
Thus, complex feedback might only be effectively leveraged towards improved motor
performance for rehabilitation paradigms utilizing motlmsed inputs that allow theser
to embody the avatar fully. It may be necessary and more challenging for décex:
task to effectively display kinetic synergies as complex feedback for rehabilitating motor
coordination[191]. In this study, the additional information presented may have been
perceived as disteéing [51] or irrelevant to the primary objectivigl]. Thus, my
hypothesis regarding complexity was refuted for the presented motor task.

My hypothesis regarding intermittency is also refuted as continuous feedback
outperformed bandwidth feedback. However, this result is consistentwitbrevious
work investigating intermittency effects with the squat tgk In both studies, the
guidance hypothes[g8] was not confirmed, suggesting these computerized rehabilitation
protocols may not be able to facilitate the development of intrinsic mechanisms within a
single session. Thusplfow-up sessions may be necessary to confirm the relevance of the

guidance hypothesis to these specific motor paradigms, matidrforcebasedasks, with
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computerized feedback. Furthermore, the guidance hypothesis with intermittent feedback
is often pedicated on knowledge of results with terminal feedlja® Thus, a novel
element of the current study is the inclusidninbermittency with concurrent feedback.
However, given concurrent feedback's proven effectiveness in generating immediate
performancg78], it is crucial to examine ways to leverage concurrent feedback in creating
VR rehabilitation protocols that can further accelerate gains in motor function.mg in
previous motiorbasedsquatprotocol, we did examine "potential learning” in terms of the
relative retention in performance in pasdining with no feedback after receiving
augmented guidance during training. In the squat protocol, this potential learning was
greater with bandwidtprotocols.In the forcebased task, due to only testing four visual
feedback modes instead of six as in the mebiased task, additional trials were added to
create a new priFaining (baseline) phase. Therefore, potential learning was evaluated as
the rdative difference between pestining (retention) and the new pi@ining phase
(baseline) completeokeforetraining. During the VR reaching task, training with concurrent
bandwidth feedback induced significantly lower cognitive activitan continuous
feedback regardless of complexity. Amongst simple feedback, determined superior for
performance, higher performance was related to lower cogsttesqalpha band powey)

lower sense of agency (survey scoeg)d higher physical stre¢ower alpha band activity

is related to a greater focus on external objects during VR rehabilifa®8h which leads

to greater performance and retention compared to an internal[8cuswer alpha band

activity [192] and lower cognitive activity identified via fMRIL93] indicates greater
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potential motor learning as participant experience increasesanements are completed
more automatically and less conscioys§lg].

In this study, we observed two sets of usemntered metrics as potential &qpatory
variables for the performance with various modes of training feedback. First, we observed
explicit agency from the survey responses, indicating that participants perceived complex
continuous augmented guidance provided greater control of thalarm than simple
bandwidth. Complexontinuous theoretically provided the most guidance, i.e., the guide
robot arm are displayed fully (eredfector and arm links) and constantly during training.

It is plausible that participants assumed the guide armargted greater control or projected

their intended actions on the guide arm versus the actualMynaboratory's previous
findings measured agency implicitly for simple computerized rEE@4] and grasd195]

tasks positively correlated with improved performance. This study suggests that a
constrained myoelectric task may generate a perceptional inversion. Participants are not
always aware of what is most beneficial to them for motor leaf@hdParticipants may

make selections based on comfort and neglect the possibility that challenging scenarios,
which may be uncomfortable, will be more adweaygous for motor learning.

Physiological measures such as EEG and EDA provide a more objective basis to
discern fundamental useentered responses. As inferred through cognitive loading,
increased engagement can produce better performance in a VR erentfl96]. When
significant differences were discernible, this study confirmed, as expected, that simpler and
intermittent feedback reduced EEG power. Since simpler feedback generallggumtodu

better performance, it may be inferred that complex feedback, as presented here, may have
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resulted in overloading that diminished performdgd®&]. Alternatively, simpler feedback
generally produced greater physical arousal, as indicated by higheoddeotal activity
[174]. For this study, the simpler feedback may have supported the user to be more
physically engaged, without mental distraction, towards improved motor performance.
The major limitations oy study to demonstrate how variations in augmented
visual guidancdor training affect motor learning include constraints on the task, motor
transference, and lortgrm retention. The task control space was limited to 2D due to
challenges in attaining robust mudtimensional control through the enacted pattern
classifies. More advanced machine learning methods for 3D myoelectric cft®&]|,
[199] may be enacted. However, the deployment of such approaches must be balanced
against the feasibility considerations of timettain within single sessiond35] and
classification accuracf200]. Feasibility is crucial for clinical populations with reduced
and compromised muscle sets to identify myoelectric comm@ddis[135]. Ultimately,
improved motor skill acquisitioft53], [201] must be demonstrated by testing functional
abilities in generalizable contexts that differ from training. Functional gains with isometric
testing must be exhibited through improved abilities to perform dynamic tasks that better
represent activities of dgiliving [40], [202]. Additional modifications could be pursued
to facilitate better motor control, even withhrettraining paradigrfi.12]. We did employ
a measure of strategy to supporttaraontrol objectives by allowing users to se#iect
the order or target pursuits during testing blocks. However, more complex tasks (e.g., 3D
control, additional tasks beyond peoiotpoint contact) are more versatile for synergistic

control. Synergist control involves manipulating the endeffector throughforward
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dynamics[203], whereby the user enacts control upon a robot arm's elbow and shoulder
joints.

5.13. Conclusion
In optimizing VR training for a forecéased motor task, the complexity and intermittency
of augmented visual guidance can significantly influence the resultant motor performance.
When training uppeextremity function, additional visual feedback aboutftrearm and
upper arm may be unnecessary when the primary objective-ifieatbr accuracy. For a
virtual reaching task, training with simpler feedback (i.e., abouediedtor only) resulted
in significantly greater motor performance (e.g., minimahlgatgths, shorter completion
times) and higher arousal (electrodermal activity). Furthermore, training with feedback
presented more intermittently (i.e., bandwidth) resulted in improved mles@kecontrol
in conjunction with lower cognitive (alpha barabtivity. These posfraining results with
simplebandwidth feedback indicated that participants were more positively allocating
resourceso physical engagement and performance. Future studies should investigate
longitudinal comparisons of \MRased theradps that systematically leverage augmented
visual guidance to conventional treatments andogtimized VR protocols to determine
if these performance advantages exist for similar therapeutic dosages. Furthermore,
advanced feedback control systems to adé@Rt rehabilitation systems for greater
personalization for individual users may consider varying training features according to

online measures of physiological variables (e.g., EEG, EDA).
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6. PRIMARY CONCLUSIONS AND FUTURE DIRECTIONS
Following neurologicatrauma, clinical motor rehabilitatiocan be frustrating due its
rigorous and repetitive nature. Fortunately, computerized interfaces, primarily virtual
reality, can provide additional motivation during physical rehabilitation and create
enhanced forms of augmented visual feedback. Augmented visual feeoloaddtes
transformeddisplays of participant performanaglaying additionaltask information in
reattime for immediate performance improvements. Unfortunately, the exact mechanisms
behind leveraging VR and augmented visual feedidacknprove motor learning is
unknown.l identified a lack of optimization in the deployment of clinical rehabilitation
and computerized interfagesmphasizingmproving motor performance. Therefore, my
approach was to systematically leverage specific features of augmented visual feedback,
mainly complexityandintermittency for amotion- and forcebasedask | examinechow
augmentedisual feedback featuresffect training andretentionof motor performancd
alsoidentified potential avenues for expanding future research.

For a motionbased task, the twlegged squatcomplexrepresentative modes

increased motor performangaeore during training and retention compared to feedback

deemed simpler and abstra&ll motion-based tasks require some level of ferce

modulation, such asughing off the ground during the squat exercise or reaching
movements againgjravity. Specifically motionbased tasksnvolve changes in joint
angleswith multiple moving body segment$he motor outcomes for the squat exercise

are influenced by one major performance variable, identified as changes in squat depth or

thigh angleMy approaclevaluatedhe differences behind guiding multiple body segments
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with complex feedback versus repgatng the movement as a single tardgeven by
simple feedbackSimple feedbackonly provided information about the thiglegment
angle, while complex feedback provided information about additional shank and torso
body segmentd/Ne identified that the aitional information from complex feedback was
beneficial, but only if presented with clear bedigcernible featuresTraining with
complexabstract feedbackepresented adisjointed lineswas more challengindor the
participant to stabilize performandeomplexrepresentative feedbagkesenteds lines
connected at presumed joint locations increasedrbir performance and presumed
embodiment with the visual feedback. Increhsenbodimentwith the visual feedback
during trainingled to an increase ithe development of intrinsic mechanisms and
independent movement strategiihough simple and abstract feedback modes may have
been advantageous during training, retention performance was negatively affected as
participants could natffectively recrete the movement under independent control

For the force-based taskcontrolled through isometric muscle activatiossnple

feedback showedhe greatst potential to improve motor performance thamomplex

modes Forcebased tasks primarily involve the modulation of a single force target or
amplitude signalForcebased taskeay moreeffectively train with simple feedback that
removes erroneous feedback elemertse additional information provided during
complexfeedbackwasirrelevant to the primary objectivend effector accuracgnd any
increase in embodiment was ineffectit®r the forcebased task, high performanagh
simple feedback was related to lower cognitive activity (cognitive stress), lower agency,

and higher EDA (physical stres$pllowing training with simple or bandwidth feedback
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modes, a lower cognitive activity could indicate that participants’ motorratont
transitioned to more automatic procesgy. Movements controlled consciously in the
early stages of motor learning produce leigtognitive ativity. | postulate that this effect
during posttraining trials is a residual effect following training with augmented visual
feedback. No significant differences observed during training could result from the gradual
training effect over ten trials, anthe average impact over the whole phase was
insignificant. This finding is different than the result for the tlegged squat experiment,
where additional target informatioduring complex feedbackvas beneficial for
performance.lt may be necessary and reochallenging for a forebased task to
effectively display kinetic synergies as complex feedback for rehabilitating motor
coordination.

There vere limitations in directly comparing the results betwd#snmotion and

force-based taskpresented in this researédne of thdimitationswas that the additional

information provided during the squat exercise was independently controlled, which was
notthe case for the foreeased movement. During the fotisased VR task, the additional
forearm and upper arm target feedbaake driven through inverse kinematics andy

have been irrelevanb the primary objectiveThe participants were only able to control
the end effector and end effector accuratye prmary performance metricAnother
significantdifference between the two tasks was thatparticipants transformed display

of performanceanever changed based on visual feedback modes for the VR retatkng
Unlike the squat exercise/hereit was possible to train the motiowithout participant

feedback performangeuchasbandwidth feedbaghkt was necessary to constantly provide
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the participant position for théR reachingtask tocomplete the movement effectively
For exampleit would be posdile to display bandwidth or simptepresentative feedback
targets for the squat task while displaying the participant position as coemplex
representativeHulsmann et al. developed a similar approfmhthe squat exercise by
constantly displaying particgmss' positiorsin a 3D VR space while providing additional
bandwidthabstract feedback to highlight position esf204]. The increased embodiment
based upon specifically target feedback features, and not a combination with participant
feedback, was not established and would be an interest in future studideer limitation

was thathe augmented visual feedback during siguat exercisgasdisplayedas athird-
person perspectivan contrastthe VRbased reaching task utilizing the headunted
showeda firstperson view.

Concurrent bandwidth feedbackhowed potential for improving shesdrm

retention ina motion-base& task and decreasing cognitive activityaimorcebased task

firm ly believe concurrent bandwidth augmented visual feedback in immersive VR
environments should beleveraged for improving clinical motor rehabilitation .
Bandwidth feedback has been extensively researched in terminal feedback forms because
conventional rehalitation paradigmsannotcreate the concurrent bandwidtisual cues
possiblein VR environments. Whether the perspective is-fiostthird-person, VRbased

training with continuous feedbadkom virtual avatars has shown to be effective for
guiding spatial positioning/74], [204]. However, concurrent bandwidti'R-based
feedback has not been extensively researchatyficantlimitation of both studies was

the lackof longitudinal resultswhich would indicate the lonterm learning effects of
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concurrent bandwidth feedbackompared to continuous feedback for the -tegged
squat, training with bandwidth feedba@sulted in higher gential learning with higher
relative performance levels durirgiortterm retention testslraining with bandwidth
feedbackremoved the participant and target position during times of low error and forced
the participants to develop independemivement strategieJraining with oncurrent
bandwidthalsoproduced significantly lower cognitive activity (alpha band power) during
the VR force-based taskhan continuous feedbaduring posttraining trials Increased
alpha activity powels relatedto higher internal processing durivR-basedcognitive
studies [129] and indicates the participant is still consciously completing the a@Rjn

The decrease in alpha activity during ptsining trials for the forcedbased tasknay
indicate thattraining with bandwidth feedbackxhibited a higher focus on external
processes for motor control. External processes are more effective for motor control as a
focus on internal mechanisms can constrain the motor system by interferiragitotmatic
control processef3]. The decrease in alpha activity could also indicate that training
resulted in greater muscle level control automatically and less activity of conscious force
based actionf62]. My research did not focus on cognitive activity as a primary interest
measure andvaluatedcaveragechanges in activity across all EEG sensors. Future studies
should explore the effects of bandwidth feedback on individtah regionssuch as the
motor and sensory cortexeBhechanges ircognitive activityduring force-basedactions

may benefit concuent bandwidth feedback deploymémntt all motortasks This approach
canexpandcognition and motor performance knowledgecauseneasuring EEG activity

during motionbased tasksiaybe difficult.



114

My final takeaways are that there aignificant and unique differences in motor

performance outcomes with variations in augmented visual feedbaek effects of

augmented feedback depend upon the type of task, motidarcebased. Measures for
well-being, such as physiological stressesense of agency, may also be influenced by
variations in augmented feedback. In optimizing computerized interfaces for rehabilitation,
features of augmented visual feedback should be seleasedbn:

1. The type of movement function to restore or rehteiéi

2. Whether the participant can embody the augmented feedback

3. The experience of the user and their vioeling during training

Future directions should investigate augmented multimodal feedback for motion

based taskdy results indicate that multimodal feedback would ngpizeticalfor force

based tasks as simple feedback is already more effective than more complex modes.
However, motiorbased exercises especially muliDOF movements with naive
participants, may beefit from multimodal feedback, especially in the early stages of motor
learning.The provision of multiple visual feedback cy284], or a combination of visual

and haptic cuef83], [114], [124] may further acceleratperformance fomotor tasks

Over an extended period, feedbablould be gradually reduced, changing from concurrent
continuous to bandwidth, and finalllerminal in the latter stages of motor learding
however, cautn not to relate changing the complexity of the feedbackredually

reducingfrequency.
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In summary, my results indicate:

1 For a motiorbased task, the twegged squat, complerepresentative modes
increased motor performance more dutiagning and retention compared to feedback
deemed simpler and abstrakiowever, br the forcebased task, controlled through
isometric muscle activations, simple feedback showed the greatest potential to improve
motor performance than complex modes. Corent bandwidth feedback showed
potential for improving shoitierm retention in a motiehased task and decreasing
cognitive activity in a forcdased task.

1 My final takeaways are that there are significant and unique differences in motor
performance oebmes with variations in augmented visual feedbBakure directions

should investigate augmented multimodal feedback for mdzsed tasks
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8. APPENDIX

8.1. How it all started- Red tape augmented visual feedback

It is exciting to look back and see where my research started to where itugnddhe
beginning of the Ph.D. journey, augmented visual feedback was not my initial plan. The
desire for visual feedback came about when figuring out how to get someone to squat the
same way in two separate locations. The goal was to have the pattsgpat in the lab

using motion capture equipment to analyze kinematics, and then subsequently squat the
same way at a medical facility immediately before getting an MRI. The research objective
was to use the MRI data for creating high quality computaulsitions used to model
participant kinematics and kinetics during the squat exercise. The first idea for visual
feedback was created following my experience with an Introduction to Robotics course.
During the course | learned how to analyze differenceslor from an image. Therefore,

| went down a rabbit hole of using colored tape to track thigh angle poffigure 24).
Different color tape was evaluated, with red being the winner and easiest to identify. Next,
a camcorder was used to display the tape position and thigh angle. Roneethcking,

a rubber band or tape was put over a computer monitor position trofrtre participant

as the target to match at the desired squat depth. Fiime#inalysis, changes in angle of

the colored tape were used to calculate changes in thigh angle position. At each frame, the
outline and shape of the tape was identified spdrom the background, and a line was

generated through the middle to represent the thigh angle.
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Red tape used to track thigh angle during my early research yea

Figure 24. The first creation of augmented visual feedback utilized a camcorder i
piece of red tape on the thigh to represent thigh angle. Fetimeafeedback, a
rubber band or additional piece of tape was placed over the monitor as a target
match for squadlepth. The outline and shape of the tape was processkuaeatfising
MATLAB color analysis to determine changes in thigh angle.
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8.2. Supportive Brace Apparatus

The primary module of Aim 2, the fordmsed task, was a custom upper extremity
supportivebrace apparatus-igure 25). As described in further detail in the Methods of

Aim 2, the primary objective of the brace is to immobilize the forearm and upper arm to
support the arm against gravity and provide restrictive forces for isometric training. The
brace was constructed using computer aided design (Solidworks) and the original prototype
included a chest plate. The chest plate was intended to use the participants body weight for
helping to restrict their own forces, thus creating arinatine designThe participant

would not need an external fixation device such as a table, and it would allow the
participant to wear the brace while standing. The benefits for wearing the brace while
standing are enhanced gamified environments that include gaitationomovements

during VR-based tasks.
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Supportive brace apparatus for upper extremity isometric experime

Prototype
chest plate

Revolute

®

Revolute

joint Adjustable rod

Figure 25. Computer aided design of the supportive brace with a prototype for th
chest plate. The arm mount is the primary moduledsiricting flexion and

extension of the elbow joint. The two revolute joints and adjustable rod attach th
mount to the chest plate and restrict shoulder ab/adduction and in/external rotat
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8.3. Augmented Vibrotactile Feedback
Two pilot experiments were conducted on the effects of vibrotactile feedback with the
supportive brace. One utilizing vibrotactile feedback ireaplicit form, directly guiding
task performance. The other utilizing vibrotactile feedbackmplicit form, directly
increasing EMG activation. The same VR environment and experimental protocol
presented in Aim 2 were reevaluated with two unimodal vibrotactile and one multimodal
feedback mode in the explicit experiment. The three sensory feedback modes were
compared to a fourth control group, and the same performance metrics were evaluated
pathlength score and completion time. Five neurotypical participants completed the
explicit vibration experiment. In the implicit vibrotactile feedback experiment, direct
vibration on the musckendon junction was used to increase EMG activity during
isometric contractions. We aimed to identify vibration patterns that could increase EMG
activity in a controlled and systematic way. The objective was to increase the separability
between muscle activation clusters within the machine learning classifier used for
commanding the virtual device. We hypothesized thatthes vibration could increase
muscle activation clusters' separability and lead to greater classification accodacy a

improved control of the virtual device.



122

8.3.1. Explicit Vibrotactile Feedback

Explicit vibrotactile feedback can directly guide the participant towards a movement
trajectory through an attraction or repulsion sensation. When position error to the target
begins to increase during a movement task, the participants move toward the vibration
during attraction types and away from the vibration durirgpulsivetypes. For simple
motor tasks, such as standing balance, allowing the participant to choose theiegrefe
method, attraction or repulsion, results in a higher score than choosing one that is undesired
or feels unnatural to the task. This decision supports allowing the participants to make
decisions within the experiment to increase agency and sensetiai.cdfhen compared
against each other, repulsive feedback has shown to be more effective than attractive and
is often considered the standard for explicit guiding experinj206.

In this study, the same experimental protocol presented in Aim 2 was used for
evaluating unimodal and multimodal feedback paradigms of vibrotactile feedtgake
26). Twelve smH coin motors were used to translate position error magnitude and
direction changes. Three coin motors were attached vertically (or in a cluster) at the same
height on the torso and equally placed on the participants' left, right, center, and back. For
reference to height, the front motors were placed just below the sternum, and the back
motors were placed at least 5 cm below the lower trapezius EMG sensor. Three coin motors
were used instead of only one to distinguish changes in magnitude.

The three sensyp feedback modes and one control group were described as
follows: Control i no visual or vibrotactile feedback was provided during the training

phaseSimplehaptici the magnitude of position error to the shortest path between targets
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was the only inforration provided in reafime, and all vibration motors turned on and off

togetherComplexhaptici the magnitude of position error was matched with a direction

component as motors only turned on when acting as a repulsive sensation to guide

participants taards the shortest path between targeisltimodal feedback simple

bandwidth visual feedback was combined with comybiagtic feedback. The vibrotactile
feedback supported the simfdandwidth information in the multimodal feedback mode
and relayed theame information to reinforce performance improvement. To elicit changes
in vibration magnitude for all haptic feedback modes, the bandwidth range freeriomw
threshold to higkerror threshold was divided up into three equal quadrants between 0 and
100% The group of coin motors turned on either on83&), two (3466%), or all three

(67-100%), based upon the percentage of user position error.
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Explicit vibrotactile feedback on the torso to quide motionng VRtasks

*+] Vibration motors on the torso for
guiding movement directions

Figure 26. Explicit vibrotactile feedback involved coin motors attached to the tors
for guiding direction during movement tasks. Vibration was provided in a repulsi
direction, i.e., vibration on the right directed to move to the left (move away from

vibration).
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8.3.2. Implicit Vibrotactile Feedback
Implicit vibrotactile feedback has unique properties compared to other forms of haptic
feedback, such as applied forces and changes in pressure. During isometric exercises, EMG
activity increases by applying indireeibration through an external device, such as a
vibrating handle or standing platform. Direct vibration, applied by placing motors directly
on the musckendon junction, can also increase EMG activity as well as create an illusory
movement effect by alterg afferent neurological signals and activating muscle stretch
reflexes. The increase in EMG activity is a result of recruiting additional muscle fibers.
This can be therapeutic or even rehabilitating when provided in shorter durations but can
acceleratenuscle fatigue during isometric strengthening exercises.

In this study, the objective was to systematically identify vibration patterns that
could be utilized to increase the EMG activity of the upgren and torso muscles. Once
vibration patterns were dhtified through pilot testing, retime implicit vibrotactile
feedback would be used in the same experimental protocol as Aim 2. The implicit feedback
would be provided to increase the separability between the EMG activity clusters used to
command the viual device. The support vector machine responsible for mapping
isometric activations to direction intent relies upon the uniqgue EMG patterns for discerning
different commands. We hypothesize that increasing the separability of EMG activity
between the dection clusters will lead to improved reahe control of the virtual device
and an increase in classification accuracy.

Vibration motors were placed on the mustgdadon junction of four muscles to

evaluate the effects of reme vibration during isomtric contractions Kigure 27).
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Muscles evaluated were the biceps brachii, triceps brachii, pectoralis major, and back
(primarily trapezius low and mid). For the biceps and triceps brachii, two coin motors were
taped to the distal and proximal end of thasaies at the musetendon junctions, above

and below the restrictive brace straps. For the pectoralis major and back muscles, vibration
motors were taped equidistantly around the EMG sensors at least 5 cm away. For each trial,
the vibration motors folloed the same pattern, first no vibration to indicate a control and
baseline EMG activity, then the biceps brachii, triceps brachii, pectoralis major, and back.
During a 15second isometric hold at 20% or 40% MVIC, individual motors were turned

on and off atl.5second intervals to determine the effects on EMG activity. Pilot
experiments indicated higher quality motors, i.e., LRAs and not ERMs, are required for

eliciting the desired effect.
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Implicit vibrotactile feedback to increase EMG activity durisgmetric tasks

Y
Vibration motors attached to the
proximal and distal muscle-tendon

junctions of the triceps brachii §

Figure 27. Implicit vibrotactile feedback to affect the afferent neurological pathwa
and muscle stretch reflexes to induce changes in neurophysiological signals or
perceived proprioception during isometric exercises. Vibration toitregs brachii

can increase EMG activity and induce an illusory movement effect of arm flexior]
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8.4. Sense of Agency

Throughout my research, | assisted extensively with additional projects that evaluated the
effects of cognitive agency and howléverage cognitive factors for improving physical
rehabilitation. Sense of Agency (SoA) can be defined as the sense of control one has over
their actions. This sense can be diminished in clinical populations, and this results in
reduced motor function arability to complete ADLs successfully. Along with SoA, other
cognitive factors, including attention, memory, and cognitive engagement, play a role in
physical rehabilitation at a participaspecific level. SoA is uniquely valuable in virtual
reality-basedohysical rehabilitation when the participants' body position is occluded while
wearing the headhounted display. Two major research studies were conducted that

evaluated the effects of SoA with altered control mechanisms.
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8.4.1. Pinch and Reach VR
Participas completed a forebased grasping task and a motlmsed VR reaching task
with different control mechanisms (default, slot, fast, auto, and noise) to determine the
optimal effects on performance and JdA4], [195](Figure 28). Intentional binding was
used to measure the participants SoA. Immediatalr afompleting a short foreer
motion-based task, the participants would hear an audio beep at a random time internal
between 0.1 and 1.0 seconds. The participants were instructed to estimate the delay
interval. Literature states that average underestoimaf the delay represents an increase
in SoA with the control mechanism. Our results indicated that higher performance (lower
error to the primary objective) was correlated to higher SoA. My lab published multiple
papers[194], [195], [205] and a textbook chaptdR06] with the results of these

experiments.
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Sense of Agency evaluated through fer@med motiorbased tasks

Figure 28. Sense of agency was initially evaluated over éxperiments, TOP) a
force-based experiment utilizing hand grasp of force measurenaedt8OTTOM) a
motionbased reaching experiment within a virtual reality environment.
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8.4.2. Cognition Glove
In the second phase of the SoOA research, a weasaldet glove was developed to
artificially enhance the participants' SoA during retmlgrasp task$207] (Figure 29).
Pressure sensors were stitched to the glove under each finger and force inputs were used in
a machine learning algorithm to indicate secure grasp. Sensory feedback from the glove
was used to indicate to the participant they received secure grasp iredetiorld and
virtual scenarios. Sensory feedback attached to the glove as an audio beeper, a LED light,
and a smaller vibration motor. In the re@brld, the effects of immediate versus delayed
sensory feedback were evaluated on -blol@ied participant$207]. In ablebodied and
clinical experiments, the effects of the sensory feedback from the glove were compared to
enhanced visual and audio feedback provided in a VR environment. The objective was to
identify features of sensofgedback that could be leveraged to enhance SoA and have the
greatest positive impact on performance and retention results. Additionally, my lab was
interested in evaluating the neurophysiological signals to determine cognitive adaptations

to motor learnig.
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Training with a Cognition gl ove

i Virtual | Cognition glove
reality #l toenhance
Al sense of agency

Splnal cord injury patlentstramlng W|th the Cogmtlon glove

E T PRy

Figure 29. A custom wearable device, the Cognition glove, was developed by thé
MOCORE Laboratory to enhance t hreachipar
grasp tasks. The glove could also integrate with virtual reality to provide enhanc
forms of visual feedback. The device was tested on clinical populations including
spinal cord and traumatic brain injuries.




133

8.5. Community Outreach
While working n the MOCORE Laboratory (and before COVID) my lab participated in
various community outreach programs geared towards teaching students about engineering
and our research. We created interactive workshops, i.e., fun games geared around our
experiments, andoresented experiments that guided them through the biomedical
engineering field on a high level. During the summer of 2019, multiple local groups visited
the MOCORE Lab. Each visit would begin with a presentation, explaining our research
and background iofmation on biomedical engineering and biomechanics. Next, students
would complete various interactive workshops related to the experiments our lab has
previously completed. During one visit, students took turns using the pinch apparatus, the
VR reach pardigm, and a VR LEAP experiment designed by Samuel Wikigu(e 30).
Other lab visits focused primarily on the presentation to give the students a wide range of
background information related to our research and the field of biomedical engineering
(Figure 31). The student groups included PICO Solutions6)K Stevens CIESE PSEG
Summer Camp (middle school), and the Stevens Art Harper Academy (high school).
Finally, | also participated in clinical community outreach opportunities includingthe 2
Annual Spinal Cord Injury Research Community Fair located at Mount Sinai in Manhattan,

NY (Figure 32).
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Hoboken middle school students complete interactive workshops

Figure 30. MOCORE graduate students Sean Sanford, Mingxiao Liu, and Samu
Wilder guided local Hoboken middle school students through interactive worksh
geared around our research.




