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kinematic or functional parameters of the upper extremity can be
ABSTRACT achieved through repetitive movement therapy, robotic assisted
This paperpresents a novel system architecture and evaluationtherapy [5,14] and virtual reality therapy{7,9]. Within the
metrics for an adaptive mixed reality system (AMRR) for stroke rehabilitation community, maximizing the functional ability of
patient rehabilitation. This system provides a purposeful, stroke patient is of primary focus. Additionaictis onmovement
engaging, hybrid (visual, auditory and physical) scene that quality helpspatients to break compeatery strategies and to
encourages patients improve their performance of a reaching relearn premorbid movement patterré,10].

%noo\l/er%rsr?tp g?atéa?gs ?rﬁs [;r?srtr;?rt]e; ;?jzrrltli?/g ir?fthgte?ter?gi?iesExternal fedback that augments the information gained from
; Hegies. Y puive P dntrinsic sensory organs can offer guidance, motivation and
adaptation assistive tools to help the rehabilitation team adapt an

customize the trainingtrategy. Our key insight is to combine the encouragement, This can help stroke survivors to improve
§ 9y y Insig movements and gain confidence in the use of the affected limb

e e e s vl L1-12] eacie envorment can be useth encourae
P 9 P P sensorymotor integration byproviding feedback relevant to a

system. specific function and presenthis informationin a meaningful

There are three major contributions in this paper: (a) developingand intuitive way[6,11,13] The task and feedback should
thecomputational deficit i ndexencdurage actve dhysicaltand gbgnitivd participatiéni by nhe 0 s
kinematic performance and defidtiainingimprovement DTI) patiert to learngenertizable movement strategi¢sl]. The task
correlation for evaluating the adaptive training strategy, (b) and feedback must also be adaptable to the patient's individual
integrating computational adaptation tools that help the ability and progress, allowindor patiens to be challenged
rehabilitation tem understand the relationship between the physically and cognitivelywithout frustrating theni8,9]. These
patientds performance and trdnirtnmens ,can Vphovide hacete Seedbadk pod rmiovermednt t o
customize the training strategy, and (c) combining the interactive performance and record detailed kinematic parameters used for
multimedia environment and physical environment together to assessing functional recove#;9]. Patient interactions with such
encourage patients to leatmetgeneralizable movement strategies an environment have been shown to improve cognitive and
and to transfer knowledge from media space to physical spacephysical function increase selésteem and lead to feelings of

Our system has been used for two stroke patients femomeh greater selefficacy and empowermefs,13].

of mediated therapy. The experimental results demonstrate that ) ) ) )
the two stroke patients havegsificant improvement (+48.84% NS paper is built upon our previoussearch orbiofeedack

and +39.29%) in their performance of the reaching and graspingSyStem [1,2,15} However, there are three limitations in our
task compared to the two stroke patients who experiencedPr€vious system: (a) there is not a computational kinematic

traditional therapy-(18.31% and8.06%). measure for patientdos movoeanent pe
adaptive experiential systenfh) the adaptation toslhave not
Keywords been integrated into the system for adaptive stroke rehabilitation

based on the patient Opthesysterhi ty a

Mixed Reality Rehabilitation, Multimedia Feedback, Atktion does not integrate physical environment and interatieelia

1. INTRODUCTION environmentogether, which makes the transference of movement
' knowledge from media space to physical space difficult.
The gl of this paper is tpropose a new system architectare In this paperwe address these three limitations by developing a

evaluation metrics foran adaptive mixed reality rehabilitation adaptive multimodal mixed reality system that encourages the
system forstroke patient rehabﬁlitatiqﬁ'.he problem is important  grgke patients to learn thgenerativereaching and grasping

i every 45 _seconds, someone in _thmte_ld StatessuffersaSUOKe_ movement plan and assists the rehabilitation team to make
often leading to physiological impairment. Effective adaptive adaption decisiom Firstly, we address the computational
training using mixed reality rehabilitation can potentia_lly lead 10 performance evaluation problem by presenting an algorithm to
fuller and faster recovery. Therefore, we develop this adaptive compute kinematideficit index and deficitrainingimprovement
mixed reality rehabilitation sysm tohelp stroke patients recover (DTI) correlation. The kinematic deficit index is a common,
theability_ to form move_memstrategiesfor efficiently completing unified and subjeeindependent deficit measure for evaluating
thereaching and grasping task subject performance dng reaching and grasping task is a
computational indicatorfor the rehabilitation team to make
adaptation decisian The deficittrainingimprovement DTI)
correlation tells us about the effect of the therapy by showing the

There has been extensive prior work on srodhabilitation using
both mediated and nemediated therapy. Improvementsni



patiento6s p r-therapye ® spostfierapymand thee
correlation between the imprement and training. Secondly, we
combine the multimodal environment and adaptation togdther
usingadaptation assistive tools (e.g. central control, visualization,
prediction and evaluation) that provide quantitative and
informative analysis to help theehabilitation team adapt the
system and customize the training based on the patgnagress.
Finally, we integrate the interactive feedback environment with
physical space t@romotelearning of generalizable niement
strategiesand transferring knowdge from media space to
physical spaceOur resultsfor two stroke patients whased our
system for mediated therapstrongly support that mediated

therapy can lead to faster and more integrated recovery in terms o

both activity accomplishment and perfeance Both participants
demonstrate greatesignificant improvement(+48.84% and
+39.29%) in their performance of the reaching and grasping task
after mediated therapyscompared to twather stroke patients
who experienced traditional thera@y8.31%and-8.06%)
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Figure 1. Adaptive mixed reality rehabilitation system.

The following sections of the paper acgganized as followsin
the next sectiorwe present the architecture of canlaptive mixed
reality rehabilitation system. In ection 3 we discuss the
multimedia feedback desigin sectiord4, we present thassistive
tools that helpthe rehabiltation team to adapt the systelve
propose theevaluation for patient kinematic performance in
secton 5, and propose the evaluation for the adaptive trainind
sequence in section &/e describethe experimental results in
section 7 and concludbke paper in section 8.

2. SYSTEM ARCHITECTURE

We now present the system architectureonir Adaptive Mixed
Realty Rehabilitation(AMRR) system.The primary goal of this
system is the development of a réale multimedia system that

uses multimodal sensing to map structural representations of

movement to interactive feedbackhe environment provides a
purposefulengaging, visual and auditory scene in which patients

can practice functional therapeutic reaching tasks, while receiving

visualization, prediction and kinematic assessment) to the
rehabilitation team for making adaptation decision.

In the following sectiors, we first introduce the functional tasks
and physical setupThen we discuss the struo¢ of our mixed
reality system. Finally, we introduce the rehabilitation procedure
for using our system.

2.1 Physical Setup and Functional Tasks

The patient is seated at a heigand positioradjustable table in
front of a largescreendisplay that providesisual feedback and

two speakers that provide audio feedback. The table is placed to
?ither fully support the affected arm or to leave the elbow of the
affected arm unsupportefigure2 shows the physical setup.

During training, patients perform a reaching task, either by
reaching to a target, reaching to touch a targe¢aching to grasp

a target. The reachintask wasselectedbecause it is a widely
used task for tsoke patient rehabilitation, reaching a much
neectd functimal task in everydayife, and the movement
attributes of the task (i.e. bell like velocity profilean easily
generalize to performance of other functional tagksaching
movements start from a consistent rest position. The target can be
physical (an ofect is placedor the subjecin the space for them
to touch or graswvith no feedbackor virtual (no physical object
is present with feedback or hybrid (combind physical and
virtual).

Patients are trained to reach towards four possible targeiolosat
that are placed according to
each subject's body
measurements and ability.
Two target locations are on
the table so the subject can
use the table for support
(supported targets) and two
locations are placed 6 inches
off the table so the subject
must work against gravity to
reach the targetd-or both
ontable and oftable, one
target ispositionedipsilateraly and the other igplaced in the
midline. This results in four target locations:

Figure 2. Physical setup

1. Supported, Iptateral (Sl): The target is on thiable and orthe
right.

2. Supported, Middle (SM): The target is on the table and in the
middle.

3. Against Gravity, Ipsilateral (AGI): The target is off the table
and on the right.

different types of simultaneous feedback indicating measures of4-Against Gravity, Middle (AGM): The target is off the table and

both performance and results.

Our system isan adaptive system thallows the rehabilitation
team, consisting of therapist and a media arts and science
expert to customize the training stratefy changing the system
parametersThe system parameters include visual, appliysical
spaceand reaching tasgpecific paremeters.Adaptationis crutial

for customizing the training based @achp a t i edividudals
ability and performanceto result in effectiverehabilitation Our
system not only providesn interface to change the system
parametersbut also provides sevéreomputational tools (such as

in the middle.
Thefour targe positiors are determined by doctors and therapists.

2.2 SystemStructure

We now discuss thestructure of our adaptive mixed reality
rehabilitation (AMRR) system. Figure 3 shows the system
structurethatintegrateswo major parts: (a) physical and feedback
environments and (b) Adaptation tool$ie physical and feedback
environmentsare integrated into one multimodal interactive
composition thata) engages the patientb) encourages them to
improve their performarecof the training taskand (c) promotes
learning of generalizable naement strategiesThe adaptation



tools relp the rehabilitation team adapt the system to customize central control interfaceThe cetral control subsystem provides
the training strategy. The rehabilitation team includes a therapistan interface to operate the whole system such as calibration,
and a media, arts drscienceexpert. start/stop of the training, changing the system parameters, and

The physical environment includes a chair, ablé and two showing the selected motion features graphically intiesd. The

physical targetsa push button and aifich tall cone. The heights ~ Visualization, prediction anadis and kinematic evaluation

of the table and the chair are adjustable. The push button and th§UPSystems provide quantitatively helpful information for the
core are used for training the pusistion and grasimg action rehabilitation to make the decisions about how to adapt the
respectively. Breesensing resistorare embedded in both the rehabilitation process to meet the patients needs and progress and
push button and the cone. The positions of these physical object?n_hance the rehabilitation outcom&he visualization subsystem

are measured physicallyémnecorded in the data archival, in order visua I zes the ana lysis results
to recover thesamephysicalsetupfor a patientacrossvisits. prediction analysis predicts the patient performance for the system
i adaptation query based on the mixtofeexperts Dynamic

Feedback Environment Decision Network mod€PR]. The kinematievaluationsubsystem
e e i evaluate the patierd kinematic performance and thelationship

ot R , form
) o 1 bet ween the training sequence and
Motion Ly Sensitivity l¢

Analysts) 7 Flter é 2.3 Four Training Environments
' In our adaptive mixed reality rehabilitatiogssem, we organize
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the feedback into foutifferent training environments:

1. Virtual i no physical target present, withteractiveaudio and
_ Data Archival P visual feedback
Environment contrel 2. Hybrid Il i a physical targepresent, with interactivaudio
. and visual feedback.
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A Media arts In the \rtual environment, the patienfearrs the mapping
R Wit between the feedback and their arm movesigmough exploring
! Adaptation ) the action spacand througtexperiencing the media environment.
A R LR In the hybrid Il environment, we help the patientsansfer

knowledge learnedrom the medianteractionto physical space
Figure 3. The adaptive mixed reality rehabilitation system by integrating the multimedia feedback and physical target
structure togetherin one environmentin hybrid |, we reduce feedback by

I n t he feedback environmsard |, 0{“){] %row?)lnag PL\d' ﬁe?dg%kto SHcqyra _Otrgne%f% Bt and
capturedusing multimodal sensing, analyzemhd thermappedas reten_tlon 0 _knowe ge gained frc_Jm th_e media interacdorthe
quantitative components of the action tte audio and visual physical evironment, we check if patiersuccessfullytransfes

feedback Feedbackcommunicats to the patient amount of error knowledge fom media space to physical space.
and direction for improvemenand helg the patient learna 2.4 Rehabilitation Procedures

generative plan for reaching and grasping movemkrg. motion We now introduce the rehabilitation procedure by using our
capture subsyster{ref. Figure 3) tracks the threedimensional mixed reality rehabilitatiorsystem. Let us denote every subject
position of reflective markers that are placed on the subJé visit asa session For each session, there are several ¥éithin

tangible sensor tracks the touching and grasping movement of theyzh set, the environmental conditioresg(. physical state, audio
patient s hThe réaitime motion analysis smoothes the raw ang visual parameters) remain fixed. Each set includes ten
sensing data, and derives an expanded set of task specifigeaching trials. In each trial, the subject reaches out the right arm
quantitative featuresThese features are normalized through the (gward the targetphysical, virtual or hybrid), interacts wih the

sensitivity filter. The audio and visual subsystems adapt their target if a physical target is present and returns to rest position.
auditory and visual response dynamically tdhe normalized

motion features under different feedback environmefiise The rehabilitation team adapts the system during the short break
normalized and bounded movement error representafiomws (typically two minutes) between two consecutive sets. The team

for feedbacksensitivity to be adjusted bghanging the control di scusses the subj ecinfamed bythe e me n't
parameters in theensitivty filters. The sensitivity filter, audio visualization prediction analysis and kinematievaluation

feedback and visual feedback can be adapted through the interfacBubsysters which illustratet he subj ect 6s perfor
in the central controlThe dataarchival subsystem continuously ~ Previous sets. Then thehabilitation teandecides how to fine

storesall types of the data streams (e.giotion analysisdata, tune the system (e.g. change musical instrument) to help th
sensitivityfilter data, feedback data, etc.) patientachievea generative reaching amptasping planAgain,

the realtime aspect of the adaptation is crucial to this
rehabilitation systemnbecause immediate responses to patient
erformance great | gbiliteto breatecaed t he
aintan agenerative plan for movement.

The adaptation tools allow the rehabilitation team to customize
the training strategypy changing the system parametefhe
rehabilitation team can change the system state through using th%



3. MULTIMEDIA FEEDBACK DESIGN Table 1. Reaching and Grasping movement features
We now present the desigithe multimedia feedluk within our Group Features

AMRR systemQOur system situates participants in a msénsory Hand
engaging environment, whergructural components gfhysical
acfions bythe right arm are coupled audio andvideo feedback.
Each key movement parameter of the right@amsn ais rhappead
to a feedback streathat is well suited to the intuitive display of
the particularcomponent ofmovement. Eedback streams are
constructed based on multimodatts composition principles, so
as to intuitively communicate to the patiemiagnitudeof error
and direction for improvementAll feedback streams are
integrated into one multimodal interactive composition @t 3.2 Feedbak Sensitivity Filter

engagestte patient(b) encourages them to improve performance \ye now introduce theensitivityfilter. The basic idea is to filter

of the training taskand (c) promotes learning of generalizable the raw movement feature (finite or infinite) to a normalized and
movement strategiesAn important measure of success of the pounded movement error that is used by audio and visual
feedback design its ability to encouraggarticipantsto transfer feedback This allows for (a) applicationfdeedback designo

the leaned knowledge to ietractions outside of the systemthe any range of the movement features, and gdjustment ofthe
physical world. feedback sensitivitypy changing the filter parameterén this

The feedback mapping has been presented in our previous wori€ction, we use the horizontahndtrajectory as an examplte

[1]. However, the previous system is not adaptaisié has not  illustrate how to calculate theormalizedfeature error.In the
been used for adaptive therapy for stroke patients. In this paper:smlar manner, we can also compute the normalized error for

targeting Hand maker positioralong three directions

and trajectory (X'Y'Z") in the localcoordinate system.

Hand speed Speed ofthehand marker

Joint opening Shoulder flexion, Elbow extension and
Forearm rotation

Compensation  Torso compensation (forward and twist

Shoulder compensation (upward and forwau

Elbow compensation (lift)

we introduce a new component, feedbaeksitivityfilter, which joint opening and compensation.

normalizes thenovementfeatures. The normalized and bounded Table ZNj Table

movement errors are dynamically mapped to dloelitory and T asiEmy
visual media The normalized and bounded movement error curve
representatioraellows for adjustment offeedbacksensitivity by Target = X

changing control parameters feedbacksensitivityfilters. In this
section, we first discusspecific features characterizimgaching
and grasping movemenand the feedback sensitivity filter.

Dead zone

XNfiull

Secondly, wereview the design of the interactive feedback and Trajectory

the aspects of movement which they are mappedrinally, we X 'efer(‘;"ge S—
introduce the feedback adaptation. Start pesition @Yy e D@
3.1 RepresentingReach andGrasp Action XN

Figure 4. Hand trajectory aing the table plane. Left: Global
coordinate system XYZ andbcal coordinate syste X'Y'Z'
Right: the reference trajectory, dead zone and the hull.

We now discuss the key aspects thfe reaching and grasping
movementWe selectfour groups of featws: (a) hand targeting
and trajectory, (b hand speed (¢) joint opening and (d

compensationHand targeting, trajectory, and speed contribute We denote the horizontal hand trajectoryxqy (ref. Figure 4
strongly to task completion, while joint opening and right)that is along th&' direction in the local coorditie system.
compensation focus on usage of key body structures to achieveAt every time stamg, we compute the normalizedorizontal

task completionThe features of each groupedisted inTable 1. trajectory error that is rangedrom -1 to 1. Negative one and
We select these movement features bectheecan reflect non Normalized error positive  one
impaired reaching movements, in whiokaching fora targetis 1 meansthe hand
efficiently accomplished wittaccuray, natural speedand joint is on the left
extensionwithout body compensation. These movement feature pun | derd and  right
can be derived from the 3D positions of reflective markers that a zope respectively,
placed on the patiento6s[3Wah ~'y aeryt farr away
calculate these featigeevery 10 milliseconds, whiatesults ina the  reference
frame rate of 100fps. trajectory  (ref.
The hand targeting and hand trajectory is representéideblyand - Figure 4 right).
marker position along the three directions in the local coordinate The reference

systemXY'Z.Let us denote the dir ecEQu§n Sepsfivitylilfprdiaggmy, | e ¢t stejectory f tis a's
X, the direction up to the ceiling as Y and the direction from the €xtracted from averaging the reaching trajectory of-ingpaired
subject to the table as Z. Thus, we haveaball 3D coordinate subjects.The normalized horizontal trajectory err@ controlled
system. Based on the reaching task, we also have a locaby thetwo kinds of filter parametershe deadzone and the hull
coordinate system X'Y'Z'. The Y' is the same as Y. We rotate the(ref. Figure 4 right). The dead zone covers the riompaired

X and Z to X' and Z' such that the Z' direction is from the start Subject variation. Th@ormalizederror value is zero if the hand

position toward the targeigure4 (left) describeshe global and position is within the dead zone. Thermdized error increases
local coordinate systems. or decreases exponentially as the hand moves further from the

dead zone towarthe right or left respectively. The rate of the



change is controlled by the size b&thull. The bigger the hull is,  hand moves towards the targete pusheshe particlesback to

the slower is the rate of the error changleus loosening thaull reassemble the image, while also driving the musical progression.
provides a mechanism for lowering the feedback sensitifitiie
normalized error is less thah or bigger than 1, we cut it off td

or 1.Figure4 shows how to normalize the error based on the dead
zone and hull.

Reaching speed and duration, targeting, and trajectory accuracy

are mapped to core aspects of the audiovisual narrative. As the
mostdetailed, continuous feedback mappings, they draw attention

to those aspects of movement that have the strongest integrated

In the similar manner, we can also compute the normalized errorimpact on comletion of the action goal. Wen t he wuser és
for joint opening and compensation. For each feature of joint deviates too far from an efficient trajectory path, the image
opening and compensation, we have a reference, a dead zone arghrticles sway in the direction of deviatioRigure6c,d). Thus the

a hull along theZ' direction. intuitive message is to move in the direction opposite of the
. . . particle sway to reassemble the image. Trajectory deviation is also

33 Cou_pllng Action Representatlon to reflected in the detuning of the hamio progression within the

Interactive Feedback audio feedback. Targeting is described by the coalescence of

We now present how to couple our representation of a reach andarticles fitting into a white frame that appears near the end of the

grasp actionto feedback generation. First, we discuss intuitions reach, as the user adjusts his hand position relative to the target.

and principles guiding feedbadalesign.Next, we follow with a To communicate reach duratiorach note of the harmonic
description of the audiovisual mappings used ivitthe Mixed progression is mapped along the normalized distance between the
Reality Rehabilitation system. handds start position and target

3.3.1 Design of Interactive Feedback controls the rhythmic progression of the musical composition.

Audiovisual feedbacks mapped to key aspe
action, with the purpose of directing his or fa¢tention to how
each aspectcontribues to activity completion. Theudiovisual
media spacés designed to recontextualize the reaching task, in
that the mappings do not depict an arm reaching to grasp a targe
but rather reflect an abstract audiovisual COmpOSitiOﬂ. The (a) Target image (b) Particle separation before  (c) Right-sided horizontal
feedback environment therefore mapsanytype of tak or target reach deviation

location, and as a result, promotes learning that is generalizable
beyond the rehabilitation training scenarios.

The interactive feedback must communicate a complex network of
dynamic parameters in real time training. Thus intuitive
communicabn to the user through the audiovisual media is

crucial to meaningful understanding of his or her interaction with (d) Upward vertical (e) Rotating forearm (f) Close to the target with
the system.Intuitive design of the feedback ibased upon deviation colinter-clockwisg correct forearm rotation
principles used within multimodal artformsncluding music Figure6.Visual feedback reflects spati :

performance, dance,ngmation and film. The visual feedback
communicates spatial aspects of the action relative to the target
while the auditory feedbaclkcommunicates timing and event
knowledge of specific aspects of action. The nature of the
feedback highly correlates to thepped action and thus is able to
convey both magnitude of error and direction for improvement.
Real time interactivity connects h e  u s e rodimmediatet i
responsesfrom the feedback environment that facilitate the
actionf eed b ac k p a rsadtie engagemért withiuteee r
integrated physicadligital space allows for training in the physical
environment, while the mediaoth (1) actively engages the user
and (2) recontextualizes the reach and grasp to defuse frustration
associated with the di€ulty of performingthe taskn daily life.

Joint function and compensatory movements are mapped to less

detailed feedback that impart event knowledge amidst the more

continuous feedback streams described above. Forearm rotation,

if excessiveor incorrectly timed, rotates the image in the direction

of error (Figure6 e). Magnitude of elbow extension is mapped to

volume of orchestra strings that peak during full extension.
@raping or crackling sounds indicate compesryatbody

movements of the shoulder or torso, respectively, such as

eRcessive forward, backward, or upward movements. Finally, the

communication of more complex, integrated descriptors of action
erformance emerges from the us e
edback mappings. In the following section, we describe how

feedback adaptation allows for customization of the rehabilitation

3.3.2 Feedback Mappings session for each individual user.

In this _se_ctlon, we describe the specm_c audiovisual mappings 3 4 Feedback Adaptation

used within our system. Goal accomplishmeftthe physical

reach and graspction isparalleledwithin the resolutia of an

audovisual narrative, in which (1) an image that separates into

particles is reformed, and (2) a musical progression initiated by

reaching is resolvedThe quality oft h e  yerfermanee in

physical spacés manifestedn the performance othe interactive

The feedback is adaptable in terms of feedback type, usage, and
sensitivity. The rehabilitation team may select different training
environments (see SectioR.3), enable or disable specific
feedback mappings, adjust the media parameters in the audio and
visual feedback (e.g. image set, musical instrumesound
. " L . volume), as well as change tlsensitivity filter parameters to
media compositionA personalizedimage is presented on the . o :
screerbefore the userFfgure 6a), andseparates into hundreds of increase or decr(_ease the feedback sensitivity (e.g. the width of
dead zone, the width of hull). We adapt the feedback through the

particles that expand to fill the scregfigure6 b ) . As th ecentlrjafcgnrt.ro(f irs1terface, discussed in the nextisess



4. ASSISTIVE ADAPTATION TOOLS task control to change all feedback parameters that includes: (a)

In this section, weeview the assistive adaptation tools tzae switch on/off of_the spec_:ific feedback (e.g. torso compensati(_)n
used bythe rehabilitation team to adapt the syst&mveral tools ~ S0und), (b) audio and visual feedback parameters (e.g. musical
such as the data archival, prediction analysis and visualization"Strument and image set), a(g) the feedbaclsensitivity filter

have been presented [2,15]. However, we have not integrated Parameters (e.g. the trajectory hull or compensation fitijure

these tools togethdor adaptive therapy for stroke patients. This ¢ demonstrates the GUI of the central contiigle central control

is the first time that wentegrate all these tools in our adaptive &!SO Visualizes the motion features graphically in-tieaé, which

mixed reality rehabilitation system, which enables the @! l Ows t'he rehabilitation team
rehabilitation team to adapt the mediated training based on patienfiUfingthepai ent 6s. reaching.

ability and progrss. In addition, we develop two new todlga) SO e i

central task control an¢b) performance evaluationthe centr&
task control provides a GUIfor system adaptation and
performance evaluationprovides the quantitative kinematic | =
assessments ovementlpaformandei ent 6 s m|

4.1 Adaptive Training Sequence .
We now discuss the adaptive training sequence. Training across | _|
all tasks and targets consists of approximately 14 sessions (ref. M
section2.1). Each session (ref. sectidhd) lasts for about 1.5

hours and includes about 120 reaches (12 sets of 10 reaches).
Each session starts with one set of physical cup reaches at the |
target location where the previous day ended. The session then |
continues with a repition of the last mixed reality set used in the
previous session. Depending upon patient needs, training starts
with the easiest target location (supported ipsilateral ref. section Figure 7. Central task control GUI.
2.1) and gradually adjusts to the most diffictarget location 4.3 Data Archival

(against gravity at the midline). i ) .
. ) _ . Thedataarchival subsystem continuously stoadkkinds of the
The system supports an approach to highly customizable training.q4ia steams data for the purpose of annotation and-lifé

In the context of accomplishing the activity goal, the therapy may gnajysis The data streams includes: (a) reaching and grasping
focus on any aspect of the reaching and grasping action, at thygyement features, (Kensitivity filter control parameters(c)
activity or body function level, or an integration of both. Withina 5 4ioc and visual feedback parameters) (shysical space
single session, or across mult_iple sessions, the therapist may adaﬁ’ltneasures, and (¢he verbal instructionand annotationsf the

the sequence and/or the weights of any aspect of the reach anghapijitation team In addition, all reabilitation sessions are
grasp action. By enabling or disabling components of the \;jeapal. The recorded videos are important to help the

feedback, or by increasing or decreasing feedback sensitivity, the ,gpapijitation team compare the patient performance perceptually
therapist controls on which aspect of the feedback, and thus which, 4 gre also impaant for the offline analysis

aspect of the action, the patient should focus.

oo e e sne
Ers

The training for each target is realized through a sequence 0f4,"4 Visualization D O 0 6 6

training sets ref. section2.4). Each training set focuses on = s oses s sas s
improvement of a set of movement parameters, while maintaining

or further advancing gains in other parameters from previous sets
The rehabilitation team selects which movementipeters are

the focus of each training set. The adaptation decision is made .-
only during breaks between two consecutive sets. The o
rehabilitation team makes the adaptation decision based on tasl /v " i e M s Mo sl dM S e kA
intensity and the movement assessment data. The task intensit : : ) e e
refers to the number of sets remaining for training the current . :

movement parameters. The adaptation decisiaking includes ST XT A< AT A< O O 3 A<
four partsi (a) determine the movement parameters on which to = = = e
focus for the next set, (b) select the appropriate training
enviromment (virtual, hybrid 1, hybrid 1l or physical), (c) select the

N oY
™~ A

&
N

Figure 8. Screenshot of theisualizationtool.

t

C

feedback that relates to the selected movement parameters (e.¢/isualization tool [15] summari zes the patien

enable image rotation for training the forearm rotation), and (d) Performance in different temporal scales (session, set or trial). The

adjust control parameters in the feedbadnsitivity filters for fundamental challenge in visualization is that the rehabilitatio

proper feedback sensitivity (e.g. width of the trajectory hull). team wants both the summary and the details at the same time. We
organize the conceptual facets (i.e. kinematic features) vertically

4.2 Central Task Control and the temporal faces hierarchically and horizontally. This

The central task control provides the GUI to operate the whole organization reveals data trends within a conceptual famét a
system such as calibration, start/stop of the training set, changingznables efficient data comparison across temporal facets. The
the system parameteiBhe rehabitation team can use the central visualization tool is very helpful for the rehabilitation team to



track the patientds per f or manpogessvquatiiatively, gnd leencd it imacamputatidndl mdicatar a i n |
strategy efficiently. for the rehabilitation team to make adaptation decision.

ot ; A kinematic deficit index is computed far set(ref. Section2.4)
4.5 Prediction and SqueStlon of reacheq10 reachesyith respect toa reaching and grasping

The predictian and suggestion toalddress two basic questions task. The basic idea is to use a normalized scalar between zero

based on data driven analysis:

(implies no deficit) and one to
Q1. Performance prediction given a specific adaptaion movement . Zero deficit indicates
suggestedpfby the rehabilitation team (e.g. narrow the close to norimpaired subject with remct to the reaching and
trajectory hull), the algorithm predicts the patient movement 9 r @as pi ng tas k's . One means t .h e pa
performancep Ole.g. trajectory error decreases by 1cm). away from norAmpaired subject movement. The deficit

computation algorithm is fixed across different stroke patients.
Mathematically, the deficit measure can be formdats a
function of a set of reaches as follows:

Q2. Adaptation suggestiomgiven an expected patient movement
performanceqO (e.g. increase the speed by 10%), the
suggestion algorithm provides the optimal recommendation
for the change of the environmenf (e.g. increase the D=f(R,R.,..R). <1>
tempo).

We use a mixturef-experts based Dynamic Decision Network

(DDN) [2] for prediction and suggestioWe train DDN nitures

per patient, per sessioifthe questions are answered through an

optimaity criterion based search on DDN models trained in
previous sessions. Kinematic ~ Attribute A Single Number

4.6 Performance Evaluation Attributes  Deficit Deficit

0 1
Y 0 0.5 1
Xy

" | =[] — I

whereD is the deficit andR is the vector representatiof the i
reach. In our mixed reality rehabilitation, we evaluate the deficit
for every set (ref. Sectioh4). ThereforeN equalsten, since there
are ten reachesithin a set.

X33

endPointAccuracy 32.522 5.874 0.441

endPointErrorAtFivePercentVMax 35.306 9.619 0.322 . . . . . .
prm—— 38022 8474  0.243 Figure 10. Diagram ofcomputing a single number deficit for
trajectoryProfileConsistencyX  --  10.743  0.072 evaluating the subj eioteéchinglandn e mat |

: - grasping task
velocityBellNormArea 0.517  0.53  0.921 Figure 10 shows the intuition of our solutioWe develop the
Ve'°“‘yfe'_””:jfc”r:’“"°' 3:2‘1’ ;;Z‘: g‘s‘fj deficit measure in three stepdle i r st represent th
velocityBe: : . . . . . . . .
R R R NS kinematic performance using 33 kinematic attribufBsen we
average deficit - - 0.293 map each kinematic attribute to a normalized attribute deficit

number that is between zero and oR@ally we combine all

] ] o ) _ attribute deficit numbers together to aglendeficit number.
The evaluation tool provides the quantitative kinematic

assessments ofitt pati ent s movement tol Kinematiec Regpesentationi on t eam

in reattime. This will help the rehabilitation team understand the We now discussusing kinematic attributes torepresentthe
patientdés progress quantitat i 4rematc movemena dudng treaching, and grasping tasks. Waet i o |
can measure the correlation bdevelopedk3d attributes thatare geonped isto six rghipehy e me n t
and adapve training sequence. This allows the rehabilitation group has severatlatedattributes These six groups are shown in

team to efficiently customize the training strategy for the therapy. Table2. The intuitions of these six groups come from the domain

Figure9 shows a performance evaluation interface in our system. knowledge of therapists and bioengineering domain expEnts.

The details of algorithms to compute thiedmatic deficit index speed, time, targeting and trajectory are related to the simple

and deficittrainingimprovement correlation will be discussed in reaching and grasping activity. The velocity bellness,-gexdt

Figure 9. Screenshot of thegpformance evaluation interface.

the next two sections. and joint synergy are related to the reaching and grasping with
good arm controlThe velocity bellness refers to the bell shape of
5. KINEMATIC DEFICIT INDEX the velocity profile. The compensation and joint functionear

In this section, we propose a computational framework for related to the body function.
evaluating patient performance during reaching and grasping
rehabilitation training using a common reference deficit measure.
This measure is subjettdependent. With this measure, we have
a standard normalized space for all subjects. The deficit measur
is very important because of the following reasons: (a) & is

Seven of these 33 attributes are in the set level (ref. Sezdpn
They are velocity peak consistency, time consistency, horizontal
trajectory consistency, vertical trajectory consistencyukter
fiexion profile consistency, elbow extension profile consistency

biectind d ional f Ki e defici and forearm rotation consistency over ten reaching trials. The
subjectindependent computational measure of Kinematic defiCit. i or 26 attributes are in the trial level. Each attribute is

and allows us to compare the progress across patients, (b) th%alculated per trial. For the sake of space limitation,deenot

measure 15 bounded_, S0 It Is indicative of the room f_or discuss the computation of these 33 attributes in this paper. The
improvement, and (c) it allows us to understand the rehabilitation details of computation can be found8)



Table 2. 33 attributes for six groups.

Group Attributes

Speed and Time Speed (2ttribute3, Time (lattributg
Targeing and Targeting (Jattributes,

trajectory Trajectory (4attributeg

Velocity bellness anc Velocity bellness (&ttribute3,
jerk-cost Jerkcost (1 attribute

Joint synergy pair-wise joint correlation$5 attributes)
Compensation Torso compensation @tribute3

Shoulder compensation &tribute$
Elbow conpensation (Httributg

Joint function Shoulder flexion (&ttribute$
Elbow extension (&ttribute$

Forearm rotation (attribute3

5.2 Attribute Deficit

We now show how to compute the deficit for each attributeafor
set of reachesWe treat the trial lesf attributes and set level

attributes differently. For the trial level attribute (e.g. velocity
peak), we first compute the deficit for every trial using the-trial

1. Right sided deficii The deficit rangextth®) is on the right
of the dead zone.

2. Left sided deficiti The deficit rangex<th’) is on the left of
the dead zone.

3. Double sided deficit The deficitrange is on the both sides.
The deficit classes for all 33 attributes can be four{8]in
The right side deficitl for atrial level attribute (e.g. ending point

accuracy inthe targeting and trajectory groups computed as
follows:

-h(x i)

gol2 :
=—3@0-e * )
Nia:l( )

ax if x>0
F

L, <2>
i0 otherwise

h(%)

whereN is the number of trials in the sef,is the raw feature for
thei" trial, th* is the threshold antd’ is the sensitivity parameter.
The thresholds and sensitivity parameter for allaB8butescan
be foundin [3]. They are determined from both kimatic
literature and therapist domain knowleddd®) is a cut-off
function. If the featurex is smaller than the threshotd®, which
means that the performance is within dheadzone, the deficit

level feature (e.g. velocity peak value of a trial), and then computevalue is zero. If the featuseis larger than the thrbsld th* (right

the average of teniéls as the deficit for a set. For the set level

side), the deficit number increase exponentially to one. Slightly

attribute (e.g. velocity peak consistency), we directly compute it different with the trial level attribute, trset levelattribute deficit

using the selevel feature (e.g. velocity peak variance over a set).

d Left Sided Deficit d

10 1.0

Right Sided Deficit

dead
zone

dead
zone

0 X 0
th 1.0 tht

<’, ] Double Sided

Deficit

dead
zone

0

th th %

Figure 11. Three types of attribute deficiTop-Left: left sided
deficit. TopRight: right sided deficit. Bottom: double sided
deficit.

(e.g. reaching time consistenay the speed and time groufs
computed directly on the set levalwv feature as follows:

- h(x th*)

d=1-e & <3>

wherex is the raw feature (e.g. reaching time consistency) in the
set level.In the smilar manner to the right side deficit, vean
compute the left side deficit for trial level attribstge.g. joint
synergy between shoulder flexion and elbow extenisighe joint
synergy group and the double side deficit The matlematical
details carbe found in[3].

5.3 Computational Kinematic Deficit Index
Using theeg<2> and e3>, we can compute deficits for all 33
attributes. Therefore, we can cownstra deficit vector using these
33 attribute deficit:

d=[d,d,,...d,]" K=33, <4>

The basic idea is to map each kinematic attribute range (infinite or\yhereq, is the deficit of thed" attributefor a sé. Each elemert,
finite) to a normalized range from 0 to 1. Zero deficit means that 5 5 scalabetween zero and one.

the subject performancs very close to neimpaired subjects in

that attribute and one means the worst possible performance. Ou

intuition is that norAmpaired subject performance for every

kinematic attribute, results in a small value range for that attribute.

In other words, & unimpaired subject performance for a specific
task will show a small range of values, for each kinematic
attribute. The more severeahe strokeinduced motor deficit, the
further the patient performance will Hfeom the norimpaired
range. Therefore, we efine a dead zone for each attribute that
covers the notimpaired subject variation. The deficit value for an

The overall deficitD for a set of reaching trials is computed as
weighted summation over 33 attribute deficit as follows:

K K

D=3 wd / aw,K =33, <5>

k=1 k2
whered, andw? are the attribute deficit and the attribute weight
for the k" attribute. In our mixed reality rehabilitation for stroke
patient with respect to reaching and graspingstasle use the
sameattribute weightg3] for all patients. Thesettaibute weights

attribute is zero if the attribute value is within the dead zone. Theare subject independent and are determined by doctors and
deficit value increases exponentially as the attribute value movestherapists based on their domain knowledge.

further fom the dead zone. The rate at which the deficit function

increases is controlled by the sensitivity parameter. The values of6- DEFICIT -TRAINING -IMPROVEMENT

dead zones and sensitivitig8] are determined from both

(DTI) CORRELATION

kinematic Ii.teratur(.a and therapist domain knowledge. We classify We now propose a computational algorithm for computing the
the 33 attributes into three classes based on the shape of deagkficit-trainingimprovement DTI) correlation in order to

zone (shwn in Figurell):



evaluate the adaptive training (ref. Sectibt) performed through 6.2.1 Training Vector
our mixed reality rehabilitation system. This framework is based e compute the training vectdrusing the task focugectos Fij

on calculating the correl ati ghlYrainiRgSds4sq0fols: t he patientoés’ initi
moveament deficit D), the training implemented through our s
systemT) , and the improvement in the pati enq03 aﬂ_;n_ovement atg,the

end of the therapy I\ The deficittrainingimprovement e "
correlation tells us about the effect of the therapy by showing the

pat i eaqgress Fompreherapy to postherapy DI), and the
correlation between the improvement and trainif. (With this
framework, we can evaluate and compare the different training
procedures implemented through our mixed reality system.

wherelL is the number of the training sessiod@) is the number

of sets in thd™ sessionF;; is thetaskfocus vector(33x1) over

the 33 attributes for thé" session and thg" set. The element
Fij(k) indicates if thek" kinematic attribute (ref. SectioB.1) is
directly trained inthe i session amh the | set If yes, F;;(k)

6.1 Deficit-Improvement Correlation equals one, otherwisd;;(k) equals zeroAt the beginning of
The deficitimprovement correlation is the correlation between the every trainingset, the rehabilitation team annotates the focusing
deficit at the beginning and the improvement at the end. Thereforeattribute groups (refTable?2). If anattribute group is focusedll a
we need to compare the patient performance before theattributes inthis group have value 1 on theorresponding
rehabilitation and after the rehabilitation fairljn our mixed elements of theask focus vectorF;;. Therefore, the element of
reality rehabilitation, the first session is the st and the last  training vectorT(i) equals the number of sets in which itfe
session is the posest. In both the preest and the podest, the kinematic attribute is directly trained. We normalize the tregni
subject does four sets of reaches for four different targets. Eachvector by dividing the maximum component. Thus, each
set has ten trials. The four targén the pretestand in the post component of the training vector represents the percentage of
testare exactly same. These four targets ke SM, AGI and training efforts of the corresponding attribute compared to the
AGM (ref. Section2.1). For each target, we can compute the most focusing attribute.

deficit vector (ref. eq4>) and overall deficit value (ref. edb>). 6.2.2 Computing DeficiTraining Correlation
Let us denote the deficit for thé attribute for them™ target for We computethe cross correlation of training vectdrand the
pretest and forposttest asdy, P and dy, P° respectively.We average deficit vector over four targets the pretest as the

defined he improvement from the piest to the postestas the  deficit-train correlation:
weighted average of the deficit difference over all 33 attributes

! : Kea1M o %]
over all four targets. The overall improvement is computed as 1M a é(ﬁ do- m)(T, - m |
follows: DT = Corr(—a drzre’-l—) _ k=1€ m4 u

M = KoL M, K,
M K pre 2 2
MoK, e o a(s adnk- m) &@r. -m° .
a a.W.:.k(dr’:\k' drFrlu kt) \/k=l M3 “ k E “
IMP == : <6 et A e ety
a AW MK S S ™ T K

<9>
wherew?, «is the attribute weight for thie" attribute for them™
target Mm'li(s the number of tgargets and is the number of  Whered,”is the deficit vector (ref. ece4>) for them™ target in

. S ore §
attributes M=4, K=33). Attribute weights are determined by the pretest andT is the training vector (ref. e¢8>). dn" is the

doctors and therapists based on their domain knowledge. They argfﬁdt for thek” attrit_)u_te for them" target for pretest.Tk IS the
element of the training vector (ref. €§>). M is the number of

fixed for all subjectsind can be found if8].
] : o I3] ) ~ the targetsNI=4) andK is the number of attribute&€33). If the
We define the deficiimprovement correlation as the ratio (eficit and training havehe similar trend, the defiettaining

between the improvement and deficit in the-fg&t. The deficit correlation is close to 1. If they are the opposite trendthe
improvement correlatio®! is computed as follows: deficit-training correlation is close td..
LT (AP a4 6.3 Training -Improvement Correlation
DI = IMP _ﬂlk? m kA Emk o Em k 7> The trainingimprovement(Tl) correlation measures how much
D MK, ' the training and the improvement align together. We use two
pre a aw,dnk measure$ (a) observed expectdchprovement ratidTlg) and (b)
meLka observed expectedmprovement overlapping rat€Tlog) to
where thdMP is the improvement (ref. e<6>) and theD, is the compute the correlation between training and improvement.

overall deficit value for the preest for reaching for four targets.
TheDI correlation tells us how much (in percentage) of the deficit
in the pretest is improved ithe posttest.

6.3.1 Observed Expected Improvement Ratig)(TI
The observed expected improvement ratio is the ratio of observed
improvement and expexd improvement. The observed
6.2 Deficit-Training Correlation improvement is computed using e6>. The expected
We now propose the defiditaining correlation. The basic idea is  improvement is the expectation from the training that is computed
to check if the attributes with higieficit value are more focused by using the deficit in th pretest and the training vectdr (ref.
in the training. We address this problem by two steps: (a) €9<8>). The expected improvemei, for the k" kinematic
representing théraining as a training vector over 33 kinematic  attribute for the" target is computed as follows:
attributes and (b) computing the cross correlation of training E —adPeT <10>

P H m, k k' k?
vector and deficit vector ake DT correlation. ' m



whered,, P is the deficit for thek" attribute for them™ targetin
thepretest, T is thek™ element of the normiaed training vector.

The element corresponding to the most focused attribute in the

training vector has the maximum valu@ne.Uis the expectation

scalar thaindicates the expected improvement percentage for the

most focused attribute. In thisper we select)= 0.65from the
therapi st 06er stioket patiems ithee nmost focused
attribute (Ty=1) in the pretest is usudy further awaydeadzone
by more than one timef sensitivity (e.g. x>U'+th* in the right
sided deficit ref. SectioB.2). The therapistexpect this attribute
to be improvedvithin quarter timeof sensitivityclose to the deh
zone(e.g.x<0.250"+th*). Hence U= 0.65

The observed expected improvement ratidg) is computed as
follows:

MoK,
a aw, . (dhs-

—m=1k %

IMP d %"i’)

EXP

TI , <11>

R M K

aa aw,dnil,
m=1k %

whered,, ”"® andd,, f°* are the deficits for th&™ attribute for the

m" target for the préestand the postest respectively’, kis the

attribute weight for thé" attribute for them™ target Ty is thek™

element of the normalizedaining vector andis the expectation

scalar. If the observed expected improvement ratio is larger than

one, the actual improvement is better than the expect#&tiguare
12 (left) visualizes the observed expected improvement ratio
computation.

Observed Expected o @
Improvement Overlapping Rate  (1)+(2)

Observed Expected
Improvement Ratio

1+
1+
Observed
Improvement

Scaled Expected
Improvement

@H3)=()+Q2)

Observed
Expected Improvement

Improvement

I

33 kinematic attributes

33 kinematic attributes

Figure12. TrainingImprovement Tl) correlation. Left:obseved
expected improvement ratidllz, Right: doseved expected
improvement overlapping raor.

The observed expected improvement ratio tells us if tiserobd
improvement is better thathe expectation. However, it does not
show if the observed improvement distribution over kinematic
attributes aligns to the expected improvement distribution. We
shall address this using observed expected
overlapping rate Tlog) in the following section.

6.3.2 Observed Expected Improvement Overlapping
Rate (ThR)

We use the observed expected improvement overlapping rat
(Tlor) to measure the alignment between
improvement distribution and the expected ioy@ment

distribution over 33 kinematic attributéEhe basic idea is to scale

improvement

the observed

12 (right) illustrates thecomputation diagram The scalar is
computed as follows:

M K
a aw,(dai- did
m=1k 4 .

b= <12>

M K

a aw; diiT,

m=1k %
whered,, »"© andd,, /' are the deficits for the" attribute for the
m" target for the préestand the postest respectively/’, «is the
attribute weight for thé!" attribute for ther™ targetand Ty is the
K" element of the normalized training vector. Then, we compute
the overlapping rateT{or) of observed improvement and the
scaled expecte@mprovement distribution®ver 33 attributess
follows:

M K
a aw, imin((d7s- di), 0 d 7T
T|0R —m=1k 4 — , <13>
ba aw; dri,
m=1k %

whereh(-is a cut-off function (ref. eqs2>). For the best case that
the observed improvememind the expected improvement have
the same distribution over 33 kinematic attributes, the overlapping
rate equals one. For the worst case that attributes focused in the
training have no improvemerthe overlapping rate is zero

7. EXPERIMENTAL RESULTS

We now discuss the experimental results. Our mixed reality
rehabilitationsystem has beeimstalled in the Banner Baywood
Medical CenterFour stroke patients are recruited for the study.
Two stroke patiats (subject 1 and 2) experienced mediated
therapy using our adaptive mixed reality rehabilitation system.
They were unfamiliar with the system prior to the rehabilitation.
The other twaostroke patientgsubject 3 and 4) are in the control
group. They didtraditional therapy.The age, sex and stroke
severity for four subjects are kstin Table 3. All four patients
were suffered stroke in the right arill of themdid fourteen
training sessions of rehabilitation® one month Each session
lasted approximatelpne and halhours. The rehabilitations are
lead by a physical therapist that has one year experience of using
our systemFor dl four stroke patientghe first session is thare-
testand the last session is thesttest In both pretest and post
test, they have four sets of reaching for four diffe(eet Sl, SM,

AGI and AGMin section2.1). The four targets in the pitest and

the posttest are exactly same.

Table 3. Stroke patientriformation

Subject  Group Age Sex Severity
1 mediated aged M severe

2 mediated Middle aged F moderate
3 control aged M mild

4 control aged M mild

.1 Computational Kinematic Deficit Results
We now show the deficit results fopretest aml posttest
computed using eg5>. Table4 shows the deficit results for the

the expected improvement such that the overall expectedfoursubjects for four different targets (SI, SM, AGI and AGM ref.

improvement equals the overall observed improvement tand
computethe overlapping between tlbserved improvement and
saaled expected improvement over 33 kinematic attribiieggire

Section 2.1) for both pretest and postest. We can see thaur
deficit measure agree with the stroke severity of the patients. In
the pretest,the severe stroke patient (subject 1) higherdeficit
value 0.685 the moderatepatient (subject 2) has the middle
deficit value 0.201 and the mild patients (subject 3 and 4) have



lower deficit values 0.105 and 0.1ZBhis shows that our deficit
measureligns to the clinic stroke severity

We can also see that the two stroke padiezxperiencing the

mediated therapy using our system have significant improvement

(i.e. reducing deficit) in reaching and grasping movement for all
four target positions. This indicates that our systesips them
learna generative movement plan for reimghand grasping task.
We observe that two stroke patients who took traditional therapy
improved in some targets but gavorse in other targets. In
average, thir deficits increase a littlelhis strongly suppostthe
ability of adaptivemediated therapysing our system to lead to
faster and more integrated recovery in terms of both activity
accomplishment and performance.

Table 4. Deficit results forfour subjects for preest and postest
for four targets (SI, SM, AGI and AGM) g eq<5>. The deficit
value for the subject 4 for target Sl in ptsst is not available
dueto the system failure

Subject ID Sl SM  AGlI AGM Average

1 pre 0.716 0.627 0.658 0.740 0.686
(mediated) post 0.258 0.294 0.416 0.432 0.351
2 pre 0.158 0.231 0.193 0.219 0.201
(mediated) post 0.096 0.125 0.163 0.102 0.122
3 pre 0.087 0.121 0.100 0.111 0.105
(control) ' post 0.127 0.138 0.075 0.156 0.124
4 pre 0.1® 0.164 0.127 0.112 0.126
(control) | post - 0.104 0.136 0.195 0.145

7.2 Deficit-Training -Improvement (DTI)

Correlation Results

We now discuss the defiditainingimprovement DTI)
correlation resultsThe DI correlation is computed for all four
subjectsand theDT andT]I correlations are only computed for two
subjects in the mediated group. This is because thecomtrol
subjectshave no computational training representafiofeq<8>)
that is only available for mediated training/e first show the
deficit-improvement correlation (egz>). Then wepresentthe
deficit-training correlation results (ex®>) and the training
improvement correlation results (ef1> <13>).

7.2.1 Deficit-lmprovement Correlation (DI)

Table5 shows the deficitmprovementDl) correlation results for
four stroke patientd=igure 13 shows the defictimprovement plot
for the four sets of reaching for four different targets (i.e. Sl, SM,
AGI and AGM ref. Sectiorb.1). We observe that the two subjects
in mediated group have significant improvemet galues ae
more thant39%) andthe movement performance of twabjecs

in the control group decreasdsl (values are less thaB8%). This
indicates that oundaptivemixed reality system isery helpful
and efficient for stroke patients to learn a generative mewne
planfor reaching and grasping task

Table 5. Deficit-Improvement DI) correlation results fofour
stork patientsThe improvement anBl correlation are computed
using egs6> andeq<7> respectively.

Subject Improvement  Deficit-Improvement (DI)
1 (mediated) +0.335 +48.88%
2 (mediated) +0.0® +39.2%%0
3 (contol) -0.019 -18.31%
4 (control) -0.011 -8.06%
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Figure 13. Deficit-Improvement plot.

7.2.2 Deficit-Training Correlation (DT)

The deficittraining (DT) correlation (ref. e&9>) results for
subject 1 and subject 2 are 63.16% and 45.29% respectively.
Figure 14 shows the average deficit vectpef eq.<4>) in the
pretest and the training vect@ref. eq.<8>). We can see that the
deficit and training are well correlated for both subjedts
practice, we understand the deficit and training are not fully
aligned (100% correlated). This is because of two reasons:

1. The rate of improvement is different over kinematic attributes.
Therefore the training efforts for different kinematic attributes
might be different although they have the same deficit in the
pretest.

The correlation between the 33 kinematic attributes is not
known. It is very possible that when the training focuses on
some attributes, other attributes also improved accompany
with the focusing attributes. It is also possible that the
improvement of the attributes in focus in the current task
makes worse the movement performance of other attributes.
Therefore, we expect the deficit training correlation to be high but
not necessy to be perfect.

—m— Deficit of 33 kinematic attributes in the pre-test
—a&— Normalized training vector

Subject 1

Subject 2

Figure 14. Deficit and training over the 33 kinematic attributes.
The deficit vector is the average over four targets in theqgste
The deficit vector for each target is computesihg egs<4>. The
training vector is computed using e@>.

7.2.3 Training-Improvement Correlgon (TI)

We now show the training improveme(®l) correlation results

for two subjects in the mediated grodmble 6 shows the results

for the observed expected improvement ratio (ref. Se@&i8r)

and observed expected improvement overlapping rate (ref. Section
6.3.2. We can see that the actual improvement is better than the
expectation for both subjects (improvement expectation ratio is
above one). We also observatlithe actual improvement is well
aligned to the expectation for theoderatestroke patient (subject

2). The overlapping rate is 69.66%. For subject 1, the overlapping
rate is lower (53.39%). This is because for the severe stroke



patient, it is difficultto improve some kinematic attributes such as the ability of mediated therapy to lead to faster and more
velocity bellnesgi.e. the bell shape of the velocity profileyithin integrated recovery in terms of both activity accomplishment and
one month rehabilitation. For subject 1, although the velocity performance. Future research includ€a) analyzing the
bellness is improved in the pesist compared to the ptest, the correlation between diffen¢ kinematic attributes, (b) discovering
velocity bellness value is still far from thdeadzone. Therefore, the structure in adaptive training and kinematic movement and (c)

the observed improvement cannot meet the expectation. Howeverrecommending the training sequence or strateglye therapist

for subject 1, some other attributes such as joint range of motion

improve much more than the expectation. When we compute the9. REFERENCES

weightel summation over 33 kinematic attributes, subject 1 [1]
improves 1.545 times of expectation (improvement expectation
ratio is 1.545).

Table 6. TrainingImprovement(TI) correlation results for two
subjects who did mediated therapyThe observed expected
improvement ratioTlz and he observed expected improvement
overlapping rateTlog are computedising eg<11> and eq<13>

(2]

respectively. (3]
Subject Tlg Tlor
1 1.45 53.3%%
2 1.055 69.66% [4]

Figure 15 compares the average improvement to the expectation
over 33 attributes. We can see that the actual ivemnent for
subject 1 is better than the expectation for most of the attributes[s]
except attribute I'114. They are three velocity bellness measures
and velocity jerkcost. These four attributes are too hard for the
severe stroke patent to improve close todbadzone within one
month therapy. For subject 2, the improvement and expectation
are well aligned.

(6]

—#— Observed Improvement (average of four targets)
—&— Expected improvement (average of four targets)

‘ ‘ 7]
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Figure 15. Observedimprovement andexpected improvement 9]
over 33 kinematic attribute’he observedmprovement is the
average improvementover four targets. The expected
improvement is computed using eq.0>.

(10]
8. CONCLUSION
This paper presentsovel system architecture andvaluation [11]
metrics for aradaptive mixed realitgtrokerehabilitationsystem
Our system not only encourages stroke patients to learn
generative reaching and grasping movenpah, but alschelps
the rehabilitation team adapt the system and custorthiee [12]

training strategyThere arethree contributions in this pape«a)

the computationaldeficit index for evaluatingthe pate nt 6 s
kinematic performanceand deficittrainingimprovement DTI)
correlation for evaluating the adaptive training strategy,
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