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Figure 1: XR Rehab, a mixed-reality application for upper-limb rehabilitation. (Left) The modular exercise selection interface,
allowing clinicians to define and customize therapy routines such as tendon glides. (Right) Joint-level corrective feedback
delivered during gamified therapy, shown here for a Flexion (Palm Down) exercise.

Abstract

This paper presents a design study exploring how extended reality
(XR) systems can support unsupervised upper-limb rehabilitation
through transparent adaptation and embodied feedback. This paper
introduces XR Rehab, a framework instantiating two key design
strategies: (1) explicit, clinician-configurable tolerance-based diffi-
culty progression that makes adaptation logic visible and auditable,
and (2) anatomically grounded joint-level corrective feedback that
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embeds movement cues directly onto the user’s tracked hand, re-
ducing cognitive translation during active execution. Exercises
are decomposed into modular gesture units with configurable fea-
ture weighting, enabling clinicians to tailor correctness criteria to
individual patient needs. Through a user study with 21 healthy
participants across 58 sessions, this study evaluates the design’s
impact on perceived workload and usability. Results indicate sig-
nificant reductions in mental, physical, and temporal demand over
repeated sessions without loss of perceived performance, while an
A/B comparison demonstrates strong user preference for joint-level
feedback over text-based cues. This paper discusses the implica-
tions of transparent adaptation and embodied feedback design for
XR rehabilitation.
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1 Introduction

Extended reality (XR) offers promising opportunities for motor
rehabilitation, yet its design for unsupervised home use remains
underexplored. Two persistent design challenges limit deployment
beyond clinical settings: (1) adaptive difficulty mechanisms that
obscure progression logic from both clinicians and patients, and (2)
feedback modalities that require users to cognitively translate ab-
stract indicators into corrective movements during active exercise.

Building upon the modular architecture proposed in our pre-
liminary work [14], this paper presents a design study addressing
these challenges through the empirical evaluation of XR Rehab. We
focus on two interconnected strategies: first, an explicit, clinician-
configurable tolerance-based adaptation that makes difficulty pro-
gression mathematically visible and auditable; second, anatomi-
cally grounded joint-level feedback that visualizes corrective cues
directly on the user’s tracked hand skeleton, embedding guidance
within embodied movement rather than abstract displays.

Importantly, this work is framed as an interaction design study
rather than a clinical trial evaluating medical outcomes. Through
an evaluation involving 21 healthy young adult participants across
58 gameplay sessions, this study assesses how these design choices
influence perceived workload, usability, and user preference. By
validating these interaction paradigms with non-impaired users,
this study contributes foundational HCI insights for XR systems
intended for future unsupervised clinical deployment.

2 Related Work

2.1 XR and Mixed Reality Systems for Upper-Limb Rehabil-
itation. XR has been widely studied for post-stroke upper-limb
rehabilitation, with meta-analyses and systematic reviews reporting
improved motor outcomes and patient engagement compared to
conventional therapy [7, 11, 13, 16]. Adaptive MR systems demon-
strated that combining physical reaching tasks with virtual feedback
improves movement quality and functional outcomes [8, 9]. Recent
MR platforms have sought to extend rehabilitation beyond the clinic
into unsupervised home settings [17], broadening accessibility for
patients who cannot attend frequent supervised sessions. However,
most existing systems rely on predefined progression schemes with
limited real-time adaptation to individual performance, and few
provide clinicians with auditable control over how difficulty evolves
across sessions.

2.2 Adaptive Difficulty and Personalization in Rehabilitation
Systems. Adaptive rehabilitation adjusts task difficulty based on
patient performance to maintain an appropriate level of therapeu-
tic challenge. Early frameworks introduced performance-driven
adaptation for telerehabilitation [2], establishing the importance
of responsive difficulty control in remote settings. More recent
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approaches have applied reinforcement learning [15] and Pareto-
based dynamic difficulty adjustment [3] to balance competing re-
habilitation objectives, often at the cost of transparency and clin-
ician interpretability. A key limitation of many adaptive systems
is that their progression logic remains opaque, making it difficult
for clinicians to audit, configure, or trust the adaptation process.
Accurate motion sensing is essential for reliable exercise evalua-
tion underpinning any adaptive system; recent studies confirm that
markerless hand tracking on the Meta Quest 2 provides sufficient
kinematic accuracy for rehabilitation applications when properly
calibrated [1, 6].

2.3 Gamification, Engagement, and Measurement Validity.
Gamification elements such as points, progression mechanics, and
narrative contexts have been shown to improve motivation and
long-term adherence in rehabilitation [4], making them a valu-
able complement to therapeutic exercise. However, integrating
gameplay must be balanced carefully to avoid distorting prescribed
movements or introducing unintended time pressure. Evaluating
the impact of such systems requires validated measurement instru-
ments. Perceived workload is commonly assessed using the NASA
Task Load Index, though its theoretical and methodological appli-
cation in HCI contexts warrants careful consideration [5]. System
usability is frequently measured with the System Usability Scale,
for which established benchmarks now exist specifically for digital
health applications [12], enabling more meaningful interpretation
of usability scores in rehabilitation technology evaluations.

3 Design Goals

Informed by interviews with three clinical experts (two physiother-
apists, one rehabilitation specialist) who emphasized interpretable
motion tracking, exercise diversity across anatomical regions, safe
progression without time pressure, and auditable adaptation for
remote monitoring, XR Rehab follows four design goals:

e G1: Modular Decomposition — Represent exercises as in-
terpretable gesture units reusable across conditions.

e G2: Clinician Control — Enable transparent, clinician-
configurable weighting instead of opaque learned models.

o G3: Safe Unsupervised Progression — Support gradual
tolerance-based adaptation while preventing unsafe escala-
tion.

e G4: Engagement without Distortion — Use gameplay to
motivate participation without altering prescribed move-
ments.

While instantiated for Carpal Tunnel Syndrome exercises!, the
framework is exercise-agnostic, generalizing to diverse anatomical
regions without modification.

4 System Overview

XR Rehab maps tracked hand movements to therapeutic gesture
representations and adaptive control parameters through a five-
stage pipeline: hand tracking, gesture unit evaluation, weighted
accuracy computation, adaptive tolerance updating, and gameplay
control signal generation. Hand pose data is captured via markerless

!Exercise protocols adapted from OrtholInfo (https://orthoinfo.aaos.org/), developed
and reviewed by experts at the American Academy of Orthopaedic Surgeons.
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tracking and converted into kinematic features (joint angles, inter-
finger distances, orientation). Exercises are ordered sequences of
gesture units specifying relevant joints and constraints, with accu-
racy computed as a weighted combination of features. Session-level
performance updates tolerance parameters through an adaptive
control loop. These tolerances define acceptable execution ranges
and evolve across sessions, while sensing, evaluation, adaptation,
and feedback remain decoupled.

5 Interaction Design

XR Rehab’s interaction design is informed by the formative ex-
pert interviews, emphasizing motion accuracy, transparency, and
interpretability. Clinicians positively assessed alignment between
real-world movements and in-game responses, highlighting the im-
portance of understanding how movement components contribute
to correctness. Interactions are structured around decomposed ges-
ture units, explicit kinematic features, and transparent weighting
schemes rather than monolithic actions or opaque models. This
enables safe unsupervised execution while allowing clinicians to
influence correctness and progression without altering prescribed
form.

5.1 Gesture Representation and Evaluation
Design

Exercises are represented as sequences of gesture units rather than
single actions. Each exercise is decomposed into clinically mean-
ingful components, allowing focus on one unit at a time while
preserving execution order. Each gesture unit defines relevant
joints and movement features (rotations, distances, orientation).
Progression occurs only when the current unit is completed within
acceptable bounds, preventing compensation through unrelated
movements. This keeps exercises modular while enabling fine-
grained feedback and safe progression. Each gesture unit is eval-
uated using a weighted accuracy model, allowing joints and kine-
matic features to contribute unequally to correctness. All weights
are clinician-configurable, enabling sensitive joints to be down-
weighted based on pain, injury severity, or range-of-motion limits.
Exposing weighting as a transparent control mechanism enables
interpretable, patient-specific tuning and reuse of gesture struc-
tures across conditions, supporting safe personalized unsupervised
rehabilitation.

5.2 Joint-Level Real-Time Corrective Feedback

Throughout the iterative design process, we observed that users
often struggled to maintain precise recall of prescribed rehabilita-
tion exercises once active gameplay began. Our initial approach
relied on static reference visuals and text-based feedback, requiring
users to shift attention away from embodied movement and cogni-
tively map abstract indicators to their hand configuration. Reading
textual labels and mapping them back to one’s own hand under
time pressure imposed a high attentional burden, limiting real-time
correction effectiveness and increasing cognitive overhead.

To mitigate this, XR Rehab employs anatomically grounded joint-
level corrective feedback overlaid directly on the tracked hand
skeleton. Joints initialize as green, establishing a neutral baseline;
irrelevant joints remain green, while relevant joints transition along
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ared-green gradient based on their weighted accuracy contribution.
This anatomically grounded feedback ensures that correctness cues
are spatially localized, enabling immediate error perception and
rapid self-correction without diverting attention from embodied
action.

Crucially, green saturation is tied to the tolerance parameter
7, with full green achieved at the desired accuracy agj = 1 -7
rather than perfect execution. Signaling success at a discourages
over-exertion, as maximal accuracy or full-range execution may
correspond to unsafe joint configurations. The green zone visu-
ally represents this tolerance, producing permissive, confidence-
building feedback early in the process and progressively tightening
as tolerance decreases.

To validate this approach, a within-subject A/B evaluation was
conducted in which participants performed identical rehabilitation
gestures using both text-based and joint-level feedback, with con-
dition order counterbalanced. After completing both conditions,
participants provided comparative preference judgments, Likert-
scale usability ratings, and Raw NASA-TLX workload assessments
for each feedback modality.

All participants (N = 10) preferred joint-level feedback (JLF) over
text feedback for overall use, understanding gestures, lower mental
effort, and gameplay integration (100% selection). Likert ratings
favored JLF on key dimensions including gesture understanding
(JLF = 5.8 vs Text = 3.6, p = 0.0078), mistake correction without
guidance (5.7 vs 3.1, p = 0.0020), and reduced distraction (5.5 vs 3.8,
p = 0.0137), with 95% CIs showing minimal overlap. RTLX analysis
showed significantly lower overall workload for JLF (M = 4.27)
compared to text feedback (M = 5.73; Wilcoxon p = 0.0098, rank-
biserial r = 0.95). Subscale analysis indicated reduced mental de-
mand (p = 0.031), effort (p = 0.031), and frustration (p = 0.037),
with no significant differences in physical or temporal demand.
These results indicate that anatomically grounded joint-level cues
substantially reduce cognitive load while improving real-time cor-
rective effectiveness. Figure 2 illustrates the joint-level feedback
visualization and summarizes the corresponding A/B workload
comparison.

5.3 Onboarding, Failure, and Recovery Design

Failure is designed as recoverable rather than punitive. When ac-
curacy falls below the threshold, health-point loss is introduced
gradually, allowing continued adjustment. If health points reach
zero, nearby enemies are cleared, and the current gesture unit
restarts. This prevents progression with unsafe movements while
avoiding discouraging penalties. Restarting only the active unit
maintains therapeutic pacing and focuses correction on specific
errors. The tutorial supports user familiarization and system cali-
bration during onboarding. Users are guided through gestures with
demonstrations and cues, encouraged to explore without perfor-
mance pressure. Joint-level feedback uses a neutral blue gradient
instead of red-green to avoid premature success notions. Kinematic
data collected during onboarding establishes gesture-specific base-
lines, initializing tolerance parameters relative to demonstrated
capability rather than fixed standards.
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Figure 2: A/B comparison of text-based and joint-level corrective feedback. (a) Example in-game feedback visualizations,
illustrating static text cues versus anatomically grounded joint-level feedback overlaid on the tracked hand skeleton. (b) Raw
NASA-TLX workload scores by dimension (mean + 95% CI). Joint-level feedback significantly reduces perceived mental demand
and effort compared to text-based feedback (paired Wilcoxon tests, p < 0.05), with no significant differences observed in physical
demand, temporal demand, perceived performance, or frustration.

6 Tolerance Algorithm

Building upon the modular adaptive framework introduced by
Manobhar et al. [14], XR Rehab employs an explicit tolerance-based
adaptation rule. While prior work proposed a preliminary linear
heuristic for thresholding, this study introduces a refined, bounded
performance signal P that normalizes performance relative to cur-
rent expectations, ensuring stable, long-term adaptation.

For each gesture unit, the system maintains a tolerance parame-
ter 7 € (0, 1) defining the acceptable deviation from ideal execution,
with a desired accuracy of a; = 1 — 7. After each session, the aggre-
gated execution accuracy a € [0, 1] is computed. The normalized
performance signal P € (—1,1) is defined as:

a—aqg

p= "% (1)

T+ |a—aql
The sign of P indicates overperformance (P > 0) or underperfor-
mance (P < 0). Normalization by 7 ensures that identical absolute
errors produce smaller adaptation signals as tolerance tightens,
reacting to consistency relative to current expectations rather than
raw precision. Tolerance is then updated multiplicatively:

Tnext = 7(1 = (1—-¢)P) (2)

Tolerance updates occur at the session level to aggregate perfor-
mance, naturally attenuating transient tracking noise and momen-
tary lapses.

6.1 Adaptability Coeflicient

The adaptability coefficient ¢ € (0, 1] explicitly modulates progres-
sion speed based on clinical context. It is defined as a clinician-
configured weighted combination of demographic (Cgemo) and in-
jury severity (Cseveriry) factors:

¢ =waCaemo + Wscseverity (3)

(where wg + ws = 1). This explicit formulation addresses the need
for clinical interpretability. It allows therapists to safely slow pro-
gression (higher c) for higher-risk profiles or accelerate it (lower
c) for lower-risk users. Overperformance smoothly tightens toler-
ance (increasing challenge), while underperformance relaxes it to
prevent unsafe escalation.

Practical Examples of Adaptation: To illustrate the bidirec-
tional tolerance updates and personalized regulation of the of the
algorithm through the use of tolerance and adaptability coefficient
respectively, consider a baseline where a patient’s target accuracy
is ag = 0.80 (thus 7 = 0.20):

e Scenario A (Overperformance, Moderate Risk): With
an adaptability coefficient of ¢ = 0.5, the patient achieves
an actual accuracy of a = 0.90. The performance signal
evaluates to P = 0.33. The updated tolerance tightens to
Tnext ~ 0.167. The next session’s target accuracy smoothly
increases to 83.3%.

e Scenario B (Underperformance, Moderate Risk): Given
the same ¢ = 0.5, if the patient struggles and achieves a =
0.70, the signal becomes P = —0.33. The tolerance safely
relaxes to Tpex: =~ 0.233, lowering the target accuracy to
76.7% to prevent unsafe escalation or frustration.

e Scenario C (Overperformance, High Clinical Risk): If
the patient has a severe injury profile yielding a conservative
¢ = 0.9, the same overperformance of a = 0.90 (P = 0.33)
results in a heavily dampened update. The tolerance only
tightens to Tpex; ~ 0.193. The new target accuracy becomes
80.7%, demonstrating how the algorithm enforces cautious
progression for vulnerable patients despite immediate in-
game success.
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Figure 3: Perceived workload and adaptive tolerance across study phases. (A) Tolerance trajectories show bidirectional adaptation,
with loosening and tightening patterns at individual (thin lines) and group (bold lines) levels. (B) Distribution of workload
scores (NASA-RTLX) across Early, Mid, and Late phases. Overall workload decreases from Early to Late, with similar trends in
Mental, Physical, and Temporal Demand, while Frustration and inverted Performance remain stable.

6.2 Relation to the Power Law of Practice

Furthermore, across repeated sessions, this multiplicative tolerance
trajectory exhibits rapid early change followed by gradual conver-
gence. Because updates scale with the current 7, larger adjustments
occur when tolerance is initially loose. As the user improves and 7
tightens, both the tolerance magnitude and performance variance
decrease, yielding smaller, stable updates. This emergent behavior
naturally aligns with the well-documented power law of practice
in motor learning, demonstrating that the adaptation mechanism
structurally supports human motor skill acquisition while remain-
ing entirely clinician-auditable.

7 Evaluation

8 Implementation & Gameplay Design

XR Rehab embeds gesture evaluation and tolerance-based adap-
tation within wave-based gameplay designed to provide manda-
tory rest between exercises. Gameplay progresses through discrete
waves, each requiring completion of prescribed gesture units, sepa-
rated by recovery periods that support controlled pacing and fatigue
management. Progression is driven by gesture execution rather than
speed or reflexes; incorrect execution triggers recovery, preventing
unsafe advancement. Game elements maintain engagement but
do not modify gesture requirements or bypass therapeutic con-
straints. Session-level metrics are logged for clinician review and
longitudinal monitoring.

8.1 Participants and System Usage

Twenty-one healthy participants (16M/5F, age M = 19.9, SD = 7.6)
completed 58 sessions over one week. Participation was not en-
forced to be identical; 16 participants completed 3 sessions while 5
completed 2 sessions, reflecting ecological variability in adherence.
This variance allows us to robustly assess tolerance adaptation

stability across different exposure durations. Mean session accu-
racy was stable at 83.0% (SD = 2.8%), with per-gesture difficulty
ranging from 45.2% (Wrist Extension) to 96.7% (Tendon Glides),
validating the need for granular adaptation. Analysis of 1,073 tol-
erance events showed 44.5% tightening and 24.0% loosening, with
individual patterns varying from 12% to 79% tightening across par-
ticipants. High-variance gestures (Flexion: SD = 14.9%; Median
Glide Step 2: SD = 14.3%) indicate substantial individual differ-
ences in motor control, confirming the necessity of personalized
tolerance parameters.

8.2 Workload Evaluation (RTLX)

Perceived workload was assessed using the NASA Raw Task Load
Index (RTLX) [10], aggregated into Early, Mid, and Late phases
based on chronological session order. Descriptively, Mental De-
mand, Physical Demand, Temporal Demand, Effort, and overall
RTLX all decreased from Early to Late phases, while inverted Per-
formance and Frustration remained stable (Fig. 3). For example,
Mental Demand decreased from M = 5.69 (SD = 2.29) in Early
sessions to M = 3.00 (SD = 1.75) in Late sessions, and overall
RTLX decreased from M = 5.11 (SD = 1.17) to M = 3.85 (SD
= 1.60). Wilcoxon signed-rank tests with Holm-Bonferroni correc-
tion showed significant Early-Late reductions for Mental Demand,
Physical Demand, Temporal Demand, Effort, and overall RTLX
(Peorr < .05 for all), with no significant changes in Frustration or
inverted Performance. Friedman tests on participants with com-
plete phase data (n = 14) confirmed significant phase effects for
the same dimensions (p < .01), with medium-to-large effect sizes
(Kendall’s W = 0.37-0.59). These results indicate reduced cognitive
and physical workload over repeated use without loss of perceived
performance, suggesting improved interaction efficiency rather
than disengagement.
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8.3 System Usability Scale (SUS) Evaluation

SUS was administered after initial exposure to assess first-use usabil-
ity and learnability. Across N = 33 participants, the system achieved
a mean SUS score of 65.00 (SD = 16.99; 95% CI [59.20, 70.80]), indi-
cating acceptable but below-average usability.

However, it is critical to contextualize this metric within the
deployment constraints of unsupervised rehabilitation. Because the
SUS was collected prior to extended practice, these results primarily
reflect first-use usability, initial confidence, and learnability rather
than optimized expert performance. The relatively large score vari-
ance suggests heterogeneous first-time experiences, which is ex-
pected given differences in participants’ prior XR familiarity.

tGiven that the system targets unsupervised home use, where
clinical supervision is absent, first-use learnability is paramount.
This baseline score suggests that while the interaction paradigm
is functionally viable, the initial cognitive overhead of learning
gesture-based spatial interactions remains high for first-time users.
Consequently, future iterations must prioritize interface refinement,
visual fidelity, and robust onboarding tutorials to better accommo-
date users with lower XR exposure.

9 Conclusion

This design study investigated transparent adaptation and embod-
ied feedback for unsupervised XR rehabilitation exergames. Guided
by four clinical design goals, this study developed explicit tolerance-
based difficulty progression and anatomically grounded joint-level
corrective feedback within a modular gesture unit framework. Our
evaluation with 21 participants across 58 sessions demonstrated
stable performance, significant workload reductions (28-42% across
RTLX subscales), and unanimous preference for joint-level over
text-based feedback. Key limitations include healthy young adult
participants, limited longitudinal window (2-3 sessions), and con-
trolled deployment settings. Future work should pursue clinical
validation with patient populations, multi-week unsupervised home
studies, clinician-facing monitoring dashboards, and extension to
additional anatomical regions. This paper argues that transpar-
ent adaptation and embodied feedback represent promising design
directions for XR rehabilitation systems.
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