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Highlights

What are the main findings?

e Reduced Reachable Workspace (RWS), quantified using the camera-derived Rela-
tive Surface Area (RSA) score, was associated with decreased arm use in daily life
(p = 0.66), as measured with an accelerometer-based, smartwatch-derived metric in
14 individuals with chronic stroke.

e RSA was also significantly associated with the Box and Block Test (BBT), Upper-
Extremity Fugl-Meyer Assessment (UEFM), and Motor Activity Log (MAL), with
correlation strengths ranging from p = 0.57 to 0.76.

What are the implications of the main findings?

e  Combining camera-based RWS assessment with smartwatch monitoring may help
relate upper-extremity movement capacity measured in the clinic to arm movement
behavior during daily life.

e RSA may provide an objective and spatially detailed measure of post-stroke arm
impairment that can be interpreted alongside clinical motor assessments and patient-
reported arm use.

Abstract

Reachable workspace (RWS) quantifies the three-dimensional space accessible to the upper
limb, but its relationship with real-world arm use after stroke remains unclear. This study
examined associations between camera-based RWS and smartwatch-derived movement
behavior in 14 individuals with chronic stroke. Relative surface area (RSA) was measured
at baseline, after which participants wore a smartwatch on the affected arm. Smartwatch
data were summarized using Gross Movement and Activity Count (GMAC), representing
the proportion of wear time spent in active arm movement within a functional workspace,
and Active and Diverse Exploratory Movement (ADEM), representing the proportion of
wear time that was active and diverse. Clinical outcomes included the Box and Block Test
(BBT), Upper-Extremity Fugl-Meyer Assessment (UEFM), and Motor Activity Log (MAL).
Total RSA and several workspace regions were reduced in the paretic compared with the
nonparetic limb. Greater total RSA was significantly associated with ADEM (p = 0.66,
p = 0.01), while its association with GMAC was numerically weaker and non-significant
(p =0.47, p = 0.09). RSA was also significantly associated with BBT, UEFM, and MAL, with
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correlations ranging from p = 0.57 to 0.76. These findings link camera-based RWS with
wrist-worn measures of real-world arm performance after stroke.

Keywords: stroke rehabilitation; upper extremity; reachable workspace; relative surface
area; wearable sensors; accelerometry; smartwatch; ADEM; real-world arm use; movement
diversity; motor activity

1. Introduction

After a stroke, persistent upper-extremity (UE) impairment remains present in nearly
half of survivors [1,2]. These impairments can restrict active range of motion (ROM) and
the ability to position the arm and hand throughout three-dimensional space [3], thereby
limiting the performance of everyday tasks and reducing independence in daily life [1].
Impaired UE motor control can also make activities of daily living (ADLs) and self-care
tasks, such as feeding, grooming, dressing, and toileting, more difficult, reduce participation
in work and leisure activities [4], and ultimately affect quality of life (QoL) [5]. Despite
the importance of upper-extremity recovery, many clinical assessments still rely on ordinal
rating scales [6,7], isolated strength measures [8], or task-specific tests [9] that may not
fully capture the complex three-dimensional nature of arm function [10] or provide enough
sensitivity to detect meaningful changes over time [11].

Reachable Workspace (RWS) helps address this measurement gap by providing an
objective, reliable, and spatially comprehensive measure of upper-extremity movement
capacity [12] by using motion capture to estimate the portion of a shoulder-centered
workspace that an individual can access with the arm, normalized to arm length [10,13].
This capacity is summarized as relative surface area (RSA) [12,14] and provides a continu-
ous metric of arm mobility which has been shown to correlate with clinical impairment,
functional ability, clinician-reported outcomes, and patient-reported outcomes across multi-
ple upper-extremity disorders [12]. RWS has been studied extensively in neuromuscular
populations [15-17] but also in stroke populations [18,19]. Prior studies in stroke suggest
that reduced RSA reflects clinically meaningful limitations in paretic arm capacity [18],
including impairments in motor control, strength, coordination, and independence with
daily activities [19]. These findings indicate that RWS may capture stroke-related upper-
extremity impairments in a spatially meaningful way, supporting its use as a quantitative
measure of arm capacity during stroke rehabilitation. More recently, advances in markerless
computer vision have expanded the technical approaches available for upper-extremity mo-
tion assessment. Portable markerless motion-capture systems have demonstrated validity
and reliability for assessing upper-limb range of motion and joint kinematics during func-
tional tasks [20]. Monocular Al-based motion capture has also recently been validated for
quantifying upper-extremity reachable workspace, supporting the feasibility of lower-cost
and more accessible camera configurations while identifying challenges related to depth
estimation and posterior workspace measurement [21].

Nevertheless, a central challenge in stroke rehabilitation is that clinical capacity
does not always translate into real-world performance. Many stroke survivors demon-
strate some ability to move the affected arm and hand in structured clinical settings but
use it substantially less during daily life [22]. This discrepancy is often described as
a “capacity—performance” mismatch, where what a person can do under supervised or
instructed conditions differs from what they actually do at home [23,24]. This frame-
work provides important context for comparing clinic-based measures of motor capac-
ity, self-reported arm use, and smartwatch-derived movement behavior. However, the
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present study was not designed to quantify this capacity—performance mismatch at the
individual level.

To capture home use, wearable sensors are increasingly used to measure upper-
extremity activity after stroke [25]. Widely available wrist-worn accelerometers and inertial
measurement units (IMUs) can monitor movement continuously and unobtrusively during
daily life. Prior studies have quantified relative real-world upper-limb use using bilateral ac-
celerometry metrics such as the use ratio and magnitude ratio [26], activity counts [27], and
hours of use [28], while newer approaches have explored kinematic and movement-quality
features to characterize not only how much the arm moves, but also how it moves [29,30].
These tools show potential for home-based monitoring, where continued upper-extremity
support is often needed after discharge [31], and consumer smartwatches may provide a
scalable platform for feedback, goals, or reminders to encourage paretic arm use [32-37].
However, wearable accelerometry metrics focused on activity levels do not directly indicate
how daily arm movement relates to specific arm impairments [22].

Therefore, while RWS may be especially useful in stroke rehabilitation as a quantitative
and structured measure of upper-extremity “capacity” and recovery, wearable inertial
sensors could provide information about how often, how intensely, and potentially how
diversely the arm is used outside the clinic [23,25,29,30,32,38]. Wearable technologies may
therefore provide insight into the real-world relevance of RWS by linking clinical movement
“capacity” with everyday upper-extremity “performance”.

In this study, we used a commercially available smartwatch to compare camera-based
reachable workspace outcomes with wearable accelerometry-derived upper-extremity
movement metrics in individuals post-stroke. Specifically, we examined how global and
quadrant-specific RSA measures relate to smartwatch-derived measures of arm move-
ment. By linking RSA with wearable IMU data, this study aimed to determine whether
accelerometry-based movement metrics were associated with upper-extremity reachable
workspace and to explore whether the two approaches may capture related but distinct
aspects of post-stroke arm function. To our knowledge, this is the first study to directly
investigate the relationship between reachable workspace and wrist-worn IMU-based
movement metrics in stroke.

2. Materials and Methods
2.1. Participants

Fourteen individuals with chronic stroke (>6 months post stroke event) were enrolled
through a stroke survivor research database at the study institution and local stroke sup-
port groups. Demographic and baseline clinical characteristics are presented in Table 1.
All study procedures were approved by the UC Irvine Institutional Review Board and
participants provided informed consent. The study was registered on ClinicalTrials.gov
under identifier NCT07042152.

2.2. Protocol

This study used baseline measurements collected as part of a 9-week clinical trial
designed to examine the effects of smartwatch-based feedback on paretic-arm use after
stroke. At the baseline visit, participants completed screening followed by the Box and
Block Test (BBT), Upper-Extremity Fugl-Meyer Assessment (UEFM), Motor Activity Log
Amount of Use and Quality of Movement scales (MAL-AOU and MAL-QOM), and reach-
able workspace (RWS) assessment, in that order. After completing these assessments,
participants received a Samsung Galaxy Watch5 Pro, sampling at 50 Hz, with instructions
for home use. Participants then wore the smartwatch during the following seven days,
allowing habitual upper-extremity movement behavior to be characterized. Thus, all clini-
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cal and RWS assessments included in the present analysis preceded the collection of the
corresponding free-living smartwatch data.

The baseline week was followed by four weeks of smartwatch feedback and a subse-
quent four-week retention period without feedback, with additional in-person assessments
conducted after each phase. The present analysis included only the clinical and RWS
assessments collected at the baseline visit and the smartwatch data collected during the
immediately following no-feedback week. No data from the feedback or retention phases
were included.

Participants were excluded if they were less than six months post-stroke; had sub-
stantial impairment in alertness, language reception, or attention; severe upper-extremity
muscle tone; severe pain; advanced systemic disease; a coexisting major neurological or
psychiatric condition; or another medical contraindication identified by the study physician.
Participants were also excluded if they planned to alter their participation in concurrent
rehabilitation therapy during the study or were enrolled in another study related to stroke
recovery. The study did not direct changes to participants’ medication regimens.

The present study was designed as an exploratory analysis of the baseline data from
the parent 9-week trial. Its purpose was to estimate preliminary associations between clinic-
based reachable workspace and free-living wearable outcomes and to generate hypotheses
for evaluation in larger cohorts, rather than to provide definitive population-level estimates.

2.3. Outcome Measures
2.3.1. Reachable Workspace (RWS) and Relative Surface Area (RSA)

RWS was assessed using relative surface area (RSA) [12], a portable depth sensor-
based, markerless motion-capture outcome that quantifies the three-dimensional space
that each upper limb can actively reach (Figure 1). Reachable workspace was assessed
using the previously published standardized protocol [12]. Briefly, wrist trajectories were
mapped onto a shoulder-centered hemispherical model to calculate relative surface area
(RSA), normalized to each participant’s arm length. Assessments were performed without
added weight and with a 500 g wrist weight. The weighted condition was included as
an exploratory test of reduced motor reserve under distal loading and was not intended
to simulate smartwatch wear, as the smartwatch weighed approximately 50 g. RSA was
reported as a total score and by anatomical quadrants (Figure 1), including upper-medial
(Q1), lower-medial (Q2), upper-lateral (Q3), lower-lateral (Q4), and posterior lower-lateral
regions (Q5), allowing assessment of both global and region-specific reaching limitations.

Q4 ( 2 Qs
2 ——
' r W/ i

(a) (b)

Figure 1. Reachable workspace quadrant definition. Three-dimensional shoulder-centered reachable

i

workspace model used to quantify upper-limb reachability. The shoulder joint serves as the origin
of the workspace, which is divided into four anterior quadrants and one posterior quadrant. Q1
and Q3 represent above-shoulder medial and lateral reach, respectively, while Q2 and Q4 represent
below-shoulder medial and lateral reach. Q5 represents posterior lower-lateral reach behind the body.
(a) Frontal view; (b) lateral view; (c) elevated anterolateral oblique view.
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2.3.2. Wearable Data (GMAC and ADEM)

Smartwatch-derived upper-extremity movement was summarized using two out-
comes: GMAC-derived active movement ratio [39], and ADEM-derived diverse movement
ratio [30,40,41]. Gross Movement and Activity Count (GMAC) quantifies active movement
within a functional arm workspace by identifying periods when the arm exceeded pre-
defined acceleration and forearm inclination thresholds (Figure 2a). Active and Diverse
Exploratory Movement (ADEM) quantifies movement that is both active and diverse by
identifying active periods in which the distribution of wrist orientation over the preceding
minute showed sufficient variability, reflected by kurtosis [30] below a predefined threshold
(Figure 2b). For each day, active time was computed as the total duration for which the
GMAUC activity flag was positive, and diverse time was computed as the total duration for
which the ADEM diversity flag was positive.

(a) (b)

Figure 2. Wearable-derived movement metrics. (a) GMAC metric illustration [39]. Movements
are classified as functional and counted only when the forearm is elevated within the predefined
functional workspace (green), or when in the yellow region after coming from the green region,
and the accelerometer magnitude exceeds a predefined activity threshold. Movements in the red
region are never counted. The forearm inclination angle, 6gmac, is used to determine whether
movement occurs above the elevation threshold and therefore contributes to GMAC; (b) ADEM
metric illustration. The wadem angle represents changes in wrist orientation relative to the gravity
vector during movement. Variability in this orientation angle (blue vector pointing out of the watch’s
screen) is used to quantify active and diverse exploratory movement patterns within the same
functional workspace as in GMAC.

Wearable data were analyzed over each participant’s first seven baseline days. A
valid day required at least 480 min of smartwatch wear time and finite daily GMAC and
ADEM ratios. Days were excluded if wear time was below 480 min, wear-time data or daily
movement metrics were unavailable, or the resulting GMAC or ADEM ratio was nonfinite.
Daily GMAC and ADEM values were normalized by dividing the corresponding movement
duration by daily smartwatch wear time and were expressed as percentages of wear time.
This normalization reduced the influence of differences in daily recording duration across
participants and days. Participant-level baseline estimates were obtained from the available
valid days and used as the wearable-derived measures of real-world upper-extremity
movement behavior. Full details of the sensing platform, real-time implementation, signal
processing, and algorithm thresholds are provided elsewhere [40].

2.3.3. Upper-Extremity Clinical and Self-Reported Assessments (BBT, UEFM, and MAL)

Upper-extremity motor impairment and function were characterized using the Upper-
Extremity Fugl-Meyer Assessment (UEFM) [7] and the Box and Block Test (BBT) [42]. The
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UEFM is a standardized, performance-based measure of post-stroke upper-extremity motor
impairment, with higher scores indicating less impairment. The motor section ranges from
0 to 66 and evaluates movement, coordination, and reflex activity across the shoulder,
elbow, forearm, wrist, and hand. The BBT is another widely used assessment to assess
gross manual dexterity after stroke [42]. Participants are instructed to transfer as many
wooden blocks as possible, one at a time, over a partition during a 60 s period using the
paretic hand. The score is the total number of blocks successfully transferred, with higher
scores indicating better gross manual dexterity.

Self-reported real-world use of the paretic upper extremity was assessed using the
14-item Motor Activity Log (MAL-14) [43]. The MAL-14 is a structured interview in which
participants rate how much and how well they used the paretic arm during common daily
activities. It produces two mean scores ranging from 0 to 5: the Amount of Use scale (MAL-
AOU), reflecting how frequently the arm was used, and the Quality of Movement scale
(MAL-QOM), reflecting the participant’s perceived quality of movement during arm use.
Higher scores indicate greater use and better perceived movement quality. The MAL-14
was included as a patient-reported outcome (PRO) measure of real-world upper-extremity
performance, supplementing the clinic-based measures of impairment and capacity.

2.4. Statistics and Data Analysis
2.4.1. Associations Between RSA and Wearable Data, Upper-Extremity Clinical Outcomes,
and Self-Reported Assessments

Associations between baseline paretic-arm Total RSA and the six clinical, self-reported,
and smartwatch-derived outcomes (Table 2), comprising BBT, UEFM, MAL-AOU, MAL-
QOM, GMAC, and ADEM, were assessed using two-sided Spearman rank correlations.
This rank-based approach was selected because several outcomes were ordinal or bounded
and were not assumed to follow normal distributions. Spearman’s p was reported as the
standardized effect-size estimate for each association, describing its magnitude and direc-
tion. Given the small sample, the precision of each effect-size estimate was quantified using
participant-level 95% bias-corrected and accelerated (BCa) bootstrap confidence intervals
based on 10,000 paired resamples. Within each resample, the RSA and corresponding
outcome observations were resampled together at the participant level. These confidence
intervals were calculated separately for each association and describe the uncertainty sur-
rounding its estimated Spearman’s p. Conventional two-sided raw p-values were obtained
for each Spearman correlation. Because the six Total RSA associations addressed the same
overall research question, they were defined as one family of statistical tests. To account for
multiple comparisons, the six raw p-values were adjusted together using the Benjamini—
Hochberg procedure, which controls the expected proportion of false discoveries among
findings declared statistically significant. Thus, the confidence intervals were used to
characterize the precision of each individual effect-size estimate, whereas multiplicity was
addressed by adjusting the six p-values. Both raw and BH-adjusted p-values are reported,
with BH-adjusted p < 0.05 used as the criterion for statistical significance. The magnitude
of Spearman’s p, its 95% confidence interval, and its BH-adjusted p-value were considered
together when interpreting each association.

2.4.2. Comparisons of Correlation Strengths

After estimating the individual RSA associations, three specified pairs of correlation
coefficients were formally compared: BBT versus UEFM, MAL-AOU versus MAL-QOM,
and ADEM versus GMAC. Within each comparison, the correlations were dependent and
overlapping because they shared Total RSA and were calculated from the same participants;
therefore, their numerical coefficients or individual p-values could not be compared directly.
Because Spearman correlations are equivalent to Pearson correlations calculated on ranked
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observations, Total RSA and the corresponding outcomes were rank-transformed and
compared using two-sided Williams tests, which account for the correlation between the
two outcomes. Differences were expressed as Ap, defined as the first RSA correlation
minus the second. Participant-level 95% BCa bootstrap confidence intervals for Ap were
calculated using 10,000 paired resamples that preserved complete participant observations.
The Williams tests provided the primary statistical inference, while the bootstrap intervals
quantified uncertainty in Ap. The three Williams-test p-values were adjusted together
using the Benjamini-Hochberg procedure as a separate multiple-comparison family, with
BH-adjusted p < 0.05 indicating a statistically significant difference in correlation strength.

2.4.3. Exploratory Region-Specific Associations and Comparisons of Dependent
Correlation Strengths Across Quadrants and Composite Regions

All region-specific analyses were considered exploratory because of the increased
number of correlated tests and the spatial overlap among the individual quadrants and
composite RSA measures. The region-specific analyses extended the frameworks defined in
Sections 2.4.1 and 2.4.2 to a finer spatial resolution of RSA. Specifically, the five individual
quadrants (Q1-Q5) and four composite regions (upper, lower, medial, and lateral RSA)
were analyzed. For the association analysis, each of the nine RSA measures was evaluated
against the six clinical, self-reported, and smartwatch-derived outcomes described in
Section 2.3. This resulted in 54 region-specific Spearman correlations. The corresponding
correlation coefficients, bootstrap confidence intervals, and Benjamini-Hochberg-adjusted
p-values were calculated using the procedures defined in Section 2.4.1, with the 54 tests
treated as a separate regional association family. For the dependent correlation analysis,
the procedure described in Section 2.4.2 was applied separately within each of the nine
RSA measures. For example, within Q1, the correlation between Q1 RSA and ADEM was
formally compared with the correlation between Q1 RSA and GMAC. The corresponding
BBT-versus-UEFM and MAL-AOU-versus-MAL-QOM comparisons were performed in
the same manner. Repeating the three planned outcome-pair comparisons across the nine
RSA measures yielded 27 region-specific comparisons of dependent correlations. For
each comparison, the Williams test and bootstrap-based estimation of Ap were performed
as defined in Section 2.4.2. The resulting 27 p-values were adjusted together using the
Benjamini—-Hochberg procedure as a separate regional comparison family.

2.4.4. Outlier Removal

Outliers were identified using a median absolute deviation (MAD)-based modified
z-score threshold of |z | > 3.5. Identified outliers were marked with crosses in the figures
for transparency. Outliers were retained in the primary correlation analyses unless the plot
was specifically configured as an outlier-exclusion sensitivity analysis.

2.4.5. Plotting Statistical Concepts

Consistent with the use of Spearman rank correlations, Figures Al and 3 present rank-
based, non-parametric summaries rather than mean-based summaries. Central tendency is
represented by the median, which is less sensitive to extreme values and is consistent with
the non-parametric and outlier-robust analytical approach. Variability is represented using
the interquartile range (IQR), extending from the 25th percentile (Q1) to the 75th percentile
(Q3), with the median indicated at the center. Paired Wilcoxon signed-rank tests were used
to compare impaired and unimpaired arm’s RSA scores within each quadrant (Figure 3).

Best-fit curves displayed in the scatterplots were selected from candidate linear,
quadratic, square-root, exponential, logarithmic, and saturating models based on the
lowest Akaike Information Criterion (AIC).
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Figure 3. Baseline RWS distinguishes impaired vs. unimpaired upper limbs. Baseline RSA values
are shown for each RWS quadrant and for the “Total” score adding all quadrants. Purple squares
represent the impaired limb, and brown circles represent the unimpaired limb. Individual points
show participant-level values, black horizontal lines indicate group medians, and error bars indicate
variability using IQR quartiles. Bold p-values indicate the primary paired Wilcoxon test using all
paired observations, whereas gray p-values indicate the sensitivity analysis after excluding MAD-
identified outliers. * denotes significance. Q1 to Q5 scores ranging from 0 to 0.25 are plotted on the
left y-axis, and total RSA score with a maximum of 1.25 is plotted on the right y-axis.

3. Results
3.1. Participant Characteristics and Baseline Clinical Status

Fourteen individuals in the chronic phase post-stroke participated in the study. Par-
ticipants were 60.0 & 11.6 years old, the cohort included 3 females and 11 males, and
the mean time since stroke was 6.3 & 2.9 years. Additional demographic and baseline
clinical characteristics are presented in Table 1. At the baseline appointment, participants
completed a battery of assessments to characterize demographics, clinical motor capacity
and impairment, and self-reported arm use. Participants then wore the smartwatch for
one week to characterize baseline wearable-derived movement behavior during daily life.
Mean daily smartwatch wear time was 12.13 + 0.72 h; the mean number of days for which
participants wore the watch for at least 8 h was 6.64 + 0.63, ranging from five to seven
days. Five of the 98 potential participant-days were excluded because wear time was below
480 min. These measures are summarized in Table 1 and organized by assessment domain.

Table 1. Demographic and baseline clinical characteristics of the study participants (mean + SD).

Demographics (N = 14)

Age 60 &= 11.6 years
Sex Assigned at Birth 3 females; 11 males
Time Since Stroke 6.3 == 2.9 years
Paretic Side 8 right; 6 left
Hand Dominance 12 right; 2 left
Stroke Type 5 hemorrhagic; 7 ischemic; 2 unknown

Clinical motor capacity/impairment
Box and Block Test (BBT)
Upper-Extremity Fugl-Meyer Assessment (UEFM)
Reachable Workspace (total RSA including Q5)

31.6 + 12.8 blocks
52.7 £ 7.3 (maximum of 66)
0.71 &+ 0.09 (maximum of 1.25)

Self-reported behavior/use
Motor Activity Log Amount Of Use (MAL-AOU)
Motor Activity Log Quality Of Movement (MAL-QOM)

2.02 £ 0.81 (from 0 to 5)
1.99 £ 0.85 (from 0 to 5)
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Table 1. Cont.
Wearable-derived measures
GMAC 21.5 £ 13.9% of smartwatch wear time
ADEM 9.7 + 9.3% of smartwatch wear time

3.2. Baseline RWS Demonstrates Impaired-Limb Reachability Deficits and Limited Sensitivity to
Added Load

Baseline RSA showed clear differences between the impaired and unimpaired upper
limbs (Figure 3). RSA was lower in the impaired limb for Q1, Q3, Q5, and total RSA,
indicating reduced reachable workspace in the affected arm. The largest quadrant-level
differences were observed in Q3 and Q5, while Q2 and Q4 (lower quadrants) did not show
significant between-limb differences. Total RSA was also significantly lower in the impaired
limb, supporting the sensitivity of RWS for detecting quadrant-specific capacity differences
after stroke. The 500 g wrist-weight condition produced limited quadrant-level effects
(Figure A1) and therefore subsequent clinical and wearable association analyses focused
only on the no-weight RSA condition.

3.3. Reachable Workspace Is Associated with Clinical, Self-Reported, and Smartwatch-Derived Outcomes

Total RSA showed positive correlations with all six clinical, self-reported, and
smartwatch-derived outcomes, although the magnitude and uncertainty of these asso-
ciations varied (Table 2). The strongest association was observed for MAL-AOU (p = 0.76,
95% CI [0.43, 0.95], BH-adjusted p = 0.009). Total RSA was also associated with BBT
(p=0.69,95% CI[0.47, 0.91], BH-adjusted p = 0.014), UEFM (p = 0.68, 95% CI [0.19, 0.90],
BH-adjusted p = 0.014), ADEM (p = 0.66, 95% CI [0.05, 0.90], BH-adjusted p = 0.015),
and MAL-QOM (p = 0.57, 95% CI [-0.14, 0.88], BH-adjusted p = 0.040). Although the
BH-adjusted p-value for MAL-QOM was below 0.05, its confidence interval included
zero, indicating substantial uncertainty in the estimated association. The association with
GMAC was numerically smaller and did not remain statistically significant (p = 0.47,
95% CI [-0.21, 0.79], BH-adjusted p = 0.091). Region-specific associations are examined in
the following sections.

Table 2. Associations Between Total Relative Surface Area and Clinical, Self-Reported, and
Smartwatch-Derived Outcomes.

Outcome Spearman p 95% CI Raw p BH-Adjusted p
BBT 0.69 [0.47,0.91] 0.007 0.014
UEFM 0.68 [0.19, 0.90] 0.007 0.014
MAL-AOU 0.76 [0.43, 0.95] 0.002 0.009
MAL-QOM 0.57 [—0.14, 0.88] 0.033 0.040
GMAC 0.47 [—0.21, 0.79] 0.091 0.091
ADEM 0.66 [0.05, 0.90] 0.010 0.015

Participant-level scatterplots of the six associations are presented in Figure 4. Linear
and selected nonlinear fits are included for descriptive visualization, whereas statistical
inference was based on the Spearman rank correlations reported in Table 2. Region-specific
associations are examined in the following sections.
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Figure 4. Participant-level associations between Total Relative Surface Area and clinical, self-reported,
and smartwatch-derived outcomes. Baseline paretic-arm Total RSA is plotted against (a) BBT,
(b) UERM, (c) MAL-AOU, (d) MAL-QOM, (e) GMAC, and (f) ADEM in 14 participants. GMAC
and ADEM represent the percentage of smartwatch wear time meeting each movement criterion
during the no-feedback baseline week. Each point represents one participant. Solid black lines
represent linear fits, and orange dashed lines represent the selected nonlinear best fits. These curves
are provided for descriptive visualization only; statistical inference was based on Spearman rank
correlations reported in Table 2.

3.4. Reachable Workspace Correlation Strengths Did Not Differ Significantly Between Paired Outcomes

None of the three dependent-correlation comparisons demonstrated a statistically
significant difference in correlation strength after Benjamini-Hochberg correction (Table 3).
The associations of Total RSA with BBT and UEFM were nearly identical (p = 0.69 and
p = 0.68, respectively; Ap = 0.001, 95% BCa CI [—0.32, 0.52]), with no evidence of a difference
between them, Williams t(11) = 0.003, BH-adjusted p = 0.997. Total RSA was numerically
more strongly associated with MAL-AOU than with MAL-QOM (p = 0.76 versus p = 0.57;
Ap =0.19, 95% BCa CI [-0.02, 0.86]), but this difference only approached significance,
Williams t(11) = 2.13, BH-adjusted p = 0.086. Similarly, the association between Total RSA
and ADEM was numerically larger than that between Total RSA and GMAC (p = 0.66 versus
p =047; Ap =0.19, 95% BCa CI [0.01, 0.78]), but the Williams test did not demonstrate a
statistically significant difference, t(11) = 2.12, BH-adjusted p = 0.086. Although the bootstrap
confidence interval for the ADEM-versus-GMAC difference excluded zero, this finding was
not concordant with the multiplicity-adjusted Williams test. Therefore, the evidence was
considered inconclusive, and no definitive difference in correlation strength was inferred.

Table 3. Comparisons of dependent correlations between Total Relative Surface Area and paired
clinical, self-reported, and smartwatch-derived outcomes. Correlations are reported as Spearman’s
p. The difference in correlation strength, Ap, was calculated as the Total RSA correlation with the
first outcome minus its correlation with the second outcome. Williams tests compared dependent
overlapping rank correlations, and their p-values were adjusted across the three comparisons using
the Benjamini-Hochberg procedure. Confidence intervals are participant-level 95% BCa bootstrap
intervals based on 10,000 paired resamples.

Outcomes Ap 95% CI for Ap Williams t df P BH-Adjusted p
BBT versus UEFM 0.001 [—0.32,0.52] 0.003 11 0.997 0.997
MAL-AOU versus MAL-QOM 0.19 [—0.02, 0.86] 2.126 11 0.057 0.086
ADEM versus GMAC 0.19 [0.01, 0.78] 2.123 11 0.057 0.086
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3.5. Exploratory Region-Specific Associations Between Reachable Workspace and Study Outcomes

For each outcome (Sections 2.3.2 and 2.3.3), Reachable Workspace was subdivided
into five angular quadrants (Figure 5; row 1; Q1-Q5) representing directional sectors of
the reachable workspace, and into four composite regions (Figure 5; row 2; upper, lower,
medial, and lateral) that summarize broader anatomical directions. These subdivisions
are illustrated in the spider plot (Figure 5), which visually maps the pattern and magni-
tude of correlations across all regions. Within each of the five RSA quadrants and four
composite regions, correlation strength was compared for three outcome pairs (Figure 5;
grey lines): BBT versus UEFM, MAL-AOU versus MAL-QOM, and ADEM versus GMAC.
Across all comparisons, none of the differences was statistically significant. Therefore, no
measure within any pair demonstrated a statistically stronger association with a specific
RSA quadrant or composite region than its paired measure.

BBT versus UEFM MAL-AOU versus MAL-QOM ADEM versus GMAC

Q1-Q5

(a) (c) (e)

- BBT = MAL-AOU = ADEM
UEFM MAL-QOM GMAC
—— |p(BBT) — p(UEFM)| —— |p(MAL-AOU) — p(MAL-QOM)| —— |p(ADEM) — p(GMAC)|
Upper Upper Upper

Lateral
Medial
Lateral
Medial
Lateral

Composite RSA
Medial

Lower Lower Lower

(b) (d) (f)

Figure 5. Region-specific associations between reachable workspace and clinical, self-reported, and
wearable-derived outcomes. Columns compare BBT with UEFM, MAL-AOU with MAL-QOM, and
ADEM with GMAC. The top row shows Spearman correlations for Q1-Q5, and the bottom row
shows upper (Q1 + Q3), lower (Q2 + Q4), medial (Q1 + Q2), and lateral (Q3 + Q4) RSA. Colored lines
represent the correlations between each RSA region and the corresponding outcome, while gray lines
represent the absolute difference between the paired correlations, | Apl = I p; — py |. Colored stars
indicate associations with BH-adjusted p < 0.05 across the 54 regional correlations; circles indicate
adjusted p > 0.05. Gray stars would indicate significant differences between paired correlations
after BH correction across the 27 Williams tests; none were observed. (a) Q1-Q5, BBT versus UEFM;
(b) composite RSA, BBT versus UEFM; (c) Q1-Q5, MAL-AOU versus MAL-QOM,; (d) composite

RSA, MAL-AOU versus MAL-QOM; (e) Q1-Q5, ADEM versus GMAGC; (f) composite RSA, ADEM
versus GMAC.

BBT showed its strongest numerical associations with Q1 (p = 0.68) among the quad-
rants and with medial and lateral RSA (both p = 0.72) among the composite regions. Its

https://doi.org/10.3390/s26175651


https://doi.org/10.3390/s26175651

Sensors 2026, 26, 5651

12 of 21

associations with Q1, Q3, upper, medial, and lateral RSA remained significant after correc-
tion. UEFM showed its strongest correlations with Q1 (p = 0.62) and medial RSA (p = 0.74),
with significant associations persisting for Q1, Q3, upper, and medial RSA. None of the
nine BBT-versus-UEFM comparisons demonstrated a statistically significant difference in
correlation strength after BH correction.

MAL-AOU showed its strongest correlations with Q3 and lateral RSA (both p = 0.82),
with significant associations for Q1, Q3, upper, medial, and lateral RSA. MAL-QOM showed
its strongest correlations with Q3 (p = 0.63) and upper RSA (p = 0.64), both of which
remained significant. None of the MAL-AOU versus MAL-QOM regional differences were
significant after correction. For medial RSA, the BCa confidence interval for Ap excluded
zero (95% CI, 0.002 to 0.896), although the corresponding Williams test was not significant
after correction (q = 0.251).

ADEM showed its strongest correlations with Q1 (p = 0.64) and lateral RSA (p = 0.67),
with significant associations for Q1, Q3, Q5, upper, medial, and lateral RSA. GMAC
showed its strongest correlations with Q4 (p = 0.56) and lateral RSA (p = 0.50), but none of
its regional associations remained significant after correction. None of the ADEM versus
GMAC regional differences were significant after correction. BCa confidence intervals
for Ap excluded zero for Q3 (95% CI, 0.01 to 0.83), upper RSA (0.03 to 0.77), and medial
RSA (0.04 to 0.72), although the corresponding Williams tests were not significant after
correction (Q3: q = 0.286; upper and medial RSA: q = 0.251).

4. Discussion

This study examined the relationship between reachable workspace using the camera-
based RSA metric, and clinically assessed motor capacity measures, self-reported arm
use, and smartwatch-derived real-world upper-limb performance in individuals with
chronic stroke. Four main findings emerged: (1) baseline RWS identified clear impaired-
limb reachability deficits while showing limited sensitivity to added distal load in the
study’s stroke cohort; (2) greater RSA was associated with better clinical motor capacity,
gross manual dexterity, and greater self-reported amount and quality of paretic-arm use;
(3) RWS was associated with wearable-derived movement behavior for the first time,
with movement diversity showing numerically stronger relationships than amount of
active movement alone, although not significantly; and (4) quadrant-specific RSA revealed
that upper, lateral, and posterior workspace regions were particularly informative for
understanding clinical function and real-world arm use, providing meaningful information
beyond total RSA.

4.1. Clinical Sensitivity of Reachable Workspace to Post-Stroke Upper-Limb Impairment

Baseline RWS was significantly lower for the impaired than the unimpaired limb in to-
tal RSA and several workspace regions, consistent with prior evidence that RSA sensitively
captures clinically meaningful upper-limb reachability deficits after stroke [12], as well as
being consistent with studies using other metrics of arm workspace after stroke [44—48].
Although the unaffected limb may also exhibit subtle post-stroke impairments [49,50]
and should not be considered a truly normal control, the within-participant comparison
confirmed that RWS distinguished the paretic limb in the present cohort. Subsequent
clinical and wearable association analyses therefore focused on the impaired limb, since the
smartwatch was worn on the affected wrist and the reported clinical outcomes were also
assessed for that side. Analyses were further restricted to the no-weight condition because
the 500 g load produced limited and outlier-sensitive effects across individual quadrants,
supporting the decision to focus the primary analyses on the unloaded condition RWS.
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Together, these results reaffirm RWS as a clinically sensitive measure and support the use
of impaired-limb, no-weight RSA for the primary analyses.

4.2. Reachable Workspace Is Associated with Clinical Capacity and Self-Reported Arm Use Quantity
and Quality

Our findings align with prior Kinect-based RWS studies showing that RSA reflects
clinician-rated upper-limb motor impairment after stroke. In the present study, total RSA
was associated with UEFM scores, with a correlation magnitude similar to that previously
reported by Lee et al. [18], who found that paretic-side RSA correlated with UEFM and
UE Motricity Index scores in individuals with hemiplegic stroke. Similarly, Okuyama
et al. [51] reported a strong correlation between the RWS ratio of the paretic and nonparetic
upper limbs and UEFM scores, along with good reliability and high responsiveness after
training. This consistency with prior work supports RWS as a valid and objective measure
of upper-limb impairment and reachable workspace limitations.

In addition, we observed a significant association between total RSA and BBT perfor-
mance. To our knowledge, this relationship has not been previously reported. This finding
is clinically plausible because successful daily arm use requires not only the ability to move
the arm through space, but also sufficient hand function to grasp, transport, and release ob-
jects. Furthermore, although not always, a typical pattern of stroke motor recovery follows
proximal to distal progression [52,53], where by the time distal hand function demonstrates
functional recovery, proximal shoulder and upper arm function has also been achieved.
In other cases, even when proximal reaching capacity is present, limited hand recovery
may reduce the practical usefulness of the affected arm during daily activities, decreasing
both the opportunity and motivation to use it. The observed association between RSA and
BBT suggests that individuals with greater reachable workspace may also have better gross
manual dexterity, supporting a closer link between RWS capacity and functional arm use.

After establishing the relationship between RWS and clinician-administered motor
outcomes, our findings further suggest that RSA is related to self-assessed daily func-
tional arm use quantity and quality, measured using MAL. Previous work showed that
sensor-acquired RSA was associated with clinician-evaluated FIM Self-Care after stroke,
supporting the interpretation that reachable workspace may reflect the movement capac-
ity needed to perform meaningful daily activities [19]. Importantly, Chan et al. [19] also
reported strong associations between RSA and Neuro-QoL Upper-Extremity Function.
Similarly, Lee et al. [18] found that paretic-side RSA was associated with QuickDASH,
further linking RWS with patient-perceived upper-limb disability. In the present study, we
extend these findings by showing that total RSA was associated with both MAL Amount
of Use and MAL Quality of Movement. To our knowledge, the relationship between
RWS and MAL has not been previously reported. This association is clinically meaningful
because MAL directly captures how much and how well participants perceive they use
the paretic arm during everyday activities. Participants with larger reachable workspaces
may have greater ability to position the arm in functional regions of space, making the
impaired limb more useful during daily tasks and increasing perceived amount and quality
of use. Conversely, participants with smaller reachable workspaces may experience greater
difficulty incorporating the impaired arm into daily activities, which may be reflected in
lower MAL-AOU and MAL-QOM scores.

4.3. Reachable Workspace Is Associated with Wearable Metrics of Arm Activity

Although clinical assessments and patient-reported outcomes provide clinically mean-
ingful information about upper-limb impairment, capacity, and perceived function, they
do not directly quantify how much the affected arm is actually used during daily life. This
distinction is important because real-world hand and arm use is ultimately what matters
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most to individuals after stroke. Wearable sensors offer a way to measure this everyday
performance outside the clinic, but prior work relating wearable-derived upper-limb ac-
tivity to clinical and self-reported outcomes has been mixed, with some studies reporting
meaningful associations while others showing weaker or inconsistent relationships. For
example, Bhatnagar et al. [28] reported that accelerometry-derived upper-limb activity
metrics, particularly mean magnitude ratio, were associated with FMA, WMFT, ARAT, and
MAL scores, and Kools et al. reported associations between wearable-derived functional
performance variables and clinical outcomes in FSHD [54]. However, Hayward et al. [55]
noted that most accelerometers are unable to distinguish the type or quality of movements
performed, which may limit the clinical interpretation of raw activity-based metrics despite
their potential to provide meaningful information for clinicians, patients, and caregivers.
Consistent with this limitation, Pohl et al. [56] emphasized that real-world wrist-sensor
data contain a mixture of functional arm movements and non-functional movement, and
that conventional activity-count thresholds may overestimate functional activity because of
low specificity.

Differences in how wearable metrics define and quantify arm use may therefore help
explain the variability in their reported relationships with clinical outcomes. In the present
study, GMAC and ADEM were designed to move beyond raw movement quantity by
identifying activity within a functional arm workspace. GMAC quantifies active movement
that occurs above a predefined forearm elevation threshold, while ADEM further identifies
active movement accompanied by variability in forearm orientation, thereby capturing a
more diverse repertoire of movement through three-dimensional space. These features
may make GMAC and ADEM more clinically interpretable than conventional activity
counts, because they are intended to reflect how the arm is used within functionally
relevant spatial regions rather than simply whether movement occurred. RWS provides a
particularly appropriate clinical measure for evaluating these wearable outcomes because
RSA quantifies the normalized three-dimensional space that an individual can actively
reach during a structured assessment. In this sense, RWS characterizes clinic-based spatial
capacity, while GMAC and ADEM characterize how movement within a related functional
space is expressed during daily life.

To our knowledge, no prior study has directly compared reachable workspace with
wrist-worn accelerometry metrics in persons post-stroke. Total RSA was positively as-
sociated with both wearable outcomes, although the association was numerically larger
for ADEM than for GMAC. This difference was not statistically significant in the formal
dependent-correlation comparison and should therefore not be interpreted as evidence that
ADEM is more strongly associated with RSA than GMAC. The numerically weaker GMAC
association may reflect that the amount of active movement performed during daily life
depends not only on an individual’s motor capacity, but also on opportunities for arm
use, daily routines, motivation, compensatory strategies, and behavioral choices. ADEM
incorporates movement diversity and may therefore capture a different aspect of how
spatial reaching capacity is expressed during daily life. These findings are consistent with
the capacity—performance mismatch framework by demonstrating that clinic-based spatial
capacity and free-living movement behavior are related but not equivalent constructs.
However, correlations at the group level do not identify whether individual participants
use their paretic arm less than expected given their available capacity. How best to quantify
the capacity—performance mismatch, is still an open question, with many studies relying
on ordinal clinical measures of capacity and self-reported ratings of performance. Future
studies should directly quantify participant-level capacity—performance mismatch and
investigate the clinical and behavioral factors contributing to it.
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4.4. Clinical and Real-World Relevance of Quadrant-Specific RSA

Beyond total RSA, quadrant-specific analyses may help clarify which regions of reach-
able workspace are most closely related to clinical function and real-world arm use. Previ-
ous studies demonstrate that post-stroke reaching deficits are not spatially uniform, with
movement quality, coordination, and compensatory strategies varying according to target
direction and workspace location [18,19,57-59]. In a previous three-dimensional RWS
study, paretic RSA was significantly reduced in Q1, Q3, and Q4, and Q3 was the strongest
regional determinant of upper-extremity impairment and disability [18,19]. Direction-
dependent disturbances in paretic reaching have also been demonstrated using multidirec-
tional reaching paradigms [58,59].

In the present study, Q1 and Q3 and the corresponding upper region showed some
of the strongest associations with clinical motor outcomes, self-reported arm use, and
wearable-derived movement. One possible explanation is that reaching into these regions
places greater demands on active arm elevation and multi-joint shoulder-elbow coordi-
nation. Following stroke, increasing shoulder-abduction demand can amplify abnormal
coupling between shoulder abduction and elbow flexion and progressively restrict the
available reaching work area [57]. In contrast, the generally weaker relationships observed
for Q2 and the lower region may reflect the availability of near-body or compensatory strate-
gies for accessing portions of the lower workspace. This does not imply that lower-medial
reach is clinically unimportant, since prior work has linked Q2, Q4, and Q5 with self-care
activities such as dressing, toileting, and bathing [19]. These regional patterns should
be interpreted cautiously because reaching impairment after stroke is heterogeneous and
previous work has also demonstrated substantial deficits outside the upper workspace [44].

Q5 may provide complementary functional information because it represents posterior
inferior-lateral reach, a region not well characterized by conventional forward-reaching
assessments. Exploring this space is required for activities such as reaching behind the
body, dressing, and toileting. Previous RWS work found Q5 RSA to be associated with
FIM Self-Care and Neuro-QoL Upper-Extremity Function and specifically linked posterior
reachability with dressing and toileting performance [19]. In the present study, the associa-
tion between Q5 RSA and ADEM further suggests that posterior reach capacity may relate
to the diversity of spontaneous arm movement in daily life.

Overall, these exploratory findings suggest that regional RSA may capture complemen-
tary aspects of upper-extremity function that are obscured by total RSA alone. However,
because no pairwise differences in correlation strength were statistically significant after
correction, the present data do not establish that any particular clinical or wearable metric
is preferentially associated with a specific workspace region.

4.5. Limitations and Future Work

This exploratory study was limited by its small sample size, which reduced statistical
power, increased uncertainty around the estimated associations, limited adjustment for
potential confounding factors, and precluded meaningful subgroup analyses. Although the
within-participant RWS comparisons and rank-based association analyses were appropriate
for the available cohort, the findings should not be interpreted as definitive population
estimates or evidence of causality. Recruitment was also constrained by the burden of the
parent 9-week protocol, which required repeated clinical assessments and prolonged home
smartwatch monitoring. Larger and more diverse cohorts are needed to estimate these
associations more precisely, evaluate their robustness, and determine their generalizability.
Because wearable monitoring was limited to a single smartwatch worn on the paretic arm,
relative arm-use ratios and interlimb asymmetry could not be quantified. Future studies
should incorporate simultaneous bilateral monitoring to help distinguish whether changes
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in relative use reflect increased paretic-arm activity, decreased contralateral-arm activity, or
broader changes in overall activity. Bilateral monitoring could also provide information
about compensatory reliance on the nonparetic arm and simultaneous use of both arms
during daily life.

Future work should examine whether smartwatch-derived orientation, elevation, and
movement trajectories can be used to estimate a wearable-based reachability or spatial-
coverage score such as RSA without requiring a depth camera. Such a measure would
need to be validated against camera-based RSA but could support repeated and scalable
assessment in the home. The feedback system could also be redesigned to target reachable
workspace directly by encouraging movement into underused upper, lateral, or posterior
regions rather than focusing only on GMAC or ADEM goals. Larger longitudinal studies
should test whether spatially targeted feedback, an approach that shows promise for
improving planar, supported reaching [60], improves both clinic-based RSA and real-
world arm use. Although RWS and smartwatch monitoring characterize related but distinct
aspects of upper-extremity function, the present study did not evaluate whether considering
both measures improves clinical assessment, decision-making, or patient outcomes beyond
either method alone. Future prospective studies should evaluate whether their combined
use provides incremental clinical value for personalized rehabilitation.

5. Conclusions

The study’s findings support RWS as a valid and relevant measure of arm impairment,
with greater reachable workspace associated with less upper-limb impairment, better gross
manual dexterity, and greater self-reported amount and quality of paretic-arm use. For the
first time, camera-based RSA was also related to wrist-worn measures of real-world arm
performance, with ADEM showing significant associations with reachable workspace. This
suggests that daily time spent moving in diverse ways may provide useful information
about how clinic-based spatial capacity is expressed during daily life. Together, RWS and
ADEM may help bridge clinic-based assessment of upper-limb capacity with continuous
measurement of real-world performance after stroke.
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Abbreviations

The following abbreviations are used in this manuscript:

ADEM Active and Diverse Exploratory Movement
ADL Activities of Daily Living

AIC Akaike Information Criterion

ARAT Action Research Arm Test

BBT Box and Block Test

FIM Functional Independence Measure

FSHD Facioscapulohumeral Muscular Dystrophy
GDS Geriatric Depression Scale

GMAC Gross Movement and Activity Count

IMU Inertial Measurement Unit

IOR Interquartile Range

MAD Median Absolute Deviation

MAL Motor Activity Log

MAL-14 14-item Motor Activity Log

MAL-AOU  Motor Activity Log Amount of Use
MAL-QOM  Motor Activity Log Quality of Movement
Neuro-QoL  Quality of Life in Neurological Disorders

PRO Patient-Reported Outcome

QoL Quality of Life

QuickDASH  Quick Disabilities of the Arm, Shoulder and Hand
Q1 Upper medial reachable workspace quadrant

Q2 Lower medial reachable workspace quadrant

Q3 Upper-lateral reachable workspace quadrant

Q4 Lower-lateral reachable workspace quadrant

Q5 Posterior lower-lateral reachable workspace quadrant
ROM Range of Motion

RSA Relative Surface Area

RWS Reachable Workspace

UE Upper Extremity

UEFM

WMFT Wolf Motor Function Test

Appendix A

The impaired side showed limited evidence of RWS changes when challenged with
loading condition. When all participants were included, adding a 500 g distal load (wrist
weight) did not significantly alter most quadrant-level RSA scores, although Q4 showed a
significant reduction in the weighted condition (p = 0.030). After excluding MAD-flagged
paired-difference outliers, the Q4 comparison no longer reached significance but showed a
similar trend (p = 0.054). In contrast, Total RSA became significantly lower in the weighted
condition after outlier removal (p = 0.007), suggesting that added weight may have a
modest effect on overall reachable workspace. However, because no individual quadrant
remained significant after outlier removal and because the 500 g load was 10 times heavier
than the smartwatch itself, the main analysis from this paper focused on the no-weight
RWS condition.
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Figure A1l. Effect of added weight on reachable workspace RSA by quadrant and total score. In-
dividual participant RSA scores are shown for no-weight trials (blue circles) and weighted trials
(red squares), with horizontal bars indicating the group median and vertical bars indicating the
interquartile range. Cross markers denote paired-difference outliers identified using a MAD-based
robust z-score. * denotes significance. Quadrant RSA scores are plotted on the left y-axis, while total
RSA is plotted on the right y-axis and separated by the shaded region. Brackets show paired Wilcoxon
signed-rank comparisons between no-weight and weight conditions. Black p-values indicate the
primary analysis using all paired observations, and gray p-values indicate the sensitivity analysis
after removing paired-difference outliers.

References

1.  O’Flaherty, D.; Ali, K. Recommendations for Upper Limb Motor Recovery: An Overview of the UK and European Rehabilitation
after Stroke Guidelines (2023). Healthcare 2024, 12, 1433. [CrossRef] [PubMed]

2. Smith, D.B.; Scott, S.H.; Semrau, J.A.; Dukelow, S.P. Impairments of the ipsilesional upper-extremity in the first 6-months
post-stroke. J. Neuroeng. Rehabil. 2023, 20, 106. [CrossRef] [PubMed]

3.  Gates, D.H.; Walters, L.S.; Cowley, J.; Wilken, ].M.; Resnik, L. Range of Motion Requirements for Upper-Limb Activities of Daily
Living. Am. |. Occup. Ther. 2015, 70, 114-124. [CrossRef] [PubMed]

4. de Putter, C.; Selles, R.; Haagsma, J.; Polinder, S.; Panneman, M.; Hovius, S.; Burdorf, A.; van Beeck, E. Health-related quality of
life after upper extremity injuries and predictors for suboptimal outcome. Injury 2014, 45, 1752-1758. [CrossRef] [PubMed]

5. van Lieshout, E.C.C.; van de Port, I.G.; Dijkhuizen, R.M.; Visser-Meily, ].M.A. Does upper limb strength play a prominent role in
health-related quality of life in stroke patients discharged from inpatient rehabilitation? Top. Stroke Rehabil. 2020, 27, 525-533.
[CrossRef] [PubMed]

6. Pandian, S.; Arya, K.N. Stroke-related motor outcome measures: Do they quantify the neurophysiological aspects of upper
extremity recovery? J. Bodyw. Mov. Ther. 2014, 18, 412-423. [CrossRef] [PubMed]

7.  See, ].; Dodakian, L.; Chou, C.; Chan, V.; McKenzie, A.; Reinkensmeyer, D.J.; Cramer, S.C. A standardized approach to the
Fugl-Meyer assessment and its implications for clinical trials. Neurorehabilit. Neural Repair 2013, 27, 732-741. [CrossRef] [PubMed]

8.  Demeurisse, G.; Demol, O.; Robaye, E. Motor Evaluation in Vascular Hemiplegia. Eur. Neurol. 2008, 19, 382-389. [CrossRef]
[PubMed]

9.  Shah, K.M,; Baker, T,; Dingle, A.; Hansmeier, T.; Jimenez, M.; Lopez, S.; Marks, D.; Safford, D.; Sternberg, A.; Turner, J.; et al. Early
Development and Reliability of the Timed Functional Arm and Shoulder Test. J. Orthop. Sports Phys. Ther. 2017, 47, 420-431.
[CrossRef] [PubMed]

10. Kurillo, G.; Chen, A_; Bajesy, R.; Han, J.J. Evaluation of upper extremity reachable workspace using Kinect camera. Technol. Health
Care 2013, 21, 641-656. [CrossRef] [PubMed]

11. Hatch, M.N,; Kim, K,; Kurillo, G.; Nicorici, A.; McDonald, C.M.; Han, ]J.J. Longitudinal study of upper extremity reachable
workspace in fascioscapulohumeral muscular dystrophy. Neuromuscul. Disord. 2019, 29, 503-513. [CrossRef] [PubMed]

12.  Han, ].J.; Hayward, L.].; Adams, C.; Perez-Ibarra, J. Reachable Workspace as a Clinical Outcome for Upper Extremity Function: A
Narrative Review. Muscle Nerve 2026, 1-14. [CrossRef] [PubMed]

13. Han,].J,; Kurillo, G.; Abresch, R.T.; De Bie, E.; Nicorici, A.; Bajcsy, R. Upper extremity 3-dimensional reachable workspace analysis

in dystrophinopathy using Kinect. Muscle Nerve 2015, 52, 344-355. [CrossRef] [PubMed]

https:/ /doi.org/10.3390/s26175651


https://doi.org/10.3390/healthcare12141433
https://www.ncbi.nlm.nih.gov/pubmed/39057576
https://doi.org/10.1186/s12984-023-01230-8
https://www.ncbi.nlm.nih.gov/pubmed/37580751
https://doi.org/10.5014/ajot.2016.015487
https://www.ncbi.nlm.nih.gov/pubmed/26709433
https://doi.org/10.1016/j.injury.2014.07.016
https://www.ncbi.nlm.nih.gov/pubmed/25150751
https://doi.org/10.1080/10749357.2020.1738662
https://www.ncbi.nlm.nih.gov/pubmed/32148183
https://doi.org/10.1016/j.jbmt.2013.11.006
https://www.ncbi.nlm.nih.gov/pubmed/25042312
https://doi.org/10.1177/1545968313491000
https://www.ncbi.nlm.nih.gov/pubmed/23774125
https://doi.org/10.1159/000115178
https://www.ncbi.nlm.nih.gov/pubmed/7439211
https://doi.org/10.2519/jospt.2017.7136
https://www.ncbi.nlm.nih.gov/pubmed/28257615
https://doi.org/10.3233/THC-130764
https://www.ncbi.nlm.nih.gov/pubmed/24284552
https://doi.org/10.1016/j.nmd.2019.05.006
https://www.ncbi.nlm.nih.gov/pubmed/31345604
https://doi.org/10.1002/mus.70190
https://www.ncbi.nlm.nih.gov/pubmed/41960733
https://doi.org/10.1002/mus.24567
https://www.ncbi.nlm.nih.gov/pubmed/25597487
https://doi.org/10.3390/s26175651

Sensors 2026, 26, 5651 19 of 21

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

Kurillo, G.; Han, J.J.; Obdrzalek, S.; Yan, P.; Abresch, R.T.; Nicorici, A.; Bajcsy, R. Upper extremity reachable workspace evaluation
with Kinect. Stud. Health Technol. Inform. 2013, 184, 247-253. [CrossRef]

Han, ].J.; De Bie, E.; Nicorici, A.; Abresch, R.T.; Bajcsy, R.; Kurillo, G. Reachable workspace reflects dynamometer-measured upper
extremity strength in facioscapulohumeral muscular dystrophy. Muscle Nerve 2015, 52, 948-955. [CrossRef] [PubMed]

Han, ].J.; de Bie, E.; Nicorici, A.; Abresch, R.T.; Anthonisen, C.; Bajcsy, R.; Kurillo, G.; Mcdonald, C.M. Reachable workspace and
performance of upper limb (PUL) in duchenne muscular dystrophy. Muscle Nerve 2016, 53, 545-554. [CrossRef] [PubMed]

de Bie, E.; Oskarsson, B.; Joyce, N.C.; Nicorici, A.; Kurillo, G.; Han, ].J. Longitudinal evaluation of upper extremity reachable
workspace in ALS by Kinect sensor. Amyotroph. Lateral Scler. Front. Degener. 2017, 18, 17-23. [CrossRef] [PubMed]

Lee, YM,; Lee, S.; Uhm, K.E.; Kurillo, G.; Han, ].J.; Lee, J. Upper Limb Three-Dimensional Reachable Workspace Analysis Using the
Kinect Sensor in Hemiplegic Stroke Patients: A Cross-Sectional Observational Study. Am. J. Phys. Med. Rehabil. 2020, 99, 397-403.
[CrossRef] [PubMed]

Chan, V; Lee, S.A.; Lee, ] M.; Han, ].]. Sensor-Acquired Reachable Workspace (RWS) Correlates with Activities of Daily Living
(ADL) Function in Stroke as Measured by Functional Independence Measure (FIM) Self-Care. Sensors 2024, 24, 6786. [CrossRef]
[PubMed]

Lam, WW.T.; Fong, K.N.K. Validity and Reliability of Upper Limb Kinematic Assessment Using a Markerless Motion Capture
(MMC) System: A Pilot Study. Arch. Phys. Med. Rehabil. 2024, 105, 673-681.e2. [CrossRef] [PubMed]

Donahue, S.; Peiffer, ].D.; Richardson, R.T.; Zhong, Y.; Tan, 5S.Q.Y.; Marteau, B.L.; Russo, S.A.; Wang, M.D.; Cotton, R.J.; Chafetz, R.
Monocular Markerless Motion Capture Enables Quantitative Assessment of Upper Extremity Reachable Workspace. Sensors 2026,
26,3421. [CrossRef] [PubMed]

de Lucena, D.S.; Rowe, J.; Chan, V.; Reinkensmeyer, D.]. Magnetically Counting Hand Movements: Validation of a Calibration-
Free Algorithm and Application to Testing the Threshold Hypothesis of Real-World Hand Use after Stroke. Sensors 2021, 21, 1502.
[CrossRef] [PubMed]

Bailey, R.R.; Klaesner, ].W.; Lang, C.E. An Accelerometry-Based Methodology for Assessment of Real-World Bilateral Upper
Extremity Activity. PLoS ONE 2014, 9, €103135. [CrossRef] [PubMed]

David, A.; Subash, T.; Varadhan, S.K.M.; Melendez-Calderon, A.; Balasubramanian, S. A Framework for Sensor-Based Assessment
of Upper-Limb Functioning in Hemiparesis. Front. Hum. Neurosci. 2021, 15, 667509. [CrossRef] [PubMed]

Lang, C.E.; Waddell, K J.; Klaesner, ].W.; Bland, M.D. A Method for Quantifying Upper Limb Performance in Daily Life Using
Accelerometers. J. Vis. Exp. 2017, 122, e55673. [CrossRef] [PubMed]

Adans-Dester, C.P; Lang, C.E.; Reinkensmeyer, D.J.; Bonato, P. Wearable Sensors for Stroke Rehabilitation. In Neurorehabilitation
Technology, 3rd ed.; Springer International Publishing: Cham, Switzerland, 2022; pp. 467-507. [CrossRef]

Uswatte, G.; Foo, W.L.; Olmstead, H.; Lopez, K.; Holand, A.; Simms, L.B. Ambulatory Monitoring of Arm Movement Using
Accelerometry: An Objective Measure of Upper-Extremity Rehabilitation in Persons with Chronic Stroke. Arch. Phys. Med.
Rehabil. 2005, 86, 1498-1501. [CrossRef] [PubMed]

Bhatnagar, K.; Bever, C.T.; Tian, J.; Zhan, M.; Conroy, S.S. Comparing Home Upper Extremity Activity with Clinical Evaluations
of Arm Function in Chronic Stroke. Arch. Rehabil. Res. Clin. Transl. 2020, 2, 100048. [CrossRef] [PubMed]

Okita, S.; de Lucena, D.S.; Reinkensmeyer, D.]. Movement diversity and complexity increase as arm impairment decreases
after stroke: Quality of movement experience as a possible target for wearable feedback. IEEE Trans. Neural Syst. Rehabil. Eng.
2024, 32, 2961-2970. [CrossRef] [PubMed]

Cornella-Barba, G.; Okita, S.; Li, Z.; Reinkensmeyer, D.]. Real-Time Sensing of Upper Extremity Movement Diversity Using
Kurtosis Implemented on a Smartwatch. Sensors 2024, 24, 5266. [CrossRef] [PubMed]

Purton, J.; Sim, J.; Hunter, S.M. Stroke survivors’ views on their priorities for upper-limb recovery and the availability of therapy
services after stroke: A longitudinal, phenomenological study. Disabil. Rehabil. 2023, 45, 3059-3069. [CrossRef] [PubMed]
Mayrhuber, L.; Andres, S.D.; Legrand, M.L.; Luft, A.R.; Ryser, F; Gassert, R.; Veerbeek, ].M.; van Duinen, J.; Schwarz, A;
Franinovic, K.; et al. Encouraging arm use in stroke survivors: The impact of smart reminders during a home-based intervention.
J. Neuroeng. Rehabil. 2024, 21, 220. [CrossRef] [PubMed]

Da-Silva, R.H.; van Wijck, F; Shaw, L.; Rodgers, H.; Balaam, M.; Brkic, L.; Ploetz, T.; Jackson, D.; Ladha, K.; Price, C.I. Prompting
arm activity after stroke: A clinical proof of concept study of wrist-worn accelerometers with a vibrating alert function. J. Rehabil.
Assist. Technol. Eng. 2018, 5, 2055668318761524. [CrossRef] [PubMed]

Mayrhuber, L.; Lestoille, M.; Andres, S.D.; Held, ] P.O.; Luft, A.R.; Ryser, F.; Gassert, R.; Easthope, C.A.; Lambercy, O. Movement
Reminders to Encourage Arm Use During Daily Life in Stroke Patients. In Proceedings of the 2023 International Conference on
Rehabilitation Robotics (ICORR), Singapore, 24-28 September 2023; pp. 1-6. [CrossRef] [PubMed]

Signal, N.E.J.; McLaren, R.; Rashid, U.; Vandal, A.; King, M.; Almesfer, F.; Henderson, J.; Taylor, D. Haptic Nudges Increase
Affected Upper Limb Movement During Inpatient Stroke Rehabilitation: Multiple-Period Randomized Crossover Study. JMIR
mHealth uHealth 2020, 8, €17036. [CrossRef] [PubMed]

https://doi.org/10.3390/526175651


https://doi.org/10.3233/978-1-61499-209-7-247
https://doi.org/10.1002/mus.24651
https://www.ncbi.nlm.nih.gov/pubmed/25786378
https://doi.org/10.1002/mus.24894
https://www.ncbi.nlm.nih.gov/pubmed/26342193
https://doi.org/10.1080/21678421.2016.1241278
https://www.ncbi.nlm.nih.gov/pubmed/27813421
https://doi.org/10.1097/PHM.0000000000001350
https://www.ncbi.nlm.nih.gov/pubmed/31725017
https://doi.org/10.3390/s24216786
https://www.ncbi.nlm.nih.gov/pubmed/39517683
https://doi.org/10.1016/j.apmr.2023.10.018
https://www.ncbi.nlm.nih.gov/pubmed/37981256
https://doi.org/10.3390/s26113421
https://www.ncbi.nlm.nih.gov/pubmed/42280938
https://doi.org/10.3390/s21041502
https://www.ncbi.nlm.nih.gov/pubmed/33671505
https://doi.org/10.1371/journal.pone.0103135
https://www.ncbi.nlm.nih.gov/pubmed/25068258
https://doi.org/10.3389/fnhum.2021.667509
https://www.ncbi.nlm.nih.gov/pubmed/34366809
https://doi.org/10.3791/55673
https://www.ncbi.nlm.nih.gov/pubmed/28518079
https://doi.org/10.1007/978-3-031-08995-4_21
https://doi.org/10.1016/j.apmr.2005.01.010
https://www.ncbi.nlm.nih.gov/pubmed/16003690
https://doi.org/10.1016/j.arrct.2020.100048
https://www.ncbi.nlm.nih.gov/pubmed/33336184
https://doi.org/10.36227/techrxiv.170327294.44812941/v1
https://www.ncbi.nlm.nih.gov/pubmed/36284789
https://doi.org/10.3390/s24165266
https://www.ncbi.nlm.nih.gov/pubmed/39204961
https://doi.org/10.1080/09638288.2022.2120097
https://www.ncbi.nlm.nih.gov/pubmed/36111388
https://doi.org/10.1186/s12984-024-01527-2
https://www.ncbi.nlm.nih.gov/pubmed/39707385
https://doi.org/10.1177/2055668318761524
https://www.ncbi.nlm.nih.gov/pubmed/31191927
https://doi.org/10.1109/ICORR58425.2023.10304727
https://www.ncbi.nlm.nih.gov/pubmed/37941203
https://doi.org/10.2196/17036
https://www.ncbi.nlm.nih.gov/pubmed/32723718
https://doi.org/10.3390/s26175651

Sensors 2026, 26, 5651 20 of 21

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

Wei, WX].; Fong, KN.K,; Chung, R.C.K,; Cheung, H.K.Y,; Chow, E.S.L. “Remind-to-Move” for Promoting Upper Extremity
Recovery Using Wearable Devices in Subacute Stroke: A Multi-Center Randomized Controlled Study. IEEE Trans. Neural Syst.
Rehabil. Eng. 2019, 27, 51-59. [CrossRef] [PubMed]

de Lucena, D.S.; Rowe, ].B.; Okita, S.; Chan, V.; Cramer, S.C.; Reinkensmeyer, D.J. Providing Real-Time Wearable Feedback to
Increase Hand Use after Stroke: A Randomized, Controlled Trial. Sensors 2022, 22, 6938. [CrossRef] [PubMed]

Lang, C.E.; Miller, A.E.; Macpherson, C.E.; Bland, M.D.; Holleran, C.L.; Lohse, K.R. Advancing neurorehabilitation and recovery
through human movement quantification via wearable sensing. Neurorehabil. Neural Repair 2026, 40, 15459683251412310.
[CrossRef] [PubMed]

Balasubramanian, S. GMAC—A Simple Measure to Quantify Upper Limb Use From Wrist-Worn Accelerometers. IEEE Trans.
Neural Syst. Rehabil. Eng. 2024, 32, 2513-2521. [CrossRef] [PubMed]

Cornella, G. Geornella/Diversify-Smartcoach-Wearos; Java. 2025. Available online: https://github.com/gcornella/diversify-
smartcoach-wearos (accessed on 13 July 2026).

Guillem, C.IB. Innovative Home-Based Solutions for Upper-Extremity Neurorehabilitation: Advancing Proprioception and
Motor Recovery Through Computer Vision and Wearables. Ph.D. Dissertation, University of California, Irvine, CA, USA, 2026.
Available online: https:/ /escholarship.org/uc/item/8307f127 (accessed on 14 July 2026).

Mathiowetz, V.; Volland, G.; Kashman, N.; Weber, K. Adult Norms for the Box and Block Test of Manual Dexterity. Am. J. Occup.
Ther. 1985, 39, 386-391. [CrossRef] [PubMed]

Uswatte, G.; Taub, E.; Morris, D.; Vignolo, M.; McCulloch, K. Reliability and Validity of the Upper-Extremity Motor Activity
Log-14 for Measuring Real-World Arm Use. Stroke 2005, 36, 2493-2496. [CrossRef] [PubMed]

Kamper, D.G.; McKenna-Cole, A.N.; Kahn, L.E.; Reinkensmeyer, D.]. Alterations in reaching after stroke and their relation to
movement direction and impairment severity. Arch. Phys. Med. Rehabil. 2002, 83, 702-707. [CrossRef] [PubMed]

Sanchez, R].; Liu, J.; Rao, S.; Shah, P; Smith, R.; Rahman, T.; Cramer, S.C.; Bobrow, J.E.; Reinkensmeyer, D.]. Automating
Arm Movement Training Following Severe Stroke: Functional Exercises with Quantitative Feedback in a Gravity-Reduced
Environment. IEEE Trans. Neural Syst. Rehabil. Eng. 2006, 14, 378-389. [CrossRef] [PubMed]

Reinkensmeyer, D.J.; Dewald, ].P.A.; Rymer, W.Z. Guidance-based quantification of arm impairment following brain injury: A
pilot study. IEEE Trans. Rehabil. Eng. 1999, 7, 1-11. [CrossRef] [PubMed]

Ellis, M.D.; Kottink, A.LR.; Prange, G.B.; Rietman, ].S.; Buurke, ].H.; Dewald, J.P.A. Quantifying loss of independent joint control
in acute stroke with a robotic evaluation of reaching workspace. In Proceedings of the 2011 Annual International Conference of
the IEEE Engineering in Medicine and Biology Society, Boston, MA, USA, 30 August-3 September 2011; pp. 8231-8234. [CrossRef]
[PubMed]

van Meulen, E.B.; Reenalda, J.; Buurke, J.H.; Veltink, PH. Assessment of Daily-Life Reaching Performance After Stroke. Ann.
Biomed. Eng. 2015, 43, 478-486. [CrossRef] [PubMed]

Lang, C.E.; Wagner, ].M.; Edwards, D.F.; Dromerick, A.W. Upper Extremity Use in People with Hemiparesis in the First Few
Weeks After Stroke. J. Neurol. Phys. Ther. 2007, 31, 56-63. [CrossRef] [PubMed]

Bailey, R.R.; Klaesner, ].W.; Lang, C.E. Quantifying Real-World Upper-Limb Activity in Nondisabled Adults and Adults with
Chronic Stroke. Neurorehabilit. Neural Repair 2015, 29, 969-978. [CrossRef] [PubMed]

Okuyama, K.; Kawakami, M.; Tsuchimoto, S.; Ogura, M.; Okada, K.; Mizuno, K.; Ushiba, J.; Liu, M. Depth Sensor—Based
Assessment of Reachable Work Space for Visualizing and Quantifying Paretic Upper Extremity Motor Function in People with
Stroke. Phys. Ther. 2020, 100, 870-879. [CrossRef] [PubMed]

Hijikata, N.; Kawakami, M.; Ishii, R.; Tsuzuki, K.; Nakamura, T.; Okuyama, K.; Liu, M. Item Difficulty of Fugl-Meyer Assessment for
Upper Extremity in Persons with Chronic Stroke with Moderate-to-Severe Upper Limb Impairment. Front. Neurol. 2020, 11, 577855.
[CrossRef] [PubMed]

Senesh, M.R.; Reinkensmeyer, D.J. Breaking Proportional Recovery After Stroke. Neurorehabil. Neural Repair 2019, 33, 888-901.
[CrossRef] [PubMed]

Kools, J. Feasibility of measuring functional performance of FSHD patients using wearable sensors to quantify physical activity.
In Proceedings of the Muscular Dystrophy Association Clinical & Scientific Conference, Nashville, TN, USA, 13-16 March 2022.
Hayward, K.S.; Eng, ].].; Boyd, L.A.; Lakhani, B.; Bernhardt, ].; Lang, C.E. Exploring the Role of Accelerometers in the Measurement
of Real World Upper-Limb Use after Stroke. Brain Impair. 2016, 17, 16-33. [CrossRef]

Pohl, J.; Ryser, A.; Veerbeek, ] M.; Verheyden, G.; Vogt, ].E.; Luft, A.R.; Easthope, C.A. Classification of functional and non-functional
arm use by inertial measurement units in individuals with upper limb impairment after stroke. Front. Physiol. 2022, 13, 952757.
[CrossRef] [PubMed]

Sukal, T.M.; Ellis, M.D.; Dewald, J.P.A. Shoulder abduction-induced reductions in reaching work area following hemiparetic
stroke: Neuroscientific implications. Exp. Brain Res. 2007, 183, 215-223. [CrossRef] [PubMed]

Uehara, S.; Yuasa, A.; Ushizawa, K.; Kitamura, S.; Yamazaki, K.; Otaka, E.; Otaka, Y. Direction-dependent differences in the
quality and quantity of horizontal reaching in people after stroke. J. Neurophysiol. 2023, 130, 861-870. [CrossRef] [PubMed]

https://doi.org/10.3390/526175651


https://doi.org/10.1109/TNSRE.2018.2882235
https://www.ncbi.nlm.nih.gov/pubmed/30475722
https://doi.org/10.3390/s22186938
https://www.ncbi.nlm.nih.gov/pubmed/36146287
https://doi.org/10.1177/15459683251412310
https://www.ncbi.nlm.nih.gov/pubmed/41579339
https://doi.org/10.1109/TNSRE.2024.3417964
https://www.ncbi.nlm.nih.gov/pubmed/38913522
https://github.com/gcornella/diversify-smartcoach-wearos
https://github.com/gcornella/diversify-smartcoach-wearos
https://escholarship.org/uc/item/8307f127
https://doi.org/10.5014/ajot.39.6.386
https://www.ncbi.nlm.nih.gov/pubmed/3160243
https://doi.org/10.1161/01.STR.0000185928.90848.2e
https://www.ncbi.nlm.nih.gov/pubmed/16224078
https://doi.org/10.1053/apmr.2002.32446
https://www.ncbi.nlm.nih.gov/pubmed/11994811
https://doi.org/10.1109/TNSRE.2006.881553
https://www.ncbi.nlm.nih.gov/pubmed/17009498
https://doi.org/10.1109/86.750543
https://www.ncbi.nlm.nih.gov/pubmed/10188602
https://doi.org/10.1109/IEMBS.2011.6091940
https://www.ncbi.nlm.nih.gov/pubmed/22256253
https://doi.org/10.1007/s10439-014-1198-y
https://www.ncbi.nlm.nih.gov/pubmed/25449150
https://doi.org/10.1097/NPT.0b013e31806748bd
https://www.ncbi.nlm.nih.gov/pubmed/17558358
https://doi.org/10.1177/1545968315583720
https://www.ncbi.nlm.nih.gov/pubmed/25896988
https://doi.org/10.1093/ptj/pzaa025
https://www.ncbi.nlm.nih.gov/pubmed/32048724
https://doi.org/10.3389/fneur.2020.577855
https://www.ncbi.nlm.nih.gov/pubmed/33304304
https://doi.org/10.1177/1545968319868718
https://www.ncbi.nlm.nih.gov/pubmed/31416391
https://doi.org/10.1017/BrImp.2015.21
https://doi.org/10.3389/fphys.2022.952757
https://www.ncbi.nlm.nih.gov/pubmed/36246133
https://doi.org/10.1007/s00221-007-1029-6
https://www.ncbi.nlm.nih.gov/pubmed/17634933
https://doi.org/10.1152/jn.00455.2022
https://www.ncbi.nlm.nih.gov/pubmed/37667840
https://doi.org/10.3390/s26175651

Sensors 2026, 26, 5651 21 of 21

59. Levin, M.E; Liebermann, D.G.; Parmet, Y.; Berman, S. Compensatory Versus Noncompensatory Shoulder Movements Used for
Reaching in Stroke. Neurorehabilit. Neural Repair 2016, 30, 635-646. [CrossRef] [PubMed]

60. Rosenthal, O.; Wing, A.M.; Wyatt, J.L.; Punt, D.; Brownless, B.; Ko-Ko, C.; Miall, R.C. Boosting robot-assisted rehabilitation
of stroke hemiparesis by individualized selection of upper limb movements—A pilot study. J. Neuroeng. Rehabil. 2019, 16, 42.
[CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/526175651


https://doi.org/10.1177/1545968315613863
https://www.ncbi.nlm.nih.gov/pubmed/26510934
https://doi.org/10.1186/s12984-019-0513-0
https://www.ncbi.nlm.nih.gov/pubmed/30894192
https://doi.org/10.3390/s26175651

	Introduction 
	Materials and Methods 
	Participants 
	Protocol 
	Outcome Measures 
	Reachable Workspace (RWS) and Relative Surface Area (RSA) 
	Wearable Data (GMAC and ADEM) 
	Upper-Extremity Clinical and Self-Reported Assessments (BBT, UEFM, and MAL) 

	Statistics and Data Analysis 
	Associations Between RSA and Wearable Data, Upper-Extremity Clinical Outcomes, and Self-Reported Assessments 
	Comparisons of Correlation Strengths 
	Exploratory Region-Specific Associations and Comparisons of Dependent Correlation Strengths Across Quadrants and Composite Regions 
	Outlier Removal 
	Plotting Statistical Concepts 


	Results 
	Participant Characteristics and Baseline Clinical Status 
	Baseline RWS Demonstrates Impaired-Limb Reachability Deficits and Limited Sensitivity to Added Load 
	Reachable Workspace Is Associated with Clinical, Self-Reported, and Smartwatch-Derived Outcomes 
	Reachable Workspace Correlation Strengths Did Not Differ Significantly Between Paired Outcomes 
	Exploratory Region-Specific Associations Between Reachable Workspace and Study Outcomes 

	Discussion 
	Clinical Sensitivity of Reachable Workspace to Post-Stroke Upper-Limb Impairment 
	Reachable Workspace Is Associated with Clinical Capacity and Self-Reported Arm Use Quantity and Quality 
	Reachable Workspace Is Associated with Wearable Metrics of Arm Activity 
	Clinical and Real-World Relevance of Quadrant-Specific RSA 
	Limitations and Future Work 

	Conclusions 
	Appendix A
	References

