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Abstract
Introduction: Markerless motion capture (MMC) technology has emerged as a clinical tool to assess the physical per-
formance of patients. This study evaluates: (a) differences in upper limb joint angles between stroke survivors with dif-
ferent functional levels and their healthy counterparts in controlled indoor and uncontrolled outdoor environments; and
(b) the relationship between the kinematic information obtained by the MMC system and the scores of manual motor
assessments.
Methods: A customized MMC system using an iPad Pro captured the participants’ movements. Stroke survivors under-
went three upper limb assessments and performed seven sets of upper limb tasks with their non-affected side, followed
by their affected side. Healthy participants performed the same tasks with their dominant and non-dominant sides. The
sensitivity and specificity of the machine models were calculated for classifying upper limb motor function levels using
kinematic data from the MMC system.
Results: Fifty stroke survivors and 49 healthy adults were recruited. Significant differences were found between the
affected and non-affected sides of stroke participants in most tasks. Significant positive correlations were found between
the results of the manual motor assessments and most of the kinematic parameters. The results of the four selected
machine learning models revealed ≥0.85 sensitivity in the stroke upper limb functional level classification.
Conclusion: The MMC system and machine learning algorithms provide accurate data for evaluating upper limb recovery
in stroke survivors. Further research is needed to explore the use of the MMC system by stroke survivors at home during
remote therapy.
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Introduction
The motor recovery of stroke survivors often requires con-
tinuous monitoring by therapists to customize exercises for
different recovery stages.1 Conventional practices under-
taken by therapists, such as regular functional assessments
and the manual measurement of range of motion (ROM),
require patients’ regular attendance in clinical settings.2

The use of marker-based motion analysis systems and other
kinematic evaluation techniques—such as extracting data
like joint angles and movement counts from wearable sen-
sors to quantify stroke rehabilitation progress—is often
costly and time-consuming to set up and implement.3

With advances in technology, markerless motion capture
(MMC) technology has emerged as a clinical measurement
tool that can be used to assess the physical performance of
patients more naturally, as well as reducing time-consuming
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tasks in manual measurements conducted by therapists.4 It
also has the advantage over wearable sensors or complex
optoelectronic laboratory setups for motion analysis while
maintaining high kinematic accuracy.5–7 A previous study
has been conducted to capture kinematic data regarding
stroke survivors and healthy adults when performing tasks
through a stroke-specific performance-based impairment
index: the Fugl–Meyer Assessment (FMA). Movement
data from stroke survivors and healthy adults can be success-
fully classifiedwith a rate of above 90%usingmachine learn-
ing classification models.8 Therefore, the MMC system has
the potential to identify symptomatic movement patterns in
stroke survivors through artificial-intelligence-assisted
detection technology, in order to monitor patients’ motor
performance and activities of daily living, especially during
remote assessments as part of telerehabilitation.9

While MMC systems facilitate the tracking of movement
kinematics, it is difficult for therapists to interpret this kine-
matic data into a comprehensive understanding of patients’
actual motor functions.10 Researchers have also proposed
using mobile devices as MMC systems for remote rehabili-
tation assessments, which enhances accessibility by elimin-
ating the need for additional hardware.11 However, little
research has been carried out to investigate the application
of MMC systems in mobile devices for clinical motor
assessments among stroke survivors.12,13 Since most of
the MMC systems have been applied only to healthy sub-
jects, the validity and efficacy of the MMC system in clas-
sifying the motor impairment of various severities in the
clinical populations remains unclear. Moreover, there are
limited studies to standardize the use of MMC for clinical
interpretation and translate the kinematic data captured by
theMMC to be used together with clinical assessment scales
such as the FMA. These hence create a large research gap
concerning the application of mobile MMC systems, par-
ticularly regarding their efficacy in providing accurate mea-
surements with which to evaluate the motor performance of
stroke survivors with varying levels of severity. Our pilot
study demonstrated the good reliability of a customized
MMC system on an iPad Pro for measuring active range
of motion (AROM) and angular waveforms in healthy
adults.14 This system might help to measure the motor per-
formance of stroke survivors who demonstrate movement
impairment; this study therefore further evaluates the per-
formance of the customized MMC system in detecting :
(a) the differences in upper limb joint angles between stroke
survivors with different motor functional levels and their
healthy counterparts in both controlled indoor and uncon-
trolled outdoor environments; and (b) the relationship
between the kinematic information obtained by the MMC
system and the scores of manual motor assessments. This
study also investigates the sensitivity and specificity of the
classification of upper limb motor functional level using
machine learning methods, based on the kinematic data
from the MMC system on the mobile device.

Methods

Study design
This cross-sectional experimental study received ethical
approval from the Human Subjects Research Ethics
Committee of the Hong Kong Polytechnic University
(HSEARS20230214010). All subjects provided informed
written consent before participating.

Stroke survivors completed three upper limb assess-
ments conducted by an occupational therapist: (a) the
Functional Test for the Hemiplegic Upper Extremity
(FTHUE), which evaluates task-specific arm function15;
(b) the FMA for the Upper Extremity (FMA-UE), which
is a comprehensive measure of motor recovery16; and (c)
the Wolf Motor Function Test (WMFT), which quantifies
movement quality and speed during functional tasks.17

Participants performed seven upper limb tasks from stroke-
specific assessments, starting with their non-affected side,
followed by their affected side. Assuming that healthy par-
ticipants would score full marks in all assessments, they
instead performed the same sets of tasks for motion captur-
ing with their dominant side, followed by their non-
dominant side. All participants completed the tasks in a con-
trolled indoor environment and in three randomly selected
uncontrolled outdoor environments immediately after.
Data from the MMC system were analyzed using t-tests,
ANOVAs, and correlation metrics to compare kinematic
between the participants with stroke and their healthy coun-
terparts. Machine learning models were implemented to
predict FTHUE and FMA-UE classifications by using the
kinematic features.

Instrumentation
A customized MMC system developed using Xcode on the
basis of the ARKit6 and RealityKit framework in an iPad Pro
with a LiDAR scanner, which had undergone reliability testing
for upper limb kinematic measurement,14 was used to capture
participants’ movements in this study. The detection of the
human body and the joint positions were extracted and visua-
lized through computer-vision algorithms using convolutional
neural networks (CNNs). A total of 14 3D body-joint positions
and the timestamp of themotion detectionwere captured by our
motion-tracking platform. The capture frequency of the MMC
system was set at 30 Hz. The normalized coordinates of the
angles were relative to the center of the pelvis and defined as
the origin of the ARKit’s coordinate system. The adjacent 3D
joint coordinates extractions were used to calculate the angles
of interest (AOI). Angle θ was calculated by the three joints—
shoulder, elbow, and wrist—namely, A, B, C ∈ R3 or asso-
ciated vectors�v1 = A− B and �v2 = C − B, with the formula:

θ = arccos
v1 · v2

||v1||2||v2||2
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Sample size calculation
We assumed a two-tailed comparison with a type I error rate
at 0.05, with 80% power. The stroke survivors were strati-
fied according to the lower and higher functioning of their
upper limb performance using the FTHUE.15 As a conser-
vative estimation with a discard rate of 15% due to bad
data or outliers, according to our previous pilot study,14

we presumed that 42 subjects in both healthy and stroke
groups would be required for the final data analysis.
Power analysis conducted with GPower 3.1.9.2 calculated
the effect size as 0.74, which is between medium (0.5)
and large (0.8).18

Participants
Stroke survivors were recruited from community self-help
groups and healthy counterparts through convenience
sampling.

Inclusion and exclusion criteria for the participants
Inclusion criteria. To be eligible to take part in the study, par-
ticipants were included if: (a) they were adults aged 18
years or above; (b) they had been diagnosed with a hemiple-
gic stroke; (c) they did not have a history of previous neuro-
logical or orthopedic diseases or congenital disorders of the
upper or lower extremities or the spine; (d) they possessed

adequate cognitive ability to understand instructions; and
(e) they were able to engage in a 1-hour experimental
session.

Exclusion criteria. Participants who met the following condi-
tions were excluded: (a) medically unstable; (b) previous
injuries or medical conditions over the upper limbs or spine
affecting their upper limb functions (for healthy partici-
pants); (c) stroke survivors with a functional level of two
or below, as measured using the FTHUE.

Motion capture tasks. In the motion capturing experiment,
participants performed seven sets of upper limb tasks. The
tasks included: (a) Task 3 in the FMA-UE, bringing the
hand to the same side of the ear; (b) Task 4 in the
FMA-UE, extending the arm to the opposite knee; (c)
Task 6 in the FMA-UE, with shoulder flexion to 90° with
the elbow at 0°; (d) Task 8 in the FMA-UE, with shoulder
abduction 0° to 90° with the elbow fully extended and the
forearm pronated; (e) Task 9 in the FMA-UE, with shoulder
flexion beyond 90° with the elbow at 0° and the forearm in
the mid position; (f) Task 3D in the FTHUE, holding a
pouch; and (g) Task 24 in the FMA-UE, which is a
finger-to-nose test. All of the tasks in this session were
repeated five times. The stroke survivors were instructed
to perform each task with their unaffected side first, fol-
lowed by their affected side. Figure 1(a) to (g) illustrates
the desired postures for these tasks.

Figures 1. (a–g) Left to right, top to bottom, the desired postures for Task 1 to Task 7.
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Experiment setup
Controlled indoor environment. The experiment was con-
ducted at the university laboratory, where the floor was cov-
ered with vinyl to prevent it from being slippery. For the
motion capturing session, participants stood in front of a
plain wall in the same laboratory. One iPad Pro was placed
two meters in front of the participant, and another two iPad
Pros were placed at the lateral left and right sides of the par-
ticipants, respectively. All iPads were connected to the
same local network, and the motion capture system was
launched on each device to establish a handshake signaling.
At the start of recording, the master iPad sent a timestamped
“start” command, triggering all devices to begin logging
data with synchronized timestamps. Post-processing align-
ment of the data streams was performed using the shared
timestamps to ensure temporal precision.

Uncontrolled outdoor environment. Three open areas at the
university were chosen as uncontrolled outdoor environ-
ments. A 2.5 m× 2.5 m area was marked. Two 1 m× 1 m
anti-slip mats were placed on both sides of the participants
to prevent them from slipping. Three iPad Pros placed on a
tripod stand were brought to the locations. The iPad Pro
placement was the same as that in the laboratory
environment.

Statistical analysis
Kinematic data, including completion time and joint angles
in the target positions (ATP), were extracted from the MMC
system, excluding the first trial. The normality of data dis-
tribution was assessed using the Shapiro–Wilk test to
ensure the data meet the assumptions for parametric ana-
lysis. Averages from the second to fifth trials were analyzed
using independent t-tests and ANOVAs to compare joint
angles and completion times between stroke populations
and healthy subjects as well as among the stroke survivors
with different functional levels. Differences in angular
waveforms between the two sides were assessed with the
coefficient of multiple correlation (CMC) and root mean
square error (RMSE). Pearson’s r correlation was used to
evaluate relationships among assessment results and kine-
matic data (Appendix 1).

Four machine learning models, including logistic regres-
sion (LG), a Naive Bayes (NB) classifier, a support vector
machine (SVM), and a decision tree (DT) model were
used to investigate the trajectory in the predictions of the
stroke participants’ upper limb assessment results, specific-
ally the impairment levels according to the FMA-UE scores
and the functional levels according to the FTHUE scores,
based on kinematic data from the MMC system—the
ATP and differences between the affected and unaffected
sides. Regarding the FTHUE classification, participants
with stroke were stratified into two groups: lower

functioning (levels 3–4) and higher functioning (levels 5–
7) group.19 Regarding the FMA-UE classification, patients
were categorized into three groups based on FMA-UE
scores: higher functioning (FMA-UE > 52), moderate func-
tioning (31 ≤ FMA-UE ≤ 52), and lower functioning
(FMA-UE < 31).20 The dataset was divided into training
and test splits, using five-fold subject-wise stratified cross-
validation.21 These machine learning models were evalu-
ated using standard classification and regression perform-
ance metrics. Regarding the FTHUE and FMA-UE
groups prediction, the sensitivity, specificity, and AUC of
each classification models were assessed.

All of the statistical tests were performed using IBM
SPSS 26, while the CMC and RMSE values were generated
by MATLAB R2020a. All machine learning models were
run using the Scikit-learn package in Python.

Results
Fifty stroke survivors and 49 healthy adults were recruited.
The mean age of the stroke survivors and the healthy adults
was 58.9 years (SD: 11.7) and 60.2 years (SD: 8.5), respect-
ively. Detailed demographic information regarding the par-
ticipants is presented in Table 1.

The shoulder and elbow joint angles at the targeted posi-
tions (ATP) for Tasks 1 to 6, are shown in Figure 2(a) and
(b). Significant differences were found between the affected
and non-affected sides of stroke survivors with lower

Table 1. Demographic information of the participants.

Stroke
group

Healthy
group

Mean age 58.9 (11.7) 60.2 (8.5)

Gender ratio (male:female) 32:18 18:31

FTHUE Functional level (n)

Levels 3–4 18 NA

Levels 5–7 32 NA

Affected side (n)

Right 22 NA

Left 28 NA

Dominant hand (Pre-onset)
(n)

Right 49 48

Left 1 1

Note: FTHUE: Functional Test for the Hemiplegic Upper Extremity.
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functioning in all tasks, except for the shoulder angles in
Tasks 1 and 2 (MD=−3.0 and −4.1). For stroke survivors
with higher upper limb functioning, significant differences
were observed in all tasks except for the shoulder angles
in Tasks 3 and 5 (MD=−2.2 and −5.0). No significant dif-
ferences were found between the two sides of healthy par-
ticipants, except for shoulder and elbow angles in Task 3
(MD= 11.5 and 4.2) and elbow angles in Task 6 (MD=
14.8). Comparisons of the affected sides of higher and
lower functioning stroke survivors showed significant dif-
ferences in all tasks except for shoulder angles in Task 2
(p= 0.11). Significant differences were found between the
affected side of lower functioning stroke survivors and their
healthy counterparts in all tasks except for shoulder angles
in Tasks 1 and 2 (p= 0.827 and p= 0.264, respectively).
Significant differences were also found between higher
functioning stroke participants and healthy participants in
all tasks, except for shoulder angles in Tasks 2 and 5 (p=
0.282 and 0.229, respectively).

Differences in angular waveforms between lower and
higher functioning stroke groups and healthy participants

were calculated using CMC and RMSE, as shown in
Table 2. Lower functioning stroke survivors had CMC
values ranging from 0.23 to 0.67 across all tasks. In con-
trast, higher functioning stroke survivors had CMC values
ranging from 0.39 (elbow in Task 1) to 0.86 (elbow in
Task 4), while healthy participants ranged from 0.80 to
0.92 in Tasks 1 to 4.

Correlations between the kinematic data and assessment
results (FTHUE, FMA-UE, WMFT) are summarized in
Table 3. Significant correlations were found for most kine-
matic parameters. The elbow ATP of the affected side in
Task 6 (“hold a pouch”) had the strongest positive correla-
tions with FTHUE, FMA-UE, and WMFT (r= 0.944,
0.883, and 0.873, respectively). In contrast, kinematic
data such as the ATP of the affected side, the ATP differ-
ence between sides, and the CMC and RMSE values from
Task 2 (hand to opposite knee) showed weaker correlations
with the assessment scores.

Four machine learning models—LG, SVM, NB classi-
fier, and DT—were trained to classify upper limb function
according to FTHUE levels, based on kinematic data

Figure 2. (a) Comparison of the ATP of the shoulder in Task 1 to Task 6. (b) Comparison of the ATP of the elbow in Task 1 to Task
6.

Lam et al. 5



from the MMC system (Table 4). Models using the ATP of
the affected side in Tasks 1 to 6 and completion time in
Task 7 achieved sensitivities of ≥0.85, with the LG model
showing the highest sensitivity and specificity (0.94).

Models using ATP differences between affected and non-
affected sides achieved sensitivities of 0.89 (DT model) to
0.97 (SVM model), with all models having an AUC≥
0.86. Feature importance analysis indicated that bilateral

Table 2. CMC and RMSE values of the angular waveform comparison between the two sides.

Task

Stroke (lower functioning
group)

Stroke (higher functioning
group) Healthy group

CMC (SD) RMSE (SD) CMC (SD) RMSE (SD) CMC (SD) RMSE (SD)

Task 1
Bring hand to ear

Shoulder 0.53 (0.08) 22.3 (9.3) 0.68 (0.06) 26.9 (18.6) 0.89 (0.10) 8.2 (5.2)

Elbow 0.31 (0.12) 38.7 (13.8) 0.39 (0.07) 15.2 (6.5) 0.88 (0.07) 10.5 (3.3)

Task 2
Hand to opposite knee

Shoulder 0.67 (0.09) 12.1 (7.7) 0.65 (0.11) 16.1 (9.3) 0.92 (0.05) 5.8 (2.4)

Elbow 0.38 (0.08) 37.4 (10.0) 0.53 (0.06) 13.8 (5.6) 0.89 (0.08) 9.4 (5.2)

Task 3
Shoulder flexion to 90°

Shoulder 0.51 (0.06) 28.9 (15.2) 0.78 (0.05) 26.3 (12.3) 0.78 (0.07) 15.7 (8.2)

Elbow 0.29 (0.05) 33.6 (18.4) 0.61 (0.10) 24.2 (15.9) 0.88 (0.11) 11.3 (6.5)

Task 4
Shoulder flexion to 180°

Shoulder 0.25 (0.11) 41.2 (19.0) 0.62 (0.09) 21.2 (12.7) 0.87 (0.05) 14.4 (7.2)

Elbow 0.27 (0.07) 28.9 (11.4) 0.86 (0.13) 19.9 (9.3) 0.92 (0.03) 11.2 (6.8)

Task 5
Shoulder abduction to 90°

Shoulder 0.56 (0.10) 22.7 (13.9) 0.71 (0.11) 14.1 (6.8) 0.88 (0.11) 15.2 (8.6)

Elbow 0.27 (0.08) 35.8 (16.2) 0.53 (0.15) 23.2 (10.0) 0.91 (0.05) 9.1 (5.4)

Task 6
Hold a pouch (for 10 s)

Shoulder 0.30 (0.09) 33.6 (14.5) 0.67 (0.10) 18.4 (7.9) 0.82 (0.06) 10.4 (7.7)

Elbow 0.46 (0.11) 28.9 (9.2) 0.80 (0.11) 11.2 (5.2) 0.83 (0.09) 8.6 (4.8)

Task 7
Finger-to-nose test

Shoulder 0.39 (0.10) 27.8 (12.7) 0.49 (0.13) 20.9 (11.4) 0.83 (0.05) 10.1 (5.3)

Elbow: 0.23 (0.06) 43.2 (22.6) 0.44 (0.07) 16.5 (9.7) 0.80 (0.09) 7.8 (4.2)

Note: CMC: coefficient of multiple correlation; RMSE: root mean square error.
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ATP differences in the shoulder and elbow during Tasks 3,
4, and 5 were key predictors of upper limb function. Results
were consistent across cross-validation, with an average
accuracy of 86.3% (SD= 2.7%). The SVMmodel classified
participants into four functioning levels according to
FMA-UE scores. Table 5 summarizes the SVM coefficients
and optimal cutoff scores, with Tasks 3, 4, and 5 ranked
highest. The cutoff scores showed over 90% sensitivity
for the three stroke functioning groups based on the bilateral
elbow angle difference in Task 5.

The kinematic data captured by the MMC system in the
outdoor environment contained a significant number of
noise signals and missing data points, which hindered the
formation of a complete angular waveform. Over half of
the data had to be discarded due to noise signals. Due to
the significant amount of outdoor data discarded, analysis
of the outdoor data could not be performed. Figure 3(a)
and (b) depicts the angular waveform extracted from a par-
ticipant performing two tasks outdoors, demonstrating the
noise signals and missing data points captured by
the MMC system in the outdoor area. Figure 3(c) depicts
the complete angular waveform of the same participants
performing the task indoors.

Discussion
In this study, we found that the MMC system detected sig-
nificant differences in joint angles at task completion
between the affected and non-affected sides of stroke survi-
vors in all selected tasks, except for shoulder angles in the

“bring hand to the same side of the ear” task among those
with lower upper limb function. The affected side showed
significant limitations in shoulder and elbow ranges, likely
due to limited control, spasticity, or muscle weakness post-
stroke.22 There were no significant differences between the
dominant and non-dominant hands of healthy participants
in most tasks. The CMC and RMSE values indicated greater
differences between the affected and non-affected sides in
stroke survivors with lower upper limb functioning com-
pared to those with higher functioning. Our findings suggest
that the MMC system in mobile devices is sensitive to cap-
turing the kinematic differences between affected and non-
affected sides, indicating its potential to provide kinematic
information that distinguishes upper limb function levels
in stroke survivors. The MMC system on a mobile device
might hence serve as an alternative screening tool for motor
ability in post-stroke patients, given that it can effectively
detect symptomatic movements based on ROM differences
and movement pattern variations.

All the selected classifiers achieved sensitivities above
0.84 based on joint angles from the affected side in lower
and higher functioning classification, based on the
FTHUE (FTHUE level five or above= higher functional
level; FTHUE level four or below= lower functional
level).23 Our results indicate that combining the MMC sys-
tem with machine learning can effectively distinguish
between higher and lower levels of upper limb impairment
in stroke patients.24 Additionally, our AI models, trained on
performance differences between affected and non-affected
limbs, showed sensitivities above 0.89 and specificities of at

Table 4. Classification performance of the machine learning models (classification of lower and higher functioning level according to the
FTHUE).

Model Sensitivity (95% CI) Specificity (95% CI) AUC (95% CI)

By ATP

LG 94.6% (75.7%–98.4%) 94.3% (73.2%–96.2%) 0.94 (0.83–0.98)

NB 91.2% (83.2%–95.1%) 92.8% (69.3%–93.2%) 0.91 (0.80–0.94)

SVM 93.4% (71.3%–98.1%) 91.0% (69.2%–93.8%) 0.91 (0.81–0.92)

DT 85.2% (65.6%–88.4%) 87.3% (66.3%–89.4%) 0.86 (0.73–0.90)

By ATP difference between the two sides

LG 96.3% (80.1%–98.6%) 96.5% (78.4%–98.4%) 0.97 (0.83–1.00)

NB 94.1% (79.8%–96.7%) 93.0% (71.4%–94.3%) 0.93 (0.79–0.96)

SVM 97.1% (84.2%–98.6%) 96.5% (77.3%–97.9%) 0.97 (0.88–1.00)

DT 89.2% (80.0%–91.2%) 90.8% (67.0%–93.4%) 0.90 (0.77–0.93)

Note: ATP: angles in the target positions; NB: Naive Bayes; DT: decision tree; LG: logistic regression; SVM: support vector machine.
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Table 5. Optimal cutoff score, coefficient, sensitivity, and specificity for each parameter in SVM classification (according to the
FMA-UE).

Parameter (joint/
completion time) Task

Optimal cutoff score
(degree of angle
differences between two
sides)

Sensitivity
(recall) (%)

Specificity
(%)

SVM weight
(coefficient)

Shoulder Task 1 0.34

Lower functioning group 5.4 79.8 75.3

Moderate functioning group 12.6 81.4 80.3

Higher functioning group 15.3 88.7 82.4

Task 2 0.12

Lower functioning group 2.9 54.1 47.3

Moderate functioning group 5.6 55.8 52.0

Higher functioning group 7.3 63.7 72.1

Task 3 −4.26

Lower functioning group 42.1 92.3 89.6

Moderate functioning group 15.0 86.6 83.7

Higher functioning group 7.7 88.9 85.8

Task 4 −3.13

Lower functioning group 39.9 92.6 88.5

Moderate functioning group 28.3 92.5 83.1

Higher functioning group 11.7 89.7 87.4

Task 5 −5.17

Lower functioning group 30.8 89.2 84.5

Moderate functioning group 13.5 90.0 87.2

Higher functioning group 8.5 88.8 90.1

Task 6 −3.82

Lower functioning group 40.1 88.2 85.7

Moderate functioning group 21.1 86.7 89.1

Higher functioning group 10.5 85.2 83.5

Elbow Task 1 −0.66

Lower functioning group 30.8 77.5 71.8

Moderate functioning group 12.1 79.9 75.7

(continued)
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Table 5. Continued.

Parameter (joint/
completion time) Task

Optimal cutoff score
(degree of angle
differences between two
sides)

Sensitivity
(recall) (%)

Specificity
(%)

SVM weight
(coefficient)

Higher functioning group 5.4 73.3 70.1

Task 2 −0.75

Lower functioning group 19.1 88.3 80.2

Moderate functioning group 7.1 71.8 79.4

Higher functioning group 5.6 77.5 74.2

Task 3 −4.35

Lower functioning group 40.2 93.9 91.0

Moderate functioning group 20.3 87.2 88.4

Higher functioning group 10.8 89.1 82.3

Task 4 −5.03

Lower functioning group 43.4 93.4 82.1

Moderate functioning group 22.4 83.2 90.5

Higher functioning group 12.2 95.6 91.2

Task 5 −6.14

Lower functioning group 59.1 97.6 93.6

Moderate functioning group 24.3 90.5 96.3

Higher functioning group 11.9 92.6 89.2

Task 6 −5.77

Lower functioning group 53.7 97.5 96.3

Moderate functioning group 20.8 91.6 86.8

Higher functioning group 13.1 89.5 95.2

Completion time (s) Task 7 −1.52

Lower functioning group 5.36 95.6 92.5

Moderate functioning group 2.83 88.2 81.3

Higher functioning group 2.10 83.1 87.3

Note: SVM: support vector machine; FMA-UE: Fugl–Meyer Assessment for the Upper Extremity; lower functioning group (FMA-UE< 31); moderate
functioning group (31≤ FMA-UE≤ 52); higher functioning group (FMA-UE> 52).

Lam et al. 13



least 0.90, indicating excellent performance.25 Classifying
based on these performance differences yielded higher sen-
sitivity than considering only the affected side. One pos-
sible explanation for this result is that the non-affected
hand typically reflects how an individual normally performs
a motor task. Thus, comparing angular differences between
the affected and non-affected sides may indicate how much
the hemiparetic limb deviates from normal performance. A
smaller difference suggests better recovery of motor func-
tion on the affected side and hence a higher functional level
in classification.

In addition to FTHUE classification, FMA-UE scores
were used to evaluate intervention effectiveness which
supports the evidence-based practices for therapists.
The SVM classifier identified optimal cutoff points for
predicting FMA-UE performance, revealing that the
lower functioning group had bilateral elbow angle dif-
ferences exceeding 20°, while the higher functioning
group had differences under 15° in most of the selected
tasks. The SVM model highlighted that Tasks 3, 4, and
5, which involve specific elbow positions during shoul-
der movements, significantly contribute to functional
classification. In contrast, tasks with minimal upper
limb activity, such as the “hand to opposite knee”
task, were less predictive of FMA-UE scores.
Therefore, we recommend careful selection or combin-
ation of tasks for analyzing stroke survivors’ hemiplegic
recovery, especially when comparing the non-affected
side. The machine learning model suggests that combin-
ing the MMC system with classifiers can effectively dis-
tinguish upper limb function in stroke patients through a
limited number of tasks, which can hence facilitate rapid
screening of motor function in monitoring rehabilitation
progress.

Although only seven tasks from the standardized upper
limb assessment were selected, they are representative of
the common functional tasks in standardized upper limb
assessments, such as the FTHUE, FMA-UE, and WMFT.
These seven tasks were chosen in this study due to their
nature of being straightforward to administer, making
them suitable for home settings where resources and super-
vision are limited. In addition, our tracking algorithm only
included large joints in order to test its ability to identify and
analyze participants’ gross motor abilities; mainly gross
movements performed by the shoulder and elbow joint
angles were investigated in this study. Future studies could
consider tracking more complicated features, such as the
contour of the hand and fingertips, so as to determine
the ability of the MMC system to capture and analyze the
movement of the wrist and the fine motor ability of stroke
survivors.

Our findings indicate that kinematic data captured by
the MMC system outdoors is affected by noise, back-
ground clutter, and light intensity.26 The MMC often loses
track of the target participant’s joints when pedestrians

pass by, misidentifying the pedestrian’s limbs as the limbs
of the target participant. A cluttered background can also
confuse the system, which sometimes interprets tree
branches as human limbs. Dim lighting results in sparse
waveforms with missing data points as insufficient light
hampers the capture of clear images, which affects track-
ing accuracy. We therefore recommend positioning the
MMC in front of a plain background with adequate light-
ing and no moving objects to enhance data quality.
Modifying the feature extraction function and including
an initial calibration step may further improve joint identi-
fication and tracking accuracy.

The overall results of our study are consistent with pre-
vious recommendations by Bonnechère and colleagues27

that an MMC system could be utilized to evaluate the upper
limb motor performance of stroke survivors. Although it
might not be appropriate for motion capturing in outdoor
areas with a cluttered background, the kinematic data cap-
tured in a structured indoor environment provides a high
level of sensitivity in regard to upper limb function classifi-
cation. Although our study employed three iPad Pro devices
to capture kinematic information from multiple angles,
stroke survivors have the flexibility to utilize a single iPad
Pro or their personal mobile device for motion capturing
in a home setting. The use of three iPad Pro devices was
solely intended to capture movements from diverse per-
spectives, while individuals can easily adjust the capturing
angle independently when employing a single mobile
device. Together with its portability, user-friendly setup,
and low cost, an MMC system on a mobile device can
facilitate remote monitoring of motor recovery during tele-
rehabilitation.28 Additionally, the precise data collected
could enable therapists to conduct regular screenings of
patients’ functional abilities at home, reducing the need
for frequent clinic visits.

Even though current studies support the utilization of
MMC technology in telerehabilitation, researchers must
close the gap between research findings and the real-life
implementation of MMC technology in order to promote
its actual adoption in remote rehabilitation programs in
the future. Future research should focus on designing a
user-friendly interface that enables patients to operate
the MMC system and transmit data to therapists
effectively.

Limitations
This study employs data from 49 healthy adults and 50
stroke survivors. The sample size is considered small for
training and testing machine learning models. Second, the
ratio of stroke survivors with different functioning levels
was not balanced. Future experiments examining the actual
effect of different light levels on motion tracking quality in
MMC systems are still warranted.
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Conclusion
This study utilizes an MMC system on a mobile device to
detect significant differences in the affected upper limbs
of stroke survivors and healthy adults. The data provided
by the MMC system reflects significant kinematic differ-
ences between the stroke survivors with lower upper limb
functioning and those with higher functioning in all of the
selected tasks. Strong correlations were found between
upper limb motor assessment scores and kinematic perform-
ance. Combining the MMC system with a machine learning
classification algorithm can provide precise data for evalu-
ating upper limb recovery during telerehabilitation. Further
research on the use of MMC systems by patients in home
settings is warranted.
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CMC coefficient of multiple correlation
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Appendix 1. Details of the statistical
analysis
Kinematic data, including completion time, angular wave-
forms, and joint angles at target positions, were extracted
from the MMC system. The first trial in each task was a
practice trial and was excluded from analysis. Averages
from the second to fifth trials were used for statistical ana-
lysis. Comparisons of the joint angles in the target positions
(ATP) were carried out using independent t-tests between:
(a) the affected side and the unaffected side in the stroke
population; and (b) the affected side in the stroke population
and the dominant side in their healthy counterparts.
Comparisons of the completion times in Task 7 and the
ATP in Tasks 1 to 6 were carried out between the affected
side in the stroke population with the higher functional level
(FTHUE level five or above), the stroke population with the
lower functional level (FTHUE level four or below), and the
dominant side of the healthy subjects, using an ANOVA
with post hoc comparison. Differences in the angular wave-
forms between the affected hand and the unaffected hand in
the stroke population, and the two sides of the healthy sub-
jects, were compared using the coefficient of multiple cor-
relation (CMC) and the root mean square error (RMSE).
Correlations between the assessment results corresponding
to the actions and the completion times for Task 7, the
ATP, and the CMC values were evaluated using
Pearson’s r correlation. The linear support vector machine
(SVM) used a linear kernel. l2 regularization was imple-
mented using a logistic regression model. The cutoff scores
for each class were chosen by considering the cutoff that
maximizes the F1 score balancing precision and recall.
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