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Reliability and Validity of IMU-Derived Kinematic
Metrics of a Drinking Task in Stroke Survivors
and Healthy Individuals

Sahel Akbari*, Johannes B. J. Bussmann™, Arkady Zgonnikov”, Member, IEEE, Erik Grauwmeijer,
Marc Evers, and Herwin L. D. Horemans

Abstract—Upper extremity (UE) impairment is a
common consequence of stroke, restricting daily activities.
Clinical assessments such as the Fugl-Meyer Assessment
(FMA) and the Action Research Arm Test (ARAT) are widely
used but are typically therapist-administered. Inertial
measurement units (IMUs) provide a portable, objective
method to quantify upper limb kinematics and may
therefore support scalable tele-rehabilitation. Yet, evidence
on their reliability, validity, and clinical relevance remains
limited. This study evaluated the test—retest reliability,
discriminant validity (vs. healthy controls), and convergent
validity (correlation with FMA and ARAT) of eleven
IMU-derived kinematic metrics during a standardized
drinking task in individuals with subacute stroke. Fifteen
stroke patients and fifteen healthy controls performed the
task wearing four IMUs on the upper limb and sternum.
Both joint and end-point kinematics were derived using
the Madgwick sensor fusion algorithm. Reliability was
assessed through intraclass correlation coefficients (ICCs),
discriminant validity through linear mixed models (LMMs),
and convergent validity through Pearson’s correlations
and regression models. Most metrics showed good to
excellent reliability (ICC> 0.75), except for shoulder
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abduction (ICC=0.18) and maximum elbow angular velocity
(ICC=0.65). All but shoulder abduction demonstrated
significant discriminant validity. Movement time and
measures of smoothness correlated moderately to strongly
(r>.67) with ARAT and FMA. These findings indicate
that IMU-derived metrics during a standardized drinking
task provide reliable, valid, and clinically meaningful
insights into post-stroke motor status, and may offer
supplementary information for movement assessment
beyond conventional clinical scales.

Index Terms— Stroke, upper extremity (UE), inertial mea-
surement units (IMU), kinematics, assessment, drinking
task, reliability and validity.

|. INTRODUCTION

TROKE is a leading cause of disability worldwide, with
S upper extremity (UE) impairment being a common conse-
quence that significantly affects daily activities [1], [2]. These
impairments result in poor motor control, reduced functional
capacity, and limitations in performing activities of daily living
(ADLs) [3]. Therefore, restoring UE function is a critical
component of post-stroke rehabilitation aimed at maximizing
recovery [4].

Effective UE rehabilitation requires comprehensive, multi-
dimensional assessment scales to evaluate and interpret motor
recovery [5]. The International Classification of Functioning,
Disability, and Health (ICF) [6] provides a structured frame-
work that evaluates body function (e.g., paresis, spasticity),
capacity (e.g., the ability to drink from a glass in a controlled
setting), and real-life performance (e.g., the frequency and
effectiveness of using the impaired limb during ADLs) [7],
[8]. In alignment with this framework, standardized clinical
assessment tests are beneficial for monitoring upper limb
function and capacity, guiding rehabilitation, and providing
extra information on UE recovery [9]. Among the most
widely used tools are the Fugl-Meyer Assessment (FMA),
which assesses body function, and the Action Research Arm
Test (ARAT), which evaluates capacity [10], [11], [12].
Both tests consist of structured evaluation items and are
typically administered by a physiotherapist or occupational

therapist.
However, therapist-administered assessments require
in-person visits, making them time-consuming, costly,

and, in many cases, infrequently applied. Consequently,
home-based and tele-rehabilitation approaches have emerged
to extend therapy beyond the clinic, allowing more
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frequent assessments and timely feedback in real-world
settings [13], [14]. Furthermore, therapist-administered
assessments are subjective and prone to interpretation
variability [15]. Therefore, there is a need for objective,
quantitative approaches, such as kinematic analysis, that
can provide reliable and repeatable measures of movement
performance in both clinical and remote settings [16], [17],
[18].

According to the literature, many studies have utilized
exoskeletal or motion capture systems to analyze kinematics
[19], [20], [21], [22]. However, these systems require
complex, lab-based setups, limiting their applicability for tele-
rehabilitation and home environments. In contrast, lightweight
and portable wearable sensors are increasingly used in stroke
tele-rehabilitation and home-based recovery [23], [24]. Among
these, inertial measurement units (IMUs) are particularly suit-
able for assessing upper extremity kinematics, as they capture
both linear and rotational movements [25], [26]. Despite their
clear potential, the clinical adoption of IMUs for assessing
UE kinematics remains limited. In addition to the absence of
standardized protocols for rehabilitation use [27] and limited
evidence linking IMU-derived metrics to clinically meaningful
functional outcomes [28], [29], practical challenges such as
the use of multiple sensors, required calibration procedures,
and the lack of automated data processing pipelines for
clinically relevant metrics may further hinder routine clinical
implementation.

Since IMU-derived kinematic metrics are task-specific,
selecting a standardized and purposeful task is crucial for clin-
ical applicability [30], [31]. The 2019 stroke rehabilitation task
force recommended the drinking task as an ideal standardized
assessment due to its pre-learned nature [32]. While optical
motion capture systems are considered the gold standard due to
their precision and established value for clinically meaningful
assessment, their laboratory-based nature has motivated the
use of IMUs, despite ongoing challenges in setup and data
processing. A recent study has shown strong associations
between IMU- and optically derived kinematics and evalu-
ated agreement relative to clinically meaningful differences in
stroke patients performing the drinking task [33]. Additionally,
another study demonstrated strong associations between IMU-
derived outcomes from the finger-to-nose task and clinical
scores such as the FMA and ARAT in stroke patients [34].
Although such findings are encouraging, essential knowledge
regarding the measurement properties and clinical relevance
of IMU-derived kinematic metrics during the standardized
drinking task remains lacking.

Our study, therefore, aimed to evaluate the reliability and
validity of eleven IMU-derived kinematic metrics during a
standardized drinking task, as a step toward more accessible
and objective assessment of upper-limb function. More specifi-
cally, we aimed to assess the test-retest reliability, discriminant
validity through comparison with a healthy control group,
and convergent validity with clinical FMA and ARAT scores.
Beyond these research aims, our study also addresses a critical
methodological gap in the field: the lack of a standardized
pipeline for processing IMU data in this context. To that end,

we present a detailed methodology for extracting meaningful
angular and endpoint kinematic metrics from raw IMU data.

I[I. METHODOLOGY
A. Participants

We included fifteen individuals with mild to moderate
subacute stroke and fifteen healthy controls through sepa-
rate recruitment procedures. Stroke patients were recruited
from inpatient rehabilitation in the subacute phase at the
Rijndam Rehabilitation Center and met the following cri-
teria: FMA-UE> 32/66, sufficient grasping ability to hold
the instrumented cup, age> 18 years, proficiency in Dutch
or English, and the ability to complete the drinking task at
least five times. Exclusion criteria included severe cognitive
deficits, severe aphasia affecting communication, insufficient
sitting balance to perform the task, and severe upper-limb
impairments (e.g., pronounced spasticity, impaired coordina-
tion, or motor planning deficits) that would prevent execution
of the task. Ethical approval was obtained from the Ethics
Committee of Erasmus Medical Center (MEC-2024-0640,
Towards@HomeRehab). Unmatched healthy controls with no
history of brain injury or limb paralysis were recruited under
separate approval from the Human Research Ethics Committee
of Delft University of Technology (application no. 4189).
Measurements were conducted at the Rijndam Rehabilitation
Center for both groups. All participants provided written
informed consent prior to their participation in accordance
with the Declaration of Helsinki.

A priori ICC-based sample size estimation (py = 0.70,
p1 = 0.90, @ = 0.05, power = 0.80, five repetitions, [35])
indicated a minimum of 13 participants, increasing to 15 when
accounting for a 10% dropout rate, thereby justifying the
inclusion of fifteen patients alongside fifteen controls.

B. IMU Measurement

We employed four QSense 9DOF motion tracking sensors
(2ZM Engineering, [36]), each integrating a 3-axis accelerom-
eter, gyroscope, and magnetometer. These IMUs were placed
on the dorsal side of the affected arm in stroke patients and the
dominant arm in healthy controls. They were arranged distally
to proximally on the hand (along the third metacarpal), distal
forearm (proximal to the wrist), distal upper arm (proximal
to the lateral epicondyle), and over the upper trunk at the
mid-sternum (Fig. 1a, 1b). Sensors were attached using small
adhesive stickers (similar to EEG stickers) without affecting
movements and leaving visible marks after removal, ensuring
no visual cues for retest placement. Data were sampled at
50 Hz and transmitted via Bluetooth to a computer running
the QSense Motion Application.

C. Experimental Protocol

We employed the standardized 3D drinking task rec-
ommended by the stroke rehabilitation round-table [32].
Participants sat on a chair with back support in front of a
height-adjustable table, with hips and knees at 90°, the arm in a
neutral adducted position, and the elbow at 90° flexion with the
hand resting on the table surface without shoulder elevation.
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(b) The static calibration movement with the defined anatomical
segment frames.

Fig. 1. Calibration movements and the defined anatomical segment
frames. Sensor placements are indicated in the images.

The task consisted of five phases: reaching to grasp, grasping
and transporting the cup to the mouth, drinking, transporting
the cup back, and returning the hand to the initial position.
A cup (hard-plastic, diameter 67 cm, height 9-10 cm) was
centered at a standardized distance of 30 cm from the table
edge and filled with 100 mL of water (healthy subjects) or
100 g of modeling clay (stroke patients) to match weight and
prevent spillage. The task was performed at a self-paced speed,
and all trials were video-recorded for subsequent annotation.

1) Patient Protocol: Patients completed two calibration
movements followed by five repetitions of the drinking task
during the “Test” session, with five-second pauses between
repetitions. Afterward, the streaming app was turned off, and
sensors were removed and reattached by a blinded researcher

at predefined positions for the “Retest” session, during which
the same procedure was repeated. The time between test
and retest sessions was not measured, but was estimated to
be 30 minutes on average. Calibration comprised a dynamic
movement (leaning forward and holding 45° trunk flexion with
arms extended for five seconds; (Fig. 1a) and a static posture
(elbow flexed 90°, thumb up, fist on the table; Fig. 1b) to
align sensor orientations with corresponding segment frames,
as described by Bhagubai et al. [37]. Assistance was provided
during calibration when necessary.

2) Healthy Protocol: Healthy participants followed the same
protocol, including both calibration movements, performing
ten drinking task repetitions separated by five-second pauses
in a single session.

D. Kinematic Variables Construction

Upper extremity movement kinematics were categorized
as joint or end-point kinematics. Joint kinematics describe
joint-level motion and coordination, whereas end-point kine-
matics represent the segment’s resultant trajectory and are
summarized using metrics such as movement time, velocity,
and smoothness [30], [38], [39], [40]. Both are valuable
for assessing post-stroke impairments and recovery. The full
kinematic variables construction pipeline was implemented in
MATLAB-R2024b, and a detailed definition of each metric
category is provided below:

1) Joint Kinematics: We selected three joint angles and one
angular velocity metric to represent joint kinematics: maxi-
mum elbow extension and shoulder flexion during reaching,
maximum shoulder abduction during drinking, and maximum
elbow angular velocity during reaching. Joint angle metrics
represent the maximum angle at a specific phase (e.g., during
reaching or drinking), rather than the total range of motion dur-
ing the task. Elbow full extension during reaching was defined
as 0°, and the reaching phase as the period from movement
onset to maximum elbow extension, identified from the elbow
joint angle profile, and confirmed by a preceding hand’s linear
velocity peak and subsequent linear velocity drop indicating
hand stabilization at cup contact. The drinking phase was
defined as the moment of minimum elbow extension and hand
stabilization at the mouth, typically occurring after two linear
velocity peaks. These definitions were applied consistently
across all kinematic metrics. Similar metrics have been utilized
by previous studies [30], [40], [41], and were recommended
by the Stroke Recovery and Rehabilitation Roundtable [32].

Since IMUs capture linear accelerations and angular veloc-
ities in a local 3D sensor frame, several processing steps were
required to estimate segment orientations in the global body
frame. These steps included sensor-to-segment calibration,
defining the initial segment orientation in the global body
frame, and estimating segment orientation in the defined
global body frame over time using a refined Madgwick
sensor fusion algorithm. While based on the approach by
Bhagubai et al. [37], our methodology incorporates specific
adjustments tailored to our selected calibration movements. A
detailed description of the full processing pipeline is provided
in Appendix VI-A, and has been illustrated in Fig. 2. The final
outcomes of this pipeline are orientations of each segment over
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Fig. 2. Flowchart illustrating the steps required for kinematic variables construction.

time, expressed in the global body frame and represented in
quaternion form (Qglobal, Equations 8, 9 from Appendix VI-A).

a) Joint angles calculations: Elbow extension, shoulder
flexion, and shoulder abduction joint angles were calculated
using Qgiobal (Appendix VI-A), derived from Madgwick algo-
rithm. The relative quaternion between the distal (target) and
proximal (reference) segment of each joint was determined by:

-1
Orelative = O eference ® Qtarget Q)

where ® represents quaternion multiplication, and:

e Reference: Upper arm segment for the elbow joint, ster-
num segment for the shoulder joint.

e Target: Lower arm segment for the elbow joint, upper arm
segment for the shoulder joint.

Since the upper arm and sternum segments are defined in
different reference frames (see Fig. 1a and 1b), the upper arm
orientation was first transformed to align with the sternum
frame prior to computing the relative quaternion (Table I,
Rotation Matrix Corrections). Joint angles were then obtained
by converting the resulting relative quaternion to Euler angles,
following quaternion multiplication and selecting the appropri-
ate rotation axes and conventions, as detailed in Table I. These
conventions were chosen based on the principle of applying
the rotation with the greatest expected range of motion first.
b) Maximum Elbow Angular Velocity During Reaching: The
elbow angular velocity was calculated as the first time deriva-
tive of the elbow joint angle. However, the angular velocity
signal derived from the derivative can be noisy due to small
measurement errors or inherent joint angle fluctuations. To
reduce this noise, we applied a smoothing function (e.g.,
moving average filter) to the elbow angular velocity signal.

N

1
Wsmootn(1) = 5 Y (1t +1) 2)

i=—N

where N is the window size used for smoothing and w(z + i)
represents the angular velocity at time ¢ 4 i, where the sum
is taken over the range of the window. A window size of
N = 30 samples was used. Finally, the maximum elbow
angular velocity during the reaching phase is identified by
taking the Peak of wsmooth(t) from [tstart, treaching]-

2) End-Point Kinematics: End-point kinematic metrics are
derived either directly or indirectly from linear acceleration
data. First, raw acceleration data recorded in the local sen-
sor frame were transformed into the corresponding segment
coordinate frames using the sensor-to-segment rotation matrix
(Equation 3 and Equation 7 from Appendix VI-A). Next,
these segment-frame accelerations were introduced relative to
the global body frame by applying each segment’s rotation
matrix in the global coordinate system (Equation 4). The Rgjopal
rotation matrices were obtained from the Madgwick algorithm
in quaternion form and subsequently converted into rotation
matrices (Equation 9 from Appendix VI-A). As a subsequent
step, the gravity vector (g = [0,0,9.81]) was subtracted from
the global-frame acceleration signals to minimize integration
drift during velocity calculation (Equation 5). Fig. 2, represents
the flowchart of the processing steps.

ACCseg = Ryensor2seg * AcCsensor 3)
Accglobal = Rglobal : Accseg €]
FreeAccgiopat = AcCgiobal — [0, 0,9.81] 5

Finally, the FreeAccgopa Was integrated using the
trapezoidal method to compute the linear velocity of each
segment relative to the global coordinate system. The drifts
resulting from integration were corrected following two
steps: 1- Assuming zero velocities for rest periods, between
the repetitions (ZUPT method), 2- Applying a moving average
filter to the norm of velocity (window-size= 30).

Therefore, the end-point kinematic metrics analyzed in this
study are described as follows. We included three smoothness
metrics: number of movement units (NMU), computed over
the entire task to capture overall movement fluency, and log
dimension-less jerk (LDLJ) and spectral arc length (SPARC),
calculated only during the reaching phase, where movement is
continuous. Restricting SPARC and LDLJ to this movement
phase prevents non-motor task components from confound-
ing the smoothness estimates. LDLJ covers the time-domain
and SPARC covers the frequency-domain of movement
smoothness.

a) Smoothness, Number of Movement Units (NMU), During
Full Task: NMU was defined as velocity peaks in the hand’s
linear velocity profile exceeding 20 mm/s and separated by at
least 150 ms. In the drinking task, five units were generally
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expected, including the drinking phase (reach to cup, cup to
mouth, drinking, cup to table, retract arm). However, NMU
values could exceed five, with higher values indicating less
smooth, more segmented movements [42].

b) Smoothness, Log Dimension-Less Jerk (LDLJ), During
Reaching: LDLJ quantifies movement smoothness based on the
integral of squared jerk (rate of change of acceleration), nor-
malized by movement duration and amplitude [43], [44]. The
hand’s linear velocity in the global coordinate frame was used
to compute jerk, with more negative LDLJ values indicating
less smooth movements (Equation 10, from Appendix VI-B).

¢) Smoothness, spectral arc length (sparc) during reaching:
SPARC was calculated from the hand’s linear velocity pro-
file [45]. Movements with fewer high-frequency components
produced less negative SPARC values, indicating greater
smoothness (Equation 11, from Appendix VI-B).

d) Peak Hand Linear Velocity During Reaching, (mmys):
Among the peaks (movement units) identified in the hand
segment’s linear velocity profile for each drinking trial, the
largest peak occurring before the end of the reaching phase
was defined as the peak hand linear velocity during reach.

e) Time to First Peak Hand Linear Velocity During Reaching,
(%): Time to first peak hand linear velocity during the reaching
phase, expressed as a percentage of the total reaching duration.

f) Movement Time, (s): The start and end of each trial were
determined from the hand segment’s linear velocity profile.
The start was identified by performing a backward search from
the first velocity peak to the point where the velocity amplitude
exceeded 2% of that peak. Similarly, the end was identified
through a forward search from the last peak to the point where
the velocity dropped below 2% of the last peak.

g) Trunk Displacement, (mm): Trunk displacement during
the entire drinking task was computed as the total forward
(x-direction) displacement of the sternum in the sagittal plane,
obtained by double integrating its linear acceleration in the
global frame. Integration drift was corrected using the same
methods described in Section II-D.2.

E. Clinical Assessment of Upper-Extremity Functioning

Motor function was assessed using the Fugl-Meyer Assess-
ment for Upper Extremity (FMA-UE), which rates isolated
movements both within and outside of synergy patterns, on
a 3-point scale across four sub-scales (arm, wrist, hand,
coordination) with a maximum score of 66 indicating normal
function [10]. Activity capacity was evaluated with the Action
Research Arm Test (ARAT), scoring 19 items across grasp,
grip, pinch, and gross movement categories on a 4-point scale,
with 57 as the maximum score [11]. Both tests were admin-
istered by a trained therapist’s assistant at the rehabilitation
center.

F. Statistical Analysis

1) Test-Retest Reliability Analysis: Test-retest reliability in
the patient dataset was assessed using the intraclass correlation
coefficient (ICC(3,k)), a two-way mixed-effects model evalu-
ating the reliability of mean scores across multiple repetitions
(k) [46]. The retest was completed on the same day to ensure

that reliability reflected stability in the measurement construct
rather than changes in motor performance. The model then
quantifies the consistency of repeated measurements across
two sessions (test and retest) for the same individual while
accounting for between-subject variability (Equation 12,
Appendix VI-B). Each subject was treated as a random
effect, and sessions were fixed effects. Patients with fewer than
three valid repetitions per session were excluded. ICC values
were interpreted as poor (< 0.50), moderate (0.50-0.75), good
(0.75-0.90), or excellent (> 0.90). The analysis was conducted
in Python using the “pingouin” package [47].

Furthermore, to study variability across repetitions in both
healthy subjects and patients, within-subject standard devi-
ations (SDs) were calculated for each kinematic metric.
Considering the expected variability between test and retest
sessions, as well as the potential learning effect from test to
retest session, we used five repetitions from the test session
for patients and the first five of ten repetitions for healthy
participants. This approach ensured comparability of SDs
across both groups. The reported values reflect the average
within-subject SDs across all participants in the group and do
not account for between-subject differences.

2) Discriminant Validity: The discriminant validity of each
kinematic metric was evaluated using linear mixed models
(LMMs), which account for repeated measurements within
participants. Following the same approach as for within-
subject SDs, five test-session repetitions were used for patients,
and the first five of ten for healthy participants. Each kinematic
metric was designated as the dependent variable. Condition
(Stroke vs. Healthy), Repetition, Age, the Condition x Repe-
tition and the Condition x Age interactions were included as
fixed effects, with participants specified as the random effect
in the model. Given the substantial age difference between
groups, age was included as a covariate to ensure that group
differences were not confounded by age-related effects. The
model is formulated as follows (Equation 6).

Kinematics Metric; jx
= fo + B1 x Condition; + > x Rep;,
+ B3 x (Condition; x Rep;)
+ B4 x Age, + Bs x (Condition; x Age,)
+ (1|Participant,) + € (6)

In this model, Kinematics Metric; j; denotes the kinematic
outcome for the k-th Participant (with specified Age) of
the i-th Condition (healthy vs. stroke) on the j-th Repe-
tition (1 through 5). The term (1|Participant,) models the
participant-specific random effect, and ¢ ;; is the resid-
ual error term. The LMM was designed in Python using
“statsmodels.mixedlm” package. To enable a meaningful com-
parison across metrics with different scales, the effect sizes
corresponding to the condition (8;) were normalized by each
metric’s value range, and, along with their corresponding
normalized 95% confidence intervals (Cls), are presented
visually as a forest plot.

3) Convergent Validity of Kinematics With Clinical Scores:
To assess the convergent validity, Pearson’s correlation
coefficient () was calculated between the mean values of
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TABLE |
EULER ANGLE CONVENTIONS AND ROTATION AXES FOR JOINT ANGLE CALCULATIONS
l}\(/}ztrl&n Rotation
Distal Proximal Correction Euler Axis
Joint Angle (Target) (Reference) Angle (of proximal
(Upper arm frame L
Segment Segment Convention segment
transformed to
frame)
sternum frame)

Elbow Z-axis
Flexion/ Lower arm | Upper arm — 7YX (upper arm

Extension frame)

Shoulder 0 1 0 Y-axis

Flexion/ Upper arm Sternum R=]10 0 -1 YXZ (sternum
Extension -1 0 0 frame)
Shoulder 0 1 0 X-axis
Abduction/ | Upper arm Sternum R=]10 0 -1 XYZ (sternum
Adduction -1 0 0 frame)
TABLE Il
DEMOGRAPHICS AND CLINICAL CHARACTERISTICS
Characteristics Stroke (n=15) Healthy (n=15)

Age (years)

Gender (F/M)

Days since stroke

Type of stroke (ischemic/hemorrhagic)
Dominant side (R/L)

Paretic side (R/L)

Total FMA-UE score (0-66)

Total ARAT score (0-57)

61.1 + 8.8
3/12
39.1 £ 175
1372
1372
10/5
54.6 £ 8.6
46.4 £ 12.6

30.7 £ 129
10/5

13/2

TABL
TEST—RETEST RELIABILITY RESULTS BASED ON ICC(3,K) FOR STR

E I
OKE PARTICIPANTS (n =15 FOR ALL METRICS EXCEPT SHOULDER

ABDUCTION WHERE n = 12).* = GOOD RELIABILITY; ** = EXCELLENT RELIABILITY

Metric ICC 95% CI

Elbow Extension (°) 0.88%* [0.66, 0.96]
Shoulder Flexion (°) 0.77* [0.34, 0.92]
Shoulder Abduction (°) 0.18 [-1.55, 0.74]
Maximum Elbow Angular Velocity During Reach (°/s) 0.65 [0.34, 0.87]
Number of Movement Units (NMU) 0.91**  [0.76, 0.97]
Log Dimension-Less Jerk (LDLJ) 0.90**  [0.70, 0.96]
Spectral Arc Length (SPARC) 0.93**  [0.80, 0.98]
Peak Hand Linear Velocity During Reach (mm/s) 0.95**  [0.88, 0.99]
Time to First Peak Velocity During Reach (%) 0.77* [0.36, 0.92]
Movement Time (s) 0.85% [0.60, 0.95]
Trunk Displacement (mm) 0.98**  [0.96, 1.00]

II1. RESULTS

five repetitions for each kinematic metric from the test
session and the total scores of the FMA-UE and ARAT.
Correlations were interpreted as strong when r > 0.75,
moderate when 0.50 < r < 0.75, and low when r < 0.50.
The threshold for considering the multicollinearity among
the kinematic metrics was set at 0.7 for -correlation
coefficients.

After exploring Pearson’s correlations and accounting for
multicollinearity, the kinematic metrics most strongly corre-
lated with clinical scores were entered as independent variables
into a backward multiple regression model to examine their
association with the clinical scores [48]. Adjusted R2, corre-
sponding P-values, and unstandardized coefficients (5) were
reported to evaluate each metric’s contribution to the model.
A significance threshold of P < 0.05 was applied.

A. Demographics and Clinical Characteristics

The demographic and clinical characteristics of the par-
ticipants are summarized in Table II. The stroke group was
significantly older and consisted of more males.

B. Test-Retest Reliability Results

Table III summarizes the test-retest reliability results
for stroke patients, calculated using all repetitions from
both the test and retest sessions. In the stroke group,
Trunk Displacement, all three smoothness metrics, and
Peak Hand Linear Velocity During Reach demonstrated
excellent test-retest reliability. Metrics such as Elbow Exten-
sion, Movement Time, Shoulder Flexion, and Time to
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TABLE IV
OVERALL MEAN (SD) ACROSS SAMPLES, AND THE AVERAGE WITHIN-SUBJECT SD ACROSS PARTICIPANTS, FOR ALL ELEVEN KINEMATIC
METRICS ARE PRESENTED. JOINT ANGLE VALUES REPRESENT THE MAXIMUM ANGLE AT A SPECIFIC PHASE (E.G., DURING REACHING OR
DRINKING) AND DO NOT REFLECT THE TOTAL RANGE OF MOTION DURING THE TASK. ELBOW EXTENSION IS PRESENTED AS LIMITED
EXTENSION. SHOULDER ABDUCTION VALUES INCLUDE FEWER SAMPLES (n = 60) AND SUBJECTS (n=12)

Overall Mean (SD)

Avg. Within-Subject SD

Metric
Stroke Healthy Stroke Healthy
Elbow Extension (°) 65.2 (17.1) 24.9 (10.1) 3.6 2.7
Shoulder Flexion (°) 31.2 (9.1) 50.7 (8.9) 2.3 1.4
Shoulder Abduction (°) 42.8 (15.6) 35.8 (19.8) 4.9 4.3
Max Elbow Angular Velocity (°/s) 68.6 (24.8) 118.6 (20.8) 16.6 13.0
Number of Movement Units (NMU) 11.9 (6.2) 6.4 (1.5) 2.5 1.2
Log Dimension-Less Jerk (LDLJ) -6.7 (1.3) -5.5 (0.5) 0.8 0.4
Spectral Arc Length (SPARC) -1.91 (0.34) -1.61 (0.10) 0.23 0.08
Peak Hand Linear Velocity (mm/s) 219.4 (75.8) 290.9 (57.7) 34.4 31.1
Time to First Peak Velocity (%) 0.49 (0.14) 0.63 (0.07) 0.08 0.04
Movement Time (s) 10.8 (3.3) 7.03 (1.06) 1.11 0.52
Trunk Displacement (mm) 31.1 (28.6) 18.6 (9.8) 8.9 5.3
TrunkDisplacement 4 i)—o—(
|
Shoulder abd - ; : . |
SPARC 4 ———— i
1
LD A S i
Peak Hand Velocity - } L 3 { i
1
Time First Velocity Peak Percent 4 e i
NMU - i ——
Peak Elbow Angular Velocity Reach - e i
Movement Time 4 i e
1
Shoulder flex 1 FH———@—— i
1
Elbow Extend | p———
1
*0‘.4 70‘.2 0.‘0 O.IZ 0:4

Normalized Effect Size (Beta / Range)

Fig. 3. Forest plot illustrating discriminant validity between stroke patients and healthy controls based on the normalized effect sizes (84) values
and corresponding normalized 95% Cls from Linear Mixed Model analysis. Values are reported for the case where the condition is “Stroke”.
Metrics with significant group differences are marked in red; non-significant ones are in black. Larger absolute normalized g values reflect stronger
discrimination, while Cls crossing zero indicate no significant group difference.

TABLE V
SUMMARY OF BACKWARD MULTIPLE REGRESSION ANALYSIS FOR THE STRONGLY CORRELATED KINEMATIC METRICS AGAINST THE FMA AND
ARAT CLINICAL ASSESSMENT SCORES (n = 15)

Dependent  Independent  Unstandardized Standardized Partial Unique Standard tvalue  p-value Adjusted
Variables Variables Coefficient (8)  Coefficient (3)  Correlations (%) Error R?
FMA Constant 69.06 - - 4.65 14.85 < 0.001 0.42
NMU -1.22 -0.68 42 0.36 -3.38 < 0.001
Constant 108.53 - - 14.48 7.49 < 0.001
ARAT NMU -1.24 -0.47 6.5 0.52 -2.38 < 0.001 0.84
SPARC 24.75 0.49 7.0 9.98 2.47 < 0.001

First Peak Velocity During Reach showed good relia-
bility, while Maximum FElbow Angular Velocity During
Reach exhibited moderate reliability. Shoulder Abduction
showed poor reliability. High ICC values indicate con-
sistent differences between subjects across sessions. Addi-
tional ICC(3,k) results for healthy participants are provided
in Appendix (VI-B).

Table IV represents the overall means, overall standard devi-
ation (SD), and the average within-subject standard deviations

(SDs) for each kinematic metric. The overall SD reflects the
total variability across all repetitions and participants within
each group, while the average within-subject SD represents
the mean variability within individuals across repetitions,
indicating measurement consistency at the individual level.
Within-subject SDs were consistently lower in healthy par-
ticipants, indicating more stable and consistent kinematic
performance across repeated measurements, whereas stroke
patients showed greater internal variability.
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Fig. 4. Correlation matrix between clinical assessment scores and kinematic metrics (n = 15). * p < 0.05; **p < 0.

C. Discriminant Validity Results

Across all metrics, healthy participants outperformed stroke
participants, indicating greater motor capacity (Table IV).
They showed significantly greater Shoulder Flexion, faster
Peak Hand Linear Velocity, more complete Elbow Extension
(indicated by values closer to 0 °), and shorter task duration
(Table TV). However, stroke participants exhibited greater
movement segmentation and compensation, with higher
Numbers of Movement Units and Trunk Displacement. As
a result of LMMs, the normalized effect sizes (8;) together
with their normalized 95% confidence intervals (Cls), are
displayed in the forest plot shown in Fig. 3. The original
effect sizes and 95%Cls are provided in Table IX in Appendix
(VI-C.2). As illustrated in Fig. 3, all metrics, except Shoulder
Abduction, demonstrated statistically significant discriminant
power between healthy and stroke participants (p < 0.05).

D. Convergent Validity of Kinematics With Clinical
Scores Results

The correlations between kinematic metrics and clinical
assessment scores are presented in Fig. 4. NMU, LDLIJ,
SPARC and Movement Time exhibited strong correlations
with ARAT (r > 0.75, p < 0.01), while the four of them
except LDLJ showed moderate correlations with FMA (0.50 <
r <0.75, p < 0.01). The remaining kinematic metrics did not
show significant correlations with either FMA or ARAT. Due
to high multicollinearity observed between Movement Time
and NMU, and also between SPARC and NMU/LDLJ, only
NMU and SPARC, both showing the strongest correlations
with FMA (r = 0.69, p < 0.01) and ARAT (r = 0.89,
p < 0.01), negatively and positively, respectively, were
included in the backward multiple regression model to avoid
redundancy. Backward multiple regression results (Table V)

indicate that NMU and SPARC are significant determinants
of the total FMA and ARAT scores. For FMA, NMU alone
explained 42% of the variance and showed a standardized
coefficient of B = —0.68, with each unit decrease in NMU
corresponding to a 1.22-point increase in FMA. For ARAT,
NMU and SPARC together explained 84% of the variance,
demonstrating a unique contribution of 6.5% and 7.0%,
respectively. Their standardized coefficients were similar in
magnitude (8 = —0.47 and S = 0.49, respectively). Each unit
decrease in NMU increased ARAT by 1.24 points, and each
0.1-unit increase in SPARC (i.e., a shift from more negative
to less negative values) increased ARAT by 2.47 points.

IV. DISCUSSION
This study evaluated the test-retest reliability, discriminant

validity (vs. healthy controls), and convergent validity with
FMA and ARAT scores for eleven IMU-derived kinematic
metrics obtained from subacute stroke patients during a stan-
dardized drinking task. Overall, the results demonstrated the
potential of IMU-derived metrics to reliably and validly quan-
tify UE movement, although their performance varied across
measures. Smoothness-related metrics, particularly NMU and
SPARC, exhibited the best alignment between test-retest relia-
bility and convergent validity. Elbow Extension and Shoulder
Flexion showed good ICC values and the highest discrimi-
nant validity. Shoulder Abduction demonstrated the poorest
performance with respect to both test-retest reliability and
discriminant validity.

When examining test-retest reliability, most IMU-derived
kinematic metrics in the stroke group showed good to
excellent reliability, except for Maximum FElbow Angular
Velocity ICC = 0.65) and, in particular, Shoulder Abduction
(ICC = 0.18). In general, ICC reliability was lower in
stroke patients than in healthy controls, possibly due to
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lower consistency in patients. Sensor reattachment and
calibration variability, inherent to the measurement procedure
in stroke patients, may have influenced the observed
reliability. These effects may be mitigated in future home-
based applications through simplified sensor placement
guidance (e.g., visual guidance) and more robust or simplified
calibration procedures. Although prior studies have not
assessed similar kinematic metrics during a drinking task
in stroke patients, the results from our healthy controls
reliability analysis (see Appendix VI-C.1) were comparable
to, or better than, those reported by Ohberg et al. [29]
during the drinking task, for Movement Time (ICC: 0.97 vs.
0.93), Shoulder Flexion (0.99 vs. 0.86), Shoulder Abduction
(0.99 vs. 0.93), and Elbow Extension (0.99 vs. 0.68). Stroke
patients also exhibited greater within-subject SDs across
sessions, reflecting less consistent performance.

The discriminant validity analysis revealed significant dif-
ferences between stroke patients and healthy controls for all
metrics, except Shoulder Abduction, discussed in the follow-
ing paragraph. As shown in Fig. 3, our findings align with
Alt Murphy et al. [40], where Movement Time, NMU, and
Maximum Elbow Angular Velocity appear to have a stronger
discriminant power than Trunk Displacement. The weaker
discriminant power of Trunk Displacement suggests that com-
pensatory trunk movements were less dominant in our study,
with a relatively high proportion of patients (10/15) presenting
mild symptoms (FMA-UE> 54 [49]). Further research has to
examine whether Trunk Displacement is more informative in
cohorts with greater impairment or when assessed during more
demanding functional tasks [50].

In both the test-retest reliability and discriminant validity
analyses, the Shoulder Abduction metric showed poorer results
than the other IMU-derived metrics. This likely stems not from
the construct itself but from patients’ measurement issues,
including imprecise execution of the dynamic calibration
movement and unknown noise in the sternum sensor after
transformation to the global body frame. Fig. 5 (Appendix
VI-D) shows how minor deviations in the dynamic calibration
movement, such as a slightly flexed elbow or internally rotated
shoulder, commonly seen in stroke patients, can substantially
distort shoulder abduction angle estimation. Fig. 6 (Appendix
VI-D) illustrates that background noise in the sternum sensor,
introduced after transforming raw acceleration data to the
global body frame, can further amplify these errors. Such
inaccuracies in shoulder angle estimation have been reported in
the literature, with RMSEs ranging from 6° to 35°, compared
to much lower errors for elbow flexion [51]. To enhance
accuracy, future approaches should reduce reliance on precise
calibration, for instance, through inverse-kinematics modeling
(e.g., OpenSim’s OpenSense framework [52]) or incorporating
dynamic motions in other planes, such as the frontal plane.

Regarding convergent validity, NMU and SPARC together
and also individually predicted the total ARAT score. This
partially aligns with Alt Murphy et al. [31], who found NMU
(along with Movement Time) and Trunk Displacement to
be the strongest predictors. Consistent with their findings,
we also observed high multicollinearity between Movement
Time and NMU (SPARC). Our findings on the correlation

between NMU (or SPARC) and FMA scores seem to align
with Mique Saes [53], who reported a positive longitudinal
association between SPARC from reach-to-grasp movements
and FMA scores. In our study, SPARC was computed only
for the reach-to-grasp phase, while NMU covered the entire
drinking task; nonetheless, both correlated equally strongly
with FMA and ARAT. This suggests that SPARC during
reaching may serve as a proxy for NMU during the entire
drinking task. NMU reflects sub-movements and is more
intuitive for clinical interpretation, whereas SPARC captures
frequency-domain smoothness, may be more tolerant to noise
[54] and less influenced by movement speed or duration [55],
but is harder to interpret clinically. Although both metrics were
retained in the ARAT model, their similar standardized effects
and modest unique contributions indicated substantial overlap,
suggesting that NMU may be sufficient for clinical application.
Lastly, we found that although Shoulder Flexion and Elbow
Extension demonstrated good discriminant validity for dif-
ferentiating stroke patients from healthy participants, they
showed low correlations with the clinical scores. This indi-
cates that maximum joint angle metrics, while effective for
group differentiation, constitute a relatively minor aspect of
the overarching construct of motor functioning. In contrast,
smoothness-related metrics, particularly NMU and SPARC,
demonstrated strong alignment across reliability and discrimi-
nant power, and effectively predicted clinical performance and
capacity. From a clinical perspective, smoothness metrics (e.g.,
NMU and SPARC) may be more meaningful for monitoring
motor recovery and supporting clinical decision-making, while
maximum joint angle metrics provide complementary informa-
tion on movement strategy; accordingly, a small set of such
metrics could enable scalable, objective assessment as a com-
plement to therapist-administered evaluations. Future research
should validate these metrics in larger and more diverse
cohorts, against gold-standard references, and across longitu-
dinal changes. Furthermore, evaluation in real-world, at-home
settings is necessary to determine the feasibility and robustness
of this assessment for implementation in tele-rehabilitation.

V. LIMITATIONS

Some limitations of this study should be acknowledged.
First, although the experimental setup was simple, the study
was conducted in a controlled clinical setting, with the
researcher placing the sensors. This may, to some extent, affect
generalization to remote settings, where patients or caregivers
would position the sensors themselves, potentially resulting
in inconsistent IMU alignment with the limb segments. In
addition, stroke participants used clay instead of water to
prevent spillage while matching weight; however, the absence
of fluid dynamics may have influenced grasp control and
movement coordination. The extent of this effect is unclear
but should be considered when interpreting the results. Second,
while the standardized drinking task is functionally relevant,
the results may not generalize to other motor tasks, such as
fine motor activities or object manipulation. Third, potential
selection bias should be considered, as there were differences
in age and gender distribution between groups. In addition,
the relatively small sample size may limit the generalizability
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of the findings; although the study was powered for reliability
analyses (ICC), it may not have been sufficient for all other
statistical analyses. Lastly, in this study, we only used IMUs,
and not a gold-standard optical motion capture system, to
validate the IMU-derived metrics, which could have helped
quantify the accuracy of shoulder angle measurements.

VI. CONCLUSION

This study demonstrated that most IMU-derived kinematic
metrics exhibited good to excellent test-retest reliability and
strong discriminant validity during a functional drinking task
in individuals with subacute stroke. The notable exception
was the Shoulder Abduction angle. Movement time and
smoothness-related metrics, particularly NMU and SPARC,
showed strong correlations with both FMA and ARAT scores
and thereby emerged as indicators of UE performance and
capacity. These findings indicate that IMU-based kinematic
analysis during the functional drinking task may offer a fea-
sible, objective and clinically relevant approach for evaluating
motor performance and capacity after stroke.
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APPENDIX
A. Kinematic Variables Construction

The steps for transforming IMU data from the local 3D
sensor frame to segment orientation in the global body frame
are outlined below:

o Sensor-to-Segment Calibration: This step transforms sen-
sor data from the local, unknown sensor frame into
clearly defined anatomical segment frames, as illustrated
in Fig. la and 1b. Specifically, accelerometer measure-
ments obtained during static poses represent one axis of
the corresponding segment, while angular velocity mea-
surements captured during dynamic movements define a
second axis. The cross-product of these two axes yields
the third segment axis, completing the segment frame
calibration. Table VI summarizes the static and dynamic
poses, as well as the corresponding segment axes derived
from accelerometer or gyroscope data.

This process establishes each segment’s coordinate sys-
tem orientation relative to the sensor, represented by the
following rotation matrix:

RsensorZseg = [fseg )7seg Zseg] @)

This rotation matrix is subsequently applied to the
accelerometer and gyroscope data, transforming sensor
outputs into each segment’s defined coordinate frame.

e Global Body Frame Definition: To establish a common
reference frame to compare the orientations of different
body segments, we defined a global body frame with
axes oriented as follows: the X-axis pointing forward, the
Y-axis pointing leftward, and the Z-axis pointing upward

(similar to the sternum segment frame). The orientation
of each segment relative to this global body frame was
determined during the static pose (Table VII), which
served as the initial condition for orientation estimation
using the Madgwick algorithm.

e Orientation Estimation: Generally, orientation estimation

is performed by integrating angular velocities over time
to determine relative orientations. However, this approach
can introduce drift and noise due to biases in gyroscope
measurements. To address this, we employed the
Madgwick sensor fusion algorithm [56], which combines
gyroscope and accelerometer data to mitigate inclination
errors in the IMU resulting from integration drift. In order
to enhance the orientation estimation, two additional
refinements were introduced to the Madgwick algorithm:
First, a so-called “cold start” procedure was implemented,
in which the Madgwick algorithm was repeatedly applied
using initial accelerometer data from the static pose while
setting the gyroscope data to zero. This iterative process
updated the initial orientation estimation until the change
between successive estimates fell below a small threshold
(e = 0.0000001) or a maximum number of iterations
was reached (n = 50,000). Second, zero-angular-velocity
updates (ZUPTs) were used to minimize gyroscope bias.
When the magnitude of angular velocity remained below
3 degrees/second for at least five consecutive samples,
the sensor was assumed to be stationary [57]. During
these detected static periods, the gyroscope signal was
set to zero, reducing bias and enhancing orientation
estimation accuracy.
The output of the Madgwick algorithm is the orientation
of each segment, expressed in the global body frame,
over time and represented in quaternion form (Qgiobal)-
Quaternions are four-component numbers commonly
used to represent 3D rotations [58].

q=qo+qi+qj+ gk 8

where g0, q1, q2 and g3 are real numbers, and i, j and k
are mutually orthogonal imaginary unit vectors. Any 3D
rotation (6, , ,Z) can be specified using two parameters:
a unit vector that defines an axis of rotation £%,J,Z; and
an angle 6 describing the magnitude of the rotation about
that axis. Therefore, we can convert a 3D rotation to a
quaternion form as follows: Conversely, quaternions can
also be converted into rotation matrices.

= Q = Xsin g
qo = COs ) . q1 = XS ) .
~. [0 .. [0
q2 = ysm (5) ) g3 = Zsin (5) . 9)

B. More Equations
e The Log Dimension-Less Jerk (LDLJ) is defined as

follows:
2
dt) (10)

tb-1) [?]dv(
LDLI £ —In | 22 1)/ /0
vpeak I

dr?
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TABLE VI
SENSOR-TO-SEGMENT CALIBRATION STEP, CONSIDERING THE TWO CALIBRATION MOVEMENTS EXPLAINED IN THE
EXPERIMENTAL PROTOCOL, SECTION |I-C, TO DEFINE ANATOMICAL SEGMENT AXES

Static Dynamic
Segment movement m(fvemen ¢ Cross product

g (accelerometer (third axis)

data) (gyroscope data)

Hand Yh —Zp Ty = Yn X 2
Lower arm [ljla —Za fla = ?jla X Zla
Upper arm —Zua —Zua Yua = Zua X Tua

Sternum Zst st Tst = Yst X Zst

TABLE VII
INITIAL SEGMENT ORIENTATION RELATIVE TO THE GLOBAL BODY FRAME DURING THE STATIC CALIBRATION MOVEMENT, WHERE
THE FISTS ARE RESTING ON THE SURFACE, THUMBS ARE POINTING UPWARD AND THE ELBOW IS FLEXED AT 90 DEGREE

Rotation matrix
(segment relative .
Segment(s) to global Explanation
body frame)
1 0 0 In the static pose,
Hand and R=1lo 0o -1 the segment’s X-axis is similar to the X global frame,
lower arm - the segment’s Y-axis is similar to the Z global body frame,
_0 1 0 the segment’s Z-axis is similar to the -Y global body frame.
[0 1 0 In the static pose,
_ _ the segment’s X-axis is similar to the -Z global frame,
Upper arm | R = 0 0 1 the segment’s Y-axis is similar to the X global body frame,
__1 0 0 the segment’s Z-axis is similar to the -Y global body frame.
1 00 The sternum segment frame is identical to
Sternum R=(0 1 0 the global body frame in the static pose,
0O 0 1 with X, Y, and Z axes all aligned.

TABLE VI
VARIABILITY ANALYSIS BASED ON ICC(3,K) VALUES FOR HEALTHY PARTICIPANTS ACROSS TEN REPETITIONS. N = 15 FOR ALL METRICS
EXCEPT SHOULDER ABDUCTION (N =11). A SINGLE ASTERISK (*) INDICATES GOOD CONSISTENCY AND A
DOUBLE ASTERISK (**) DENOTES EXCELLENT CONSISTENCY

Metric ICC 95% CI

Elbow Extension (°) 0.99**  [0.98, 1.00]
Shoulder Flexion (°) 0.99%*  [0.99, 1.00]
Shoulder Abduction (°) 0.99**  [0.98, 1.00]
Maximum Elbow Angular Velocity During Reach (°/s)  0.97**  [0.94, 0.99]
Number of Movement Units (NMU) 0.90**  [0.82, 0.96]
Log Dimension-Less Jerk (LDLJ) 0.81*  [0.64, 0.93]
Spectral Arc Length (SPARC) 0.61 [0.23, 0.85]
Peak Hand Linear Velocity During Reach (mm/s) 0.95**  [0.92, 0.98]
Time to First Peak Velocity During Reach (%) 0.84* [0.70, 0.94]
Movement Time (s) 0.97**  [0.94, 0.99]
Trunk Displacement (mm) 0.95**  [0.91, 0.98]

TABLE IX

DISCRIMINANT VALIDITY ANALYSIS BETWEEN HEALTHY AND PATIENT GROUPS, USING LMM FOR EACH METRIC.THE ACTUAL B; VALUES,
ALONGSIDE THEIR CORRESPONDING 95% CONFIDENCE INTERVALS (ClSs), ARE REPORTED FOR THE
CASE WHERE THE CONDITION IS “STROKE”

Metric B1 95% CI p-value
Elbow Extension (°) 40.81 [30.70, 50.92] 0.001
Shoulder Flexion (°) -19.17  [-25.64, -12.69] 0.001
Shoulder Abduction (°) 8.59 [-6.08, 23.27] 0.251
Max Elbow Angular Velocity During Reach (°/s) -48.48  [-73.36, -23.59] 0.001
Number of Movement Units (NMU) 7.34 [4.02, 10.66] 0.001
Log Dimension-Less Jerk (LDLJ) -1.22 [-1.96, -0.47] 0.001
Spectral Arc Length (SPARC) -0.26 [-0.46, -0.07] 0.001
Peak Hand Linear Velocity During Reach (mm/s) -58.55 [-107.51, -9.60] 0.020
Time to First Peak Velocity During Reach (%) -0.15 [-0.24, -0.07] 0.001
Movement Time (s) 4.61 [2.81, 6.41] 0.001

Trunk Displacement (mm) 16.71 [1.00, 32.43] 0.037
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where v(¢) is the movement speed, ¢ is time, ?,f, are the
start and end times of the movement, and vpeq is the peak
speed during the reach.

e The SPARC is defined as follows:

2172
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Fig. 6. lllustration of how noise in sternum acceleration (global frame) affects shoulder abduction angles. Left: normal data. Right: angles distorted
by unknown sensor noise after transformation to the global body frame.

where V(w) is the Fourier magnitude spectrum of v(f),
V(w) is the normalized magnitude spectrum, normalized
by DC magnitude V(0). The w. is adaptively selected
within the amplitude threshold and the maximum cutoff
frequency (default 20Hz).

e The ICC(3.,k) is defined as follows:

MSp—MSEg

ICC(@3,k) = VS
B

12)

where, MS p is Mean Square Error Between-Subjects and
MS g is Mean Square Error Within-Subjects.
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e The CV is defined as follows: Where SD is the standard
deviation of each subject.

x 100%

SD
= 1
CV=y 13)

can

C. More Results

1) ICC Results In Healthy Individuals: ICC(3,k) was also
used to assess the variability (or consistency) of repeated
measurements across ten repetitions of the drinking task in the
healthy group, while accounting for between-subjects variabil-
ity. Since the within-subject variability in this case reflects the
variation across ten repetitions within a single session, unlike
the patient group, where it is based on test-retest sessions, the
ICC values from the healthy group are not directly comparable
to those from the patient group. Nevertheless, to maintain a
comparable number of repetitions, healthy participants were
required to have a minimum of six valid repetitions.

As shown in Table VIII, ICC values in the healthy group
indicated good to excellent relative consistency across repeated
measurements for all metrics, ranging from 0.81% (LDLJ)
to 0.99% (Shoulder Flexion, Shoulder Abduction, Elbow
Extension). SPARC exhibited moderate relative consistency
(0.61%), suggesting greater within-subject variability com-
pared to between-subject variability. This may be attributed
to the nature of SPARC, which is not expected to vary signif-
icantly among healthy individuals with normal performance.
As a result, even small variations across repetitions within
individuals can lead to moderate consistency.

2) Discriminant Validity Results: The actual B; values
obtained from LMM for assessing the discriminant validity
of each kinematic metric are presented in Table IX.

D. More Figures

As shown in Fig. 5, imprecise dynamic calibration, likely
due to kinematic crosstalk, caused the shoulder abduction
angle to resemble flexion in four stroke participants, who
had difficulty fully extending their arms backward, with the
elbow remaining slightly flexed. Fig. 6 shows how noise intro-
duced to the sternum sensor after transformation to the global
body frame degraded the shoulder abduction angle in five
stroke participants. Potential noise sources include soft tissue
artifacts, sensor misalignment, and orientation estimation or
transformation errors.
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