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Featured Application

Use of distribution analysis for quantifying motor disability in post-stroke patients.

Abstract

Stroke frequently results in persistent upper limb impairments, which are often accompa-
nied by compensatory movement strategies that are not fully captured by conventional
clinical assessment scales. Quantitative kinematic analyses may provide more objective
and sensitive measures of motor dysfunction. In this study, we propose a probabilistic,
distribution-based analysis of upper limb kinematics to quantify motor disability in post-
stroke patients. We analyzed reaching movement data acquired with a markerless Kinect V2
system from 36 post-stroke patients and age-matched healthy controls. Wrist velocity pro-
files were characterized using distribution metrics, including variance, skewness, kurtosis,
and entropy, and divergence measures (Hellinger distance, Kullback–Leibler divergence,
and Jensen–Shannon divergence). Group differences between patients and controls, as
well as across impairment levels stratified by the Fugl-Meyer (FM) score, were evaluated.
Several distribution metrics significantly discriminated patients from controls and scaled
with motor impairment severity. In particular, divergence-based measures showed a strong
association with FM scores, indicating increasing deviation from normative movement
patterns with greater impairment. These findings demonstrate that distribution-based
metrics focusing on kinematic analysis provide a clinically meaningful, objective descriptor
of motor dysfunction and complement conventional biomechanical assessments, offering
a sensitive framework for quantifying motor disability after stroke.

Keywords: kinematics; post-stroke; distributions; biomechanics; motor control

1. Introduction
Stroke is one of the leading causes of long-term disability worldwide, and its motor

consequences often impair the execution of coordinated, goal-directed upper limb move-
ments. To compensate for these deficits, individuals frequently adopt alternative motor
strategies, such as increased trunk displacement or exaggerated shoulder elevation, that
help restore task performance but compromise movement efficiency and disrupt normal
joint synergies [1,2]. Capturing these compensatory behaviors quantitatively is therefore
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essential for understanding how motor control reorganizes after stroke and for guiding
targeted rehabilitation. Therefore, to accurately quantify and enhance motor recovery, it is
essential to properly assess patients’ motor impairments and identify compensatory strate-
gies. Clinicians commonly rely on standardized assessment scales, such as the Fugl-Meyer
Assessment (FM) [3] and the Wolf Motor Function Test (WMFT) [4], to evaluate motor
function. However, most activity-level motor scales do not explicitly capture compensatory
strategies. Consequently, quantitative approaches, including the analysis of kinematic
and dynamic parameters, may provide more comprehensive and objective measures of
motor performance.

Advances in motion-capture technologies have supported increasingly detailed kine-
matic analyses in both laboratory and clinical environments. In particular, low-cost, mark-
erless systems like the Microsoft Kinect have enabled accessible, objective assessments
of upper limb motor behavior in stroke survivors [5]. Kinect sensors represent a valu-
able tool for patient monitoring, as they allow markerless kinematic evaluations through
an embedded software development kit (SDK) for human skeleton tracking. A recent
review reported that combining Kinect-based rehabilitation with standard physiotherapy
yields positive effects on motor performance in stroke patients [6]. However, most exist-
ing studies have relied on clinical scales rather than biomechanical assessments derived
from Kinect data to evaluate motor performance. Only a limited number of studies have
proposed original biomechanical assessment protocols based on Kinect technology, demon-
strating the ability to distinguish post-stroke patients from healthy participants during
reaching tasks [5]. Furthermore, the reliability of the Kinect V2 system has been evaluated
across multiple functional movements, showing its capability to discriminate between
patients and healthy individuals and stratify patients depending on motion capabilities [7].
Kinect sensors have also been shown to be feasible for assessing gait in patients with
multiple sclerosis [8] and for quantifying clinically relevant movements in individuals with
Parkinson’s disease [9]. Scano and colleagues [10] showed that instrumental kinematic
evaluation can effectively quantify compensatory patterns, such as trunk movement and
shoulder-elbow coordination, through biomechanical parameters derived from reaching
tasks. Their approach yielded clinically meaningful metrics capable of distinguishing
patients by motor-impairment severity.

Despite these advances, most kinematic studies still rely on a restricted set of pointwise
biomechanical metrics, such as maximal joint angles, peak velocities, or trunk displace-
ment. Although intuitive, these scalar metrics compress the complexity of movement
trajectories, potentially ignoring subtle yet functionally relevant features of motor behavior.
As a result, variations in coordination, trial-to-trial consistency, or small compensatory
adjustments may remain undetected [11,12]. To overcome these limitations, probabilis-
tic and distribution-based analytical frameworks have gained attention in motor control
research [13]. Rather than reducing trajectories to summary values, these approaches
represent motion as continuous probability distributions or density maps across space and
time [13]. Such representations can reveal motor capabilities or deficits. Applying a proba-
bilistic perspective to post-stroke kinematics thus offers the potential for richer and maybe
more sensitive characterization of motor impairment. Considering the full distribution
of motion samples, rather than isolated values, allows a detailed description of how the
spatial and temporal structure of movement differs between healthy and impaired motor
control. For instance, differences in distributional spread or skewness may reflect instability
or inconsistent recruitment of compensatory degrees of freedom. Statistical measures such
as variance, kurtosis, skewness, and entropy have been employed to discriminate the
kinematic patterns of post-stroke patients from healthy controls [14,15]. Moreover, these
measures have also been applied to the assessment of motor performance in individuals
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with Parkinson’s disease [16,17]. In addition, metrics that quantify the divergence between
probability distributions, such as the Hellinger distance and the Kullback–Leibler diver-
gence, have been used to evaluate the motor performance of post-stroke patients relative to
healthy controls and have shown significant correlations with FM score [18,19].

Probabilistic measures capture the full variability of movement trajectories, rather
than reducing them to single-point summary metrics such as mean velocity, peak accelera-
tion, or smoothness indices. They do not replace classical kinematic measures, but they
complement them by providing additional information on movement variability and subtle
motor impairments that may be overlooked by conventional metrics. Moreover, these
measures can be computed using wrist tracking alone, making the approach simple and
minimally invasive.

In this study, we reanalyzed the kinematic dataset already presented in Scano et al. [10]
within this probabilistic, distribution-based framework. Our objective is to compare distri-
butional features, such as variance, skewness, kurtosis, and entropy, and divergence-based
metrics, such as the Hellinger distance, the Kullback–Leibler divergence, and the Jensen-
Shannon divergence, between post-stroke patients and healthy controls, and across varying
degrees of motor impairment severity. We aim to show that probabilistic kinematic profiling
complements conventional biomechanical descriptors, providing a more comprehensive
view of motor control adaptation after stroke.

2. Materials and Methods
2.1. Recruitment

An observational study was conducted comparing the kinematic data of the contrale-
sional upper limb of stroke patients with those of age-matched healthy controls during
a reaching task [5,20,21]. Stroke patients were also assessed with the Fugl-Meyer Assess-
ment scale to determine the severity of motor impairment.

Two cohorts were enrolled in this study: stroke and healthy subjects. Eligible stroke
patients were individuals with unilateral deficits following ischemic or hemorrhagic stroke,
recruited at the Villa Beretta Rehabilitation Center, Ospedale Valduce (Costa Masnaga, Italy).
The study was approved by the section “IRCCS Fondazione Don Carlo Gnocchi”, Comitato
Etico IRCCS Regione Lombardia (study ID 03_08/02/2023), and conducted in compliance
with the Declaration of Helsinki. Inclusion criteria for stroke survivors were: history of
ischemic/hemorrhagic stroke; unilateral upper limb impairment; ability to understand
instructions; and ability to maintain a seated posture. Exclusion criteria included bilateral
impairment, cognitive deficits, and severe comorbid medical conditions. The total number
of patients enrolled was thirty-six (19M, 17F, age 57.9 (15.3) years). The lesion side was right
for twenty patients and left for sixteen patients. Healthy control participants were required
to be age-matched and without neurological or musculoskeletal disorders. Before testing,
all controls underwent screening and clinical evaluation for neurological or orthopedic
abnormalities and were excluded if any were identified. Seventeen age-matched control
subjects were also enrolled (8M, 9F, age 55.6 (8.5) years).

All participants provided informed consent before participation. Both patients
and healthy controls were then instrumented by an experienced bioengineer using
a Kinect V2-based motion capture system developed at the Italian Council of National
Research (CNR).

2.2. Data Collection

Healthy participants and patients followed a standardized protocol described in
previous studies [5,10,21]. Subjects sat on an adjustable-height chair with their feet on the
floor and their knees and hips positioned at 90 degrees. In the resting pose, both hands
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were placed on the thighs, with the elbows flexed and the shoulders slightly extended.
From this position, participants were instructed to move their hand toward a target in
front of them without lifting their back from the backrest. Kinematic data of at least
12 movements were recorded using custom in-house software integrated with Kinect SDK
version 2.0. All measurements for both patients and healthy controls were completed within
a single session.

Patients were assessed using the FM scale and categorized into four subgroups ac-
cording to the impairment severity, following the cluster-based classification proposed by
Woytowicz et al. [22]: severely impaired (FM ≤ 15), severe-to-moderate impaired (FM > 15
and <35), moderate-to-mild impaired (FM ≥ 35 and <54), and mildly impaired (FM ≥ 54).
The focus of the work was on stroke severity, aiming to assess whether distribution-based
metrics can effectively stratify patients according to clinical impairment. Therefore, in the
comparison with controls, no considerations were made for age, sex, or handedness.

2.3. Data Analysis

The evaluation protocol followed and consistently extended the procedures described
in previous work [5,10]. All data analysis and preprocessing were performed offline
in MATLAB R2023b (Mathworks, Natick, MA, USA). Data were collected under optimal
conditions in terms of camera positioning and participant posture. No significant occlusions
or joint-tracking artifacts were observed. Standard noise filtering was applied to the
tracking coordinates, and a small number of movement repetitions with poor signal quality
were excluded from further analysis.

During preprocessing, all body tracking coordinates were filtered using a third-order
low-pass Butterworth filter with a 6 Hz cutoff frequency to reduce noise. Each trial was
segmented into movement phases, defined as the interval between the initial resting
position and the moment the arm reached the target. The starting and ending points were
detected using a thresholding algorithm applied to the shoulder flexion velocity profiles
in the sagittal plane, with the threshold set at 5% of the maximum velocity. The analysis
focused on the x (forward), y (vertical), and z (lateral) wrist position coordinates. Data were
differentiated to obtain the corresponding velocity profiles, from which the distributions
were subsequently computed.

2.4. Distribution Metrics

For each trial, kinematic distributions were constructed from the complete time series
of wrist velocity samples within the movement phase. All velocity values contributed to
the distribution, such that temporal variability and internal movement dynamics were
implicitly preserved. The average metric values for each participant were used for group
comparisons and for regression analysis. The time distribution of a gesture reflects how
a variable (e.g., wrist velocity profile in the sagittal direction) evolves throughout
a single execution.

The metrics considered were variance, skewness, kurtosis, and entropy, computed
along the three spatial axes. A summary of all metrics is provided in Table 1.

Variance quantifies the dispersion of the signal values around their mean [23] and is
defined as

variance(x) =
1
n

n

∑
i=1

(x − µ)2 (1)

where µ is the population mean, and n is the number of samples.
Skewness measures the asymmetry in the signal distribution [23] and is computed as

skewness(x) =
n

(n − 1)(n − 2)

n

∑
i=1

(
xi − µ

s

)3
(2)
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where µ is the population mean, n is the number of samples, and s is the standard deviation
of the signal.

Table 1. List of distribution metrics.

Metrics What It Represents Clinical Interpretation

Variance Amount of fluctuation around the mean
wrist speed

Variance is an index of movement stability
and consistency

Skewness Asymmetry of the speed profile between the
acceleration and deceleration phases

Abnormal skewness reflects impaired motor
control strategies or altered timing of
muscle activation

Kurtosis Presence of sharp peaks or heavy tails in the
velocity distribution

High kurtosis suggests jerky, impulsive, or poorly
modulated movement patterns

Entropy Overall unpredictability or complexity of the
velocity profile

Lower entropy indicates stereotyped or rigid
movements; higher entropy suggests irregular or
poorly controlled motion

H distance Symmetric measure of similarity between
two distributions

Lower values indicate a movement pattern close to
the healthy reference; higher values suggest
deviation from typical behavior

KL divergence
Asymmetric measure of how much
a distribution diverges from
a reference distribution

Quantifies abnormality of the movement profile
relative to a normative or expected model; high
values indicate uncoordinated movements

JS divergence Symmetric and smoothed divergence
measure for comparing two distributions

Quantifies divergence of the movement profile
relative to a normative model; high values indicate
uncoordinated movements

Kurtosis describes the concentration of the data in the tails relative to the center [23]
and is calculated as

kurtosis(x) =
n(n + 1)

(n − 1)(n − 2)(n − 3)

n

∑
i=1

(
xi − µ

s

)4
− 3(n − 1)2

(n − 2)(n − 3)
(3)

where µ, n, and s have the same meaning as above.
Entropy quantifies the irregularity or unpredictability of a signal. The Shannon entropy

was used [24], and it is calculated from the histogram as follows

entropy(x) = −
k

∑
i=1

Pilog(Pi) (4)

where k is the number of histogram bins, and Pi is the probability associated with bin i.
For the next three measures, we computed the probability distribution (PD) of the

velocity of the wrist for both patients and controls, and then, the mean PD was computed
for controls. PDs were estimated using fixed histogram binning across all participants and
conditions to ensure comparability between groups. Metrics were computed between the
PD of each participant and the mean PD of controls. Hellinger (H) distance quantifies the
similarity between two probability distributions [25] and is computed as

H =
1√
2

√√√√ k

∑
i=1

(√
Pi −

√
Qi

)2
(5)

where Pi and Qi are the PDs to be compared, and k is the number of histogram bins.
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Kullback–Leibler (KL) divergence is a measure of how one PD diverges from
a second reference PD [26] and is calculated as

KL(P|Q) =
k

∑
i=1

Pilog
(

Pi
Qi

)
(6)

where Pi, Qi, and k have the same definitions as above.
The Jensen-Shannon (JS) divergence computes the similarity between two PDs and

measures how much two PDs diverge from a common mean distribution [27]. It is
defined as

JS(P|Q) =
1
2

k

∑
i=1

Pilog
(

Pi
Mi

)
+

1
2

k

∑
i=1

Pilog
(

Qi
Mi

)
(7)

where M = 1
2 (P + Q), while Pi, Qi, and k have the same definitions as above.

2.5. Outcome Measures and Statistics

All statistical analyses were performed to determine whether the distribution and
distance measures (along the x, y, and z axes) differed across groups. First, patients were
compared with healthy controls; subsequently, patients were stratified into four groups and
compared with controls. In both cases, the same statistical procedure was applied. Since
the dataset consisted of multiple, correlated dependent variables, a multivariate analysis of
variance (MANOVA) was first performed with group as the fixed factor. MANOVA was
selected to evaluate group differences in the overall multivariate kinematic profile. When
the MANOVA indicated a significant multivariate group effect, univariate ANOVAs were
performed for each variable to determine which measures contributed to the observed
multivariate differences. To account for multiple comparisons, the resulting p-values were
corrected using the False Discovery Rate (FDR) procedure according to Benjamini and
Hochberg [28]. Only FDR-corrected p-values below the 0.05 threshold were considered
statistically significant. Post hoc pairwise comparisons were performed using Tukey’s
HSD test. Partial eta-squared (ηp2) was reported for univariate ANOVAs to quantify the
overall effect of group, with ηp2 > 0.14 interpreted as a large effect. For post hoc pairwise
comparisons, effect sizes were computed using Cohen’s d, considering Cohen’s d > 0.8
a large effect.

Linear regression analyses were performed to examine the association between the
FM score and the distribution measures. For each measure, the regression coefficient (β),
its 95% confidence interval (CI), and the associated p-value were reported. The regression
coefficient β quantifies the expected change in the outcome for a one-unit change in the
predictor, while the CI provides an estimate of the precision and uncertainty of this effect.
The p-value tests whether the observed association is statistically different from zero.
Moreover, Pearson’s correlation coefficient (r) was computed to assess the strength and
direction of the linear relationship between variables. In simple linear regression, the
hypothesis test for β is mathematically equivalent to the test for Pearson’s correlation, and,
therefore, both analyses produced identical p-values. Regression analysis was therefore
used to quantify effect magnitude and uncertainty, while r was used to describe the relative
strength of the association.

3. Results
3.1. Comparison Between Post-Stroke Patients and Healthy Controls

Figure 1 shows the comparison of all the parameters between patients and controls.
The MANOVA revealed a significant overall effect of group on the multivariate set

of kinematic distribution measures (p = 0.003). Univariate ANOVAs were conducted
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to evaluate which individual features contributed to the multivariate effect. Variance X
(p = 0.002, ηp2 = 0.21) and variance Y (p < 0.001, ηp2 = 0.44) were lower in patients than in
controls, while kurtosis X (p = 0.021, ηp2 = 0.13), kurtosis Y (p = 0.040, ηp2 = 0.10), entropy
X (p = 0.008, ηp2 = 0.17), and entropy Z (p = 0.040, ηp2 = 0.10) were higher in patients
than in controls. H distance X (p = 0.001, ηp2 = 0.24) and Y (p < 0.001, ηp2 = 0.33), KL
divergence X (p = 0.026, ηp2 = 0.12) and Y (p = 0.011, ηp2 = 0.15), and JS divergence X
(p = 0.004, ηp2 = 0.19) and Y (p = 0.001, ηp2 = 0.25) were higher in patients than in controls.

Figure 1. Boxplot comparing distribution parameters between patients (in grey) and controls (in
blue). The asterisks indicate the comparisons that are statistically significant (p < 0.05).
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3.2. Division Based on FM

Patients were subdivided into 4 groups based on the FM score, following the previous
study [10]. In Figure 2, comparisons among groups and controls are shown.

 

Figure 2. Boxplot comparing distribution parameters between patient groups (in grey) and controls
(in blue). The asterisks indicate the comparisons that are statistically significant (p < 0.05).

The MANOVA revealed a significant overall effect of group on the multivariate set
of kinematic distribution measures (Wilk’s lambda, p = 0.0004). The remaining multivari-
ate indices of the MANOVA did not reach statistical significance. Given the significant
Wilk’s lambda, univariate ANOVAs were conducted to evaluate which individual features
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contributed to the multivariate effect. Variance X was lower in severe (p < 0.001, Cohen’s
d = −2.18) and moderate–mild groups (p = 0.018, Cohen’s d = −1.32) than in controls, and
was lower in the severe group than the mild group (p = 0.004, Cohen’s d = −1.65). Variance
Y was lower in severe (p < 0.001, Cohen’s d = −2.69), severe–moderate (p < 0.001, Cohen’s
d = −2.02), and moderate–mild (p < 0.001, Cohen’s d = −1.78) groups than in controls and
was lower in the severe group than the mild group (p = 0.004, Cohen’s d = −1.81). Skewness
X was higher in the severe–moderate group than in controls (p = 0.02, Cohen’s d = 1.23).
Kurtosis Y was higher in the severe than the mild group (p = 0.043, Cohen’s d = 1.03) and
controls (p = 0.005, Cohen’s d = 1.40). Entropy Z was higher in severe–moderate than in
controls (p = 0.025, Cohen’s d = 1.39). H distance X was higher in the severe group than in
severe–moderate (p = 0.001, Cohen’s d = 1.47), moderate–mild (p < 0.001, Cohen’s d = 1.44),
mild (p < 0.001, Cohen’s d = 2.46), and in controls (p < 0.001, Cohen’s d = 3.45). H distance
Y was higher in the severe group than moderate–mild (p = 0.031, Cohen’s d = 0.95), mild
(p < 0.001, Cohen’s d = −2.25), and in controls (p < 0.001, Cohen’s d = 3.39), and was higher
in the severe–moderate (p = 0.002, Cohen’s d = 2.40) and in moderate–mild (p = 0.002,
Cohen’s d = 1.85) than in controls. KL divergence X was higher in the severe group than
in severe–moderate (p = 0.009, Cohen’s d = 0.96), moderate–mild (p = 0.005, Cohen’s
d = 1.01), mild (p < 0.001, Cohen’s d = 1.24), and in controls (p < 0.001, Cohen’s d = 1.66).
KL divergence Y was higher in the severe group than moderate–mild (p = 0.045, Cohen’s
d = 0.81), mild (p = 0.001, Cohen’s d = 1.22), and in controls (p < 0.001, Cohen’s d = 1.67). JS
divergence X was higher in the severe group than in severe–moderate (p < 0.001, Cohen’s
d = 1.32), moderate–mild (p < 0.001, Cohen’s d = 1.32), mild (p < 0.001, Cohen’s d = 1.96),
and in controls (p < 0.001, Cohen’s d = 2.69). JS divergence Y was higher in the severe group
than moderate–mild (p = 0.021, Cohen’s d = 0.96), mild (p < 0.001, Cohen’s d = 1.95), and in
controls (p < 0.001, Cohen’s d = 2.73), and was higher in the severe–moderate (p = 0.037,
Cohen’s d = 1.89) and in moderate–mild (p = 0.029, Cohen’s d = 1.69) than in controls.

3.3. Correlation Between Distribution Parameters and FM

In Figure 3, the linear regression line is shown between distribution parameters and
FM score.

Results of the linear regression and Pearson’s correlation coefficients are reported
in Table 2. Significant relationships between distribution metrics and FM are found in
variance x and y, in which higher variance is associated with higher FM. Kurtosis y and z
are, instead, negatively associated with FM; therefore, kurtosis decreases with the increase
in the FM score. H distance, KL divergence, and JS divergence in x and y have a strong
negative association with FM score, since increasing the functional performance of the
movement becomes more similar to the controls.

Table 2. Linear regression parameters and Pearson’s correlation coefficients. Significant p-values are
reported in bold.

Measure β IC 95% r p

Variance X 0.0013 [0.0006, 0.0020] 0.554 0.001
Variance Y 0.0009 [0.0005, 0.0013] 0.619 <0.001
Variance Z 10−5 [−10−5, 0.0002] 0.198 0.261
Skewness X −0.0010 [−0.0052, 0.0033] −0.082 0.643
Skewness Y −0.0024 [−0.0070, 0.0022] −0.186 0.293
Skewness Z −0.0016 [−0.0055, 0.0023] −0.143 0.418
Kurtosis X −0.0031 [0.0006, 0.0020] −0.220 0.212
Kurtosis Y −0.0083 [−0.0144, −0.0021] −0.436 0.010
Kurtosis Z −0.0066 [−0.0124, −0.0008] −0.382 0.026
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Table 2. Cont.

Measure β IC 95% r p

Entropy X 0.0013 [−0.0015, 0.0041] 0.165 0.350
Entropy Y 0.0024 [−0.0003, 0.0053] 0.300 0.084
Entropy Z 0.0019 [−0.0012, 0.0049] 0.215 0.221

H distance X −0.0080 [−0.0112, −0.0048] −0.669 <0.001
H distance Y −0.0074 [−0.0106, −0.0043] −0.652 <0.001
H distance Z −0.0018 [−0.0038, 0.0003] −0.289 0.097

KL divergence X −0.0285 [−0.0434, −0.0135] −0.565 <0.001
KL divergence Y −0.0253 [−0.0393, −0.0112] −0.543 <0.001
KL divergence Z −0.0065 [−0.0152, 0.0022] −0.260 0.137
JS divergence X −0.0055 [−0.0078, −0.0032] −0.651 <0.001
JS divergence Y −0.0050 [−0.0072, −0.0028] −0.631 <0.001
JS divergence Z −0.0011 [−0.0026, 0.0003] −0.264 0.0132

Figure 3. Linear regression lines between distribution parameters and FM score.
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4. Discussion
In this study, we investigated whether distribution-based kinematic metrics can pro-

vide meaningful and clinically relevant quantification of upper limb motor impairment
after stroke. By applying probabilistic analyses to wrist velocity profiles during the reaching
task, we evaluated differences between post-stroke patients and healthy controls, as well as
across levels of impairment severity. The results demonstrate that several distributional
features of movement are altered after stroke and scale with clinical motor function.

4.1. Comparison Between Patients and Controls

The multivariate analysis demonstrated that the distributional properties of wrist-
speed profiles are altered in individuals with stroke compared to neurologically intact
controls. When considering patients as a single group, the reduced variance in the for-
ward and vertical components of velocity suggests an overall reduction in the natural
modulation of movement, consistent with a more constrained and less adaptable motor
strategy. Conversely, the higher kurtosis and entropy values observed in patients indicate
the presence of sharper velocity peaks and increased irregularity in the temporal organiza-
tion of the movement profile. The divergence-based metrics (H distance, KL divergence,
and JS divergence) revealed the most robust group differences, with patients consistently
exhibiting larger distances from the normative kinematic distribution.

The analysis across impairment severity levels further confirmed the progressive dis-
tortion of movement distributions with increasing motor deficit. The reduced variance of
the severe group in the forward and vertical components of velocity with respect to controls
and mild patients suggests an overall reduction in the natural modulation of movement,
consistent with a more constrained and shorter movement. Conversely, skewness and
entropy discriminated only severe–moderate patients from controls in the x and z axes,
respectively, showing that this group presented more accelerated forward movements and
unpredictable medio-lateral movements. The higher kurtosis values observed in severe
patients indicated the presence of sharper velocity peaks and increased irregularity in the
temporal organization of the movement profile. Divergence measures again showed the
clearest stratification, with severely impaired participants displaying substantially larger
distances from the normative profile across nearly all comparisons. In particular, all diver-
gence measures discriminated the severe group from controls, mild, and moderate–mild
patients in the forward and vertical axes. Moreover, the H distance and JS divergence
showed that severe–moderate and moderate–mild patients had higher divergence with
respect to controls in the vertical axis. Finally, all distance metrics discriminated the severe
group from the severe–moderate group in the forward axis. These measures indicated
that more impaired patients displayed substantially larger distances from the normative
profile in the two main directions of movement. Previous studies found that severe pa-
tients showed significantly higher H distance and KL divergence in the elbow profile
with respect to controls [18,19]. The lower sensitivity observed along the z-axis should be
interpreted in light of the specific reaching trajectory adopted in this study. Since the task
was predominantly aligned with the x and y axes, motion along the lateral (z) axis exhibited
a limited dynamic range and reduced variability. As a consequence, distribution-based
features extracted along the z-axis were inherently less discriminative. This effect is there-
fore task-dependent and should not be interpreted as an intrinsic property of post-stroke
compensatory strategies.

4.2. Regression Analysis with FM Scores

Regression analysis reinforces the clinical relevance of these kinematic distribution
measures by demonstrating strong associations with upper limb motor impairment. Vari-
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ance in X and Y axes showed significant positive relationships with FM scores, suggesting
that the ability to express controlled variability is a hallmark of preserved motor function.
In contrast, increased kurtosis in the vertical and medio-lateral components was associated
with lower FM scores, indicating the presence of sharp velocity bursts and poorly smoothed
accelerations may reflect compensatory or maladaptive motor strategies typical of more
severe impairment. Previous studies showed that kurtosis, in that case, of the position of
the forearm, is a good predictor of the FM score [29,30]. Importantly, divergence-based
measures exhibited the strongest correlations with the clinical scale, particularly in the
forward and vertical directions. Higher H distance, KL, and JS divergence values were
robustly associated with lower FM scores, mirroring the between-group differences and
underscoring that the distance from a normative distribution is a descriptor of motor deficit.
These results confirm the strong relation found in H distance and KL divergence with FM
scores in the elbow profile of stroke patients [18]. Collectively, these results suggest that
kinematic distribution features capture clinically meaningful aspects of motor impairment,
providing quantitative markers that align closely with standard clinical scores. The consis-
tency between group-wise differences and regression findings indicates that these metrics
not only distinguish patients from controls but also quantify the gradation of impairment
within the patient cohort. Divergence metrics in particular appear to provide a unified
index of movement abnormality that is both sensitive to severity and reflective of the
underlying degradation of coordination and smoothness.

4.3. Clinical Implications and Applications

Beyond their role as assessment tools, the proposed metrics provide clinical indicators
that may help guide rehabilitation strategies (Table 3).

Table 3. List of metrics and their clinical implications.

Metrics Clinical Aim Observable Effects

Variance Increase controlled variability Improved adaptability and the ability to modulate
movement dynamics

Kurtosis Normalized velocity peaks
Improved movement smoothness, gradual
acceleration-deceleration profiles, and
temporal coordination

Entropy Reduce entropy Increased predictability and regularity of
movements, enhanced planning and coordination

H distance Improve similarity to normal motor patterns Velocity distribution aligned with healthy controls,
reduced anomalies in movement dynamics

KL divergence Reduce discrepancy from typical behavior More physiological, less compensatory movement
JS divergence Improve overall movement quality Reduced abnormal behavior

Specifically, reduced variance in wrist velocity reflects constrained and stereotyped
motor output. From a rehabilitation perspective, increasing controlled variability may
represent a desirable goal, as it indicates improved adaptability and the ability to mod-
ulate movement dynamics. Conversely, elevated kurtosis values, particularly in more
impaired patients, indicate the presence of sharp velocity peaks, suggesting impulsive or
poorly smoothed movements. Rehabilitation interventions aimed at reducing excessive
kurtosis would therefore focus on improving movement smoothness, gradual acceleration-
deceleration profiles, and temporal coordination. Similarly, abnormally high entropy may
reflect unstable or poorly controlled motor execution; in this case, rehabilitation should
aim to decrease entropy toward normative values by promoting consistent, repeatable
movement strategies. Divergence-based metrics provide a complementary and integra-
tive perspective by quantifying how far a patient’s movement distribution deviates from
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a healthy reference. Decreasing divergence values over time can be interpreted as a shift
toward more physiological movement patterns, making these measures suitable as outcome
indicators for rehabilitation progress. Together, these aspects suggest that probabilistic kine-
matic analysis has the potential to complement standard clinical assessments, supporting
personalized, accessible, and outcome-oriented stroke rehabilitation.

From a clinical perspective, the proposed distribution-based kinematic metrics offer
several advantages for the assessment and rehabilitation of post-stroke patients. First,
these measures can support an objective and quantitative evaluation of upper limb motor
impairment using a low-cost, markerless system such as the Kinect V2. The limited
hardware requirements, absence of wearable markers, and simple experimental setup
make this approach feasible in a wide range of clinical and non-clinical settings, including
outpatient clinics, rehabilitation centers, and potentially home environments. The simplicity
and scalability of the proposed framework make it suitable for telerehabilitation and remote
monitoring applications. This scenario allows objective, automated tracking of motor
recovery, providing valuable feedback for patients and therapists while reducing the need
for frequent clinical visits.

4.4. Limitations and Future Directions

Although the Kinect V2 has been validated against gold-standard optoelectronic sys-
tems, differences in spatial resolution and sampling characteristics may affect the quality of
certain kinematic signals. Comparative studies have reported moderate to excellent agree-
ment between Kinect V2 and Vicon in joint tracking and derived clinical parameters [31–33],
while also highlighting variability related to movement direction, anatomical segment, and
task characteristics [34,35]. Moreover, instantaneous measures associated with the tails of
velocity distributions (e.g., movement initiation and termination timing) may be particu-
larly susceptible to sensor noise and limited temporal and spatial resolution. Although
some sensor noise may occur, the reported distribution-based differences were consistent
and robust across participants. Future studies with higher resolution, multi-camera systems
could improve precision and enable more detailed analysis of distal limb kinematics. The
proposed study focused exclusively on kinematic-derived distributions. However, motor
function can also be assessed through biomechanical and muscular analyses [36], and
markerless tracking sensors have been shown to support comprehensive biomechanical
evaluations [37]. Accordingly, future work will incorporate kinetic measures to achieve
a more complete biomechanical characterization of patients.

This study included thirty-six patients; although the overall sample size was adequate
for the primary patient-control comparison, stratification into four impairment categories
resulted in relatively small subgroup sizes. This may have reduced statistical power for
detecting subtle differences between adjacent severity levels (e.g., mild vs. moderate), and
therefore, the subgroup-level findings should be interpreted with caution and considered
exploratory. Increasing the sample size in future studies would improve both the statistical
power and the generalizability of the results. Furthermore, stroke severity was the primary
clinical factor of interest and was assessed through stratification based on FM scores.
Although other variables, such as time since stroke and lesion characteristics, may be
important, the limited sample size precluded meaningful subgroup analyses. Future
studies with larger cohorts could incorporate these additional clinical variables, allowing
for a more comprehensive assessment of their influence on distribution-based metrics.
Moreover, the observed associations between these metrics and FM score support the
clinical relevance of the proposed approach. Future work should evaluate their relationship
with functional outcome measures, such as the Action Research Arm Test (ARAT), and
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explore their longitudinal sensitivity to differentiate compensatory strategies from true
motor recovery.

Another limitation of this study is that the analysis was limited to a standardized
reaching task performed in a seated position and mainly within the sagittal plane. While
this controlled movement allowed reliable markerless tracking and minimized confounding
factors, post-stroke motor impairment is known to be task-dependent. As a result, distri-
butional features may differ in more complex movements, such as multi-planar reaching
or fine motor tasks (e.g., grasping). Future research should therefore extend the proposed
framework to a broader range of gestures, provided that increased task complexity does
not compromise tracking accuracy. Moreover, including functional activities of daily living,
such as hand-to-mouth or combing hair, may be used to validate these measures, beyond
laboratory movement. Furthermore, the present analysis focused on comparisons between
the affected limb and healthy controls. Although using the less affected limb as an internal
reference could provide a personalized baseline, previous evidence [38–40] indicates that
the ipsilesional limb may also exhibit subtle motor deficits after stroke, making it a poten-
tially biased reference. For this reason, a healthy control group was adopted as a more
robust baseline. Future studies may benefit from integrating healthy reference data with
within-subject comparisons in order to better account for inter-individual variability and
post-stroke asymmetries.

5. Conclusions
This study demonstrates that probabilistic, distribution-based analysis of kinematic

data can effectively quantify upper limb motor impairment in post-stroke patients. By
characterizing the full distribution of wrist velocity profiles rather than relying on iso-
lated scalar metrics, the proposed approach captures alterations in movement struc-
ture. Distribution metrics such as variance, kurtosis, entropy, and, in particular, diver-
gence measures distinguished post-stroke patients from healthy controls and scaled with
the severity of impairment as assessed by the FM score. Overall, the findings support
the use of distribution-based kinematic measures as a complementary tool to standard
clinical assessments.
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