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Abstract. Objective: Clinical assessment of upper limb hemiparesis in acute stroke
involves repeated manual examination of hand movements during instructed tasks.
This process is labour-intensive and prone to human errors while also being strenuous
for the patient. Wearable motion sensors can automate the process by measuring
characteristics of hand activity. Existing work in this direction either use multiple
sensors or complex instructed movements, or analyze only the quantity of upper
limb motion. These methods are obtrusive and strenuous for acute stroke patients
and also sensitive to noise. In this work, we propose to use only two wrist-worn
accelerometer sensors to study the quality of completely spontaneous upper limb
motion and investigate correlation with clinical scores for acute stroke care. Approach:
Velocity time series estimated from acquired acceleration data during spontaneous
motion is decomposed into smaller movement elements. Measures of density, duration
and smoothness of these component elements are extracted and their disparity is
studied across the two hands. Main results: Spontaneous upper limb motion in
acute stroke can be decomposed into movement elements that resemble point-to-point
reaching tasks. These elements are smoother and sparser in the normal hand than the
hemiparetic hand, and the amount of smoothness correlates with hemiparetic severity.
Features characterizing the disparity of these movement elements between two hands
show statistical significance in differentiating mild-to-moderate and severe hemiparesis.
Using data from 67 acute stroke patients, the proposed method can classify the
two levels of hemiparetic severity with 85% accuracy. Additionally, compared to
activity based features, the proposed method is robust to the presence of noise in
acquired data. Significance: This work demonstrates that the quality of upper limb
motion can characterize and identify hemiparesis in stroke survivors. This is clinically
significant towards continuous automated assessment of hemiparesis in acute stroke
using minimally intrusive wearable sensors.

Keywords: Accelerometry, hemiparesis, point-to-point movement, stroke, upper limb
weakness, velocity profile, wearable sensors.
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1. Introduction

Stroke is a leading cause of global concern, accounting for 5.5 million deaths and the loss
of several million years of healthy life from related disabilities every year [1,2]. The World
Health Organization (WHO) reports that one in four people above 25 years of age is
likely to suffer a stroke [2]. Lack of signal transmission from the motor cortex, responsible
for generating movement impulses, leads to motor impairments and paralysis, within
24 hours of stroke onset [3,/4]. Paralysis in one half of the body or hemiparesis, affects
the upper limbs by limiting movements and co-ordination [5]. During the acute phase,
i.e., while in medical care after the attack, the severity of hemiparesis is monitored at
regular intervals to assess the efficacy of reperfusion therapy for restoring blood flow and
to prevent recurrent strokes [5,6]. The clinical gold standard for such assessment is the
National Institutes of Health Stroke Scale (NIHSS), assigned by studying the strength
of a patient’s hands held against gravity [7]. This process needs to be carried out
repeatedly at regular intervals throughout the day, thereby requiring 24x7 supervision
by trained medical personnel. Therefore, the process is labour-intensive, prone to human
errors and inter-rater variability, and at the same time, stressful and exhausting for the
patient [5].

Wearable devices with motion sensors are effective in automated identification of
neurological disorders including strokes [6,8]. Wearable accelerometry can be used to
quantify the amount of upper limb use in post-stroke hemiparetic patients based on
activity count [9]. Various time and frequency domain features from accelerometer data
correlate well with clinical scores in stroke patients [10-14]. Most of such literature
focus on activity monitoring during rehabilitation, after patients are discharged from
the hospital. Usually several sensors are attached to different parts of the body
and subjects have to perform complex instructed tasks for data acquisition. Such
methods are not suitable for assessing hemiparesis progression in acute stroke patients
in the hospital environment, because of discomfort and burden associated with multiple
sensors and complex tasks. In our previous works [6,[15], we used only two wrist-
worn accelerometers to quantify relative activity between two hands in acute stroke
patients and proposed measures that correlate with NIHSS. In more recent works, we
showed that characteristics of spontaneous and instructed activities in acute stroke
patients can be used to predict NIHSS scores using short-length data from wrist-
worn accelerometers [5,,/16,[17]. These methods are based on quantifying the similarity
between the activity patterns between two hands using measures of correlation or
distance. They measure the quantity of relative motion, i.e., to what extent and how
frequently the hemiparetic hand is used compared to the normal hand. However,
these methods fail to consider the quality of hand movements, i.e., the nature or
patterns in the motion which relate to motor functionality in terms of muscle and joint
biomechanics [18]/19]. Additionally, these include instructed activities to study motion
characteristics, instead of naturally occurring spontaneous motion that is more clinically
significant in monitoring acute and sub-acute stroke patients.
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Qualitative analysis of upper limb motion in stroke patients during rehabilitation
relate to optimization of movements by the central nervous system [19]. In a
recent work [20], correlation between movement quality and functional ability was
investigated in rehabilitative patients using sensors on the sternum and wrist during
a minimally burdensome motor task. Motivated by this, in this paper, we investigate
the quality of relative motion between two hands in acute stroke patients during
completely spontaneous activities without any task instructions, and only two wrist-
worn accelerometers. We base our analysis on the seminal model for point-to-point
upper limb movements based on the minimum jerk principle [21,22] and investigate novel
features that characterize such motion in stroke patients. This work is a continuation
of our research on wearable based acute stroke monitoring [5}/6,23] to (i) estimate
the characteristics of component movement elements of hemiparetic hands during
spontaneous motion, (ii) study their deviations from those of healthy hand movements
and (iii) find measures of qualitative relative motion between two hands that might
correlate with hemiparetic severity. We show that spontaneous upper limb motion
can be decomposed into point-to-point reaching tasks with velocity profiles similar to
that found in healthy individuals, and additionally, features derived from those profiles
describe the relative motion between two hands and correlate with hemiparesis severity.
This is particularly relevant in a hospital scenario as the data includes only spontaneous
activities and is acquired in a minimally intrusive way using two wristwatch-like wearable
Sensors.

2. Background

A mathematical model of voluntary upper limb motion based on behavioural
organization in primates was introduced in [21]. The model focused on the goal
of making the smoothest possible movement under the given circumstances, i.e., by
minimizing accelerative transients. This was formalized by using dynamic optimization
to minimize an objective function that estimates the rate of change of acceleration or jerk
during the movement. This minimum jerk hypothesis to describe pointing movements
towards a target yield symmetric, bell-shaped velocity profiles, if the target has zero
velocity and acceleration at the start and end of movement. This study was extended
in [22] to investigate unconstrained hand motion between two points in the horizontal
plane. It was found that the trajectory yielded symmetric bell-shaped velocity profiles
as predicted before and the path was approximately a straight line. The minimum
jerk objective function was further extended by Hoff [24] to include a penalty for
movement duration in point-to-point reaching movements. This model considers the
quickness and the effort in making smooth motion between two points and provides
the optimal movement duration along with the optimal trajectory. For two dimensional
hand movement, such an objective function can be written as .

2 2
I=ti+K (ug + wy,)dt (1)
t=0
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Here, u, and u, are the time series representing jerk along X and Y axes respectively,
and the movement starts and ends at times ¢ = 0 and ¢ = ¢ respectively. K is a positive
constant, weighting between the time and jerk components in the objective function.
Assuming static boundary conditions, it can be shown that the position trajectories are
straight lines between the two points and a fifth-order polynomial in time as in for
i € {x,y} [21,)22], which leads to the bell-shaped velocity profile obeying [24].

pilt) = D [6(t/tr)” =15 (t/t;)" +10(t/t;)’] (2)
vi(t) = D [30 (t*/t7) — 60 (¢*/t7) + 30 (£*/t3)] (3)

Here D denotes the associated displacement. The relationship between the movement
duration ¢y and displacement is given by .

ty = (60D)3 K6 (4)

It is important to note that this framework was developed for two-dimensional point-
to-point reaching movements. In a recent work, Miranda et al. found that complex
upper limb motion such as drawing and writing on 2D planes as well as 3D movements
can be modeled as combinations of primitive movement components in a Cartesian
coordinate system with axes oriented in the medio-lateral, antero-posterior and vertical
directions [25]. These primitive components actually resemble 1D point-to-point
reaching movements, resulting in bell-shaped velocity profiles. This study suggests
that complex upper limb motion actually comprises a series of point-to-point reaching
tasks with intermediate targets that show similar characteristics with those for reaching
tasks studied in [24]. This work has been extended to investigate the quality of
upper limb motion in stroke survivors during rehabilitation from wearable accelerometer
data [19,20]. Such methodology is dependent on acquiring reference motion data from a
waist-worn sensor (for transforming the upper limb motion into anatomical frames) [20]
or reference velocity profiles from healthy controls (to segregate the acceleration data
into meaningful groups) [19].

In this work, we analyze upper limb velocity profiles by decomposing spontaneous
motion to component point-to-point movements using only wrist-worn accelerometers,
without any reference sensor or data. We find that the disparity between the movement
profiles in two hands convey important information regarding hemiparetic severity in
acute stroke patients. We show that features measuring this disparity can be used to
classify muld-to-moderate and severe hemiparesis even with noisy data. Therefore, this
work is a preliminary step towards a wearable based automated hemiparesis progression
monitoring system based on upper-limb motion quality analysis in acute stroke patients.

3. Methods

3.1. Data Acquisition

NIHSS for quantifying motor weakness in acute stroke is a 5-point scale that encodes
the strength of an upper limb against gravity, with 0 indicating normal strength and 4
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indicating no movements or a completely dead arm [5]. Manual NIHSS administration
requires careful observation of the duration and drift from the horizontal while hands
are held up against the gravity. Though wrist-worn accelerometers can capture these
movements, unless accurate time-stamps for each movement phase (i.e., lifting, holding,
dropping of hands) are available, such data is not reliable [5]. Additionally, repeating
such an exercise multiple times throughout the day is strenuous for acute stroke
patients. Therefore, in this paper, we study completely spontaneous motion performed
by patients for short durations. We investigate such motion for two fundamental levels
of hemiparetic severity, i.e., mild-to-moderate (comprising NIHSS 1 and 2) and severe
(comprising NIHSS 3 and 4). This is based on the fact that subjects in NIHSS 3 and
4 cannot lift their hands and those in NIHSS 1 and 2 can lift them for lesser durations
than a healthy person [5].

Patients were recruited at the stroke units of the Royal Melbourne Hospital,
Australia and Sree Chitra Tirunal Institute for Medical Sciences and Technology, India
with their informed consents. The data acquisition protocol was approved by the
respective institute’s human research ethics committee (RMH HREC 2016.146 and
SCT/IEC/1081/October-2017). The screening criteria for patient recruitment was the
presence of an upper limb weakness due to an ischemic stroke within the past 5 days of
data acquisition. The diagnosis of stroke was verified clinically by an expert neurologist
through neuroimaging [5]. Data acquisition protocol involves (i) NIHSS scoring (subject
is asked to lift up and hold arms horizontally for 10 seconds during which the clinical
hemiparesis score for each arm is determined by a nurse and (ii) spontaneous movements
(subject is encouraged to move their hands as much as possible in the vertical and
horizontal directions and perform simple tasks e.g., lifting a cup, moving a pen and
using a phone). The average data length across all subjects was 3.32+1.33 minutes.

Table 1: Description of acquired data

Hemiparesis Left

Severity Clinical Description Subjects Affected Females Age

Can lift up hands and
Mild-to-Moderate hold against gravity
(NIHSS 1 - 2) for <=10 secs, with
drifts from horizontal
Cannot lift up hands,
may perform minor 32 16 12 64.4+14.5
movements at the wrist

35 19 11 63.9+13.9

Severe

(NIHSS 3 - 4)

Overall, data was acquired from 67 patients (34.33% female, 64.15+14.08 years old)
who had a stroke in the past 544 days resulting in a weak arm with mild-to-moderate
(NIHSS 1 or 2) or severe (NIHSS 3 or 4) hemiparesis as detailed in Table[l] More than
80% of the recruited patients were characterized by Total/Partial Anterior Circulation
Infarcts (TACI/PACI) |26] and a history of hypertension. For each level of hemiparesis,
the affected arm was assigned a score presented in the column labeled NIHSS, whereas,
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the other arm was labeled as normal, i.e., NIHSS 0. Data was collected using two
low-cost wearable wrist-worn sensors with triaxial accelerometers from Eoxys [5]. The
accelerometers acquired data at a sampling rate of 100 Hz and with a full scale range of
+8¢. The sensors communicate via bluetooth to a smartphone application that records
data continuously and sends over to a remote server for storage.

3.2. Estimation and Analysis of Movement Profiles

In this work, we have decomposed the spontaneous motion in each hand into component
movement profiles, representing point-to-point reaching movements. Then we have
analyzed these individual profiles and correlated them with hemiparetic severity. The
steps followed in this process are illustrated in Fig. [I] and elaborated below.

Pre-processing ( Decomposition of T T T = — ===l movements
Filtering Spont_aneous Motl(_)n | Normalized |
J «  Zero-crossing segmentation | movementelements [ |
Integration - - - —~—
\© Time and magnitude normalization
Section 3.2.1 \_ Sectons22 _____________ —— -
1
! Clustering :
N TN K-means with [ . _ Cluster 3.,

1 correlation | ,————————— N

i J\/\W Hoff’s model distance ) |

___________ Secton32a (. . - Cluster2 ]

Hemiparesis Severity Characterizing Homogeneous movements l Outlier movements

Identification hemiparesis T L ASAPS -~ A -~
+ Statistical Analysis + Visual observation |/ e VA S\ I
» Feature selection * Principal Component | Cluster 1 HM Il oM

and classification Analysis N T————— . ——————
‘[ Section 3.2.5 ‘[ =

: Featur_e AM

Section 3.2.4 Extraction L )

Figure 1: Steps for extracting and processing one-dimensional movement elements
from each axis of wrist-worn accelerometer time series to characterize and identify
hemiparesis. The pipeline is executed for data acquired from each hand and the disparity
of the extracted features between two hands from homogeneous (HM), outlier (OM) and
all (AM) movement elements correlate motion quality with hemiparetic severity.

3.2.1. Pre-processing: From the raw accelerometer data, gravitational components of
acceleration and high frequency noise are eliminated using a 6 order Butterworth
bandpass filter between 0.25 Hz and 8 Hz [27]. Further, a median filter with window
length of 3 samples is used to smooth the data [27]. The filtered acceleration data
from each axis is trapezoid integrated to obtain a time-series representing velocity. This
time-series is then filtered using a 6! order Butterworth bandpass filter with cut-off
frequencies of 0.1 Hz and 6 Hz to minimize low frequency integration drifts and high
frequency noise [20].

3.2.2.  Decomposition of Spontaneous Motion: As stated before, it has been shown
that 1D movement elements with zero initial and terminal velocities, exhibit a similar,
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approximately bell-shaped structure in healthy individuals, that represent the quality
of smooth point-to-point motion [20,24]. Therefore, in order to analyze the quality of
motion in acute stroke patients, each session of spontaneous motion along the X, Y and Z
axes is decomposed into smaller movement components. This is done by segmenting each
velocity time-series at its zero-crossings. Movement elements whose duration exceed or is
below the mean movement duration by one standard deviation (along each axis and each
session), are eliminated from further analysis. The segmented wvelocity profiles are then
normalized in time and magnitude for further processing [20]. For time-normalization,
each profile is resampled to 100 samples (which is around the mean duration of the
movement elements in our dataset). Each profile is then magnitude normalized in
[0,1] by normalizing with the maximum velocity in that segment. These methods for
normalization retain the morphological characteristics of the velocity profiles of each
segment, while making it convenient to compare them between sessions and subjects.

3.2.3. Clustering Velocity Profiles: Time and magnitude normalized velocity profiles
for point-to-point motion in healthy individuals can be clustered optimally in three
groups as shown in [19]. Here, squared Euclidean distance based k-means clustering
was used and Davies-Bouldin index was used to determine the optimal number of
clusters. The velocity profiles for stroke survivors were found to follow similar patterns
to one of the clusters, and were assigned to them based on their distance from the
cluster centroid. Clustering is necessary to identify movements which resemble the
actual bell shaped pattern and evaluate their characteristics in stroke patients. In this
work, instead of using reference clusters from additional data (acquired from a clinically
healthy population), we use Hoff’s model as a reference to segregate the velocity profiles
for further analysis. Here, first k-means clustering with & = 3 is performed using
correlation as a dissimilarity measure [28]. Correlation based distance in [0,1] is a
standard technique to estimate shape similarity in magnitude normalized time-series
data [29]. The mean time-series representing each cluster is then compared with the
bell-shaped Hoff model using correlation as the similarity measure. The cluster with
the closest mean based on this similarity is identified to be the cluster of homogeneous
movements (HM) and the remaining two clusters are identified as outlier movements
(OM). This naming convention follows [20], though, authors there use density based
clustering of the velocity profiles, based on the assumption that stroke survivors generate
a dense set of homogeneous movement profiles that resemble bell-shaped characteristics.
However, as this assumption may or may not be true for completely spontaneous motion
in acute stroke, we analyze the clusters based on the deviation from the standard Hoff’s
model. The set of all movement elements comprising HM and OM are referred to as
AM hereafter.

3.2.4. Feature Extraction: For each cluster, a set of features are extracted from the
velocity profiles along each axis for each hand as tabulated in Table [2 The first set of
features include characteristics such as the number (N) and duration (D) of movement
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elements. The duration of the element is considered before time-normalization. The
next set of features, namely, Euclidean distance FD, Dynamic Time Warping based
distance DTW [28] and Cross-Sample Entropy CrossEn [30] represent different forms
of similarity or distance of each element to the arithmetic average of the set of movement
elements. Finally, the remaining features estimate the shape and smoothness of
the velocity profiles through statistical measures or measures of randomness. These
include variance, skewness, kurtosis, standard deviation of differences [31], Coefficient
of Variation [32], Sample Entropy [33] and Shannon Entropy [5], Hjorth parameters [34]
and Poincaré descriptors [31,35]. Therefore, a total of 20 features are extracted,
characterising the velocity profiles of the movement elements. For each feature Fj",
i € {1,20} and j € {left,right}, the normalized absolute difference of the values

|Fileft_F;ight|

between the two hands i.e., e is considered for further analysis. This difference
left right

encodes the quality of relative motion between the two hands and is hypothesized to be
higher for increasing severity of hemiparesis [5].

3.2.5. Correspondence with Hemiparesis: Initially, the visual differences between the
characteristics of the movement elements of the normal and hemiparetic hands are
studied to support our hypothesis that the movement elements are expected to be
different in the two hands. This is supported by Principal Component Analysis [20]
to study the density and spread of the velocity profiles of each hand. To determine the
correspondence of the quality of spontaneous motion with the severity of hemiparesis in
acute stroke patients, the statistical significance of the extracted features is determined
by the non-parametric Kruskal-Wallis test across each level of hemiparesis (mild-to-
moderate or severe) [5]. To further analyze feature significance for differentiating
between the two classes, the Area under the Receiver Operating Characteristics (ROC)
curve (AUC) is also studied |16]. Finally, we have used Support Vector Machines (SVMs)
with different types of kernel functions [36] to classify the feature space into two classes
of hemiparesis. Prior to classification, the minimal-redundancy-maximal-relevance
(MRMR) [37] algorithm is employed to select the salient features from all features
extracted from HM, OM and AM and create a feature vector corresponding to the data
from each subject. This method finds the features which have highest relevance to the
target classes while reducing redundancy among the selected features. We have trained
the classifier model using 10-fold cross-validation. The overall Accuracy, Sensitivity (of
each class) and F-score [36] are reported across all folds of cross-validation.

4. Results

In this section, we present characteristics of the velocity profiles and statistical
significance of the proposed features, and also discuss their suitability in hemiparesis
identification. All computations are performed using MATLAB R2019b [3§].
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Upper limb movement profiles during spontaneous motion in acute stroke 9

Table 2: List of features extracted from velocity profiles of movement elements*

Feature Formulation

Number of elements (V) Total number of movement elements in a session
Time duration of a movement element

Element duration (D) prior to time normalization

Euclidean distance (ED)# Yoi(wi — ai™?)?
Dynamic Time Warping distance (DTW)# min(} 7, w;)
Cross-Sample Entropy (CrossEn)# " In ;ﬁi%, g™ (r) = LS XM (r)
_7)2
Variance (Var) %
Standard deviation of successive > (a)—a')?
differences (SDSD) n
Si(z;—7)2
Coefficient of Variation (CV) Y
Ti(ah—al)?
Coefficient of Variation of differences (dC'V) %
Sample Entropy (SampEn)” In Jﬁi%? ™ (r) = n_lm Z?;lm cm(r)
Shannon Entropy (ShannEn) =3 2 log )
Skewness (Sk) E[(z;f)?’]
Kurtosis (Kurt) E[(=2)4]
Hjorth Mobility (M ob) Luats
Hjorth Complexity (Comp) ]]\([400%(&/))
Teager Energy (T'E) \/% S (2| — zizio)
SD1+ $SDSD?
SD2+ \/20% — 18DSD?
Complex Correlation Measure (CCM)* ——<hrD3 S5 Al
SD Ratio (SDR) * SD1/SD2

* Extracted on movement element time series z. Sum of distance based features ED, DTW and
CrossEn and median of all other features except N taken over all movement elements. z’, T, o and n
denote successive differences series, mean, standard deviation and length of x.

# Distance features compute the similarity of each element z with the average element z%"9 of that
set. For DTW, [wy, ..., ws], s >= n is a warping path representing mapping between x and xz*"9 |28|.
“Sample entropy based features, where C™(r) and X" (r) denote the probabilities of a pattern of length
m in z to lie within distance 7 of another pattern in z or a pattern in °*9, m = 2 and r = 0.15x ¢ [3033].
* Poincare descriptors, |A4;] in CCM denotes the the area of a triangle comprised of three consecutive

pairs of points (2;, iy1), (Zit1,Tit2) and (w40, T443) [35]

4.1. Nature of Velocity Profiles

Fig. shows the time and magnitude normalized velocity profiles for HM and OM
(in dotted coloured lines) and their means (in solid black line) for two representative
subjects, one with mild-to-moderate hemiparesis in the left hand (Figs. -
and the other with severe hemiparesis in the right hand (Figs. - . In both
cases, the homogeneous movements follow approximately bell-shaped velocity profiles,
closely resembling Hoff’s model, across all sensor axes. The outlier movements, on the
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other hand, are more chaotic and spread out than the dense and compact homogenenous
movement elements. OM, in effect, comprises two sets of movement elements (following
Section , one that reach peak velocity earlier (cluster 3 in Fig. (1)), and another
that reach peak velocity later (cluster 2 in Fig. than the bell shaped profiles that
reach the peak velocity approximately in the middle. For HM, the normal hands (Figs.
and [2(e)]) exhibit smoother profiles than the affected hands (Figs. and 2(T)) for
both classes of hemiparesis, though the disparity between the two hands appear more
prominent in severe hemiparesis. For OM, there is not much visible difference between
the two hands in mild-to-moderate hemiparesis (Figs. [2(c)| and 2(d)). However, for
severe hemiparesis the affected hand (Fig. has distinctly larger density and spread
of movement elements than the normal hand (Fig. 2(g))).

[N
i
i

2 = 2 =
Sos 305 3o. 305
g | 2 2 s g s
0 0 . - 0%
50 100 50 100 50 100 50 100
Time (Samples) Time (Samples) Time (Samples) Time (Samples)
(a) Left Hand HM (b) Right Hand HM (c) Left Hand OM (d) Right Hand OM
1 1
E 0.5 g 0.5
- b L
50 100 50 100 50 100 50 100
Time (Samples) Time (Samples) Time (Samples) Time (Samples)
(e) Left Hand HM (f) Right Hand HM (g) Left Hand OM (h) Right Hand OM

Figure 2: Time and magnitude normalized velocity profiles of both types of movement
elements i.e., HM (==) and OM (=) accumulated along all three axes with their means
(=), from two subjects: top row (a)-(d) with mild hemiparesis (NIHSS 1) in the left
hand and bottom row (e)-(h) with severe hemiparesis (NIHSS 4) in the right hand.

T 27 T
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2 J-6 ‘ 2 .-
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Figure 3: 2D projection of the first two principal components obtained using PCA
on time and magnitude normalized velocity profiles of the homogeneous and outlier
movement elements obtained from all subjects with severe hemiparesis.

To further investigate the disparity in the movement elements of the two hands
in severe hemiparesis, we perform Principal Component Analysis (PCA) of the time
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series representing the velocity profiles [20]. 2D projections of these movement elements
showing the first two principal components, that account for 71% and 67% of the total
variance in the normal and affected hands respectively, are illustrated in Fig. [3 As
observed earlier, HM comprise a dense and more compact region among all movement
elements for both the hands. However, for both types of movements, the elements in the
normal hand appear sparse, while that in the affected hand are denser and more spread
out. HM contained 49% and 45.82% of all normalized movement elements for mild-
to-moderate and severe hemiparetic subjects respectively. This indicates that though
acute stroke patients exhibit the well known bell-shaped morphology (constituting HM)
in velocity profiles during spontaneous motion, a significant amount (over 50%) of the
movement elements deviate from this pattern (constituting OM).

4.2. Statistical Analysis of Features

Next, we present a statistical analysis of the features derived from the velocity profiles
of the movement elements in identifying the severity of hemiparesis. This is illustrated
through the AUC obtained from ROC curves and the p-value of the Kruskal Wallis
test in Table [3] separately for HM, OM and AM. All features except CV, Sk and
Kurt are statistically significant with p < 0.01 and AUCs above 0.70 for any type of
movement. Furthermore, the features D, N, ED, DTW, CrossEn, SDSD, ShannEn,
Mob, Comp, TE and SD1 are statistically (highly) significant with p < 0.001 across
all types of movements. The top features with AUCs>0.85 include D across all types
movements, and N and CrossEn for AM. Overall, it is observed that AM produces
higher AUCs than HM or OM individually, for most of the features. Fig. [4] shows the
box plots of the distribution of these features across the two classes of hemiparesis for
AM (HM and OM follow similar patterns and observations from Table [3)). The feature
values representing the normalized difference of the feature across the affected and the
normal hand, tend to have higher median value and larger variance in severe hemiparesis.
All features except Sk and Kurt have considerable difference among the median values
of the two classes. Following Table (3| for all movement elements comprising AM, the
statistically (highly) significant features (p < 0.001) D, N, ED, DTW, CrossEn, Var,
SDSD, dCV, ShannEn, Mob, Comp, TE, SD1 and SDR show no overlap in the
interquartile ranges (boxes) between mild-to-moderate and severe hemiparesis.

The suitability of the velocity profile based features, for identifying hemiparetic
severity in acute stroke from spontaneous movements can be visually observed from
3D scatter plots of the top features. These are illustrated in Fig. for each type
of movement. The top three features are chosen based on the AUC values in Table
Bl Each of these figures show significant demarcation between mild-to-moderate and
severe hemiparesis, with AM showing more clarity among the two classes and OM
showing more overlap. These figures indicate that the proposed features can be used
to design classifier models for identifying hemiparetic severity using only short-length
spontaneous motion data.
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Figure 4: Distribution of features derived from velocity profiles of movement elements in
AM shown using box plots across two classes of hemiparetic severity. p-value represents
the statistical significance in Kruskal Wallis test.
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Figure 5: 3D scatter plots of top three features based on AUC values (as observed
in Table , from each type of movement. The plots show clear distinction between

mild-to-moderate and severe hemiparesis.
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Table 3: Evaluation of extracted features through statistical tests and ROC analysis

Feature AUC Feature AUC
HM oM AM HM oM AM
D 0.867 0.88T 0.88T ShannEn 0.83% 0.857 0.80T
N 0.847 0.827 0.89" Sk 0.55 0.56 0.52
ED 0.80% 0.75t 0.81" Kurt 0.73* 0.61 0.64
DTW 0.807 0.747 0.797 Mob 0.787 0.727 0.80"
CrossEn 0.817 0.777 0.89T Comp 0.75%  0.76* 0.82"
Var 0.73* 0.76% 0.75" TE 0.74% 0.77t 0.81"
SDSD  0.757 0.76% 0.83% SD1 0.75% 0.76% 0.83"
cv 0.52 0.53 0.55 SD?2 0.77t 0.76% 0.75*
dCV 0777  0.66 0.83" CCM 0.69* 0.73* 0.74"
SampEn  0.69* 0.72* 0.77F SDR 0.69* 0.80% 0.84"

*

and T imply statistical significance with p < 0.01 and p < 0.001 respectively

4.8. Classification of Hemiparesis

The results of classification with MRMR feature selection, using different types of SVM
kernels across 10-folds of cross-validation are presented in Table @] We find that a
Gaussian kernel leads to the highest mean accuracy of 0.85 in a 10-fold classification. It
is to be noted that each classifier results in high sensitivities (> 0.80) in identifying both
mild-to-moderate and severe hemiparesis, leading to decent F-scores. Fig. [0]illustrates
the feature selection process and classification decision boundaries respectively, produced
by the Gaussian SVM in a randomly selected fold during cross-validation. It can be
observed from Fig. that the top features belong to HM and AM. Fig. shows
a clear separation of mild-to-moderate and severe hemiparesis by the SVM decision
boundary with minor miss-classifications. The features that were always selected among
the top 20 across all cross-validation folds included N, D, ShannEn, Mob, ED, SDSD
and SD1 of HM and N, D, ShannEn, CrosskEn, TE, SDR and dC'V of AM.

Table 4: Classification performance of proposed features using SVM through 10-fold
cross-validation showing mean + standard deviation of the metrics across all folds

Sensitivity

Sensitivity

SVM Kernel  Accuracy (Mild-to-moderate) (Severe) F-score
Linear 0.80 + 0.16 0.86 + 0.20 0.82 +£0.18 0.73 £ 0.12
Gaussian ~ 0.85 + 0.14 0.84 £ 0.18 0.89 £ 0.14 0.82 £ 0.20
Quadratic ~ 0.80 £+ 0.14 0.83 £ 0.19 0.82 £ 0.21 0.70 £ 0.28
Cubic 0.79 £+ 0.17 0.80 £+ 0.20 0.81 +£0.24 0.69 £+ 0.28

5. Discussion

Literature provides evidence of the existence of basic units of movement that subjects
perform to completion after the initiation of any motion [39]. This has been recently
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Figure 6: Classification of hemiparesis using selected features in a randomly selected

cross-validation fold showing (a) feature importance scores obtained from MRMR
analysis (only top features with scores above zero are illustrated) and (b) decision
boundaries with a Gaussian kernel in a 2D plane (with top two features only, due to
visual representation limitations) separating mild-to-moderate and severe hemiparesis.

investigated to show that complex upper limb motion can indeed be decomposed into
basic units of point-to-point motion resembling simple reaching tasks [25]. In this work,
we have used wearable sensor data to show that upper limb motion in stroke survivors
also follow this principle. By decomposing completely spontaneous upper limb motion
into component movement elements, we have computed novel features to describe the
quality of such motion. Further, we have shown that these features bear correlation with
the degree of hemiparesis in acute stroke. A major difference and improvement of this
work over recent literature is the study of the relative characteristics of the movement
elements between two hands, compared to studying the absolute motion of the affected
hand or using data acquired from healthy control subjects to identify homogeneous
movement elements [19).

5.1. Interpretation of the Characteristics of Movement Elements

Smoothness is a characteristic of co-ordinated human movements . Early works have
shown that infants perform simple hand motion by combining movement elements that
become smoother over periods of learning . Humans, without conscious input, can
plan motion during complex tasks by focusing on small task segments. During simple
reaching tasks, the human central nervous system performs an optimization process
aimed at minimizing jerk and task duration that produces smooth velocity profiles ,
. In this work, we showed that while spontaneous motion in the hemiparetic hand
of stroke survivors do follow the minimum-jerk principle, the movement elements in
the normal hand are significantly smoother than the hemiparetic hand. We quantified
this difference by extracting various features from the individual movement elements to
study the quality of upper limb motion in stroke survivors. The features that were
extracted comprised (i) the number and duration of movement elements, (ii) their
similarity or deviation from the average movement element of the set, computed using
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standard distance measures and (iii) various statistical measures of the velocity time
series representing the smoothness of individual movement elements. All features were
computed as relative measures between two hands and the difference was found to be
significantly higher in severe hemiparesis than in mild-to-moderate hemiparesis. Our
experiments show that the movement elements in stroke survivors increase in number
with smaller duration with increasing hemiparetic severity. The number (and density)
of movement elements relates to irregular and jerky motion in the hemiparetic hand
resulting in a large number of zero crossings [19,[20]. The characteristics of duration
follows [19], showing that the average time length of movement elements in stroke
impaired subjects significantly reduces with hemiparetic severity. This actually relates to
(4), where the duration of the point-to-point reaching movement increases with distance
traversed. It has been observed that upper limb motor impairment in stroke is often
associated with a limited range of motion [20,/43], thereby reducing D and in turn, ¢y
for each movement element.

From Table 3| we can make some observations on the goodness of the other features
in identifying hemiparesis as well. The distance features are particularly useful, as these,
capture the deviation of the elements from the mean, and therefore are distinctly higher
in the hemiparetic hand. The features Var, dC'V, Mob, Comp and T'E are well known
quantifiers of randomness and variability in a time series, predominantly used in heart
rate variability analysis [36,/44]. Therefore these features perform well in quantifying
the jerky movements in the present context as well. Among the entropy features,
ShannEn performs better than SampEn. This is because, SampFEn is concerned with
repetitive patterns within the time series, which may or may not quantify the jerky
nature well [33]. ShannEn, on the other hand, quantifying the overall uncertainty in
a time series, captures the difference between smooth and irregular patterns better.
Among the Poincaré features, we observe that SD1 and SDR (which is composed of
SD1) are more discriminative that the others. This is primarily because SD1 encodes
short-term variability, unlike SD2 (which represents long-term variability) in a time
series [31]. In the present context, the long-term variability of all data are similar (e.g.,
the shape resembles a bell-shaped or near bell-shaped curve for HM), whereas, the
short-term variability given by the jerkiness or smoothness is higher in hemiparesis.

Our results corroborate with very early clinical findings reported in [45] and later
in [40]. These works used robot assisted manipulative devices to measure smoothness
of motion in stroke survivors. Using kinematic analysis it was shown that individual
movement speed profiles during continuous hand motion in unloaded tasks, was invariant
across patients with different types of stroke aetiology and was similar to the shape of
primitive movement elements following the minimum jerk principle [45]. The overall
shape of speed profiles were unaffected by the peak speed and they appeared jerky.
Further, it was found that the movement elements seem to grow smoother with time as
the patients recovered [40]. It is to be noted that, as in [20], the homogeneous movement
elements in the present context do not particularly refer to healthy movements. It
is interesting that the homogeneous movements in the hemiparetic hand are jerky
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compared to the normal hand and the amount of this disparity increases with the severity
of hemiparesis. Further, the differentiation between the denser homogeneous set and
sparser outlier set can be useful in determining hemiparetic severity. As observed from
Fig. the top features selected across all types of elements in distinguishing the
two classes of hemiparesis belong particularly to the homogeneous set, other than all
movement elements.

5.2. Effect of Noise on Hemiparesis Identification

An interesting angle in this work is to study the goodness of the proposed velocity
profile based features in identifying the severity of hemiparesis. Existing literature in
this direction use different forms of descriptors that ultimately measure the amount
of activity of the affected hand. In our recent works [5]/16/17], we have described
such activity based measures quantifying the relative motion between two hands that
correlated well with NIHSS scores in acute stroke. However, being based on activity
only, these measures are extremely susceptible to the effect of additive noise. Additive
high amplitude noise of any nature would increase the energy content and activity of
the affected hand, despite not being actual activity performed by the patient, during
spontaneous data acquisition. This is very common in a hospital environment, where
external touch by a nurse or other high amplitude artefacts can contribute to the increase
in the activity levels of the affected hand. An important consideration in this respect
is that the features proposed in this work measure the quality of motion by analyzing
the density, duration and smoothness of the velocity profiles. These are not affected by
the amplitude of the acceleration signal. Fig. [7] presents the effect of adding external
noise in the affected hand on the proposed features in identifying mild-to-moderate and
severe hemiparesis. The raw accelerometer data of affected hand is segmented into non-
overlapping windows of 5 seconds duration and in some of these windows, high amplitude
(upto the maximum amplitude of the signal) noise is added at random locations. The
amount of noise affected windows indicates the percentage of added noise. We can
observe from Figs. and that addition of noise do not affect the value of AUC.
However, in Fig., which illustrates the performance of activity coherence features
proposed in our earlier work [5], the effect of noise is extremely significant. Here, the
AUC deteriorates by 20% even upon the addition of 5% noise to the raw data. Therefore,
the proposed method is particularly useful in identifying hemiparetic severity from noisy
data by eliminating motion artefacts.

It is to be noted that we have only identified two levels of hemiparetic severity
using this approach, and there remains a scope of further improving clinical granularity
in identifying sub-classes of hemiparesis. However, the motor component of NIHSS
comprise only a part of stroke severity assessment. Medical personnel are mostly
interested in getting a broad idea of improvement or deterioration of hemiparetic
severity (from mild-to-moderate to severe hemiparesis) indicated by several NIHSS
factors [46,47]. Additionally, clinical granularity in defining further levels of hemiparesis
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Figure 7: Performance comparison showing the effect of adding noise to raw
accelerometer data in identifying hemiparetic severity. The mean and standard deviation
of AUC of the top ten features are considered in (a) and (b), and all features found
statistically significant in [5] is considered in (c).

is highly subjective and suffers from inter-rater variability [5,/48]. Therefore, the
proposed model based only on spontaneous motion and two sensors, can be sufficiently
effective in providing a general idea of hemiparesis progression in the clinical scenario.

6. Conclusion

In this study, we have shown that completely spontaneous upper limb motion in acute
stroke patients can be decomposed into component elements that resemble 1D point-
to-point movements. These movement elements show different characteristics for the
normal and the hemiparetic hands, in terms of density, duration and smoothness. The
disparity of such measures between the two hands can be used to identify hemiparesis
and further classify the severity of hemiparesis with references to the clinical gold
standard NTHSS scores. The proposed measures bear physiological significance with
clinical results reported in the existing literature. This work shows the feasibility of
analyzing the quality of upper limb motion planned by the central nervous system
using wearable sensors, instead of simply quantifying the amount of activity to identify
hemiparesis in stroke survivors. The work is particularly significant in the clinical
scenario as it involves completely spontaneous activities acquired using only two wrist-
worn sensors, thereby avoiding any physical burden or obtrusion for patients, while
being robust towards additive noise in the acquired data. Future scopes of this work
include improvement of clinical sensitivity in identifying sub-classes of hemiparesis for
continuous monitoring in a hospital or remote monitoring at home.
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