The Cerebellum
https://doi.org/10.1007/5s12311-022-01385-5

ORIGINAL ARTICLE q

Check for
updates

Real-life Wrist Movement Patterns Capture Motor Impairment
in Individuals with Ataxia-Telangiectasia

Anoopum S. Gupta'® - Anna C. Luddy' - Nergis C. Khan' . Sara Reiling® - Jennifer Karlin Thornton®

Accepted: 21 February 2022
© The Author(s), under exclusive licence to Springer Science+Business Media, LLC, part of Springer Nature 2022

Abstract

Sensitive motor outcome measures are needed to efficiently evaluate novel therapies for neurodegenerative diseases. Devices
that can passively collect movement data in the home setting can provide continuous and ecologically valid measures of
motor function. We tested the hypothesis that movement patterns extracted from continuous wrist accelerometer data capture
motor impairment and disease progression in ataxia-telangiectasia. One week of continuous wrist accelerometer data were
collected from 31 individuals with ataxia-telangiectasia and 27 controls aged 2-20 years old. Longitudinal wrist sensor data
were collected in 14 ataxia-telangiectasia participants and 13 controls. A novel algorithm was developed to extract wrist sub-
movements from the velocity time series. Wrist sensor features were compared with caregiver-reported motor function on the
Caregiver Priorities and Child Health Index of Life with Disabilities survey and ataxia severity on the neurologist-performed
Brief Ataxia Rating Scale. Submovements became smaller, slower, and less variable in ataxia-telangiectasia compared to
controls. High-frequency oscillations in submovements were increased, and more variable and low-frequency oscillations
were decreased and less variable in ataxia-telangiectasia. Wrist movement features correlated strongly with ataxia severity
and caregiver-reported function, demonstrated high reliability, and showed significant progression over a 1-year interval.
These results show that passive wrist sensor data produces interpretable and reliable measures that are sensitive to disease
change, supporting their potential as ecologically valid motor biomarkers. The ability to obtain these measures from a low-
cost sensor that is ubiquitous in smartwatches could help facilitate neurological care and participation in research regardless
of geography and socioeconomic status.
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Introduction

The development of new therapeutics is accelerating for
rare and common neurodegenerative diseases with a large
unmet medical need [1]. However, currently used tools for
determining the efficacy of therapies remain subjective,
imprecise, and insensitive. The creation of more sensitive
and scalable quantitative motor outcome measures holds the
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potential to reduce the size, duration, and cost of neurology
drug trials.

Ataxia-telangiectasia (A-T) is a rare autosomal recessive
neurodegenerative disorder that affects one in every 40,000
to 100,000 children [2]. The neurological manifestation of
A-T is characterized by progressive cerebellar atrophy and
ataxia, as well as tremor, neuropathy, and extrapyramidal
features [3, 4]. Most children with classic A-T do not have
obvious motor deficits at birth and walk at a typical age [2,
5]. Gait instability typical of early childhood often fails to
resolve with development; however, it is common for motor
function to appear stable or mildly improving over the ages
of 3 to 7 due to overall gain of gross motor milestones [5].
This masks disease progression and can contribute to delays
in diagnosis until hand incoordination, gait imbalance, and
other features of the disease worsen [2]. Disease-modifying
therapies have the potential to slow or halt the disease pro-
cess in these early stages [6]; however, it is challenging to
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prove that the drug is effective in these developmentally
dynamic years of child development. Motor impairment
progresses during primary school years, and children have
difficulty with writing, coloring, and eating, along with
increased gait imbalance. By early in the second decade,
individuals with A-T begin using a wheelchair [2, 5]. Thus,
gait-independent assessment tools are needed to sensitively
track disease severity in older children, both for clinical care
and to support inclusion in clinical trials.

Clinician-performed ataxia rating scales are currently
used for assessments in A-T and other ataxias, including
the Brief Ataxia Rating Scale (BARS) [7] and the Scale for
the Assessment and Rating of Ataxia (SARA) [8]. Subjec-
tivity and imprecision in these scales necessitate large and
long trials, which increase costs, place significant burden on
patients, and are a barrier for successful drug development
[9, 10]. These scales have additional limitations in pediat-
ric populations; in particular, they are not suitable for chil-
dren under the age of 4 and demonstrate age dependence in
healthy individuals up until 10-12 years of age [11].

Wearable sensors with inertial measurement units (IMU)
that contain triaxial accelerometers have been used in A-T
and other pediatric ataxias to measure aspects of limb motor
impairment during in-clinic administered tasks [12-15].
Multi-sensor IMU systems have been successfully used both
inside [16-19] and outside [20] the clinic to quantify gait
impairments in different ataxias. These are promising tech-
nologies for objective quantification of motor impairment
but have limitations in that they are not applicable across all
ages and are not designed to accommodate frequent, at-home
use in children.

A hallmark characteristic of the ataxia phenotype is that
movements are segmented or decomposed into smaller
movements [21] or “submovements.” Movement segmen-
tation may emerge in part from decreased postural tone
and support (e.g., against gravity) during voluntary move-
ments [21], from dyssynchrony of flexor and extensor mus-
cles during coordinated movements [22, 23], and/or from
a compensatory strategy to decrease postural disturbances
[24]. A recent work demonstrated the utility of quantifying
characteristics of wrist submovements in individuals with
ataxia during an in-person administered reaching task [14];
however, it is unknown if clinically useful submovement
descriptions can be obtained from natural, at-home behavior.

We previously reported that measures of activity intensity
derived from wrist sensor data collected cross-sectionally at
home in 6-18-year-old individuals with A-T were signifi-
cantly different between A-T and control participants, cor-
related strongly with ataxia severity, and demonstrated high
reliability [25]. Here, we report 1-year longitudinal wrist
sensor data in the 6—18-year-old cohort, include new cross-
sectional data from children aged 2—6 years old, compare
movement features with caregiver-report of function, and
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develop a novel approach for extracting and characterizing
submovements from continuous wrist sensor data. We dem-
onstrate how submovements, in addition to activity intensity
measures, are altered in A-T compared with controls, are
strongly related to motor severity and function, and are sen-
sitive for detecting disease progression.

Methods
Participants

A total of 31 individuals with A-T and 27 age- and sex-
matched healthy siblings and step-siblings ranging in age
from 2 to 20 years old participated in the study (see Table 1).
Written informed consent and assent were obtained from
all participants, and the study was approved by the Part-
ners Healthcare Research Committee Institutional Review
Board (No. 2019P002752). Participants were identified in
partnership with the Ataxia Telangiectasia Children’s Pro-
ject (A-TCP) and met the following criteria: (i) age between
2 and 20 years, (ii) no history of other neurological or mus-
culoskeletal disorders, (iii) able to tolerate wearing a wrist
sensor at home for up to 1 week. Data were collected at
two time points. From January to June 2020, 15 children
with A-T and 15 controls participated in the study (dataset
1 or DS1). Activity intensity data from DS1 were previously
reported [25]. From January to August 2021, 30 children
with A-T and 25 controls participated in the study (dataset 2
or DS2). Dataset 2 included 27 individuals who were part of
dataset 1 and 28 new participants. Longitudinal wrist sensor
data (data from both time points) were available for analysis
in 14 children with A-T and 13 controls (LD dataset).

Clinical Assessments and Clinical Data Collection

As described in Khan et al. [25], DS1 included a detailed, in-
person neurological exam for each participant with A-T and
scoring on BARS, which evaluates gait, speech, oculomotor
function, the finger-nose-finger task, and the heel-to-shin
task [7]. DS1 also included components of the A-T Neuro
Examination Scale Toolkit, [26] in particular for evaluation
of hyperkinetic movements.

DS2 included a subset of a caregiver-reported survey
called the Caregiver Priorities and Child Health Index of
Life with Disabilities (CPCHILD) [27]. Analyses that uti-
lized CPCHILD focused on Sect. 1 and 2, which included 13
questions about personal care (e.g., eating, bathing, toileting,
getting dressed) and mobility (e.g., transferring to bed/chair/
car, sitting, standing, moving inside and outside). These
two sections were included given their relevance to A-T and
potential relevance to wrist submovements. This CPCHILD
subset score has a range of 0—78, and in contrast to BARS,
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Table 1 Participant demographics and clinical characteristics.
Participant data is provided separately for Dataset 1, Dataset 2, and
the combined Longitudinal Dataset. Nine individuals with A-T are

listed as “uncertain” in the A-T phenotype column as they are 6 years
old or younger, and it is too early to make a determination

Diagnosis N Age at start Sex Handedness BARS (0-30) CPCHILD (0-78)  Wheelchair A-T phenotype (N)
use (N)
Median  Range M F R L A

Dataset 1 (DS1), January-June 2020

A-T 15 11.0 6.3-182 9 6 4 1 0 11.0-25.5 N/A 8 Classic (15)

Control 15 11.0 5.0-160 9 6 4 1 0 0 N/A N/A

Dataset 2 (DS2), January—August 2021

A-T 30 108 2.6-20.0 18 12 26 2 2 NA 20-72 13 Classic (20)
Mild (1)
Uncertain (9)

Control 25 10.8 2.3-17.2 13 12 21 3 1 N/A 73-78 0 N/A

Longitudinal Data (LD), data from DS1 and DS2

A-T 14 109 6.3-18.2 9 5 13 1 0 11.0-25.5 20-72 7 Classic (14)

Control 13 11.0 5.0-16.0 8 5 2 1 0 O 75-78 0 N/A

“CPCHILD scores reported are for individuals 6-18 years of age

Abbreviations: A ambidextrous, BARS Brief Ataxia Rating Scale, CPCHILD Caregiver Priorities and Child Health Index of Life with Disabili-

ties

lower scores indicate more severe impairment. Individuals
6-18 years old were included in CPCHILD analyses. In-
person clinical assessments were not included in DS2 due
to the COVID-19 pandemic. Thus, data analysis included
cross-sectional analyses of wrist sensor data with respect to
clinical assessments and caregiver-reported outcomes, and
longitudinal analysis of wrist-sensor data only.

Wearable Sensor Data Collection

The study used the GENEActiv Original actigraphy
device (Activlnsights Ltd, Cambridge, UK), which meas-
ures tri-axial acceleration at 100 Hz with a MEMS sensor
(range: +/—8 g; res: 12bit). Devices were distributed to par-
ticipants as previously reported [25].

Wearable Sensor Data Processing and Feature Types

Each participant’s raw wearable sensor data were partitioned
into day and night segments based on clear changes in each
child’s daily activity level represented in the accelerometer
data [25]. To account for differences in the time of day that
sensor recording began across participants, day/night seg-
mentation was started at the onset of the first full night of
recording. This produced a maximum of 6 consecutive 24-h
periods of recording. Data analysis focused on daytime seg-
ments. Gravity and high-frequency noise were removed from
the acceleration time-series using a sixth-order Butterworth
filter with cutoff frequencies of 0.1 and 20 Hz. [28].
Several classes of features were extracted from daytime
wrist sensor data for a total of 62 features. These included

total power in the 0.1-5 Hz frequency range and a set of fea-
tures based on the distribution of activity intensity computed
in 1-s time bins, which were previously evaluated cross-sec-
tionally in A-T [25]. These accounted for 8/62 features. The
remaining 54/62 features described characteristics of wrist
submovements, described in detail below. These included
the mean (M) and standard deviation (SD) of submovement
distance, peak velocity, and duration (24/62 features), and
the mean, standard deviation, and kurtosis (Kr) of shape
characteristics of the normalized submovement veloc-
ity—time curve (30/62 features).

Activity Index Feature Extraction

Relative scale Activity Index (AI) is a measure of activ-
ity intensity derived from tri-axial accelerometry data that
correlates with energy expenditure and can differentiate
between activity types [29]. The AI metric is based on the
variance of acceleration in each of the three axes of motion.
Al was computed from the unfiltered acceleration time series
for each 1-s period of sensor recording [25]. Al features
included the mean, median, mode, and entropy of the Al
distribution (excluding periods of inactivity) and the per-
centage of daytime spent performing low, moderate, and
high intensity activities [25].

Submovement Features
Submovements were defined as one-dimensional wrist

velocity versus time functions flanked by zero velocity
crossings in an analogous way to submovements defined
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Fig. 1 Examples of normalized
submovements from an individ-

—

ual with ataxia-telangiectasia.
The x-axis is resampled time

so that each submovement is
represented by forty time points.
The y-axis is velocity, normal-
ized to the range O—1. Normal-
ized submovements can take on

o

a range of different shapes with
varied peak locations and low
and high-frequency components

1

Normalized Velocity

40

Resampled Time

40

during computer mouse movements [30]. Submove-
ments were extracted from the wrist velocity time series
as described in eMethods. Submovements were catego-
rized into four groups based on duration (0.05-0.6 s and
0.6-5 s) and the direction of movement in the plane (pri-
mary versus secondary, see eMethods). The mean (M) and
standard deviation (SD) of duration, distance, and peak
velocity of submovements were computed for each of the
four groups, producing 24 features for each individual.
Submovement velocity—time curve (i.e., submovement
“shape”) characteristics were computed for long dura-
tion (0.6-5 s) submovements as described in eMethods.
Briefly, submovements were normalized to have velocities
ranging 0—1 and were resampled in time to be 40-dimen-
sional (40D) vectors (normalized submovement examples
are shown in Fig. 1). Principal component analysis (PCA)
was used to identify the top 5 “basis functions” (PC 1-5)
that could be used to optimally reconstruct all normalized
submovements. The principal component (PC) “scores”
for a given submovement are the linear weights on these
five principal component vectors in order to reconstruct
the submovement. Thus, the magnitude of PC scores rep-
resents how much each principal component contributes
to the submovement. PC 1 and 2 represented low-fre-
quency characteristics of the velocity—time curve and PC
3-5 represented higher frequency characteristics (Fig. 2).
The mean absolute value (M), standard deviation (SD),
and kurtosis (Kr) of each principal component score (PC
1-5) for each of the two normalized submovement groups
were computed for each individual. In total, this resulted
in 30 submovement shape features for each individual.
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Fig.2 The top five principal component eigenvectors (PCs), repre-
senting basis functions that explain the majority of variance in the
submovement velocity versus time curve (i.e., submovement shape).
Submovements (see Fig. 1 for examples) can be partially recon-
structed by a linear combination of the five principal component
vectors shown. Each panel provides a visualization of an eigenvec-
tor, with the element values displayed on the y-axis for each dimen-
sion of the 40-dimensional vector. PCs 1 and 2 demonstrate a single
sine wave cycle with a peak in the first half and second half of the
submovement, respectively. PCs 3, 4, and 5 have increasing cycles in
half-cycle increments, with 1.5, 2, and 2.5 cycles, respectively

Submovement Feature Grouping

In order to understand and visualize the statistical relation-
ships between the 62 wrist sensor features, features were
manually sorted into a smaller set of interpretable feature
groups: 3 groups based on activity index and total power, 6
groups based on submovement distance, peak velocity, and
duration, and 9 groups based on submovement shape charac-
teristics. For the 3 activity index (AI) groups, Al entropy and
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percentage of daytime spent performing low intensity activi-
ties were each given their own group. Al mean, median,
mode, percentage of daytime spent performing moderate
and high intensity activities, and total power were grouped
together as they reflect activity intensity in a similar way.
The correlation matrix of the 62 features with the 18 feature
groups marked is shown in eFigure 3.

Statistical Analyses

All statistical analyses were completed in MATLAB. The
Mann—Whitney U test was used to determine individual fea-
ture and age differences between A-T and control groups,
and Cohen’s d was used to measure effect size. The Wil-
coxon signed rank test was used to determine if change in a
feature over a 1-year period was different from zero in A-T
and control groups. Intraclass correlation coefficients (ICCs)
were used to determine the reliability of wrist sensor features
over a 1-week recording period (i.e., comparing data from
days 1-3 versus days 4-6 from individuals with a full 6 days
of data collection): a 2-way mixed effects model was used
for evaluation [31]. Absolute value of Pearson correlation

coefficients (Ir]) and p values were used to evaluate relation-
ships between wrist sensor features and ataxia rating scales
and caregiver reported outcome measures. p values less than
0.05 were considered significant. The Benjamini—Hochberg
method was used to adjust for multiple comparisons within
each of the 18 feature groups of interest [32].

Results

Demographic and clinical information for participants is
shown in Table 1. There were no age differences between
A-T and control groups in each of the three datasets
(p=0.27-0.82). Participants wore the wrist sensor for
5.8+0.7 (M £ SD) full days with a range of 3—6 days.

Wrist Sensor Features Differentiate A-T and Control
Participants

Sixteen out of the 18 feature groups contained wrist move-

ment features that were significantly different between
A-T and control participants (p=2x 10721x 1073, effect

correlation
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Fig.3 Relationship between each wrist sensor feature group and key
clinical comparisons, including A-T versus control groups (rows 1-2),
change over time in the A-T group (row 3) and the control group (row
4), reliability of features for both groups combined (row 5), relation-
ships with the Brief Ataxia Rating Scale (BARS, rows 6-7), and rela-
tionships with Caregiver Priorities and Child Health Index of Life
with Disabilities (CPCHILD, rows 8-10). Row 4 does not have any
text since no features showed statistically significant change in the
control group. Rows 1-4 report the number of features (V) that are
significant within the feature group along with the most significant
p value. Green text indicates when values are higher in the control
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group compared with the A-T group, and red text indicates when the
value is higher in A-T compared with controls. Rows 5-10 report the
number of significant features along with Intraclass Correlation Coef-
ficients (ICC) or maximum absolute value of the Pearson correlation
coefficient (r). The color of each cell also represents the value of
the correlation coefficient. Abbreviations: N, number of subjects, N,
number of features, Al activity intensity, SM submovement, PC prin-
cipal component, M mean, SD standard deviation, Kr kurtosis, /CC
intraclass correlation coefficient, BARS Brief Ataxia Rating Scale,
CPCHILD Caregiver Priorities and Child Health Index of Life with
Disabilities
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size=0.6-2.3, Fig. 3, row 1). Four out of these 16 groups had
features that remained significantly different when only con-
sidering children 6 years old and younger (p =0.042-0.004,
effect size =1.3-2.3, Fig. 3, row 2). Individuals with A-T
spent more time performing low intensity movements and
less time performing high intensity movements, had shorter
and less variable submovement distances, and had slower
and less variable submovement peak velocities (Fig. 3, row
1; Fig. 4B,C; eFigure 4, row 1).

A-T submovement velocity versus time profiles (sub-
movement shapes) were also significantly different in A-T
and control participants. Both low-frequency components
(PC 1 and 2) represented a single sine wave cycle, but the
peak of the cycle was in the first half of the submovement
for PC 1 and was in the second half for PC 2 (Fig. 2). The
magnitude and variance of PC 1 scores were larger in con-
trols and highly significant in distinguishing A-T and con-
trol participants (Fig. 3, row 1; Fig. 4D). In contrast, A-T
submovements had larger and more variable higher fre-
quency oscillations. This is reflected by increased mean PC
3 scores in the A-T group—the two significantly different
features in the high-frequency group (PC 3-5 M) were PC
3 mean scores in the primary and secondary directions of
movement (Fig. 3, row 1). The histogram for PC 3 scores
was also less peaked at zero in A-T compared to controls,
consistent with larger high-frequency contributions to A-T
submovements (Fig. 4F). Thus, submovement velocity—time
curves from A-T participants had smaller and less variable
low-frequency components, particularly at the beginning of
the submovement, and larger and more variable higher fre-
quency components.

Wrist Sensor Features Are Reliable and Capture
Disease Progression

For participants in dataset 2 with six full days of data
(N=49), the reliability of wrist sensor features was evalu-
ated by comparing features computed from days 1-3 with
features obtained from days 4—-6. The majority of wrist
sensor features showed good to excellent reliability with a
median ICC of 0.86 and range of 0.33-0.96 (Fig. 3, row 5).

Data from 27 participants (14 A-T, 13 controls) were
collected at two time points separated by 1 year. Features
were evaluated for their ability to detect disease progres-
sion over the 1-year interval. Features from 6 out of the 18
feature groups demonstrated statistically significant change
in the A-T group (Fig. 3, row 3). No features showed sig-
nificant change in the control group (Fig. 3, row 4). For all
features with longitudinal change, the direction of change
was congruent with disease progression based on the rela-
tionship between the feature and the neurologist-performed
ataxia rating scale (BARS). Over the 1-year interval, indi-
viduals with A-T had reduced mean activity index (Al) and
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Fig.4 Normalized histograms of long duration (0.6-5 s) submove-
ment properties for individuals with A-T versus controls (column
1, A-H), younger versus older individuals with A-T (column 2,
I-P), and younger versus older controls (column 3, Q-X), for data-
set 2 (N=55). Participants with A-T are shown in red and controls
in green. The line is the population group mean, and the line width
indicates group standard deviation. Duration, distance, and velocity
histograms are plotted in log scale. Each histogram bin that is signifi-
cantly different between groups is marked to indicate the level of sig-
nificance: p <0.001(*); p <0.0001(red*). Abbreviations: PC principal
component

decreased Al entropy. There was a trend toward smaller
submovement distances, velocities, and durations; how-
ever, these did not remain significant after adjustment for
multiple comparisons. Submovement shapes had larger
high-frequency oscillations (PC 3-5) and more variability
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in these high-frequency components (Fig. 3, row 3). These
longitudinal observations were further supported by cross-
sectional age-group differences in the A-T population: older
A-T participants (8 years old and up) had smaller and slower
submovements compared with younger A-T participants
(Fig. 4J-K). Additionally, older A-T participants had fewer
submovements with no high-frequency components, indi-
cated by a smaller histogram peak at PC 3 and PC 4 scores
of zero (Fig. 4N-0O). These age-group changes were not seen
for healthy participants (Fig. 4R-S, V-W), indicating that
the changes were largely disease-related rather than age-
related changes.

Wrist Sensor Features Correlate with Ataxia Severity
and Caregiver-Reported Function

Features from 11 out of 18 feature groups were signifi-
cantly correlated with BARS total score (Irl=0.52-0.77,
p=0.048-0.0007, Fig. 3, row 6), and features from 10/18
groups were significantly correlated with BARS domi-
nant arm score (Ir1=0.53-0.81, p=0.044-0.0003, Fig. 3,
row 7). The wrist movement features that correlated with
BARS total and BARS dominant arm were similar to the
features that distinguished A-T from control participants
and progressed over time in the A-T group. With increasing
ataxia severity, the mean and entropy of activity intensity
decreased; submovement distances, velocities, and dura-
tions decreased and became less variable, and the mean and
variance of high-frequency oscillations (PC 3-5) increased
(Fig. 3, rows 6-7). Although the magnitude and variance of
PC 1 scores were larger in controls and highly significant
in distinguishing A-T and control participants, they did not
correlate with ataxia severity and did not change over time
(Fig. 3, rows 3,6-7). On the other hand, kurtosis of the PC
1-2 and 3-5 distributions, reflecting the amount of prob-
ability density outside the central range of the distribution
and how heavy-tailed the distributions were, decreased with
increasing ataxia severity.

Comparing wrist sensor features with CPCHILD
total, standing, and eating scores demonstrated that a
subset of wrist sensor features was related to caregiver-
reported function (features from 6/14, 7/14, and 0/14
groups, respectively, Fig. 3, rows 8-10). Wrist sen-
sor features had significant relationships with standing
(Ir1=0.51-0.83, p=0.038—7x 10~°) and overall motor
function (Irl=0.50-0.72, p=0.048-0.0016), whereas there
were no significant relationships with eating after adjust-
ment for multiple comparisons. Whereas activity index
and submovement distance and peak velocity features were
related to ataxia severity and distinguished A-T from con-
trols, they were not significantly correlated with motor func-
tion based on CPCHILD. However, variable and increased

high-frequency oscillations were significantly correlated
with increased motor impairment (Fig. 3, rows 8-9).

Power Law Relationship Between Submovement
Velocity and Distance

Prior work has demonstrated a two-thirds power law relation-
ship between submovement velocity and distance during spe-
cific motor tasks [33] and a two-thirds power law relationship
between curvature and velocity during handwriting and draw-
ing, [34, 35] which may reflect how the motor system plans
and optimizes movement [36, 37]. We also observed a strong
power law relationship between long duration submovement
peak velocity and submovement distance, as indicated by
the linear relationship on the log—log 2D histogram (slope:
0.80-0.83, r%: 0.93; Fig. 5, top row), as well as short duration
submovements (slope: 0.69-0.73, % 0.92-0.94; eFigure 5,
top row). The power law relationship was similar for A-T and
control groups; however, the center of the 2D distribution
was shifted toward smaller and slower submovements for the
long duration submovements in A-T, consistent with the 1D
distance and velocity histograms in Fig. 4B—C.

Discussion

Our results demonstrate that real-life, triaxial accelerometer
data from a wrist sensor contain reliable and interpretable
information about motor impairment in individuals with
ataxia-telangiectasia. Submovement and activity intensity
features derived from the wrist sensor data distinguished
individuals with A-T from controls, had high reliability,
detected disease progression over a l-year interval, and
correlated strongly with ataxia rating scales and caregiver-
reported function.

We found that both activity intensity (Al) and submove-
ment feature classes carried information relevant to A-T phe-
notypes. Consistent with prior work, mean activity intensity
and the range of activity intensities were strongly reduced in
A-T compared with controls [25]. Additionally, we observed
that mean intensity was also significantly reduced in chil-
dren <6 years old, and several Al-based features detected
disease progression over a 1-year interval. The observed
decrease in mean Al and entropy of the Al distribution in
A-T participants over time is consistent with the natural his-
tory of the disease, which includes slower movements and
decreased ability to participate in motor activities over time.
While Al-based features correlated with ataxia severity, they
did not show statistically significant relationships with car-
egiver-reported motor function. It is possible that slowing
and reducing the intensity of movements assists in the pres-
ervation of everyday motor functions, thereby weakening
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the observed relationship between activity intensity fea-
tures and caregiver-reported function. It is also possible that
CPCHILD does not fully capture the motor function changes
in A-T, and an A-T-specific caregiver-reported outcome tool
is needed.

Submovement kinematic features including peak veloc-
ity and distance (mean and variance) were strongly reduced
in A-T, and variance of these measures was significantly
reduced in the younger age group. Peak velocity, distance,
and duration all decreased with increasing ataxia severity
but were not significantly correlated with caregiver-reported
motor function. This is consistent with the possibility that
reductions in movement speed and distance help maintain
motor function, resulting in a weaker observed relationship
between the variables. Variability in submovement duration
significantly decreased over a 1-year interval in A-T par-
ticipants. Similarly, peak velocity and distance variability
trended toward a decrease over time in A-T participants;
however, these observations were not significant after adjust-
ment for multiple comparisons. These findings demonstrate
that submovement distances, velocities, and durations are
decreased in A-T and related to ataxia severity and may
become less variable with disease progression.

Submovement shape features captured both low-fre-
quency (PC 1-2) and higher frequency (PC 3-5) oscilla-
tions in the velocity—time profile (Fig. 2). The low-frequency
component with a velocity peak in the first half of the sub-
movement (PC 1) was much weaker and less variable in A-T
compared with controls but did not change with increasing
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motor severity. On the other hand, the low-frequency com-
ponent representing a peak in the second half of the sub-
movement (PC 2) became more variable as ataxia severity,
and functional impairment increased. Similar to PC 2, the
mean and variance of high-frequency (PC 3-5) oscillations
increased with worsening ataxia and impaired motor func-
tion, and showed progression over a 1-year interval (4/12
features changed in A-T and 0/12 changed in controls, Fig. 3,
rows 3—4). The mean and variance of high-frequency oscil-
lations consistently showed moderate to strong relationships
with BARS total, BARS arm subscore, CPCHILD total, and
CPCHILD standing. They also demonstrated high reliabil-
ity and detected disease change in A-T participants over a
1-year interval. However, they did not distinguish between
A-T and control populations as strongly. This suggests that
high-frequency components have different meanings in
A-T versus control populations: in controls, high-frequency
components may reflect more flexible and complex move-
ment, whereas in A-T they represent decomposed move-
ments which become increasingly segmented with disease
progression.

There is evidence that voluntary movements are com-
posed of motor primitives or submovements that are strung
together to form motor behaviors [38—40]. Submovements
have been observed during ballistic reaching movements
[41], slow finger movements [42], rotary wrist movements
[43], periodic elliptical drawing [44], and handwriting
[33, 34]. Measurements have typically been performed
in the laboratory setting using sophisticated equipment
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such as motion capture systems or robotic arms to record
movements. Our observations of submovement properties
during natural movement are consistent with previously
reported properties of submovements during motor tasks.
Older individuals appear to compensate for greater noise
and lower perceptual efficiency by increasing the number
of submovements and decreasing the velocity of submove-
ments during accuracy-constrained movement tasks [45].
During the finger-nose-finger reaching task, individuals
with different types of cerebellar ataxia were found to have
smaller, shorter, and slower submovements, as well as an
increased proportion of submovements with more than one
velocity peak [14]. Consistent with these observations,
but in the context of improving motor function, healthy
infants’ reaching trajectories become straighter, and move-
ment units decrease in number and increase in duration,
with the dominant unit beginning the movement [46]. In
stroke survivors during recovery, the number of submove-
ments decreases, and their temporal overlap increases
giving rise to smoother trajectories during point-to-point
movements [47]. These observations are consistent with
the smaller and slower submovements with increased high-
frequency oscillations observed in A-T.

It is notable that we observed a bimodal distribution
of submovement durations, motivating separation of sub-
movements into short (0.05—0.6 s) and long (0.6 -5 s)
duration groups (eFigure 2). The shorter submovements
had durations that were largely consistent with those
reported in the literature during specific motor tasks.
These shorter duration submovements also demonstrated
an approximately two-thirds power law relationship
between distance and velocity (eFigure 5) that has been
previously reported [14, 33]. The longer submovement
group included durations that overlapped with prior work,
but also included durations that were longer than those
reported (mean 0.2-0.44 s, [45] mean 0.2-0.6 s, [46] mean
1.2 s, [47] range 0.05-2.4 s [14]). It is not surprising that
there is variation in submovement duration across studies
as duration is influenced by motor task parameters [45]
and by how submovements are defined and segmented
[48]. It is possible that longer duration submovements rep-
resent co-articulation or concatenation of movement com-
ponents and the formation of new movement primitives
[39, 49]. If such higher order movement chunks emerge
to efficiently represent and control learned movements,
one might expect to see these more often during everyday
behavior, where well-learned and habitual movements are
prevalent. It is also possible that the longer durations we
found are in part due to incomplete segmentation of natu-
ral behavior submovements. The strong power law rela-
tionship between submovement distance and peak veloc-
ity (#2=0.93) and the reliability of submovement shape
features suggest that these long duration submovements

are unlikely due to inaccurate segmentation. Furthermore,
the strong relationships with ataxia severity and motor
function, and consistency with reported changes in older
populations, infant development, and stroke recovery, sup-
port that longer duration submovements are a meaningful
representation of real-life motor behavior.

In summary, the wrist movement changes observed in
A-T participants indicate that movements become less
intense, with a reduced range of intensities, and submove-
ments become smaller, slower, and less variable in their dis-
tances and speeds. The primary low-frequency component,
with a peak in the first half of the submovement velocity
profile, is reduced and less variable in A-T. These changes
suggest that A-T wrist movements during everyday behavior
are decomposed into smaller, less powerful, and less flex-
ible submovements. This could reflect a compensatory con-
trol mechanism to improve the accuracy and smoothness
of movement. These changes could also be in part due to
decreased participation in certain types of motor activities.
High-frequency components contributed more and were
more variable in A-T compared with controls. Increased
high-frequency oscillations were strongly related to ataxia
severity and impaired motor function and showed progres-
sion over a 1-year interval. These larger and more variable
high-frequency components may reflect flexor—extensor
dyssynergy [50] and/or decomposition of movements into
smaller primitives as part of a compensatory strategy [45,
51].

The interpretability, reliability, and sensitivity of move-
ment features extracted from passive wrist sensor data
indicate that this technology has potential as an assessment
tool and motor outcome measure in A-T clinical trials and
clinical care. Importantly, wrist movement characteristics
tended to reflect overall ataxia severity and motor func-
tion, similarly to or more so than arm-specific ataxia and
function subratings. This supports that the motor meas-
urements are ecologically valid and may more closely
represent everyday function than measurements from pre-
scribed motor tasks. Since the extraction of submovement
and activity intensity features are not dependent on per-
formance of a specific motor task, the same feature types
obtained from a sensor worn on the ankle or waist could
provide additional information regarding gait, balance, and
lower limb function, which is often affected early in A-T.
It is also possible that not relying on tasks that are specifi-
cally used to assess the ataxia phenotype may enable the
current approach to integrate information across the other
movement disorders often present in A-T (e.g., chorea),
[4, 25] producing a more comprehensive evaluation of
the motor state. However, additional research is needed
to understand the effects of other movement disorders on
submovement and activity intensity properties. The con-
sistency of submovement patterns with studies in other
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populations contributes to the validity of the measures
and suggests that they could apply to other neurological
conditions that affect motor planning and/or execution. As
the technology was tested in children as young as 2 years
old as well as in individuals who were wheelchair bound,
it has potential for application across a wide age range
and spectrum of disease severity. Finally, the use of a
low-cost, low-burden sensor that is ubiquitous in smart-
watches could support participation in neurological care
and research for individuals regardless of geography and
socioeconomic status.

There were several limitations of the study. First, the
sample size of the study was relatively small, and the
population contained a wide range of disease severity
and age. A larger population of participants in the young-
est age group would support analysis of wrist movement
patterns during periods of rapid motor development and
enable a detailed characterization of the age dependence
of wrist sensor features. A-T participants were recruited
from across the USA to obtain as representative a sample
as possible in this rare disease population. Future research
is needed to build upon these findings in larger and more
homogeneous neurological disease populations. BARS,
similar to other ataxia rating scales, is age dependent up
to approximately 11 years of age [11]. Thus it is possible
that motor immaturity contributed in part to the observed
relationships between wrist sensor features and BARS rat-
ings. Natural wrist movements in the real world are gener-
ated as part of a very large range of motor behaviors. Our
analysis of wrist submovements ignores different types
of behaviors and treats them as a single group. Caution
is needed in comparing submovement properties during
natural behavior with submovement properties during
well-controlled motor tasks due to important differences
in behavioral context as well as differences in how sub-
movements are identified.
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