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Abstract

Background: Identifying digital biomarkers of mobility is important for clinical trials in
Parkinson’s disease (PD).

Obijective: To determine which digital outcome measures of mobility discriminate mobility in
people with PD from healthy control (HC) subjects over a week of continuous monitoring.

Methods: We recruited 29 people with PD, and 27 age-matched HC subjects. Subjects were
asked to wear three inertial sensors (Opal by APDM) attached to both feet and to the lumbar
region, and a subset of subjects also wore two wrist sensors, for a week of continuous monitoring.
We derived 43 digital outcome measures of mobility grouped into five domains. An Area Under
Curve (AUC) was calculated for each digital outcome measures of mobility, and logistic
regression employing a ‘best subsets selection strategy’ was used to find combinations of
measures that discriminated mobility in PD from HC.

Results: Duration of recordings was 66+14 hours in the PD and 59+16 hours in the HC. Out of a
total of 43 digital outcome measures of mobility, we found six digital outcome measures of
mobility with AUC>0.80. Turn angle (AUC=0.89, 95% ClI: 0.79-0.97) and swing time variability
(AUC=0.87, 95% CI: 0.75-0.96) were the most discriminative individual measures. Turning
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measures were most consistently selected via the best subsets strategy to discriminate people with
PD from HC, followed by gait variability measures.

Conclusion: Clinical studies and clinical practice with digital biomarkers of daily life mobility
in PD should include turning and variability measures.

Keywords

Parkinson’s disease; digital outcome measures of mobility; inertial sensors; biomarkers;
continuous monitoring

INTRODUCTION

Digital biomarkers are characteristics that can be reliably collected, measured, and
quantified by means of digital devices (such as wearable, inertial sensors) as indicators of a
biological process [1]. The advantages of digital devices for ambulatory activity in daily life
include: 1) frequent and unobtrusive measurement in passive monitoring conditions (i.e.,
measurements from activity of daily living) to objectively quantify and/or predict health-
related outcomes with greater sensitivity [2, 3]; 2) surrogate endpoints for testing the
efficacy of the new treatments [1]; 3) improved clinical decision making and help detecting
presymptomatic disease [1]; 4) help in monitoring existing treatment [3], and 5) modernized
clinical trial endpoints [3].

Identifying digital biomarkers is very important as objective endpoints to reduce the size,
length, and overall cost of clinical trials focused on improving mobility. Comparing a digital
biomarker with normative or baseline measurements may be used to predict, assist
diagnosis, or monitor a disease state and effect of treatment or drug dosage. Currently,
clinical trials in Parkinson’s disease (PD) depend primarily on the Unified Parkinson’s
Disease Rating Scale (UPDRS) [4] or subjective patient-reported outcomes, such as diaries
or questionnaires to determine a change in mobility [1]. In addition, the standard
neurological examination of mobility in the clinic (e.g., PIGD subset of 4 items in the Motor
Part 111 of the MDS-UPDRS) is subjective, coarse and depends upon the expertise of a
movement disorder specialist. The key challenge in the clinic is that gait impairments may
not be observable in a small examination room or during short walks when all attention is
focused on walking [5]. Also, subjects may perform better in the clinic while being observed
(white coat effect) than at home. Finally, the clinic observation at one-time point misses the
daily fluctuations (variability) of mobility in response to medications, fatigue, and other
contexts. Hence, there is an unmet need to investigate digital biomarkers that can objectively
and continuously monitor mobility during daily life. Continuous, passive monitoring of
mobility during daily life can be used to quantify mobility impairments and potentially be
used to detect subtle changes that may not be apparent to a clinical observer [5].

Recently, the use of wearable sensors has made it possible to quantify mobility outside the
clinic and during real-life for multiple days at a time [3, 6-14]. Various researchers have
shown that wearable sensors can be used to augment the standard clinical assessment in PD
based on active (such as performing prescribed/predefined tests at home) and passive
monitoring [15]. The downside of active monitoring is that it puts an extra burden on
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patients to set up a reminder for the timing of each prescribed task and repeat the same
specific task several times to re-evaluate the condition. To avoid the extra burden on
subjects, in this study we derived digital outcome measures of mobility from passive
monitoring from natural walking and turning during unrestricted daily activities.

Although there are many advantages of using wearable sensors for passive monitoring, a key
challenge is that using wearable sensors to monitor mobility in daily life can result in
hundreds of different measures with no consensus on the measures most sensitive: i) to PD,
ii) to fluctuations due to medications, or iii) to specific interventions [11]. Therefore,
determining which objective measures reflect most mobility impairments in PD compared to
healthy control (HC) subjects could be of extreme importance to inform clinical trials for
new interventions, track mobility changes over time, and more sensitively monitor the
response to therapy [11, 16, 17].

Walking and turning impairments are among the most incapacitating symptoms of PD [18—
20], and are very important contributors to falls [2, 21-24] and reduced quality of life [25].
However, quantification of quality of walking and turning results in many potential
biomarkers for mobility in daily life.

The objective of the present study was to investigate which specific digital outcome
measures of mobility discriminated PD from the HC group. Specifically, turning in PD is
characterized by longer duration, larger number of steps to complete the turn, and slower
speed compared to HC, as shown both in the laboratory [26, 27] and at home [10]. Gait
variability quantifies the lack of regularity of stepping. Stride time variability has been
shown to be associated with fall risk and PD [7, 28-30]. Arm swing measures captured
during a 7-meter TUG test in the laboratory were found to be most sensitive in early PD
compared to HC [31]. Thus, we hypothesized that turning, gait variability, and arm swing
would discriminate PD from HC during daily life.

METHODS

Participants

Twenty-nine subjects with mild to moderate PD (age: 67.66+5.27 years, UPDRS part 111
total tested ON medication: 34.66+11.02) and 27 age-matched HC subjects (age: 64.44+7.52
years) participated in the study. Both groups had similar height (PD: 67.66+3.57, HC:
67.67+4.08; p=0.99), weight (PD: 167.45+28.08, HC: 158.00+24.17; p=0.18) and gender
(PD: 17 M and 12 F, HC: 13 M and 14 F; p=0.43). Inclusion criteria for PD were a
diagnosis of idiopathic Parkinson’s disease treated with levodopa (Hoehn and Yahr stage |
(1), 11 (26), 111 (1), and IV (1)) by a movement disorders specialist. Exclusion criteria for all
the participants were dementia, other factors affecting gait such as hip replacement,
musculoskeletal disorders, uncorrected vision or vestibular problems, or inability to stand or
walk in the home without an assistive device. The experimental protocol used here was
approved by the Ethical Committee of the Oregon Health & Science University. All the
participants provided informed written consent.
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Data collection

Subjects were asked to wear a minimum of three inertial sensors (Opals by APDM, Inc.,
Portland, OR, USA), one on each foot and one over the lumbar area, and optional sensors on
each wrist, for a week of continuous monitoring for at least 8 hours/day. Each Opal sensor
includes tri-axial accelerometer, gyroscope, and magnetometer and was configured to
sample at a rate of 128Hz. The Opal is lightweight (229), has a battery life of 16h, and
includes 8 GB of storage, which can record over 30 days of data. Subjects removed the
sensors at night and placed them in a charging station. Data were stored in the internal
memory of the Opals. Subjects mailed back the sensors using a pre-paid box after
completion of one week of data collection. Data were uploaded offline to a cloud service
upon return of the devices and downloaded to a local computer for further processing.

Self-reported fall history based on the prior six months was collected for each of the subjects
and categorized people with PD into non-faller (zero falls in the past six months) or faller
(one or more falls in the past six months) groups.

Digital outcome measures of mobility

At the first stage of processing, our algorithm searches for possible bouts of walking using a
time domain approach to inertial sensor data from the feet. This stage identifies sequences of
stillness, movement, and stillness that correspond to the stance, swing, and stance phases of
gait based on both the accelerometer and gyroscope magnitudes. Individual steps are
combined into potential bouts of walking, as long as the duration from one step to the next
step is no longer than 2.5 seconds. Each possible bout that contains at least three steps and is
at least 3 seconds in duration is processed with the commercial gait analysis algorithms
included in Mobility Lab (APDM, Inc., Portland, Oregon) [32—34]. Our gait analysis
algorithm uses the Unscented Kalman Filter to fuse information from the accelerometers,
gyroscopes, and magnetometers to precisely estimate the orientation and position trajectory
of each foot between quiet stance periods [35, 36].

These algorithms use extensive validation criteria and many stages of processing to identify
pairs of complete strides that are then used to calculate spatial-temporal gait metrics. For the
results reported in this paper, we only included stride pairs during periods of straight
walking, and we excluded walking during turns, that were characterized independently. For
turning measures, we used the algorithm described in EI-Gohary et al. 2014 [9] for detecting
and characterizing each turn. Figure 1 shows an example of raw data from feet and lumbar
gyroscopes, and the gait bouts and turns detected from the raw data using the above
described algorithms. The detailed description of the definition of each mobility measure is
given in Supplementary Table 1.

The 43 digital outcome measures of mobility were grouped into five domains similar to
previous factor analysis — Lower Body, Upper Body, Turning, Activity, and Variability [8,
31, 37]. Specifically, we have 10 digital outcome measures of mobility for Lower Body, 3
digital outcome measures of mobility for Upper Body, 7 digital outcome measures of
mobility for Turning, 3 digital outcome measures of mobility in Activity, and 20 digital
outcome measures of mobility incorporating variability of all four domains except the
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Activity domain (see Supplementary Table 1). Lower Body, Upper Body, and Turning have
been previously shown to be relatively separate during clinical gait testing [31, 38]. In
addition, Activity and Variability domains have been used by others [8, 11, 37, 39-41]. Each
measure of lower body, upper body, turning and activity was calculated by taking mean over
a week for each subject, and the variability measures were calculated from all the gait strides
and turns over a week for each subject as the coefficient of variation (standard deviation
divided by the mean, CV).

Note that instead of performing a factor analysis and using the factor scores for subsequent
analysis, we opted to adopt previously identified domains due to the following reasons:
Firstly, we felt that computing another set of factor scores based on modestly sized groups in
the current study would likely resulted in unstable and/or non-reproducible factor scores.
Secondly, we identified several larger studies of gait measures collected via wearable
sensors that utilized factor analyses and/or principal components to characterize gait
domains [8, 37, 40-42]. In addition, our team has conducted similar dimensionality
reduction analyses based on in-clinic tests of 100 PD subjects with the same sensors as used
in this investigation [38]. While domains across these studies were conceptually consistent,
there were not always comprised of the same measures. Lastly, we were interested in ability
of measures (individually and in combinations) to accurately classify PD vs. HC, and not
necessarily, in how well factor scores classify patients.

Statistical analysis

To investigate how many measures of mobility within each domain differ between the PD
compared to the HC group, we used Mann-Whitney U test.

To investigate which digital outcome measures of mobility discriminate mobility in PD from
HC groups, we plotted Receiver Operating Characteristic (ROC) curves [43] and computed
the ROC Area Under Curve (AUC) [44]. To validate the method, and check for the
overfitting, we used a randomized 5-fold cross-validation. Five-fold cross-validation has
been widely used as a validation method [13, 45]. In 5-fold cross-validation, the data are
split in 5-parts such that 80% of randomly selected recordings are used for training, whereas
the remaining 20% are used for validation.

We used logistic regression employing a best subset selection strategy since various
combinations of digital outcome measures of mobility are possible with similar
classification results [45]. The best subset selection strategy selects the best model from all
possible subsets according to goodness-of-fit criteria. To assess the goodness-of-fit, we used
the Bayesian Information Criteria (BIC) [45]. We selected the top 15 models based on BIC
for two, three, and finally for four digital outcome measures of mobility (15*3=45 models
total), and computed AUC, and 5-fold cross-validation AUC. All statistical analysis was
performed using R Version 1.1.456 software.

Further, we explored if any of the top five individual digital outcome measures of mobility
(Fig. 2) differentiate the PD faller (A= 20) from PD non-faller (A= 9) groups using a non-
parametric (Wilcoxon) test. In addition, the discriminative ability of arm swing measures in
PD from HC was investigated by computing AUC.
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The weekly total duration of recordings for subjects with PD averaged 6.14+1.16 (mean
+SD) days and 66.36+13.85 hours, and for HC averaged 5.81+1.21 days and 58.99+15.69
hours a week. Further, number of walking bouts/hour for HC was 22.50+7.93, and for PD
was 20.70+6.86.

All aspects of mobility differed in PD from HC group, except the Upper Body. By
investigating what percentage of the total measures in each domain were significantly
different between PD and HC groups based on p-value with a threshold of 0.05, we found
that 65% of gait variability measures, 60% measures of Lower Body, 57% measures of
Turning, 33% measuresoftheActivityand0%measuresofUpperBody domain were
significantly different between PD and HC.

Out of the 43 total digital outcome measures of mobility, six individual digital outcome
measures of mobility were most discriminative in differentiating mobility of the PD group
from the HC group, with an AUC greater than 0.80 (Fig. 2). The ROC curve and AUC (with
5-fold cross-validation) results are shown in Fig. 2 and Table 1, respectively. Figure 2 shows
that various gait measures (such as turn angle, terminal swing CV, swing CV, single limb
support CV, the pitch at initial contact CV) performed better than the typical measure of
activity — numbers of strides/hour).

Results of logistic regression employing the best subset selection strategy show that
combinations of digital outcome measures of mobility increased AUC, and hence
discriminating ability (Fig. 3). In addition, we found various combinations of digital
outcome measures of mobility resulted in similar 5-fold cross-validated AUC values as
shown in Fig. 3.

Most of the combinations of digital outcome measures of mobility separating the HC from
the PD groups included turning measures indicating turning is more important than other
domains of mobility (see Table 2). In addition to turning measures, some gait variability
measures were consistently selected via the best subsets strategy (but only after turning was
also included in the models).

We also explored whether any of the top five individual digital outcome measures of
mobility (Fig. 2) were statistically significant between the PD non-faller (A= 20) and PD
faller (A= 9) groups. A non-parametric (Wilcoxon) test showed that out of the top five
measures, three measures were statistically significant between the non-faller and faller
groups. Specifically, turn angle was smaller in fallers (p= 0.040), pitch at initial contact
angle was smaller in fallers (p= 0.028), and pitch at initial contact CV was higher in fallers
(o= 0.017) compared to the non-fallers.

As wearing wrist sensors was optional, we had arm swing measures for 26 subjects with PD
and 22 HC. We didn’t find a very good discriminating ability for arm swing measures.
Specifically, AUC for arm range of motion was 0.63 (PD: 0.47+0.25, and HC: 0.52+0.21
rad), and AUC for maximum arm velocity was 0.46 (PD: 1.66+0.22, and HC: 1.71+0.19
rad/s).
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DISCUSSION

Our findings suggested that turning is the most important domain of mobility compared to
other domains as turning measures were most consistently selected via the best subsets
strategy to discriminate PD from HC, followed by gait variability.

Various researchers have reported continuous monitoring of gait in people with PD [11, 15],
but most of the larger studies have just used one sensor with an accelerometer at the lumbar
region. A single lumbar sensor with only an accelerometer is not able to accurately measure
turning or foot angle. To the best of our knowledge, this is the first study to compare various
domains of gait including both walking and turning in daily life, and we found that turning
was the most important domain of mobility.

Turning measures were most consistently selected via the best subsets strategy to
discriminate PD from HC, turn angle was the most discriminative individual measure to
separate PD from HC with a 5-fold cross-validated AUC of 0.90 (see Table 1). Specifically,
the turn angle was smaller in subjects with PD than control subjects. This result agrees with
studies on continuous monitoring of turning in PD and HC [9, 10], and a larger study of
turning measures alone over three days in subjects with PD [39]. As turning is found to be
associated with falls [23, 24], smaller turn angle in PD may reflect avoiding larger turns.
However, the smaller turn angle in the PD group may also reflect longer duration of turning
because of very slow, gradual increase and decrease in turning angular velocity as a turn
starts and ends. In fact, an increased turn duration has been observed in older adults who
have an elevated risk of falling during daily activity to protect against falls [46], and a
simplified turning strategy was observed in older adults who subsequently experience
multiple falls to assist in balance control [47].

After turning was included, gait variability was the second most consistently selected
domain via the best subsets strategy to discriminate PD from HC. Specifically, swing time
CV was the second most individual measure that discriminates mobility in PD from HC,
with a 5-fold cross-validated AUC of 0.84 (see Table 1). Variability measures (such as
stride-to-stride variability, and bout length variability) have previously been shown to be
sensitive in discriminating between PD and HC, and also related to falls [7, 30]. In fact, we
found a significant correlation between swing time CV and stride-to-stride variability (i.e.
stride duration CV) with a Pearson correlation of /= 0.74, suggesting that swing time CV
might be also sensitive to falls in PD in a larger sample with prospective falls.

The results of logistic regression employing best subsets selection strategy showed that some
combinations of two mobility measure are stable and performed well in comparison to three
digital outcome measures of mobility based on a 5-fold cross-validated AUC (see Table 2).
For example, top models with two digital outcome measures of mobility combining turn
angle and turn jerk (5-fold cross-validated AUC= 0.92, 95% CI: 0.83-1.00), and turn angle
and Pitch at Initial Contact CV (5-fold cross-validated AUC= 0.90, 95% ClI: 0.81-0.99) are
not too much different from top models with three digital outcome measures of mobility
combining turn angle, turn jerk, and transverse ROM (5-fold cross-validated AUC= 0.94,
95% CI: 0.86-1.00), and turn angle, turn jerk, and swing CV (5-fold cross-validated AUC=
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0.90, 95% CI: 0.80-0.99). Further, more pronounce attenuation seen in models combining
four digital outcome measures of mobility suggesting the overfitting. Thus, models with top
two and three digital outcome measures of mobility sound promising as potential
biomarkers.

To the best of our knowledge, this is the first study to show that the pitch of the foot at initial
contact (both mean and CV) has a strong discriminative ability for PD when evaluated on its
own (see Table 1). A small pitch angle of the foot at heel strike represents a lack of a heel-
toe gait, and more shuffling, typical of parkinsonism. In fact, while combining variability of
foot pitch with turning, we were able to achieve very good discriminative ability with an
AUC of 0.94, and 5-fold cross-validated AUC of 0.90 (see Table 2). These findings suggest
that a combination of turning and straight-ahead gait measures (with variability measures)
will best capture parkinsonian mobility in natural daily life and will likely reflect fall risk
(see below).

Further, considering the similarity in other statistical strategies such as regularized linear
regression and ensemble techniques, we have also implemented the least absolute shrinkage
and selection operator (LASSO) and random forest and found similar results. Specifically,
the top four digital outcome measures of mobility using LASSO were swing CV, the pitch of
the foot at initial contact, turn angle, and swing. Also, the top four digital outcome measures
of mobility using random forest were turn angle, the pitch of foot at toe-off CV, Swing CV,
and pitch of foot at initial contact CV.

We were surprised to find that arm swing measures were not different between PD and HC
groups, as arm swing was found to be most sensitive to early untreated PD in laboratory
testing [31]. With further investigation, we found that the average arm range of motion for
PD group (26.92°) was slightly reduced compared to the laboratory setting (29.2°), while the
average arm range of motion for HC group (29.79°) reduced drastically in daily living
compared to laboratory setting (42.3°) [31]. We cannot know what people are doing with
their arms while they walk (talk on the phone, carry purse, open doors, walk dog, etc.)
during daily activities, all of which would decrease arm swing in control subjects.

Measures sensitive to falls in PD

We found that three of the five most discriminative digital outcome measures of mobility to
PD, specifically, turn angle, foot pitch at initial contact and CV of foot pitch at initial
contact, were also significantly different between the non-faller and faller groups. Although
these findings are promising, further work is needed to validate the potential of these digital
outcome measures of mobility to identify biomarkers sensitive to falls in larger cohorts.

Digital biomarkers

With the very large number of measures that can be derived from wearable sensor signals,
identifying a few important digital outcome measures of mobility to use as digital
biomarkers for clinical trials is important. We find it quite feasible for subjects to wear three
inertial sensors all day for a week although it may be possible to detect turning quality from
the foot sensors such that a lumbar sensor would not be needed. However, a single inertial
sensor on the trunk would not detect some of these most sensitive measures to PD such as
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pitch angle of the foot and its variability during walking. Future studies will determine
whether passive monitoring with body-worn sensors help detect significant changes with
interventions sooner than single clinical/laboratory measures, and thus reduce the time
required for detecting significant change. This might ultimately help in launching new
treatments faster.

There are several limitations of the current study. Firstly, the subjects were mostly H&Y
stage 2. Further analysis is needed with larger cohorts to generalize potential biomarkers
sensitivity to PD, and especially for earlier-stage PD. Secondly, future studies need to
determine the test-retest reliability and sensitivity of the top mobility measures to disease
progression in daily life to be useful as digital biomarkers for clinical trials. Thirdly, we
ranked mobility measures characterizing mobility impairments in MS and PD based on
AUC, but we cannot assume this ranking would be identical across all cohorts. Future work
with larger cohorts is needed to investigate if these findings would generalize. Fourthly,
other activity measures such as alpha, mean bout length [48] might be interesting to explore.
Finally, we performed all analysis by taking the mean of each measure for all the strides
over a week for each subject and thus giving equal weight to each stride. But in reality, gait
is speed and other measures are different for gait bouts of different lengths [11]. Hence,
future work will focus on analyzing the effect of bout length on each mobility measure and
how bout length affects the discriminatory power of each mobility measure to distinguish
PD from HC.

Our findings suggested that turning was the most important domain of mobility in
discriminating PD from HC, followed by the variability domain. Hence, future clinical trial
studies with digital biomarkers should include turning and variability measures of mobility.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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A representative example of a profile of the inertial sensor data from feet and lumbar over a

day, and the zoomed-in version of identified gait bouts and turns.
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Receiver Operating Characteristic (ROC) curve showing the comparison of a typical activity
measure (number of strides/hour) with the performance of the top digital outcome measures
of mobility (AUC> 0.8) that differentiated PD from HC.
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A) 5-fold cross-validated AUC versus Bayesian Information Criterion (BIC) plot for various
combinations of digital outcome measures of mobility. B) ROC curve for the top models
with 2 to 4 digital outcome measures of mobility (see Table 2).
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Table 1

Most discriminative to least discriminative individual digital outcome measures of mobility that separate
mobility in HC from PD

5-fold Cross -
Digital outcome measures of AUC Validated AUC
mability # HC PD (95% CI) (95% CI)
Turn Angle (%) 99,95 £ 10,00 90.35 £ 8.47 0.89 (0.79 —0.97) 0.90(0.81 —0.99)
Swing CV 0.06 = 0.02 0.08 £ 0,02 0.87 (0.75 —0.96) 0,84 (0.73 —0.95)
Pitch at Initial Contact (%) -22.62 £ 3.60 -15.86 +6.15 0.83 (0.72 —0.93) 0.82 {0.7T0 —0.93)
Pitch at Initial Contact CV 034 +0.18 -0.61 = 0.40 0.83(0.71 —0.93) 085 (0.74 —0.95)
Stride Length CV 0.19 £ 0.07 0.25 £ 0.07 080 (0.67 —0.91) 081 (0,69 —0.94)
Pitch at Toe Off CV 0152007 0.19 £ 0.4 0.80 (0,67 —0.92) 0.82(0.70 —0.93)
Gait Speed (mfs) 107 20,16 088 £0.18 0.79 (0.66 —0.90) 0.81(0.69 —0.92)
Stride Length (m) 1L19=0.16 0.99+£0.21 0.77 (0.64 —0.89) 0.76 (0.64 —0.88)
Cadence CV 0.10 = 0.02 0.13 £0.03 0.77 (0.64 —0.88) 0.75 (0.62 —0.88)
Stride Duration CV 0.12 = 0.02 015 +0.03 0.77 (0.64 —0.88) 077 (.65 —0.88)
Step Duration CV 0.14 = 0,03 017 £ 0.04 0.77 (0.63 —(.88) 0.74 (0,62 —0.87)
Gait Speed CV 0.24 2007 0,30 £0.07 0.76 (0.62 —.88) 0.76 (0.62 —0.90)
Swing (%) 39.42£1.29 3811 21.54 0.75(0.61 —0.87) 0.72 (0.59 —0.85)
Turn Angle CV 1L.l6+337 0.72 £ 1.26 0.73 (0.60 —0.86) 0.65 (0.52 —0.79)
Coronal Range of Motion CV 0.28 =0.10 0.39+0.21 0.73 (0.59 —0.86) 0.73 (060 —0.86)
Double Support (%) 2163 £2.90 24.00 £ 3.03 0.72 (0.58 —(L.85) 071 (058 —0.85)
Double Support CV 0.22+0.10 0.26 = 0.06 0.72 (0.58 —0.84) 0.74 (0,60 —0.87)
Turn Rate Average (“/s) 54.03 £ 5.09 50,05 £5.10 0.71 {0.57 —0.85) 0,72 (0.58 —0.86)
Pitch at Toe OFf (%) 3087 £4.34 27.70 £ 4.66 0.71 (0.57 —0.84) 0,72 (0,58 —0.86)
Turns per hour 104.38 = 44.92 T7.67 +40.86 0.70(0.55 —0.83) 0.69 (0.55 —0.83)
Turn Jerk (°/s %) 226.57  36.98 257.23 + 54.57 (.69 (0.54 —0.83) 0.69 (0.55 —0.83)
Turn Rate Max (“/s) 115.67 £ 15.28 10688 + 14.54 0.67 (0.52 —0.81) 0.66 (0.52 —0.81)
ML Tum Range (") 3352052 3.08x0.52 0.67 (0.51 —0.81) 0,64 (0,49 —0.80)
Steps in Tumn CV 102014 1152024 0.66 (0.51 —0.80) 0,65 (0.51 —0.80)
Elevation at Mid Swing CV 099027 0.88 £0.29 0.66 (0.51 —0.81) 0.70(0.55 —0.84)
ML Turn Range CV 0.41 =0.06 0.44 + 0.08 0.63 (0.48 —0.78) 0.61 (0459 —0.74)
Turn Duration CV 1.52 £ 5.63 0.86+2.16 0.62 (0.46 —0.76) 0.35(0.21 —0.50)
Transverse Range of Motion
CcV 043 =0.06 047 £0.14 0.61 (0.46 —0.75) 0.62 {047 —0.77)
Coronal Range of  Mation (rad) 0.13 0.4 0.13 £0.07 0.61 (0.46 —0.76) 0.40(0.26 —0.53)
Stll(%e) 3106+ 15.25 2531 +12.52 0.60 (0.45 —0.74) 0.61 (046 —0.76)
Sagittal Range of Motion {rad) 0,10 £0.03 011 0,03 0.60 (0,45 —0.74) 0.61 (0.47 —0.76)
Strides per hour 106,85 £ 72.86 8211 £43.76 0.59 (0.43 —0.73) 0,59 (0,43 —0.76)
Transverse Range of Motion
(rad) 0.22 = 0.4 0.24 = 0.10 0.57 (0.42 —0.72) 0.40(0.27 —0.54)
Stride Duration (s) 114 = 0.07 L6010 (.57 (0.41 —0.73) 0.55 (0.39 —0.70)
Step Duration (s) 0.57 0,03 0,58 £ 0,05 0.57 (041 —0.73) 0,55 (0,39 —0.70)
Steps in Turn (No.) 1.57£025 1.50 £ 0.35 0.56(0.42 —0.71) 0.39 (0,25 —0.53)
Cadence (steps/min) 53.70+£3.20 53.29 £4.67 0.56(0.39 —0.71) 0.52 (0,36 —0.68)
Turn Rate Max CV 0.82 =0.26 (.83 + 0.23 0.54 (038 —0.70) 0.34 (021 —0.47)
Saginal Range of Motion CV 045017 044 20,12 0.53 (0.38 —0.68) 0.37 (0.22 —0.52)
Turn Rate Average CV 0.43 0,10 043 20,10 0.53 (0,37 —0.68) 0,34 (0.21 —0.48)
Turn Duration (s) 2.00 £0.56 1.98 £ 0.44 0.52 (0.37 —0.67) 0.39(0.24 —0.53)
Elevation at Mid Swing (cm) 219105 206071 0.50 (0.35 —0.66) 0.50(0.35 —0.65)
Turn Jerk CV 1.59 £ 2,05 1.26 + 0.30 048 (032 —0.63) 0.46 (0,31 —0.61)
Cadence (steps/min) 5370 +3.20 53.29 £4.67 0.56 (0.3 —0.71) 0.52 (0.36 —0.68)
Turn Rate Max CV 0.82+0.26 083+ 0.23 0.54 (038 —0.70) 0.34(0.21 —0.4T)
Sagittal Range of Motion CV 045 £0.17 044 £0.12 .53 (.38 —0.68) 0.37 (0.22 —0.52)
Turn Rate Average CV 043 £0.10 0.43 £ 010 0.53 (0,37 —0.68) 0.34(0.21 —0.48)
~ Turn Duration (s) 2,00 £ 0.56 1.98 £0.44 0.52 (0.37 —0.67) 0.39 (0.24 —0.53)
Elevation at Mid Swing (cm) 219 + 1.05 2.06 £ 0.71 (.50 {0.35 —0.66) 0.50(0.35 —0.65)
Turn Jerk CV 1.59 + 2.05 1.26 = (.30 0.48(0.32 —0.63) 0.46 (031 —0.61)

*Color coding for domains of mobility

Lower Body I Upper Body Turning I Activity I Variability

oulcome measures of
as per Supplementary Table 1.

Mean (£50), AUC and 5-fold cross-validated AUC of cach di
mobility in descending order of AUC, The color-coding scheme
In addition, variability (CV) domain is color-coded with purple.
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Table 2

Combination of digital outcome measures of mobility that best discriminate mobility in HC from PD

Page 17

Digital outcome measures of mobility * 5-fold Cross -
1 28 g 4t AUC Validated AUC
(95% CI) (95% CI)
Transverse . -
. : Pitch at Initial 0.99 0.94
Turn Angle Turn Jerk Rangc of Contact (0.97 —1.00) (0.85 —1.00)
Motion
Transverse ;
; Turn Duration 0.99 0.95
Turn Angle Turn Jerk Rdngu of cv (0.96 —1.00) (0.87 —1.00)
Motion
Transverse
: 0.99 0.95
Turn Angle Turn Jerk RMallgc of Turn Angle CV (0.96 —1.00) (0.87 —1.00)
otion
. Turn Duration 0.98 0.93
Turn Angle Turn Jerk Swing CV cv (0.95 —1.00) (0.84 —1.00)
Turn Angle Turn Jerk Swing CV Turn Angle CV © 92355' 00) © 870241 00)
. o Turn Rate 0.98 0.95
Turn Angle Turn Jerk Turn Duration Average (0.95 —1.00) (0.90 —1.00)
Transverse 0.98 0.91
Turn Angle Turn Jerk Turn Duration Range of (0.94 .—I 00) 081 .—l 00)
Motion ’ ’ ’ '
3 or Turn Duration Sagittal Range 0.98 0.94
b T ek cv of Motion CV (0.94 —1.00) (0.87 —1.00)
Sagittal Range 0.98 0.93
Turn Angle Turn Jerk Turn Angle CV of Motion CV (0.94—1.00) (0.85—1.00)
Transverse
: ; .93
Turn Angle Turn Jerk Swing Range of © gfiﬁ 00) © 85021 00)
Motion : ’ o ’
Transverse
Turn Angle Turn Jerk Gait Speed CV | Range of © 94(_]38| 00) © 740f(6 99)
Motion # : : :
Ly - Sagittal Range 0.97 0.93
Turn Angle Turn Jerk Turn Duration of Motion CV (0.93 —1.00) (0.83 —1.00)
. ) : Sagittal Range 0.97 0.95
Turn Angle Turn Jerk Swing of Motion CV (0.93 —1.00) (0.88 —1.00)
Turn Duration i 0.97 0.87
Turn Angle Turn Jerk cv Turn Jerk CV (0.92—1.00) (0.74 —0.99)
Turn Angle Turn Jerk Turn Angle CV M Turn Jerk CV © 920 37[ 00) © 74(_3350 95)
Transverse
Turn Angle Turn Jerk Range of © 9? ;9_8[ 00) © 8(? 241 00)
Motion o ’ ’ ’
. 0.97 0.90
Turn Angle Turn Jerk Swing CV (0.92 —1.00) (0.80 —0.99)
) Turn Duration 0.96 0.91
Turn Angle Turn Jerk cv (0.91 —1.00) (0.82 —1.00)
Turn Angle Turn Jerk Turn Angle CV 0.9 IO iﬁl 00) o 8"0£Il 00)
Coronal
: 0.96 0.91
Turn Angle Turn Jerk Range of
Motion CV (0.91 —0.99) (0.83 —1.00)
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ML Turn 0.96

Turn Angle Turn Jerk Range CV (0.91—0.99)
Sagittal Range 0.96

FinCAgA Tl of Motion CV (0.91 —0.99)
Pitch at Initial 0.96

Turn Angle Turn Jerk Contack (0.91 —0.99)

[

Turn Angle Turn Duration Swing CV © 8(;1—)5] 00)
. : Strides per 0.95

Turn Angle Turn Duration hour (0.89—0.99)
; Pitch at Initial 0.95

Turn Angle Turn Duration Contact (0.88 —0.99)

Turn Angle Turn Duration Turn Jerk © STOiLL 99)

Turn Angle Turn Duration Turn Angle © g?ﬂiéll 00)
) . g Sagittal Range 0.94

Turn Angle Turn Duration of Motion CV (0.86—1.00)
i Stride Length 0.94

Turn Angle Turn Duration cv (0.85—1.00)
T —_—" Pitch at Initial 0.94

= Contact CV (0.86 —0.99)

Turn Angle Turn Jerk © Sd?i.:) 99)
— 0.92

Turn Angle Swing CV (0.84—0.99)
s Afiel Pitch at Initial 0.92

NLARge Contact (0.84 —0.98)
Turn Angle Turn Duration 0.2

& : (0.82—0.99)
Double B 0.89

ISupport cv SwmgCy (0.80—0.96)
Turn Anele Turn Duration 0.89

= cv (0.79—0.97)
Turn Angle Turn Angle CV 0.89

= (0.79—0.97)
; Elevation at 0.89

SRELY Mid Swing (0.79 —0.96)
. i 0.88

Swing CV Turns per hour (0.77 —0.96)
Pitch at Initial [ TFAMSVErse 0.87
. ange s

Contact Motion (0.76 —0.95)
Pitch at Initial Stride Duration 0.86

Contact Ccv (0.76 —0.95)
Pitch at Initial ; ; 0.85

Contact Stids Deration (0.74—0.95)
Pitch at Initial Caéiice 0.85

Contact adenee (0.75—0.95)
Pitch at Initial 8¢ o 0.85

Contact i (0.74—0.94)

0.94
(0.88 —1.00)
0.94
(0.87 —1.00)
0.92
(0.84 —1.00)
0.89
(0.79 —0.99)
0.92
(0.84 —1.00)
0.91
(0.83 —1.00)
0.92
(0.83 —1.00)
0.92
(0.84 —1.00)
0.90
(0.81 —1.00)
0.90
(0.80 —0.99)
0.90
(0.81 —0.99)
0.92
(0.83 —1.00)
0.89
(0.78 —0.99)
0.88
(0.78 —0.98)
0.89
(0.78 —0.99)
0.88
(0.79 —0.97)
0.87
(0.76 —0.98)
0.85
(0.73 —0.96)
0.88
(0.79—0.98)
0.86
(0.76 —0.96)

0.80
(0.69 —0.90)

0.85
(0.75 —0.94)
0.81
(0.70—0.92)
0.81
(0.71 —0.92)
0.81
(0.70—0.92)
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*
Color coding for domains of mobility is according to Table 1.

AUC and 5-fold CV AUC for digital outcome measures of mobility selected by the best subset selection method. The color-coding scheme is as per

Supplementary Table 1. In addition, variability (CV) domain is color-coded with purple.
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