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Abstract. Smartphone-based assessments have been considered a
potential solution for continuously monitoring gait and mobility in mild
to moderate Parkinson’s disease (PD) patients. Forty-four PD patients
from cohorts 4 to 6 of the Multiple Ascending Dose (MAD) study
of PRX002/RG7935 and thirty-five age- and gender-matched healthy
individuals (i.e. healthy controls - HC) in a separate study performed
smartphone-based assessments for up to 24 weeks and up to 6 weeks,
respectively. The assessments included “active gait tests”, where all par-
ticipants were asked to walk for 30 s with at least one 180◦ turn, and “pas-
sive monitoring”, in which subjects carried the smartphone in a pocket
or fanny pack as part of their daily routine. In total, over 6,600 active
gait tests and over 30,000 h of passive monitoring data were collected. A
mobility analysis indicates that patients with PD are less mobile than
HCs, as manifested in time spent in gait-related activities, number of
turns and sit-to-stand transitions, and power per step. It supports the
potential use of smartphones for continuous mobility monitoring in future
clinical practice and drug development.
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1 Introduction

Mobility-related symptoms are among the earliest symptoms of Parkinson’s dis-
ease (PD) and are part of the clinical diagnosis [1]. Functional impact of PD
on mobility-related activities such as walking, turning or rising from chair has
an impact on patients’ quality of life and is also used clinically as an indication
for disease progression. In order to provide an objective and quantitative assess-
ment of gait and mobility, many studies have implemented wearable systems or
body-fixed sensors in both controlled [2,3] and free-living settings [4,5]. While
the on-body sensors are light-weighted and inexpensive, the difficulties of inte-
grating them into daily living pose an extra burden to the subjects and usually
limit the length of the study to less than one month [5].

Most smartphones have built-in sensors to provide more environment-aware
services and applications utilize these sensors, such as accelerometers, gyroscope
and magnetometers. As smartphones have become standard equipment in daily
life, they provide a more natural way of performing long-term mobility assess-
ment in a clinical setting. In this paper, we present the results of a large-scale,
longitudinal gait and mobility assessment of PD patients in a clinical trial setting
using smartphones and compare them with age and gender matched controls.

2 Methods

2.1 Data Collection

Information on the MAD clinical trial of PRX002/RG7935 study can be found
online [6]. Our analysis focused on exploring the between-group differences
between HC and PD, and did not assess PRX002/RG7935-related effects. PD
subjects from cohorts 4 to 6 of the MAD study and all participants from the
HC study were provided with a locked-down smartphone only running a dedi-
cated app, which allowed for the execution of active tests and continuous sensor
recordings.

Active Gait Tests. Each participant was asked to perform at least one active
test in the morning. Participants were requested to walk in a straight line with
minimal turns for 30 s. In the trial, 5,107 active gait tests were completed by the
PD cohort and 1,589 in the HCs. The sensor readouts of the accelerometer and
gyroscopes were measured at 66 Hz. All of the gait and mobility features in the
active tests were extracted while excluding the first and last 5 s of the test, as
during these time spans often the subjects were putting the smartphones into or
removing it from their pockets or fanny packs.
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Passive Monitoring. Every day the participants were requested to carry the
smartphone in their pocket or in a fanny pack for as long as the battery life
allowed (approximately 6 h), while the sensors recorded their movement. In total,
24,104 h of passive monitoring data were recorded for the PD cohort, and 8,614 h
for the HCs. In line with a previously published approach [7], we filtered out
accelerometer data where the standard deviation of Euclidean norm was less than
0.03 m/s2 for more than 30 min, as during these spans smartphones were likely
not carried by the subjects. This step removed 24% of the passive monitoring
data.

2.2 Human Activity Recognition (HAR)

A diagram of the 9-layer neural network model structure and an example data
flow is shown in Fig. 1. Similar structures have been used previously for HAR
and have been shown to out-perform the traditional machine learning methods
[8]. Our HAR model was trained on two public data sets [9,10] to classify six
activities: walking, stairs, jogging, sitting, standing, and lying down. The con-
tinuous accelerometer data were down-sampled into 20 Hz and segmented into
4-s windows with 75% overlapping with adjacent ones.

When making predictions, the model classifies the overlapping windows into
the six activities. As each second in the trial data was covered by four windows,
we determined the final predictions on each second by performing a majority
vote using the predicted activities of the four windows. In case of a tie, the
predicted activity was determined by the one with highest summed predicted
probability.

For sit-to-stand and stand-to-sit (STS) detection, we counted the number of
occurrence of sit or lying down spans preceded by or followed by stand, walk,
stairs, or jog spans. The STS extraction algorithm would only accept the event as
a true STS event if and only if during the span transition the phone orientation
has changed, or step detection algorithm has detected steps in the gait spans.

Fig. 1. Example dataflow from raw signal to activity classification
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2.3 Gait and Mobility Feature Extraction

The mobility features we extracted from gaits and turns are all based on previ-
ously investigated features [5,11–13].

We applied the adaptive step detection algorithm proposed by Lee et al. [14]
to determine the time points of step initiation. After steps were identified in the
gait spans, we calculated average step frequencies (number of steps divided by
time) per subject. For the passive monitoring data we only performed the step
detection and feature extraction algorithm in gait-related activities (walking,
stairs, jogging) that were longer than five seconds. To infer the power invested
during walk, we calculated the integral of the variance of the Euclidean norm
of the acceleration signal, divided by the number of steps as the per-step power
coefficient. This metric is a surrogate coefficient for power given that we do not
have mass of the subject.

For turn detection, we followed a three-step process. First, we used a mini-
mization method to identify the optimal rotation matrix R∗ = Rx(pitch)Ry(roll)
such that the average of the acceleration signal on the z-axis follows gravity. That
is, argminpitch,roll(

∫
t
Rx(pitch)Ry(roll)azg dt), where pitch and roll are the pitch

angle and roll angel, g is the gravity, and az is the z-axis component of the accel-
eration signal. In the second step we applied the rotation matrix R∗ on the
gyroscope signal. To detect turns around the z-axis, we integrated the angular
velocity on a 1.5 s rolling window to obtain the yaw angles:

∫
t
(R∗gyro)z dt where

()̇z takes the z-axis component of the rotated signal. We then detect peaks in
yaw angles that are higher than 1.5 rad (∼86◦) as one turn event. Our method
is comparable to similar methods described in [12,15], but uses a more stringent
turn criterion in terms of degrees and speed of turns. For computational reasons
we only estimated turns for gait spans longer than 18 s. This leaves about 57,000
walking spans collected during passive monitoring.

(a) Gait ratio (b) Average STS events
per hour

(c) Difference of average
number of turns per walk-
ing minute

Fig. 2. Associations between HAR-profiled mobility measurements and clinical fea-
tures. Statistical significance: ∗∗P value < 0.01; ∗∗∗P value < 0.001



16 W.-Y. Cheng et al.

3 Results

3.1 Human Activity Recognition Performance Validation

Before applied on the passive monitoring data, the HAR model was validated on
two data sets. The first was the held-out test set from the same sources of training
data. The HAR model was able to correctly distinguish gait activities (walking,
stairs, jogging) from stationary activities (sitting, standing, lying down) with
more than 98% of accuracy. In addition, we also performed validation using the
labeled daily active test. The active gait test sensor data was used as the positive
control for gait detection, while the balance test, during which the subjects stand
still for 30 s, was used as negative control. We defined a correct prediction as
more than 50% of the span was labeled with the correct activity. The HAR model
was also able to successfully profile the gait segments with 96.9% of accuracy,
and balance segments with 99.5% accuracy.

3.2 Activity Profiles and Mobility Features Comparison in Passive
Monitoring

The mobility of each subject was quantified by gait ratio, defined as the propor-
tion of time the subject engaged in gait activities over the total passive moni-
toring coverage. Figure 2a shows the between-group difference in gait ratios. In
the PD cohort we detected a median of 9.7% of gait spans over all coverage
spans as supposed to HC cohort’s 15.1%, indicating that the HC cohort had a
significantly higher per-subject gait activity level than PD cohort (P < 0.001,
Mann-Whitney test).

From the activity profile, we calculated the coverage-normalized STS events
for each subject. Concordant with the results previously presented [11], the
median number of STS per hour in PD patients was 17% lower than in HC
subjects, as shown in Fig. 2b (P < 0.001, Mann-Whitney test).

Difficulties while turning is a regular symptom of PD [16] and may influence
the way PD patients walk during their regular daily life. From our turn detection
we calculated the average number of turns per hour per subject. We observed a
38% median reduction in the PD cohort versus HCs (P < 0.01, Mann-Whitney
test), as shown in Fig. 2c. This result differs from a similar albeit smaller and
shorter study by others [13], where no significant difference could be observed.
One possible reason for this could be our focus on turns with higher degree
change that pose a much higher difficulty for gait impaired PD patients.

3.3 Comparison of Gait Features Between Active Tests and Passive
Monitoring

Active tests, such as our Gait Test, constitute an artificial situation and one open
question is how much they reflect the subjects’ behavior during their regular daily
life. We compared three important and typical gait features: step frequency, step
power and turning speed, between active test and passive monitoring for HC and
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PD patients. Additionally, we also compared group differences between HC and
PD cohorts. For the comparison we only used the subset of passive monitoring
spans, which the HAR labeled as walking, and span length between 20 to 40 s.

Figure 3a shows that there is a significant mean reduction of 0.05 steps per
second between active test and passive monitoring in the PD patient data (P <
0.01, paired t-test), whereas the difference in HCs is not significant (P > 0.1,
paired t-test). However, we observed that during passive monitoring the HCs
has much less variability in step frequency than that of PD. This low variability
in HCs and the decrease in step frequency for PD patients may help explain
the significant difference between HC and PD in passive monitoring (P < 0.01,
Mann-Whitney test).

For turning speed, as depicted in Fig. 3b, we observed statistically significant
difference between active and passive in both groups (P < 0.001, paired t-
test). While the reduction in turning speed in PD is much more pronounced in
the active tests, the differences in both active test and passive monitoring are
statistically significant (P < 0.001, Mann-Whitney test). Similar to the case of
step frequency, the HC cohort harbors much less variability than the PD cohort
in passive monitoring.

Finally, Fig. 3c shows the power invested while walking in the active tests ver-
sus during passive monitoring. For both active and passive monitoring we observed
significant lower power in PD versus HCs (P < 0.001, Mann-Whitney test). Both
the PD cohort and HCs show significantly higher per-step power in passive moni-
toring then in the active gait tests (P < 0.01, paired t-test). The significance levels
of comparisons between various groups are summarized in Table 1.

(a) Average step fre-
quency

(b) Average turning speed (c) Average step power
coefficient

Fig. 3. Comparison of active vs. passive in HC and PD as well as between group
comparison of HC vs. PD. Statistical significance: ∗∗P value < 0.01; ∗∗∗P value < 0.001

Table 1. Significance level for active test and passive monitoring comparison.

Test difference in % (P value) Step frequency Tuning speed Step power coefficient

PD vs HC in active test −2.0% (n.s.) −33.6% (<0.001) −50.0% (<0.001)

PD vs HC in passive monitoring −6.1% (<0.01) −6.4% (<0.001) −40.0% (<0.001)

Active vs passive in PD −4.3% (n.s.) −2.1% (<0.001) 70.7% (<0.01)

Active vs passive in HC −0.0% (<0.01) −30.2% (<0.01) 42.4% (<0.01)
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4 Discussions

As mobility reflects a very important aspect in the quality of life while being a
diagnostic indication for PD, continuous long-term monitoring can provide valu-
able insight for treatment strategy development. Our study shows that such
monitoring on mild to moderate PD patients is feasible using smartphones.
Sensor data collected from both active and passive monitoring provide previ-
ously inaccessible information regarding patients’ daily behavior and function-
ing. Specifically we demonstrated that patients with PD in our study were less
mobile than healthy controls, as manifested in time spent in gait-related activi-
ties, number of turns and sit-to-stand transitions, and power per step. For further
understanding on whether these features reflect disease severity as measured by
physician rated assessment, we are performing ongoing analyses which include
correlating the Movement Disorder Society unified Parkinson’s disease rating
scale (MDS-UPDRS), that is used in clinic to evaluate PD severity, with the
smartphone data. Another important issue is how robust these measurements
are across different mobile devices. In this study, all the subjects were using the
same smartphone model. In the future, if similar study is to be performed using
subjects’ own devices, as different commercial smartphone models have different
built-in inertial measurement unit (IMU), the acceleration and angular speed
readings will require more comprehensive benchmarking so the derived features
are comparable across devices.

The comparison of step features between active and passive monitoring pro-
vides valuable insight for future practice of remote monitoring programs. While
for most step features we observed no significant difference in active test and
passive monitoring, larger spread of step frequencies and turning speed in HC
during active tests were clearly observed. We also observed that the step power
is positively correlated with span length: both PD patients and HCs tended to
invest more power in longer walking spans (data not shown). This agrees with
the previously published result [5]. These pose interesting questions on human
behavior and trial design for future studies.

Finally, the information from this study may be applicable to other motor
function-related diseases to further understand disease progression or treatment
effects, and eventually provides new perspectives in healthcare practices.
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