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Abstract

Background: A new algorithm has been developed, which combines information on gait bradykinesia and dyskinesia provided
by a single kinematic sensor located on the waist of Parkinson disease (PD) patients to detect motor fluctuations (On- and
Off-periods).
Objective: The goal of this study was to analyze the accuracy of this algorithm under real conditions of use.
Methods: This validation study of a motor-fluctuation detection algorithm was conducted on a sample of 23 patients with
advanced PD. Patients were asked to wear the kinematic sensor for 1 to 3 days at home, while simultaneously keeping a diary of
their On- and Off-periods. During this testing, researchers were not present, and patients continued to carry on their usual daily
activities in their natural environment. The algorithm’s outputs were compared with the patients’ records, which were used as
the gold standard.
Results: The algorithm produced 37% more results than the patients’ records (671 vs 489). The positive predictive value of the
algorithm to detect Off-periods, as compared with the patients’ records, was 92% (95% CI 87.33%-97.3%) and the negative
predictive value was 94% (95% CI 90.71%-97.1%); the overall classification accuracy was 92.20%.
Conclusions: The kinematic sensor and the algorithm for detection of motor-fluctuations validated in this study are an accurate
and useful tool for monitoring PD patients with difficult-to-control motor fluctuations in the outpatient setting.

(JMIR Rehabil Assist Technol 2018;5(1):e8)   doi:10.2196/rehab.8335
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Introduction

Parkinson disease (PD) is the second most frequent
neurodegenerative disease after Alzheimer, with an
age-standardized annual incidence rate of 160 per 100,000
subjects aged 65 years or older [1]. Patients suffering from this
disease present a motor disorder characterized by muscle
stiffness (rigidity) and slow movement (bradykinesia),
sometimes accompanied by tremor and freezing of gait (patients
feel their feet are stuck to the ground and cannot take a step).
These symptoms are related to a deficiency in neurotransmitter
dopamine in certain brain areas that are in charge of the motor
control. Therefore, exogenous administration of L-Dopa or other
dopaminergic agonists constitutes the first line of treatment in
PD [2]. As the disease progresses, patients experience motor
fluctuations between a so-called On-state, where symptoms are
under control and the patient can move fluently, and a so-called
Off-state, where motor symptoms reappear or worsen [3]. It is
currently considered that Off-periods are related to the waning
of dopaminergic medication effects and that they can be relieved
by keeping stable plasmatic levels of medication. Thus, dose
fractionation, prolonged-release preparations, or drug infusion
pumps can be used with the aim of providing more physiological
continuous dopaminergic stimulation. Furthermore, patients
with advanced PD may present dyskinesia—involuntary and
excessive movement of one or more body segments—which is
related to excessive dopaminergic stimulation and, again, may
be ameliorated by keeping plasmatic dopaminergic drugs at a
stable level [4].

To make appropriate therapy adjustments to reduce motor
fluctuations and dyskinesia, physicians need detailed information
on the time course of these symptoms, which may appear several
times a day. Due to the fluctuating and irregular nature of motor
manifestations, such information is hard to collect in office.
Thus, physicians may ask patients to keep written records of
the times of the day when fluctuations occur. However, such
records have severe limitations, in terms of the quality of the
collected information, due to memory bias and low patient
adherence [5]. Therefore, devices capable of automatically and
continuously detecting and recording motor fluctuations would
be very welcome in the clinical practice; they could help
physicians optimize therapy schedules, thus, enhancing patients’
quality of life. Furthermore, they would be extremely useful
tools in clinical trials for new therapies, where the basic
evaluation parameter is the time in Off state, which is very
difficult to measure reliably and uniformly by other means.

Inertial sensors, especially accelerometers, have been used to
detect and quantify various motor symptoms of PD. Zwartjes
et al studied the severity of bradykinesia, hypokinesia, and
tremor in 6 PD patients using 4 inertial sensors (located on the
wrist, thigh, foot, and sternum) and found a correlation between
their measurements and the Unified Parkinson's Disease Rating
Scale (UPDRS) [6]. Salarian et al measured tremor and
bradykinesia in 10 patients, using an accelerometer on each
forearm and also found a good correlation with the UPDRS [7].
During the course of the European project PERORM [8], a
system with 5 sensors was developed, which classified the
severity of bradykinesia, tremor, and dyskinesia with 87%

accuracy. Keijsers et al detected dyskinesia in 6 patients, using
3 inertial sensors, with 96.6% accuracy [9]. Other authors have
used inertial sensors to analyze the freezing of gait [10-12],
although the accuracy of their detection algorithms was lower,
often below 70%. A few authors have attempted to detect motor
fluctuations (On and Off-periods) rather than individual
symptoms [13-15]. However, to the best of our knowledge, at
present there is no device available in the market or being tested
in research studies capable of detecting motor phases (On and
Off) frequently and accurately enough to help physicians adjust
the dopaminergic medication regimen. Our research team
developed an accelerometry-based sensor device and the
corresponding algorithm, which can make frequent readings of
the patient’s motor state, with the aim of providing a useful tool
for therapeutic schedule adjustments [16]. The goal of this study
was to analyze the accuracy of the kinematic sensor and the
algorithm under real conditions of use, in a group of PD patients
with motor fluctuations.

Methods

Participants
This prospective validation study was conducted on a sample
of 23 patients with moderate to severe PD and motor
fluctuations. Patients unable to recognize different motor states
(On and Off), presenting gait disorders other than those of PD,
or unable to walk without the help of a third person were
excluded.

The study was conducted entirely in the province of Barcelona,
Catalonia (Spain), between 2013 and 2016. Participants were
selected by convenience sampling among those attending the
neurology clinics of any of the 4 participating hospitals
(Consorci Sanitari del Garraf, Centro Médico Teknon,
Hospital de Vall d'Hebron, Hospital Germans Trias i Pujol), or
among the members of the Catalonian Association for Parkinson
(Asociació Catalana Per al Parkinson) and its subsidiaries. The
sample size was chosen on the basis of previous experience in
similar validation studies [8,13,17].

Data Collection
On the first day of the study, all patients were administered the
motor section of the UPDRS [18]. Sociodemographic data (sex,
age, and marital status), years of evolution of the PD, and the
drug regimen were also recorded. Participants were asked to
wear the kinematic sensor attached to the waist (left lateral side)
for a variable number of daytime hours, within a period of 1 to
3 consecutive days, according to their individual preference.
The location on the waist was comfortable for patients and
suitable to provide precise information about the body
movements [19-21] (Figure 1).

During the study, patients were living in their usual environment,
carrying on their usual daily activities, and were not suggested
or prevented from doing any specific task. Patients were also
asked to simultaneously keep a specially designed diary, where
they had to record their motor state (On or Off) every 30 min.
All patients were previously instructed regarding the use of the
diary and the recognition of their motor fluctuations. Patients
were blind to the records provided by the sensor they were
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wearing. Researchers were not present during the time patients
were wearing the sensor in order to prevent interferences in
their natural activities. However, a researcher was in charge of
calling them by telephone every 2 to 3 hours to reinforce the
use of the diary and record the motor state reported by the patient
at the moment of the telephone call. The sensor and its battery
charger were handed over on the first day and collected on the
last day of the study. The patients or their accompanying person
were in charge of recharging the device during the hours it was
not being used. Local Ethics Committees approved the research
protocol at each participating institution. All participants signed
an informed consent form before their inclusion in the study.

Algorithm Overview
The sensor readings were based on measurements from the
accelerometer—sampled with a 40 Hz frequency—and provided
output in nonoverlapping 10-min periods. The output of every
10-min period consisted in: presence or absence of gait
bradykinesia plus presence or absence of dyskinesia.

Since patients in the Off-state do not present choreoic-type
dyskinesia; detection of dyskinesia was considered an indicator
of the On-state. Failure to detect dyskinesia left the classification
of the motor state to the presence or absence of bradykinesia:
Off-state for clearly bradykinetic gait, On-state for normal gait,
and intermediate-state for abnormal gait that however did not
reach the threshold to be considered bradykinesia. Failure to
detect any movement (neither dyskinesia nor gait) led us to
consider the motor state unknown. The algorithmic process to
detect bradykinesia and dyskinesia has been described in detail
elsewhere [16]. However, a short description is offered below
for the sake of self-completeness.

Briefly, a first algorithm was designed to analyze patients’
bradykinetic gait in the following 5 phases:

1. Walk detection was based on 3.2-sec signal segments, which
were characterized by their power spectra and analyzed

with a support vector machine (SVM). The SVM had been
previously trained with labeled signals from 20 different
PD patients, who did not participate in the On and Off state
monitoring for data collection in this study. Walk detection
accuracy was higher than 90% [23].

2. Stride detection was carried out on those signal segments,
on which the SVM detected that the patient was walking.
It was based on biomechanical properties reflected in the
acceleration signals; namely, every time the patient took a
step (the so-called initial contact event, when the foot
touches the ground) a local relative extremum was observed
in the 3 acceleration signals, which was leveraged to identify
the strides. The first two and the last two strides in a walking
bout were disregarded in order to avoid analyzing gait
initiation and finalization.

3. Characterization of every stride in terms of movement
fluidity—a feature closely related to bradykinesia, which
the authors found to be correlated with the On and Off-states
in a previous study [24]. This feature consisted in the power
spectra within the 0 to10 Hz band of the acceleration
measurements comprising a stride. In this way, by providing
the detected strides (once gait initiation and finalization
strides had been disregarded), a scalar value representing
movement fluidity was obtained. In our aforementioned
earlier work, we found higher values for patients in the
On-state and lower values for those in the Off-state.

4. Calculation of the average of all strides comprised in every
nonoverlapping 10-min period.

5. Comparison of this average with the patient’s individual
threshold. If the average fluidity in a 10-min period was
higher than the threshold, gait bradykinesia was considered
for that patient in that period; whereas if it was lower,
bradykinesia was ruled out. Finally, if the average value
was close to the threshold (within the range: threshold ±
1.7 m/s2) intermediate gait was considered.

Figure 1. Inertial sensor.
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The algorithm’s final output was presence or absence of gait
bradykinesia or indeterminacy, in case the subject had not
walked within the analyzed 10-min period (Figure 2). The
patient-specific threshold was established in an unsupervised
manner based on the distribution of gait fluidity measurements
recorded while monitoring each patient. In particular, the
threshold was calculated by using the histogram of fluidity
measurements. Thus, if 2 separated bell-shaped curves were
observed, each one with at least 15% of data, the threshold was
established at the mean value between them. However, if 2
bell-shaped curves were not obtained, or if they did not contain
enough data, the bradykinesia threshold was established at the
highest bradykinesia value below the mode with a frequency
of at least 60% of the frequency of the mode.

A second algorithm was designed to analyze choreoic dyskinesia
on the basis of the frequency content of the accelerometer
measurements. This second algorithm was organized in the
following phases:

1. Walk detection and postural transition detection, based on
3.2-sec acceleration signal segments, where the above
mentioned SVM was used to determine whether the patient
was walking, plus analysis of the power spectra between
0.1 and 0.6 Hz (by comparison with a previously determined
threshold, which was the same for all the patients) to
establish whether the patient was engaged in a postural
transition (eg, stand-to-sit or sit-to-stand). In case walking
or postural transition was detected in a signal segment, the
following phase 2 was skipped, given that such actions were
considered to possibly hide dyskinetic movements.

2. Dyskinesia detection. For every 3.2-sec segment in which
the patient was not walking or in postural transition, the
power spectra between 1 and 4 Hz were compared with a
threshold (previously determined and the same for all
patients) to assess whether the patient presented dyskinesia
in that segment.

3. Aggregation per minute. If the ratio of segments, which
were analyzed within a certain minute (ie, the ratio of
segments without walking or postural transitions) was lower
than 30%, the output of the algorithm for that particular

minute was undetermined. If the ratio of segments with
positive dyskinesia detection was higher than 40%, presence
of dyskinesia was considered for that minute. Otherwise
absence of dyskinesia was considered.

4. Finally, the output for periods of 10 nonoverlapping
consecutive minutes was obtained. If 8 out of the 10 min
in a certain period were undetermined, the output of that
10-min period was considered to be undetermined.
Otherwise, presence or absence of dyskinesia was
considered on the basis of the most frequent per-minute
output in that period.

Patients’ motor state was estimated in 10-min periods, according
to the output of the above described algorithms. The motor state
was classified as On-state when the patient did not show gait
impairment or showed dyskinesia, Off-state when the patient
showed bradykinetic gait and did not show dyskinesia,
intermediate-state when the patient showed intermediate gait
and did not show dyskinesia, and any other situation was
classified as unknown motor state. In patients, who did not show
dyskinesia, the motor state was established according to
bradykinetic gait. Finally, the 10-min periods were analyzed in
groups of three consecutive ones. In case the outputs of the first
and the third periods were equivalent and that of the second
period was unknown, the output of the second period was
considered to be the same as the first and the third ones.

Training and Testing of the Machine Learning
Algorithms
The training of the bradykinetic gait-detection algorithm, which
corresponded to training the SVM for gait detection, was carried
out with data from 20 PD patients from a previous research
study [22]. The bradykinesia feature was identified in that study
and did not require any training procedure as it merely
characterized the strides. Finally, the threshold to be compared
with the averaged bradykinetic features was calculated for each
patient, according to the procedure described above (using the
histogram of fluidity measurements), which did not require any
machine learning algorithm and was applied in an unsupervised
manner (ie, diaries were not used).

Figure 2. Bradykinesia analysis.
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The dyskinesia-detection algorithm only required one supervised
learning model, which was the SVM used in gait detection.
Dyskinesia and postural transitions were detected by comparing
the signal’s power spectra with specific thresholds, established
in 2 previous research studies [22,24]. Finally, the thresholds
for the analysis of the 1-min and 10-min periods had also been
established in previous research studies and were used as
constant values to analyze the signals from all patients.

In summary, the only part of the algorithm that was adapted to
each patient was the bradykinetic gait threshold, which was
unsupervised. The remaining parts of the algorithm were
constant and had been established in previous research studies.

Statistical Analysis
To evaluate the accuracy for classification of the algorithm
readings, they were compared with the records on the patients’
diaries. Time slots with no information on a patient’s diary were
excluded from the analysis. Accuracy was calculated by using
the following formula:

Accuracy=(TP+TN)/(TP+TN+FP+FN)
where TP are true positives, TN true negatives, FP false
positives, and FN false negatives.

Positive predictive value (PPV) and negative predictive value
(NPV) were calculated by using the following formulas:

PPV=TP/(TP+FP)
NPV=TN/(TN+FN)

where TP are true positives, TN true negatives, FP false
positives, and FN false negatives.

The sensitivity (number of Off-episodes detected out of the total
Off-episodes occurred) and the specificity (number of
On-episodes detected out of the total On-episodes occurred)
were not calculated, as the actual number of Off and
On-episodes cannot be found out in an unsupervised experiment
(patients do not rigorously record all the motor-phases in their
diaries, which is the reason why better outpatient monitoring
standards are sought).

The raw accuracy measurements for the total sensor’s readings
were calculated by comparison with the patients’ records,
whenever they were available (for this calculation, patients with
longer monitoring times contributed more to the result).
Additionally, average accuracy measurements were calculated
by calculating the accuracy for every individual patient and
averaging the results (for this calculation, the data from every
patient weighted the same) Statistical analysis was conducted
with the SPSS V.21.0 software package (IBM Corp, Armonk,
NY).

Results

Participant Data
Out of 32 initially contacted patients, 6 were excluded because
they did not experience motor fluctuations or were unable to
recognize their motor state, and one was excluded because of
inability to walk. The data from 2 patients were not valid
because of errors during the data collection process: sensor
malfunction (data were deleted or recorded incorrectly) or
misuse (not switching the sensor off properly or not noticing
error messages). A total of 23 patients with complete datasets
were eventually included. Table 1 shows the sociodemographic
and health-related data from the 23 participants.

Table 1. Characteristics of the participants (N=23).

StatisticsCharacteristic

63.8 (9)Age in years, mean (SD)

16 (70)Male, n (%)

7 (30)Female, n (%)

16 (70)Married, n (%)

7 (30)Single or widower, n (%)

9.8 (5)Years of disease, mean (SD)

723 (486)Total L-Dopa dose (mg/day), mean (SD)

21 (16)UPDRSa(motor section), median (IQRb)

Percentage of daily time in Off-state

16 (70)1% to 25%, n (%)

7 (30)26% to 50%, n (%)

aUPDRS: Unified Parkinson's Disease Rating Scale.
bIQR: interquartile range.
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Table 2. Sensor and algorithm’s validation results.

Number of
monitoring days

Monitoring
time (hours)

Total diary
annotations

Sensor output with gold
standard available

Total sensor
detections

Accuracy (%)Negative
predictive
value (%)

Positive
predictive
value (%)

Patient

111.21011198283801

14.2514100100N/Aa2

18.61616291001001003

13.167121001001004

111.014471001001005

118.66381001001006

110.9192734100100N/A7

19.06210100100N/A8

219.022193895100929

340.144741029292N/A10

227.0331653888310011

218.191319921008012

341.130314884739413

340.452609393949014

227.9251223831006715

341.0242734858410016

335.2252737939110017

336.3482442969510018

213.410711711006719

339.32112199292N/A20

335.248817757110021

224.2137910010010022

110.0323100100N/A23

45524.6489410671929492Total

aN/A: not applicable.

Evaluation Outcomes
The mean monitoring time was 23 hours per patient. During
that time, a sensor produced 671 conclusive results (On or Off
classifications or detections) for all patients, which corresponded
to 22.8 results per patient and 1.3 On or Off classifications per
hour and patient. From all the sensor detections, only 410 had
a corresponding record in the patients’ diaries with which they
could be compared. The sensor’s raw PPV, calculated by
comparing the total of sensor readings with the total of patients’

records, was 89.3% (95% CI 85.8%-92.1%), the row NPV was
92% (95% CI 88.9%-94.4%). Table 2 shows the PPV and NPV
for each individual patient. The mean of PPV and NPV for all
the patients were 92% (95% CI 87.33%-97.3%) and 94% (95%
CI 90.71%-97.1%), respectively. The average classification
accuracy was 92.20%. Patients’ individual accuracies are also
shown in Table 2.

Figure 3 shows an example of comparison between the outcomes
of the algorithm and the data recorded in a patient’s diary.
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Figure 3. Comparison between the outcomes of the algorithm and the data recorded in a patient's diary.

Discussion

Principal Findings
Our results evidenced that the tested algorithm accurately
detected motor fluctuations in patients with advanced PD.
Additionally, as the experimental work was neither carried out
in a controlled environment nor observed by researchers, the
results might be extrapolated to the clinical practice.
Experiments were conducted under real conditions of use and
the data provided by the sensor were compared with the most
extensively used standard in the clinical practice that is, the
patients’ diaries. Given the limitations of this standard, we used
it only in patients who were able to recognize their motor state
and additionally provided telephonic reminders to reinforce its
use. Note that previous calibration or adaptation of the algorithm
to individual users was not necessary; instead, a self-calibration
method was used, which avoided the need of conducting
previous tests with the patients.

Comparison With Earlier Evidence
As far as we know, only 2 research studies have been attempted
to detect the On and Off-motor states under real conditions using
inertial sensors. In one of these studies, the commercially
available device Kinetigraph, a bracelet with an accelerometer,
was found to detect bradykinesia and dyskinesia [17] and to

classify fluctuating patients versus controls [25] with an
acceptable accuracy. However, the device and its algorithms
offered global results (over a certain period of time) and could
not make hourly determinations of the motor state with good
accuracy (correlation was .4 in a comparison with patients’
diaries) [13]. Therefore, though it might be useful to evaluate
whether a patient’s time in Off-state is reduced (or not) by the
medication in the medium term, it would not be useful to
determine the times of the day when the patients are in Off-state
with accuracy enough as to fine-tune therapeutic regimens. In
the second study, Hoff et al used multichannel accelerometry,
previously validated for the detection of hypokinesia,
bradykinesia, and tremor. However, their measurements showed
limited sensitivity (0.60-0.71) and specificity (0.66-0.76) for
motor fluctuations in individual PD patients (the authors did
not provide the percentage of classification accuracy) [14].
Keijsers et al used 6 sensors located on different parts of the
body to detect motor fluctuations, although their experiment
was conducted in laboratory instead of real conditions [15].
These authors analyzed the whole inertial signal produced over
the 3 hours of the experiment (not only those moments when
the algorithm produces an output as in our research); in such
circumstances, sensitivity and specificity correspond to PPV
and NPV, respectively. They found acceptable sensitivity and
specificity for detection of the motor state through measurements
of bradykinesia on the wrist (sensitivity 0.71-0.74; specificity
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0.78) and leg (sensitivity 0.78; specificity 0.82). They did not
use sensors on the waist but used one on the chest, which
showed high accuracy (sensitivity 0.96; specificity 0.95) by
measuring a thoracic tremor which was found to be greater in
the Off-state than in the On-state, even in patients with
nontremors PD. This finding is, however, difficult to interpret;
and, as far as we know, it has not been reproduced in subsequent
studies (including an attempt made by our team; not published).

Although, up to our knowledge, no further studies aimed at
detecting the motor state have been published, other authors
have tried to detect bradykinesia, which is related to the Off-state
[6,26,27]. Most of such studies have been conducted in a
laboratory or a clinic (controlled environment) in conditions of
restricted activity or asking the patients to perform certain
maneuvers, so that their results can hardly be directly
extrapolated to the clinical practice. Salarian et al [7] allowed
their subjects free activity for 3 hours (although inside a clinic
instead of their own environment) and found a good correlation
(Spearman rank correlation, ρ=.7) between the data from 2
Physilog sensors placed on the forearms and the bradykinesia
item of the UPDRS. Tzallas et al [8] tested 5 sensors composed
of accelerometers and gyroscopes and located on limbs and
trunk in a real environment. Their algorithms showed a moderate
accuracy (74.5% classification accuracy) for detection of
bradykinesia as compared with the records made by the patients
or their relatives.

Limitations
Our algorithm requires the occurrence of movement (gait or
choreoic dyskinesia) to be able to determine the motor phase.
Thus, it does not continuously provide data; and there are time
slots in which the motor state remains unknown. Therefore,
undetected Off-periods are probable to occur, which would
reduce the system’s sensitivity to detect Off-periods. In this
experiment, we were unable to measure sensitivity (the number
of detected Off-periods out of the total actually occurring
Off-periods) because the chosen gold standard does not record
all the Off-periods either (the patient may forget or fail to record
some of them). However, we found high predictive value and
accuracy, which means that whenever the sensor makes a
determination, it is often correct. The time during which
detections are not possible is an obvious limitation of this
system. However, to see it in perspective, the sensor provides
more information than the patient’s diary (which is the best
method known to date). For example, the sensor in this study
collected 37% more valid data (On-Off detections) than the
patients’ diaries. Furthermore, patients may fail to complete the

diary time records for several consecutive days because it is an
arduous task and they often give up [5]. Note that, in our study,
6 patients voluntarily stopped data recording before the third
day, due to the inconvenience of filling the diary (results not
shown).

The results of validation studies of new monitoring systems for
PD should be interpreted with caution, due to the limitations of
the reference standards currently used [28]. Methods based on
new technologies may be better than traditional methods such
as a patient’s diary. Thus, outcome differences between both
approaches may be more probably due to limitations of the
standard than to poor validity of new technology methods. We
postulate that, in this case, our aim should not be creating
technologies as effective as traditional standards but overcoming
these standards. Therefore, although concurrent validation
studies are necessary (validation by comparison with a standard),
prospective validation studies are needed, where the utility of
new technologies to achieve better clinical control is
demonstrated or ruled out.

In this study, we used patients’ diaries as the reference standard
because no better alternative is currently available for long-term
monitoring patients in their natural environment. However, it
should be taken into account that patients recruited for this study
were able to recognize their motor state well and received
telephone reminders to complete the diary. In the clinical
practice, many patients cannot actually recognize their motor
state or fail to record it in the diary, all of which reduces the
accuracy of the diary method and supports the development of
automatic detection methods.

As previously reported [22], our system was able to detect
dyskinesia and consequently, to distinguish between On-state
with dyskinesia (which may reflect excessive dopaminergic
stimulation) and On-state without dyskinesia (which indicates
optimal stimulation). In this study, however, such a distinction
was not validated because, given the experimental design
(prolonged monitoring without direct observation), preparing
a good standard to verify the presence of dyskinesia was not
possible; dyskinesia involves involuntary movements of which
patients often remain unaware.

Conclusions
In conclusion, the kinematic sensor and the algorithm validated
in this study constitute an accurate and useful tool for monitoring
and recording motor fluctuations in patients with
moderate-advanced PD in the outpatient setting.
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