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Abstract  

Parkinson's disease is a neurodegenerative disorder that affects mobility, leading to a decline in the pa-
tient's quality of life. Analyzing gait for these patients aims to improve the mobility of the Parkinson’s 
disease patients. The goal of this study was to validate mean amplitude deviation for detecting gait in 
Parkinson’s disease patients and healthy controls. This method is robust and orientation-independent and 
has accurate results on physical activity detection for different study populations. The novelty of this study 
is to use and evaluate a previously validated method with Parkinson’s disease patients instead of healthy 
young subjects as in earlier studies. We utilized inertial measurement unit data measured using 
smartphones from pre-existing datasets with pre-defined and labeled activities and free-living data con-
taining continuously collected over three consecutive days. One dataset included 30 healthy adults, and 
the other two included in total of 62 and 68 Parkinson’s disease patients and 40 and 39 healthy controls, 
respectively. The sensitivity of the algorithm in a controlled measurement setting was 100% and 98.7% 
for healthy adults and a combined dataset of Parkinson’s disease patients and control subjects, respec-
tively. Correspondingly, the specificity was 74.9% and 81.6%. Visual inspection of the free-living data 
showed that the algorithm provided durations and timings of walking activities, and walking took place 
during the daytime as anticipated for subjects with a typical daily rhythm. Median walking times were 
under ten minutes per hour. The results reached the same performance range as earlier studies with an 
orientation-independent approach, justifying the feasibility of this method. Therefore, this study validated 
the use of mean amplitude deviation for walking detection in Parkinson’s disease patients and healthy 
adults. Future research will utilize the detected walking segments in analyzing the motor symptoms of the 
disease aiming to improve patient well-being through identifying the needs for additional healthcare in-
terventions. 
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Introduction 

Walking detection and step counting could provide 
objective insights to different gait issues related to 
diseases or aging in addition to traditional visual 
gait evaluation. For example, gait analysis is an es-
sential tool for monitoring the progression and 
treatment efficacy of Parkinson's disease (PD), as it 
provides insight into the motor symptoms of the 
disease: tremor, rigidity, and slowness of move-
ment [1]. Traditionally, these symptoms are evalu-
ated visually by healthcare professionals at specific 
appointments, e.g., by utilizing the Movement Dis-
order Society Unified Parkinson’s Disease Rating 
Scale [2], but usually, the specific tests are not rec-
orded systematically and saved to the electronic 
health records. However, there is a need to analyze 
walking during daily living, since the symptoms vary 
substantially e.g., between ON and OFF medication 
states [3]. To achieve this, walking segments or 
steps need to be identified from other activities or 
rest.  

Based on existing literature, free-living studies are 
less frequent than studies in laboratory settings [4]. 
Activity recognition algorithms are often developed 
and tested in supervised laboratory conditions 
[5,6], where a fixed location of the sensors, a clear 
separation of different activities, and control over 
the walking speed are used. For example, walking 
speed greatly affects gait phases, as demonstrated 
in several earlier studies [7–9]. The ground truth for 
these measurements could be obtained by using a 
video recording, step counters, and manual data la-
beling. Some settings could be also semi-controlled, 
where the instructions for completing tasks were 
given, but the participants were not monitored or 
supervised during the conduction of the experi-
ment [4,10].  

However, studies for implementing walking detec-
tion in less controlled environments have also been 

carried out [11–13]. Brajdic and Harle [11] tested 
several algorithms for both walking detection and 
step counting and evaluated the performance of 
the algorithms in terms of detection accuracy and 
computational efficiency. They concluded that for 
walking detection a standard deviation-based 
thresholding, and for step detection a windowed 
peak detection algorithm were the most efficient 
methods. Iluz et al. [12] studied the detection of 
missteps on free-living settings and concluded that 
they can be classified in PD patients with high accu-
racy. Pham et al. [13] validated a step detection al-
gorithm, first in a laboratory environment and then 
tested the system in home-like setting.  

Walking and step detection algorithms may be im-
plemented with direct methods based on setting in-
dividual [14] or universal [15,16] thresholds for re-
sultant acceleration, specific pattern or area of the 
acceleration signal [10,17,18]. The advantage of di-
rect methods is the computational efficiency and 
general suitability to a new dataset. Still, the chal-
lenge is the selection and validation of threshold 
values and minimize the interference from walking 
characteristics or deviations. Micó-Amigo et al. [19] 
tested a walking detection algorithm created by Iluz 
et al. [12] based on identifying segments within 
0.5–3 Hz frequency band to detect gait segments 
with PD patients resulting in accuracy of 96%. Dijks-
tra et al. [14] discovered that accelerometers pro-
vide more accurate results in step detection for PD 
patients than pedometers and they are less de-
pendent on walking speed.  

In addition to threshold-based algorithms, machine 
learning classifiers have been developed for walk-
ing and step detection [4,6,20], but they require 
large training datasets and more computational 
power for operation. Classifiers and direct methods 
can be compared against a ground truth annotated 
from video recordings of the experiment, or by 
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visually observing and manually annotating and 
timing the performed activities. 

Identification of walking segments can be per-
formed on fixed windows by analyzing the changes 
in the signal within consecutive windows. One of 
these methods is mean amplitude deviation (MAD), 
first introduced for physical activity detection by 
Vähä-Ypyä et al. in 2015 [15,16,21]. MAD measures 
how much a sample in the magnitude of accelera-
tion deviates from the mean of the neighboring 
samples. It originated from the calculation of mean 
absolute deviation but is adjusted for acceleration 
time series. MAD is calculated for the magnitude of 
the three-dimensional acceleration vector and 
thus, the orientation of the device does not affect 
the interpretation of MAD.  

The relationship between MAD and physical activity 
levels has been studied extensively [15,16,21–25]. 
The studies have identified MAD limits for physical 
activities for children and adults using different 
commercial acceleration sensors. Also, Vähä-Ypyä 
et al. [16] have identified universal cut-off limits 
based on three different commercial acceleration 
sensors. Based on the highest observed threshold 
values, sedentary activities are below 44 mg0 [24], 
light activities below 338 mg0 [21], moderate activ-
ities below 603 mg0 [21], and vigorous activities 
over that. There are considerable differences be-
tween limits found in different studies. Haapala et 
al. [25] and Gao et al. [23] utilized the limits defined 
by Vähä-Ypyä et al. [15]. Based on the existing liter-
ature, MAD has not yet been used to separate walk-
ing from other types of physical activities in healthy 
subjects, elderly, or specific patient groups.  

Since the walking of PD patients might have addi-
tional changes to their walking style compared to 
age-matched healthy subjects, as shown by 
Yoneyama et al. [26], we have previously demon-
strated how PD patients and healthy controls can 

be detected using controlled gait data [27] and con-
cluded that a machine learning algorithm can sepa-
rate between these groups based on characteristics 
of individual steps. We have also demonstrated a 
walking detection algorithm for controlled walking 
tests using signal magnitude area, as presented by 
Mehrang et al. [10]. The characteristics of walking 
have been shown to change with the severity of the 
disease and thus, PD symptom severity can be mon-
itored using foot worn sensors and a random forest 
classifier with appropriate features [28–30]. 

The objective of this study was to address the walk-
ing detection challenge by validating that MAD 
could be a robust and accurate algorithm for de-
tecting gait from accelerometer data of PD patients. 
These patients may have walking related issues 
both due to their age and progressive disease. The 
qualitative hypothesis was that if the algorithm 
functions well with labeled reference datasets, 
then we can also assume that the walking detec-
tions from free-living dataset can be accepted. 
Since the evaluation of the free-living dataset was 
qualitative rather than quantitative, specific statis-
tical hypotheses with p-values were not defined.  

Materials and methods 

Materials 

The materials used in this study originate from two 
different studies: an open-access dataset provided 
by Reyes-Ortiz et al. [31] from 30 healthy adults, 
and two datasets from the Käveli project [32]. The 
complete measurement protocol of the Käveli pro-
ject (NCT 03366558) conducted at Satakunta Well-
being County in Pori, Finland, is described by Jauhi-
ainen et al. [32]. This dataset consists subjects 
having PD and healthy control subjects. Out of 114 
subjects 97 were included in both Dataset B and C, 
five subjects only in Dataset B, ten subjects only in 
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Dataset C, and two subjects in neither of the Da-
tasets. These exclusions were caused by missing 
data. All patients were able to walk without another 
person aiding them, which was also an inclusion cri-
teria for the study [32].  

The aim of using different datasets was to first vali-
date the walking detection algorithm with two 
types of annotated data that contain walking be-
fore experimenting with the performance on free-
living and non-annotated data.  

Dataset A: Human Activities and Postural Transi-
tions 

“Smartphone-Based Recognition of Human Activi-
ties and Postural Transitions Data Set” (HAPT, re-
ferred as Dataset A from now on) [31] is an open-
access dataset available at the University of Califor-
nia Irvine Machine Learning repository [33]. It con-
tains smartphone (Samsung Galaxy S II) IMU record-
ings from 30 healthy adult volunteers aged 19–48 
years [33]. The dataset has 61 raw triaxial accelera-
tion signals recorded at 50 Hz, and the unit used for 
acceleration is the gravity of Earth, g [31].  

As Reyes-Ortiz et al. [31] describe, the measure-
ment protocol consists of six basic activities: stand-
ing, sitting, lying, walking, walking downstairs, and 
walking upstairs. They have also recorded transi-
tions between the static postures as follows: stand-
to-sit, sit-to-stand, sit-to-lie, lie-to-sit, stand-to-lie, 
and lie-to-stand. Walking activities were recorded 
for 115.4 minutes, whereas the total length of the 
recorded data was 271.5 minutes.  

Dataset B: Käveli Clinic Dataset 

The Käveli clinic dataset (Dataset B from here on) 
consists of structured walking tests. The subjects 
walked 20 steps in a straight hallway as instructed 
by the study physiotherapist. The test was per-
formed two times for each participant [32].  

This study used a triaxial accelerometer from a 
Nokia 6 smartphone sampled at 50–100 Hz [32]. 
The same setup was used for Dataset C. This da-
taset consists of 188 successful walking tests, col-
lected from 102 subjects. The demographics of this 
dataset are presented in Supplementary Material 
A.  

Dataset C: Käveli Free-Living Dataset 

Dataset C contains free-living data from each sub-
ject for 72 hours [32]. The sensors were not worn 
during sleep or during water activities, or when the 
phone battery was being charged. This dataset con-
sists of 107 subjects. The demographics of this da-
taset are presented in Supplementary Material A.  

Free-living data may contain any activities the sub-
jects were performing during the recording period, 
and their behavior was not guided or recorded in 
any way to minimize burden especially for the PD 
patients and any effects to their activities. Free-liv-
ing data may also contain noisy segments, e.g. 
when the smartphone pouch was put on or taken 
off. However, these segments should be very short 
interruptions in the data, and they should not inter-
fere with the walking detection significantly. 

Methods 

All data processing and analysis steps have been 
done with Python 3.7 using standard libraries. In 
summary, the data processing consists of pre-pro-
cessing the raw data and implementing the mean 
amplitude deviation algorithm for the acceleration 
data. Segments fulfilling the set thresholds are clas-
sified as walking segments.  

All datasets were preprocessed with a Butterworth 
lowpass filter with a cut-off frequency of 20 Hz and 
they were expressed in unit g. The resultant accel-
eration vector was calculated from the triaxial sig-
nal and thus, the vector is independent of the 
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device orientation. The resultant vector r is defined 
as follows: 

𝑟𝑟𝑖𝑖 = ��𝑥𝑥𝑖𝑖2 + 𝑦𝑦𝑖𝑖2 + 𝑧𝑧𝑖𝑖2�.   (1) 

with 𝑥𝑥𝑖𝑖, 𝑦𝑦𝑖𝑖, and 𝑧𝑧𝑖𝑖  being the acceleration at time i 
in the corresponding orientations of the accelera-
tion sensor. 

The resultant acceleration is further used in calcu-
lating MAD. MAD is the average of the absolute dif-
ference between samples and their neighboring 
mean within the segment 

𝑀𝑀𝑀𝑀𝑀𝑀 = 1
𝑛𝑛
Σ|𝑟𝑟𝑖𝑖 −  𝑟̅𝑟|.   (2) 

In Equation 2, 𝑟𝑟𝑖𝑖 is the resultant vector from ith 
sample within the segment, 𝑟̅𝑟 is the mean of the re-
sultant acceleration vector over the fixed window 
including sample i, and n is the number of samples 
in the segment. Thus, the resulting value of MAD for 
one window is the mean of these remainders over 
the selected segment [16,34]. A fixed non-overlap-
ping calculation window of 5 seconds was used in 
the analysis based on earlier studies [15,25] for all 
datasets. 

We set the threshold values based on earlier stud-
ies, and additional discussions with other data sci-
ence professionals in the field. We set the lower 
limit for walking to 50 mg0 and the upper limit to 
600 mg0 to filter out sedentary activities such as 
standing and sitting, and vigorous activities such as 
running. We estimated that PD patients might 
move more slowly than healthy people, thus the 
lower limit was also decreased. 

The results of Dataset A and B are analyzed using 
common performance descriptors: accuracy, bal-
anced accuracy, precision, sensitivity, specificity, F1 
score, and error rate. F1 score is the harmonic 
mean of precision and recall, and it represents the 
predictive performance of the model. The perfor-
mance was evaluated against ground truth, for Da-
taset A it was available within the dataset. For Da-
taset B, the authors visually classified each segment 
by determining that at least 50% of the segment 
needs to be in the selected category. The results are 
compared with existing literature.  

Dataset C cannot be explored through statistical 
measures, since no ground truth is available of how 
much walking the participants have conducted. In-
stead, we visualize the amount of detected walking 
and inspect examples of walking distribution on dif-
ferent measurement days.  

Results 

Results for Datasets A and B 

When dividing data into 5-second non-overlapping 
segments, Dataset A had 3507 and Dataset B 858 5-
second segments, respectively. For Dataset A the 
classification results were 1150 true positive, 1765 
true negative, 0 false negative, and 592 false posi-
tive predictions. For Dataset B, the results were 546 
true positive, 249 true negative, seven false nega-
tive, and 56 false positive predictions. Classification 
results are summarized in Table 1, and visual exam-
ples of the classification results are in Figure 1. 
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Figure 1. 6 Examples of classification results in Dataset A (A–C) and Dataset B (D–F). TN= True negative, 
FN=false negative, FP=false positive, and TP=true positive. For Dataset A the segments without a refer-
ence label are plotted in lighter gray since segments with missing label are not included in the analysis. 

Table 1. Performance measures of walking detection results. "N = the number of five second segments 
and PD = Parkinson's disease" 

Measure Dataset A (n = 3507) Dataset B (all n = 858, PD n = 535, Control n = 323) 

 All (%) All (%) PD (%) Control (%) 

Accuracy 83.1 92.7 92.5 92.9 

Balanced accuracy 87.4 90.2 90.1 90.4 

Sensitivity (Recall) 100.0 98.7 98.0 100.0 

Specificity 74.9 81.6 82.2 80.8 

Precision 66.0 90.7 91.2 89.8 

F1 score 79.5 94.5 94.5 94.6 

 
MAD is performing well for both datasets based on 
the performance descriptors. Accuracy and sensi-
tivity are high in both datasets, but the higher num-
ber of false positives in Dataset A shows in specific-
ity, precision and therefore, the F1 score. There is 
no large difference between PD patients and 
healthy controls (Dataset B) in terms of sensitivity 
and specificity. Sensitivity was higher for the con-
trol group but specificity for the PD group.  

The percentage of false positives in Dataset A is 
16.9% and in Dataset B 6.5%. In Dataset A (Figure 
1A–C), the false positives come from the short seg-
ments between walking tests, where labels were 

not used. Another source for false positive detec-
tion is postural changes, which can be seen in Fig-
ures 1B and 1C as segments with lower resultant ac-
celeration than walking. Dataset A does not have 
any false negatives; thus, every segment containing 
walking was detected. 

Dataset B (Figure 1D–F) shows correctly classified 
walking tests, false positive segments in the begin-
ning or end of the walking segment where walking 
is present less than 50% of the segment, and false 
negative segment in the middle of continuous walk-
ing. Dataset B had seven false negative segments, 
which occurred amongst two PD subjects in the 
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dataset. In both cases the resultant acceleration 
seems smaller than for other subjects, as can be 
seen in Figure 1F. 

Results for dataset C 

Figure 2 presents a summary of detected walking 
concerning the time of the day using a 24-hour 
clock. As expected for normal daily activities, most 
of the walking occurs during the day (7:00–23:00), 
and the median walking time is less than ten 
minutes per hour. However, only few subjects 
walked more than 30 minutes per hour and thus, 
those are marked as outliers in the figure. Outliers 
are defined as 1.5 times the interquartile distance.  

Several walking segments were detected during the 
night-time (Midnight to 7:00) for durations of less 
than 20 minutes. It should be noted that one outlier 
circle in Figure 2 denotes one person’s walking sum 
during the whole three-day recording. Some indi-
viduals reported sleeping issues, and some control 
subjects may also work in shifts. Thus, they may be 
more active during unconventional hours. Similar 
figures were also drawn for each person individu-
ally showing that most of the subjects only walked 
during daytime, and the measurement phone was 
charged at night. 

 

Figure 2. Detected walking distribution for all subjects in Dataset C with respect to a 24-hour clock. 
Boxes denote the middle quartiles (line is median), whiskers denote the first and fourth quartile, and 
dots denote outliers defined as 1.5 times the interquartile distance. Walking sums per hour were calcu-
lated for all subjects during all measurement days. 
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Figure 3. 72-hour free-living data from six example subjects. The subjects in the left column are Parkin-
son’s disease patients, and the subjects in the right column are control subjects. Graphs A–D include four 
subjects that have walking during the day and not walking during the night. Graphs E–F include two ex-
amples present walking also during the night, approximately starting at 3:00. One of these two subjects 
had reported that they are usually awake during the night. Vertical lines denote the changing of the day 
at midnight. 

Figure 3 shows the 72-hour walking statistics for six 
example subjects, three of which were PD patients 
(Figure 3 A, C, and E) and three healthy control sub-
jects (Figure 3 B, D, and F). two subjects show walk-
ing at night, starting at 3:00–4:00 (Fig 3. E–F). The 
other four subjects have walking data collected dur-
ing the daytime only. Walking activity on the first 
and last day may depend on the starting time of the 
measurement, which varied between the subjects.  

Discussion 

The objective of this study was to validate a walking 
detection algorithm for analyzing free-living gait of 
PD patients and healthy control subjects. Even 
though a step detection algorithm was imple-
mented in our previous study [27], we concluded 
that an intensity-based walking detection algorithm 
is more suitable for long, free-living recordings. 
Also, as Brajdic and Harle [11] discovered that if the 
walking detection algorithm produces false positive 
classifications, the step recognition algorithms also 
tend to miscalculate the number of steps. Dijkstra 
et al. [14] also reported that slow walking speed 

and short trajectories cause an underestimation of 
steps and an overestimation of gait duration. The 
detection of walking segments instead of individual 
steps was justified with existing literature, espe-
cially when considering that the walking speed of 
PD patients might be reduced both due to progres-
sion of the disease as well as aging of the patients 
[1].  

Algorithms for walking detection can be based on 
directly implementing thresholds on a straightfor-
ward calculation from the signal [11]. Our approach 
was to build a simple system with adjustable 
threshold values without needing extensive model 
training. Previous literature supported using MAD 
algorithm for physical activity recognition tasks in 
different study populations and regardless of the 
accelerometer brand [15,16,21]. The novelty and 
uniqueness of this study is to apply and evaluate 
MAD to PD patients and especially walking data in-
stead of only healthy and young subject during vig-
orous physical activity, as in prior literature. Also, 
since MAD is based on calculating the resultant vec-
tor of the triaxial acceleration, the device 
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orientation does not affect the results, as was also 
noted by Dijkstra et al. [14].  

According to existing literature, walking detection 
for healthy subjects resulted in varying accuracies, 
the best was the Hidden Markov model tested by 
Brajdic & Harle [11] with <2.0% error rate with 
threshold-based methods. Others also received rel-
atively high results [4,20]. Wang et al. [35] used the 
same dataset (Dataset A) for a neural network and 
received a recognition rate of 95.9%. When consid-
ering the existing literature for PD patients, a high 
accuracy (96.0%) was obtained in the study by 
Micó-Amigo et al. [19].  

Compared to earlier literature, our algorithm 
worked well on supervised datasets. The number of 
false negatives was very low in both datasets, and 
the number of false positives in Dataset B was also 
small. The accuracy of Dataset B outperformed few 
of the earlier studies [4,13,14,36]. Because the re-
sults are comparable to the existing literature and 
the algorithm does not overestimate the number or 
length of the walking segments, we can expect the 
algorithm also to detect walking segments from 
free-living data.  

Both controlled datasets presented imbalance be-
tween walking and non-walking segments: 32.8% 
and 64.5% of the 5 second segments were walking 
segments for Datasets A and B, respectively. This 
was due to the nature of the study protocols Da-
taset A contained six basic activities and static pos-
ture changes and therefore, more than 50% of the 
signals is something other than walking. On the 
other hand, Dataset B contains mostly walking and 
there are only short segments of standing in the be-
ginning and end of each file. In Dataset A, balanced 
accuracy was higher than accuracy and in Dataset B 
it was lower. This indicates that if the class is un-
derrepresented in the dataset the detection accu-
racy is also underestimated, and if the class is 

overrepresented the detection accuracy is there-
fore overestimated. However, the differences be-
tween accuracy and balanced accuracy in this study 
are not substantial.  

When analyzing the results of Dataset C, the visual 
inspections of free-living data performed by the au-
thors showed credible results regarding walking 
amounts and times. For example, walking was 
mainly performed during the day and the 
smartphones were charged at night. Subjects were 
walking after they left the clinic appointment, and 
subjects indicated having routines e.g., waking up 
roughly at the same time each day. Few active sub-
jects also made additional and voluntary journal 
notes matching the results.  

Overall, while the study provides valuable insights 
into the detection of walking of PD patients using 
free-living acceleration data, its limitations must be 
acknowledged when interpreting the results. The 
study was conducted on a specific population 
group, i.e., PD patients and their healthy control 
group (Datasets B and C). Therefore, the results 
may not be generalizable to other populations, 
such as younger individuals, professional athletes, 
or persons with other diseases affecting mobility. 
Not including reference annotations was already 
decided when planning the study protocol and data 
collection [32] so it was not possible to add them 
afterward. Regarding the noisy segments in the sig-
nals, it was estimated that they would be short if 
they were originating from putting on and taking off 
the sensor and would not affect walking detection. 
Finally, the mean age of PD patients was ten years 
older than for the control subjects (in Dataset B and 
C), which may cause differences in walking styles 
and pace and therefore affect the walking detec-
tion results. The results of controlled walking tests 
did not reveal that either of the groups was under 
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or over detected, but the difference in age must be 
considered when conducting future studies.  

Future research should address the limitations and 
implement the proposed method with broader da-
tasets. The algorithm could be developed to im-
prove computational efficiency related to reading 
long data segments. With a validated walking de-
tection algorithm for controlled and uncontrolled 
walking of PD patients, future research will focus on 
observing changes in PD related motor symptoms 
that affect walking over the follow-up period of 
three days. This could provide more insight e.g. to 
the medication response or other factors affecting 
the well-being of the patient at home. Objective 
analysis of uncontrolled walking may also help pa-
tients with cognitive challenges related to PD, since 
they may have difficulty reporting detailed events 
from the past weeks or months to the clinician.  

Overall, this method could provide a robust alterna-
tive for walking detection to be used to quantita-
tively assess walking to provide insights into inter-
vention needs or physical condition. Since the 
Käveli project [32] objectives emphasized a mobile 
and/or remote solution for assessing PD gait, the 
objectives of this study were also aligned with the 
initial project.  

Conclusions 

This study validated the use of MAD in walking de-
tection in labeled and free-living data for PD pa-
tients and healthy controls. Both classification 

performance metrics for labeled datasets and visual 
inspection of the free-living dataset performed by 
the authors suggested that the method is feasible 
for walking detection in PD patients and healthy 
subjects (Datasets B and C). The results also aligned 
with previous literature. The results of this experi-
ment will be later used for analyzing PD symptoms 
in walking in more detail to support clinical deci-
sion-making regarding medication responses or 
need for health care interventions.  
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Appendix. Supplementary material  

Demographics of the Käveli dataset. 

Table A1. Demographics of the Käveli dataset. 

 Käveli clinic recordings (Dataset B) Käveli free-living recordings (Dataset C) 
 

PD Control Sum PD Control Sum 

N 62 40 102 68 39 107 

UPDRS score (1–5) 1.7 ± 0.8   1.7 ± 0.8   

Age (years) 68.7 ± 8.5 58.7 ±14.1 64.8 ± 12.0 68.6 ± 8.4 60.3 ± 14.1 65.6 ±11.5 

Gender (M | F) 34 | 28 7 | 33 41 | 61 38 | 30 8 | 31 46 | 61 

Body mass index 
(kg/m2) 

26.4 ± 4.9 26.7 ± 4.3 26.5 ± 4.7 26.6 ± 4.8 26.8 ± 3.7 26.7 ± 4.4 

Results expressed as mean ± standard deviation.  
UPDRS = Universal Parkinson’s Disease Rating Scale 
PD = Parkinson’s disease 
 

 

Figure A1. The distribution of Universal Parkinson’s Disease Rating Scale (UPDRS) score in Dataset B and 
C. Score 0 (= no symptoms) was only achieved by control subjects. Patients with a score 5 (= not able to 
walk) were not included in the study. 
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