
  

�
 

Abstract� Parkinson disease (PD) is a common 

neurodegenerative disorders characterized by motor and 

non-motor impairments. Since the quality of life of PD 

patients becomes poor while pathology develops, it is 

imperative to improve the identification of personalized 

rehabilitation and treatments approaches based on the 

level of the neurodegeneration process. Objective and 

precise assessment of the severity of the pathology is 

crucial to identify the most appropriate treatments. In this 

context, this paper proposes a wearable system able to 

measure the motor performance of PD subjects. Two 

inertial devices were used to capture the motion of the 

lower and upper limbs respectively, while performing six 

motor tasks. Forty-one kinematic features were extracted 

from the inertial signals to describe the performance of 

each subjects. Three unsupervised learning algorithms (k-

Means, Self-organizing maps (SOM) and hierarchical 

clustering) were applied with a blind approach to group 

the motor performance. The results show that SOM was 

the best classifier since it reached accuracy equal to 0.950 

to group the instances in two classes (mild vs advanced), 

and 0.817 considering three classes (mild vs moderate vs 

severe). Therefore, this system enabled objective 

assessment of the PD severity through motion analysis, 

allowing the evaluation of residual motor capabilities and 

fostering personalized paths for PD rehabilitation and 

assistance. 

 

I. INTRODUCTION 

Parkinson Disease (PD) is a complex neurodegenerative 
disorder caused by a critical deficiency of dopamine in the 
brain, which afflicts approximately 6.5 millions of people 
worldwide, with increasing incidence rate [1], and high related 
costs [2]. The pathology is strongly disabling for affected 
patients due to both motor and non-motor symptoms [3]. Even 
if the knowledge of PD has increased significantly over the 
recent years, the current methods for diagnosis, disease 
progression monitoring and rehabilitation remain suboptimal 
for PD management [4].  
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 [5], to properly 
manage chronic diseases it is important to have a predefined 
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path that involves a continuous multidisciplinary assistance, to 
allow long term personalized care-rehabilitation plan [6]. It is 
important therefore to organize all actions according to the 
level of disease and related needs, guaranteeing right 
management path for every patient. These actions should be 
personalized according to the severity of the disease and the 
complexity of the patient, considering also a standardization in 
terms of costs and quality of care [7].  

Due to the nature of PD (chronic with a progressive 
worsening), patients should periodically undergo through 
neurological examinations for assessment of level of 
neurodegeneration. Therefore, the possibility to objectively 
assess their motor performance is a first step to evaluate their 
residual capabilities and, consequently, to address them 
towards opportune rehabilitative and assistive paths. 

Recently, research groups have worked to objectively 
measure the motor performance of the patients, since the motor 
symptoms are those that generally lead the neurologist to the 
diagnosis [3]. A study revealed that the overall classification 
rate is not only limited by technical accuracy but also by 
clinical accuracy [8]. Indeed, a method to objectify the motion 
can lead to a quantitative diagnosis of the PD, overtaking the 
problems linked to the subjectivity and to the inter-rater and 
intra-rater variability, thus increasing the accuracy of the 
diagnosis. 

Over the last decade, Inertial Measurement Units (IMUs) 
were used to measure motor performance [9]. However, the 
literature has a lack of consensus regarding the optimal 
number of sensors, and the optimal site for their placement, for 
the assessment of PD motor symptoms [10]. Moreover, to 
provide automatic assessment of the performances measured, 
thus discriminating PD patients from healthy subjects or other 
pathologies, recent works implemented different machine 
learning approaches [11], such as Support Vector Machine 
[12], Naïve Bayes, k-NN, Random Forest [13], Decision Tree, 
and Linear Discriminant Analysis [14]. However, supervised 
and semi-supervised algorithms needs to be trained with a 
large amount of data prior to be used as a decision support tool 
for diagnostic and rehabilitative purposes. Additionally, these 
methods need data annotation that require a large amount of 
time and it is not suitable for daily use. 

Unsupervised learning has been recently used in several 
works for activity recognition purposes [15], [16]. Clustering 
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it has the potential to identify similarity and differences among 
instances in the features spaces independently from their label 
[17]. Indeed over the last years, these techniques were used to 
identify physical behavior changes in common daily motor 
tasks [18] and to investigate similarity and differences in daily 
behavioral pattern of healthy older adults and person with 
cognitive impairments [19]. Recently, cluster techniques were 
also used to identify healthy subjects with behavioral health 
risk profiles [20]. Nevertheless, to ��
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knowledge, using data from motion analysis for clustering of 
PD patients according to the gravity of the diseased represents 
a novel application for unsupervised methods. 

This work aims to investigate the possibility to objectively 
classify the level of PD in diagnosed patients based on their 
motor performances, thus promoting a personalized and 
tailored rehabilitation protocol according to the residual 
capabilities encouraging the Chronic Care Model. The motion 
was measured by using wearable IMUs, and processed data 
were compared using different unsupervised machine learning 
approaches. In particular, in this study we used �
 �blind�

approach, which means that the data was analyzed without any 
a priori knowledge on the groups. This work provides at least 
four novel achievements: 

� to analyze a comprehensive experimental protocol for 
a complete motor evaluation of both lower and upper 
limbs in PD patients using six exercises according to 
the tasks described in MDS-UPDRS III. 

� To evaluate a wide set of extracted features related to 
the kinematic characteristics of the users that allow 
examination of spatial, temporal, and frequency 
parameters of the limbs motion. 

� To investigate the performance of unsupervised 
learning approaches for PD level assessment based on 
motor performance by comparing three different 
methods. 

� To evaluate the correlation and adherence between 
data measured by the sensors and clinical scores 
assigned by the neurologist. 

This blind approach allows to investigate: i) how the 
proposed technology and algorithms are able to discriminate 
the different level of the pathology in absence of a priori 
knowledge about the status of the PD patients; ii) similarities 
and differences about the performance of PD patients. 

II. MATERIALS AND METHODS 

A. Instrumentation 

A wearable inertial system composed by the SensHand and 
the SensFoot devices was used in this work for acquiring 
motion data from both upper and lower limbs (Fig. 1). These 
devices are based on customized boards with dedicated 
microcontroller (ARM 32-?��
 ����
GJ-M3 CPU, 
STMicroelectronics) equipped by LSM9DS (9-axis 
accelerometer, gyroscope, magnetometer module, 
STMicroelectronics), and I2C digital output. They are supplied 
by rechargeable LiPo batteries and allowed acquiring data at 
100 Hz sampling frequency. While SensFoot is a unique IMU, 
which is placed on the foot instep, SensHand is composed by 

four units, coordinated and synchronized by the CAN bus 
standard. The module placed on the wrist is the coordinator of 
SensHand, while the other units are placed on the distal 
phalanges of thumb, index, and middle fingers. A Bluetooth 
module enables the wireless communication of the devices 
with a remote control station [21]. 

B. Participants 

Thirty people diagnosed with PD were recruited by the 
clinical staff of the Department of Neurology, Carrara 
Hospital, Italy. The subjects were 22 males, 8 females, with 
mean age ± SD = 66.8 ± 9.7 years old. Exclusion criteria 
consisted of impairments or disease other than PD that could 
affect the motor performance of the subjects during daily 
activities. Moreover, all measurements on PD patients were 
acquired during a clinically defined ON-state, to avoid 
complications caused by possible ON/OFF motor fluctuations 
especially in the most affected patients. 

C.  Experimental Protocol 

To assess the ��?X
���� motor performance on the four 
limbs, the experimental protocol was defined with 
neurologists, according to the tasks described in the MDS-
UPDRS III. Particularly, six exercises were selected: thumb-
forefinger tapping (THFF), hands opening/closing (OPCL), 
hands pronation/supination (PSUP), hands resting tremor 
(HRST), toe-tapping (TTHP), and leg agility (HEHE) [22]. 
They correspond to the MDS-UPDRS tasks 3.4, 3.5, 3.6, 3.17, 
3.7, and 3.8 respectively. Each subject performed all the 
protocol once, both with right and left sides. The neurologist 
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each exercise according to the MDS-UPDRS III clinically 
assessed all patients. Then, the sum of the MDS-UPDRS 
scores assigned by the neurologist for each of the six exercises 
was calculated. Specifically, according to this score, the 
subjects were labelled as: 

� MildY
�>
��
Z
�
�
��
�
�
����

\
$^ 

� Moderate: if they received a score ranging from 6 to 
13; 

� Severe: if they rece��
�
�
����

_
#`. 

The study was conducted in accordance with the most recent 
Declaration of Helsinki, and the protocol was approved by the 
Ethical Committee of Massa and Carrara Local Health 
Institution with the following reference: No. 311, 18/11/2010. 
Informed written consent was obtained from all the 
participants. 

Figure 1.  SensHand (A) and SensFoot (B) wearable insertial 

devices 
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D. Extracted Features 

Signals acquired by SensHand and SensFoot were off-line 
processed applying a fourth-order low-pass digital 
Butterworth filter. In all exercises, except HRST, cut-off 
frequency was set equal to 5 Hz aiming to eliminate high-
frequency noise and tremor frequency bands [23], typically 
identified between 3.5-7.5 Hz [24], while preserving 
significant information from the acquired signals. Differently, 
in HRST, where tremor was analyzed, a fourth-order band-
pass digital Butterworth filter was applied with cut-off 
frequencies equal to 0.5-15 Hz to avoid the continuous 
component of the signal and the high-frequency noise. 
Spatiotemporal and frequency analyses were appropriately 
conducted implementing custom-made algorithms for the 
motor data analysis.  

E. Data Analysis 

Since motor performance can be highly asymmetrical, 
especially during the mild stage due to the unilateral onset of 
the pathology, each side of the 30 PD patients was considered 
as a separate acquisition, eventually obtaining a dataset 
composed by 60 instances (30 related to the right side, and 30 
related to the left side). Then, the instances were divided into 
three groups according to the level of pathology. Once the 
dataset has been prepared, a Z-norm was computed to avoid 
distortion and have a zero mean and a unit standard deviation. 
Then, three different datasets were defined: one included 
clinical scores and parameters derived from lower limbs only 
(FOOT dataset); the second one considered clinical scores and 
features computed from upper limbs only (HAND dataset); the 
last one included the complete set of data (FULL dataset 
combining FOOT + HAND). As proposed in [15], [25] two 
different analyses were conducted on these datasets. 

In the first analysis, the number of clusters k was 
considered as known. Particularly, in this analysis we consider 
k=2 and k=3, since two and three hypothetical levels of 

pathology were investigated. The obtained datasets were then 
analyzed with three unsupervised machine learning algorithms 
that were used to group instances according to their similarity, 
thus revealing the implicit relationships in the dataset [26]. 
Particularly, in this work, the following methods were applied 
and compared: 

� K-Means (KM), which divides the dataset into k 
clusters according to the distance between the 
observation and empirical mean of a cluster [16]. In 
this work, KM algorithm based on Euclidean distance 
with three replicates to avoid local minima was 
implemented. 

� Hierarchical Cluster Analysis (HCA), which is a 
clustering method that tries to build a hierarchy of 
clusters based on ward linkage [27]. 

� Self-Organizing Map (SOM), which is a type of 
artificial network based on competitive learning [28]. 
This means that neurons compete amongst themselves 
to be activated, with the result that only one (so-called 
winning neuron) is activated at any one time. Lateral 
inhibition connections between the neurons can 
induce the competition, so the neurons are forced to 
organize themselves. In this work, SOM was applied 
with a hexagonal layer topology function. 

The Machine Learning and Pattern Recognition Matlab 
Toolboxes (Matlab®R2016b, The MathWorks, Inc., Natick, 
MA, USA) were used for the unsupervised analysis. 

Secondly, the number of clusters k was considered as 
unknown looking for the optimal number of clusters that best 
can divide the dataset. Silhouette index was used as a criterion 
to assess the cluster validity and to quantitatively analyze and 
compare the clustering process. A high value of the index 
indicates that the clusters are compact and well-separated [29]. 
In particular, this analysis emphasizes whether the proposed 
blind method could be useful to investigate if the level of the 
pathology of the patient can be distinguished on the basis of 
the motor performance. 

From a clinical perspective, it would like to evaluate if the 
proposed wearable system, and related algorithms for data 
processing, are able to identify different levels of pathology, 
clustering the patients in groups. 

TABLE I.  FEATURES LIST. EXTRACTED PARAMETERS FOR 

EACH EXERCISE ARE CROSSED AND HIGHLIGHTED IN GREY. ACC 

= ACCELEROMETER; GYR = GYROSCOPE. CV = COEFFICIENT OF 

VARIATION. PSD = POWER SPECTRAL DENSITY. 

 Exercise 

Extracted Feature 
THFF, 

OPCL, 

PSUP 

HRST TTHP HEHE 

Number of movements X  X  

Frequency of movements X  X  

Movement angular excursion X  X  

Opening velocity X    

Closing velocity X    

CV of frequency X  X  

CV of excursion X  X  

Energy expenditure X X X X 

ACC: Average power in PSD  X  X 

ACC: Fundamental 

frequency 
 X  X 

ACC: Percentage power in 

band [3.5-7.5] Hz 
 X   

GYR: Average power in PSD  X   

GYR: Fundamental 

frequency 
 X   

GYR: Percentage power in 

band [3.5-7.5] Hz  
 X   

ACC: Maximum peak in 

PSD 
   X 

Figure 2.  Results for three levels of pathology using the full dataset 
with SOM classifier 
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F. Evaluation 

The performances of the algorithms were evaluated with 
an external criterion [30] by comparing the output with the a 
priori knowledge on the level of the pathology. In case of two 
groups, the classes were labelled as mild vs. advanced (which 
included both moderate and severe patients), while for three-
group classification, the classes were named mild, moderate, 
and severe. The true and the predicted labels were organized 
into confusion matrices and the accuracy, specificity, recall, 
precision, and F-measure were used to compare and discuss 
the performances. A comparative analysis of the obtained 
results considering the different feature arrays and the different 
number of clusters was performed in order to study the most 
accurate system for supporting the neurologist in the objective 
clinical evaluation of the patient.  

Firstly, Principal Components Analysis (PCA) was applied 
in order to reduce the number of features in FULL dataset, thus 
improving the visualization of the feature space. According to 
the Kaiser Rule, only components with eigenvalues greater 
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then 
applied for a further reduction to obtain the two-dimensional 
representation of data. Particularly, as presented in [19], [31], 
both approaches are applied to reduce the number of features 
and improve the visualization of the feature space. 

Correlation between data acquired by the IMU devices and 
clinical scores directly assigned to the patients by the 
neurologist during the experimental tests was investigated 
applying a linear regression analysis to examine the adherence 
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evaluation. MDS-UPDRS III scores were used as the 
dependent variable and extracted features were the 
independent variables. Correlation was analyzed for FOOT, 
HAND, and FULL datasets. Linear regression coefficient (R²) 
and p-value were used as evaluation metrics of this analysis. 

III. RESULTS 
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motor performance assessment using three different 
unsupervised learning approaches (KM, HCA, SOM) on the 
three different datasets (FOOT, HAND, FULL), providing 
results for both 2- and 3-group clustering. 

Thirty-one features were extracted from upper limbs, and 
10 were obtained from lower limbs (see Table I). The final 
dataset is composed of 60 instances described by 41 features 
extracted from the six exercises. As concern the level of 
pathology, 23 instances were considered as mild, 21 instances 
as moderate, and 16 as severe. 

The a posteriori evaluation results are reported in Table II 
considering FOOT and HAND datasets separately and all 
together (FULL system), for both k=2 and k=3 clusters 
analyses. Results from FOOT are the worst, while the FULL 
dataset allowed to achieve the best performance according to 
the evaluation metrics. Focusing on full dataset, the 
comparative evaluation among the three applied unsupervised 
learning revealed that SOM achieved the best results for both 
k=2 clusters and k=3 clusters analyses. In particular, for 2 
classes (i.e., mild vs. advanced PD) the ability to distinguish 
the two cohorts of PD patients was excellent (recall equal to 
1.000, 0.919 specificity, 0.950 accuracy). Good results were 
achieved also for 3 clusters investigation (0.812 recall, 0.906 
specificity, 0.817 accuracy). The complete results are reported 
in Table II. 

Fig. 2 depicts the precision, recall and F-measure of the 
SOM classifier over the three levels of pathology. The mild 
PD was the best identified group (precision, recall and F-
measure > 0.900), whereas moderate and severe PD could be 
mutually confused in some cases, thus the performance are 
lower. As concern the analysis with k unknown only the FULL 
dataset was used into the analysis since it was the one which 
reached the best accuracy. The Silhouette index underlined 
that k=2 optimizes the clusters separation for all the 
unsupervised approaches with an average value equal to 0.61 
(Fig. 3). Instead, k=3 has an average index value equal to 0.55. 

A bi-dimensional representation of data is shown in Fig. 4, 
according to dimensionality reduction achieved by applying a 
sequence of PCA and Sammon Map. PCA allowed identifying 
9 principal components, according to the Kaiser rule, which 
included 82.3% of the total variance of the original dataset. 
Then, Sammon Map enabled the combination of these 
components in order to obtain a further dimensionality 
reduction, reaching 2 components able to describe the dataset. 
Results of 3-group clustering were also reported in the figure 
with circles, to easily understand data distribution based on the 

TABLE II.   COMPARATIVE RESULTS FROM KM, HCA, AND SOM UNSUPERVISED METHODS IN TERMS OF PRECISION, RECALL, SPECIFICITY, 
ACCURACY, AND F-MEASURE FOR 2 AND 3 CLUSTERS CALCULATED ON FEET, HANDS, AND FULL DATASETS. 

 Precision Recall Specificity Accuracy F-measure 
 KM HCA SOM KM HCA SOM KM HCA SOM KM HCA SOM KM HCA SOM 

2 Clusters                

FOOT 1.000 1.000 0.696 0.696 0.652 0.696 1.000 1.000 1.000 0.883 0.867 0.883 0.821 0.789 0.696 

HAND 0.885 0.793 1.000 1.000 1.000 1.000 0.919 0.838 0.919 0.950 0.900 0.950 0.939 0.885 1.000 

FULL 0.885 0.821 1.000 1.000 1.000 1.000 0.919 0.865 0.919 0.950 0.917 0.950 0.939 0.902 1.000 

3 Clusters                

FOOT 0.693 0.660 0.687 0.653 0.553 0.638 0.815 0.770 0.804 0.650 0.567 0.633 0.672 0.601 0.662 

HAND 0.756 0.806 0.756 0.754 0.812 0.754 0.867 0.902 0.867 0.750 0.817 0.750 0.755 0.809 0.755 

FULL 0.790 0.806 0.806 0.796 0.812 0.812 0.899 0.902 0.906 0.800 0.817 0.817 0.793 0.809 0.809 

Figure 3. Silhouette Index over the number of clusters (k) 
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true classes, and the performance of the SOM learning to 
identify three different clusters associable to the different 
severity of PD. From a visual inspection perspective, these 
results confirm that the mild group is well discriminated, while 
some uncertainties concerning the division between moderate 
and severe groups. These results confirm the ones reported in 
Figure 2. 

Finally, results from correlation studies are reported in 
Table III. R² and related p-value were calculated for each 
dataset by using linear regression analysis. High correlation 
values were found between features extracted by IMU devices 
and clinical scores assigned by the neurologist, which are 
currently the "gold standard" for PD diagnosis and assessment. 
Particularly, the FULL dataset achieved the highest correlation 
coefficient.  

IV. DISCUSSION 

This work aimed to investigate the motor performance of 
PD patients using a blind approach based on unsupervised 
learning. The aim is the objective assessment of PD patients 
for identifying different levels of pathology, evaluating also 
the adherence with the �
�����	�����

���������%
 

The protocol applied was based on six MDS-UPDRS III 
tasks. Inertial data collected were processed through ad hoc 
algorithms for features extraction. Then, unsupervised 
machine learning analysis was applied to investigate whether 
it could be possible to discriminate different levels of PD on 
the basis of motion analysis, without a priori knowledge about 
the clinical status of the patients. Multiple comparisons were 
implemented and analyzed in this work, using three different 
unsupervised approaches (i.e., KM, HCA, SOM) tested on 
three datasets (i.e., FOOT, HAND, FULL), for two-group or 
three-group classification.  

Results from FOOT dataset were the worst, while the 
FULL dataset allowed to obtain the best performance in terms 
of evaluation metrics. The modest results from FOOT can be 
due to the specific nature of the patients involved in the study. 
Furthermore, from a technical point of view, the FOOT dataset 
was represented by two exercises only, computing 10 
parameters, which can contain limited information about the 
motion performance of PD patients. 

Since the full dataset achieved the best results for both two- 
and three-group classification, this work promotes the use of a 
comprehensive protocol, which included tasks from both 
upper and lower limbs for a complete assessment of PD motor 

performance. Considering PD has usually asymmetric onset, 
becoming bilateral during advanced stages, the FULL 
approach has the advantage to simultaneously monitor the 
performance of all limbs. Concerning the full dataset, the best 
results were obtained for two-class classification with SOM 
(1.000 recall, precision and F-measure, 0.950 accuracy, 0.919 
specificity). Classifying PD patients in two groups (i.e., mild 
vs. advanced patients) according to motion analysis results 
was already studied by Butt et al. [22]. However, in such work, 
supervised approaches were used, achieving the best 
performance with a Neural Network classifier obtaining 
accuracy equal to 0.83 that is worse than the result of this 
study. 

Good results were achieved also for three-group clustering 
with SOM (0.812 recall, 0.817 accuracy, 0.906 specificity), 
where the main difficulties for classification concerned the 
separation between moderate and severe patients, as shown in 
Fig. 4 where Mild group appear easily separable, while 
Moderate and Severe instances are partially overlapped. 
However, currently, this seems the first work in literature that 
tries to implement a multi-class clustering based on PD motion 
analysis using unsupervised methods with both upper and/or 
lower limbs. Overall, the obtained results are promising to 
sustain the application of the proposed system in clinical 
practice for supporting clinicians in the quantitative 
assessment of PD diagnosis. 

Correlation analyses between extracted features from 
inertial data and MDS-UPDRS III scores provided excellent 
results, in particular for HAND and FULL datasets (R2 equal 
to 0.955, and 0.971 respectively). This achievement confirmed 
that the system could really support the clinical diagnosis of 
PD, objectifying the MDS-UPDRS III, which is currently the 
"gold standard" for PD assessment. The high correlation 
values obtained, indeed, are significant of good adherence 
between parameters measured by SensHand and SensFoot 
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inspection.  

According to these results, the use of unsupervised 
approaches resulted appropriate for identification of different 
classes of PD patients related to the different level of 
pathology. The system is able to correctly group the instances 
related to motor performance. These results suggest the 
potential use of the proposed system (protocol, extracted 
features and devices) as a support tool in clinical application 
for the correct management of the PD. 

 

V. CONCLUSION 

This study proposed a novel approach based on 

unsupervised learning to support neurologists in the objective 

assessment of PD on the basis of quantitative analysis of 

patients motor performance. In particular, the unsupervised 

Figure 4. Sammon Map for data visualization 

 

TABLE III.  CORRELATION BETWEEN EXTRACTED FEATURES 

AND CLINICAL SCORES BY USING LINEAR REGRESSION ANALYSIS 

Dataset R² p-value 

FOOT 0.721 1.71E-10 

HAND 0.955 4.81E-12 

FULL 0.971 6.80E-08 
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methods, and the blind approach used, allowed to 

automatically identify separate clusters in which to group PD 

patients without a priori knowledge about their clinical 

evaluation. Two-group and three-group clustering were 

obtained with good accuracy if comparing results from 

unsupervised learning (that used only data from motor 

acquisitions) with the true labels gave out to the patients on 

the basis of clinical scores assigned by the neurologist. 

Further, excellent adherence to clinical assessment obtained 

with the retrospective analysis made the system suitable for 

objectifying evaluations based on the clinical scale. Thus, 

such system can enable the motor capabilities assessment of 

PD patients, allowing to identify the best rehabilitative and 

assistive treatment for each of them. Future works will 

consolidate these results with the enlargement of the number 

of involved patients (as well as the number of exercises in the 

protocol), aiming at increasing the accuracy of the patients 

assessment to improve  the quality of care for PD, identifying 

personalized care-rehabilitation plan. 
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