
  

  

Abstract—A method for the analysis of accelerometer and 
gyroscope signals in order to automatically assess the 
Levodopa-induced dyskinesia (LID) in patients with 
Parkinson’s disease is presented in this paper. Several 
accelerometers and gyroscopes are placed on certain positions 
on the subject’s body and the obtained signals are analyzed in 
order to extract several features that depict the energy 
distribution over the frequency spectrum and the non-linear 
properties of the signal. These features are fed into an artificial 
neural network which is used for LID detection and severity 
classification. The method has been evaluated using a group of 
29 subjects. Results are presented related to the body locations 
that the accelerometers and the gyroscopes are placed. The 
obtained results indicate high classification ability (84.3% 
average classification accuracy). 

I. INTRODUCTION 
arkinson’s Disease (PD) is a complex, progressive 
neurodegenerative disease of the central nervous system 

that is manifested clinically with various movement disorder 
such as tremor, muscle rigidity, bradykinesia and postural 
instability [1]. The symptoms of the disease are controlled 
with suitable medication. The use of levodopa (L-Dopa) is 
highly effective in reducing the symptoms and after many 
decades of universal usage L-Dopa therapy remains a gold 
standard for the treatment of PD [2]. However this therapy 
also has limitations in various facets. The long-term use of 
L-Dopa is often complicated by the appearance of motor 
fluctuations and dyskinesias, referred as levodopa-induced 
dyskinesia (LID) [1]. The frequency of LID in parkinsonian 
patients has been reported in several studies, with figures 
ranging from 30 to 80% [2]. Differences in the methods used 
to assess the presence of LID (self-assessment diary, 
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objective measurement, use of activation procedures), in the 
clinical setting and in different patient populations 
(community-based or clinic-based) may account for this 
variability [3].  

Development of a scale for assessment of LID represents 
one of the most challenging issues to the study of this 
disabling phenomenon [4]. One critique concluded that an 
ideal scale for LID would define clinical phenomenology, 
assess anatomical distribution, rate severity of movements, 
determine their impact on activities of daily living, and be 
short and easy to use. However, current rating scales do not 
fulfill these criteria. In addition, patients’ self-evaluation 
diaries are increasingly used on the effect of drugs 
potentially useful in the treatment of LID. Data derived from 
diary cards are accepted by the Food and Drug 
Administration (FDA) as an end point for regulatory 
purposes, but the accuracy and compliance to diary 
completion has been seriously challenged. The quality of 
data derived from use of diaries may be increased by careful 
training of patients.  

Several computer-based methods have been used to 
quantify LID including surface electromyography [5], 
Doppler ultrasound [6], gyroscopes [7], accelerometers [8-
10], magnetic motion trackers [11-13] and digital drawings 
[14] which may be particularly useful for research purposes 
but are not suitable for widespread use in clinical studies 
since the datasets used are composed from recordings which 
include only LID symptoms, while recordings with other PD 
symptoms (such as tremor and bradykinesia) are not 
included. Also, the recorded signals include a small number 
of involved activities since the patients are instructed to 
refrain from making voluntary movements. A major 
challenge for an automated method for LID assessment is to 
be able to distinguish LID symptoms from any other clinical 
symptoms that a PD patient may present, during any kind of 
movements (voluntary or not).  

The above (LID assessment in ubiquitous environment) is 
the main goal of this study. For this reason special care have 
been taken in order to include a large variety of recordings in 
the study, including PD patients with different LID 
severities, PD patients presenting tremor and bradykinesia, 
which are the most common PD motor disabilities, PD 
patients not presenting any kind of symptom and healthy 
subjects. Also, voluntary movements and random events are 
very common in the recordings used for this study.  
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II. MATERIALS AND METHO

A. Dataset 
The dataset used for this study inclu

belonging into three categories: (i) 5 healthy
PD patients not presenting LID symptom
common motor symptoms (such a
bradykinesia), (iii) ten PD patients with L
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LID severity varying between no dyskine
dyskinesia, rating between 0 and 3 
Parkinson’s Disease Rating Scales (UPD
experiments were approved by the M
Committee of the Hospital of the Universi
Greece.  
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illustrated in Fig. 1. All sensors trans
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B. Signal Analysis 
A 2-second moving window with

used over each single lead and, fo
features were extracted. These fe
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C. LID Assessment 
For each window a feature vect

from the above features. LID seve
for four different body positions: 
waist. All signals recorded from the
are considered as a single data
movements are not distinguished b

Fig. 2.  Snapshots from the video recordi
while acting freely and with various body a
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above described features. The above also applies for the left 
and right legs. In the case of the chest and the waist, the 
above features are extracted from both accelerometers and 
gyroscopes, placed in these positions. Thus, the dimension 
of the feature vector is 10 for wrists and legs LID assessment 
while it is 20 for the chest and the waist. LID assessment 
have been performed using an artificial neural network 
(ANN), with 10 or 20 inputs (for wrists/legs and waist/chest, 
respectively), one hidden layer with 10 neurons and an 
output layer with 4 neurons.  

III. RESULTS 
Based on the signal analysis described above four 

different classification problems have been formulated, i.e. 
the LID assessment in wrists, legs, chest and waist body 
positions. Tables II-V present the confusion matrix for the 
LID assessment in wrists, legs, chest and waist, respectively. 
Data from wrists and legs are formulated as a single 
classification problem, since the extracted features are not 
affected from the axis system orientation (that is mirror-
image between left and right hand/leg). The results are 
extracted using the leave-one-patient-out cross validation 
technique.  

Additionally, evaluation metrics such as sensitivity and 
specificity for each LID severity, average sensitivity and 
sensitivity for all LID severities, and classification accuracy 
are also calculated and they are presented in Table VI. 

IV. DISCUSSION 
In this paper, a method for the automated analysis of 

accelerometer and gyroscope signals is presented. The 
method is based on the analysis of signals that are obtained 
from six accelerometers (placed on the wrists, legs, chest 
and waist of the patient) and two gyroscopes (placed on the 
chest and the waist of the patient), using a moving window. 
Several frequency domain and non-linear features are 
extracted from each window, while the LID severity 
classification is made using an ANN. The method has been 
evaluated using recordings from 29 subjects including 
healthy people, PD patients not suffering from LID and 
patients that presented LID with severity 0 to 3 at the 
UPDRS. The obtained results indicate that the proposed 
methodology is highly efficient for automated LID severity 
detection and classification. 

TABLE II 
WRISTS CONFUSION MATRIX 

  Assessment 

  S0 S1 S2 S3 

A
nn

ot
at

io
n 

S0 2124 102 45 0 

S1 177 187 81 0 

S2 86 44 432 2 

S3 0 3 10 7 
 

TABLE III 
LEGS CONFUSION MATRIX 

  Assessment 

  S0 S1 S2 S3 

A
nn

ot
at

io
n 

S0 2217 93 16 0 

S1 163 260 53 1 

S2 23 77 264 36 

S3 0 7 16 74 
 

TABLE IV 
CHEST CONFUSION MATRIX 

  Assessment 

  S0 S1 S2 S3 

A
nn

ot
at

io
n 

S0 1108 34 3 1 

S1 70 113 19 5 

S2 6 16 102 12 

S3 10 9 72 60 
 

TABLE VI 
EVALUATION METRICS 

  LID assessment  

  S0 S1 S2 S3 average

W
ris

ts
 Sensitivity (%) 93.56 42.02 76.6 35 61.76 

Specificity (%) 88.98 55.65 76.06 77.78 74.62 

Accuracy (%) 83.33  

Le
gs

 Sensitivity (%) 95.31 54.51 66 76.29 73.03 

Specificity (%) 92.26 59.50 75.64 66.67 73.52 

Accuracy (%) 85.3  

C
he

st
 Sensitivity (%) 96.68 54.59 75 39.74 66.5 

Specificity (%) 92.80 65.70 52.04 76.92 71.86 

Accuracy (%) 84.33  

W
ai

st
 Sensitivity (%) 95.72 48.21 66.29 51.11 65.33 

Specificity (%) 89.62 56.63 74.47 92.00 78.18 

Accuracy (%) 84.18  

TABLE V 
WAIST CONFUSION MATRIX 

  Assessment 

  S0 S1 S2 S3 

A
nn

ot
at

io
n 

S0 1097 38 11 0 

S1 70 94 31 0 

S2 57 30 175 2 

S3 0 4 18 23 
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The medical annotation of the LID severity is based on 
the determination of time intervals on the video footage that 
the patient presents LID. These time intervals were then 
annotated with a LID severity value. However, small 
variations in the LID severity during a time interval were not 
recorded, i.e. during a time interval were the patient presents 
LID with severity 1, small parts were the patient stands still 
(i.e. presents LID with severity 0) or his symptoms get worst 
(i.e. presents LID with severity 2) are not annotated from the 
medical experts since they are not important to the overall 
clinical image of the patient.  However, these intervals are 
detected from the method and are considered as 
misclassifications. This can be clearly observed from the 
obtained results: from the total misclassifications 75.64%, 
90.31%, 86.77% and 72.41% occur in neighbour classes for 
the wrists, legs, chest and waist classification problems, 
respectively.  

Another, important issue is that there are several LID 
episodes that are annotated as “0-1” severity. All the above 
cases were considered as LID episodes of severity 1. Also, 
during a period were the patient doesn’t present LID, small 
parts (such as a single hand or leg movement) that are 
affected from LID of low severity (1) are not considered of 
clinical importance and thus are not annotated. The above 
issues can be clearly observed from the obtained results: 
from the total misclassifications 50.73%, 52.78%, 40.47% 
and 41.38% are between the LID severity 0 and 1.  

Misclassification on the normal subjects was very low 
(less than 5%) and mainly towards the LID severity 1; 
97.83% of misclassifications were LID of severity 0 that 
misclassified as LID of severity 1 and only 2.17% 
misclassified as LID of severity 2 or 3. The same results 
occurred also to the PD patients that do not present LID; 
total misclassification was 8.76% with 93.12% being LID of 
severity 0 that misclassified as LID of severity 1 and only 
6.88% misclassified as LID of severity 2 or 3.  

In Table IV several similar works for LID assessment that 
have been proposed in the literature are presented. A direct 
comparison is not feasible, since different datasets have been 
employed. However, this study compares well since it 
involves the second largest dataset (in recorded signals total 
duration) which includes a large number of activities, and 
also presents high classification accuracy.  
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TABLE VI 
COMPARISON WITH OTHER WORKS PRESENTED IN THE LITERATURE 

Author Experiment 
Setting Dataset Analysis Results 

Burkhard
et al. [6] 

2 Gyroscopes 
(upper limps) 

24 patients 
1 min rec. (150) 

Statistical 
analysis  

Keijsers 
et al. [7] 8 Accelerometers 16 patients 

7 min rec. MLP Correlation: Trunk: 0.7, 
Arm: 0.72, Leg: 0.64 

Hoff 
et al. [8] 8 Accelerometers 16 patients 

7 min rec. 
Statistical 
Analysis  

Keijsers 
et al. [9] 6 Accelerometers 13 patients 

2.5 hrs rec. MLP Accuracy: Trunk: 83%, 
Arm: 77%, Leg: 76.9% 

Ghassemi
et al. [10]

15 magnetic 
motion trackers 

30 subjects 
60 sec rec. (90) 

Statistical  
Analysis  

Gourb et 
al. [11] 

15 magnetic 
motion trackers 

30 subjects 
60 sec rec. (90) 

Statistical 
Analysis  

Chelaru 
et al. [12]

15 magnetic  
motion trackers 

29 subjects 
60 sec rec. (90) 

Statistical 
Analysis - MLP Accuracy: 100% 

this 
work 

6 accelerometers 
2 gyroscopes 

29 subjects 
6 min rec. (47) MLP 

Accuracy:  
Wrists: 83%,Legs: 85%  
Chest: 84%,Waist:84% 
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