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Introduction

Multiple Sclerosis (MS) is one of the diseases which has af-
fected a wide range of people in the present century. MS is a 
chronic central nervous system (brain and spinal cord) disease 

that impairs the transmission of neural signals [1]. Movement disorder 
is one of the common symptoms of the disease including side effects 
such as movement tremor and dysmetria [2]. These symptoms affect up 
to 56% of the upper limb and lead to a drastic decline in patients’ quality 
of life [3]. Because of the movement tremor and deviation of the direct 
path when approaching a target, patients use eye’s feedback to correct 
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ABSTRACT
Background: Hand tremor is one of the consequences of MS disease degrading 
quality of patient’s life. Recently DBS is used as a prominent treatment to reduce this 
effect. Evaluation of this approach has significant importance because of the preva-
lence rate of disease. 
Objective: The purpose of this study was the nonlinear analysis of tremor signal 
in order to evaluate the quantitative effect of DBS on reducing MS tremor and differ-
entiating between them using pattern recognition algorithms.
Material and Methods: In this analytical study, nine features were extracted 
from the tremor signal. Through statistical analysis, the significance level of each fea-
ture was examined. Finally, tremor signals were categorized by SVM, weighted KNN 
and NN classifiers. The performance of methods was compared with an ROC graph. 
Results: The results have demonstrated that dominant frequency, maximum ampli-
tude and energy of the first IMF, deviation of the direct path, sample entropy and fuzzy 
entropy have the potential to create a significant difference between the tremor signals. 
The classification accuracy rate of tremor signals in three groups for Weighted KNN, 
NN and SVM with Gaussian and Quadratic kernels resulted in 95.1%, 93.2%, 91.3% 
and 88.3%, respectively. 
Conclusion: Generally, nonlinear and nonstationary analyses have a high potential 
for a quantitative and objective measure of MS tremor. Weighted KNN has shown the 
best performance of classification with the accuracy of more than 95%. It has been in-
dicated that DBS has a positive influence on reducing the MS tremor. Therefore, DBS 
can be used in the objective improvement of tremor in MS patients.
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the position of the hand; however, the weak-
ness of motor control system performance 
leads to hand deviation of the target, dysmetria 
[4]. It is not affected by the thalamic stimula-
tion. Therefore, estimation of tremor intensity 
and dysmetria discrimination of tremor is dif-
ficult [2, 5]. 

There has been no effective therapy found 
for MS so far, but there are techniques can re-
lieve the symptoms of the disease. Deep Brain 
Stimulation (DBS) is one of the most potential 
therapies in which the electrodes are placed in 
selected regions of the brain. The area under 
the thalamus is permanently stimulated and 
has an effect to remove a part of the thalamus 
[1].

So far, numerous studies have reported a sig-
nificant reduction in Parkinsonian tremor and 
Essential tremor after DBS, but little research 
has been done on the quantitative effect of 
DBS on the hand tremor of MS patients dur-
ing goal-directed movements.

Kristian et al. [6] examined the effect of 
DBS and drug therapy on tremor treatment in 
Parkinson’s patients. They evaluated the dif-
ference of tremor frequency and amplitude 
before and after treatment with FFT analysis. 
Rissanen et al. [7] extracted the sample en-
tropy, correlation dimension, recurrence rate 
and root mean square error (RMS) from the 
EMG and hand tremor acceleration signals 
of the Parkinson’s patients. According to the 
change percentage of each feature, they ex-
amined the effect of DBS. Esteki et al. [8, 9] 
calculated mean and standard deviation of the 
distance from MS patients’ finger to the tar-
get with and without considering DBS during 
the back and forth movement of hands. They 
also calculated the deviation of the direct path 
and cumulative power as two features of hand 
movement signal. Esmailpour et al. [10] ex-
tracted threshold entropy, mean, variance and 
dominant frequency of the recorded signal 
from MS patient’s hand position. Results of 
this study have shown that entropy was not 
able to differentiate patients with DBS ON 

and OFF, due to the presence of dysmetria in 
the tremor signal. 

The success rate of DBS on reducing MS 
tremor is qualitatively performed by physi-
cians via clinical examinations [11]. These 
ways don’t have enough accuracy that is nec-
essary to differentiate and quantitatively mea-
sure the severity of the disease and assess the 
effect of the therapeutic methods [12]. There-
fore, the detection and quantification of tremor 
intensity are very important for the objective 
evaluation of treatment. 

Tremor signal is nonlinear and nonstation-
ary in nature, so a nonlinear analysis in order 
to investigate the DBS effect on tremor is im-
plemented [5]. On the other hand, movement 
tremor of MS patients occurring at a frequency 
range of less than 7 Hz [13]. Visual examina-
tion of the tremor signal before and after ap-
plying DBS showed that there is no significant 
difference between the two signals requiring 
the extraction of appropriate features and clas-
sification techniques in order to find the dif-
ference between two signals. Detection of 
hand tremor before and after applying DBS is 
a pattern recognition problem which feature 
extraction is one of the most important steps. 
The quality of the selected features is very ef-
fective in determining the diagnostic accuracy. 
Appropriate features not only reduce classifier 
calculations but also decrease the cost of diag-
nosis [14].

In the next Section, a description of mate-
rials, tremor signal preprocessing, feature ex-
traction, statistical analysis and classification 
are presented. Section 3, indicates results. 
Section 4 discusses the results, in detail. Fi-
nally, the conclusions are given in Section 5.

Material and Methods

Participants
In this analytical study, raw tremor data was 

provided from another research in the Surgical 
Center for movement disorders at the Univer-
sity of British Columbia, Canada. Six healthy 
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subjects and seven MS patients participated in 
the experiment. The patients were randomly 
selected from the patients referred to Van-
couver General hospitals, Canada using uni-
laterally or bilaterally DBS. They were with 
the average age of 47 years old and of both 
genders. The healthy subjects were randomly 
selected from the same hospital staff with the 
average age of 45 years and without any his-
tory of the neuromuscular disease [8].

Measurement procedure
The Optotrak™ motion analysis system was 

used in the mentioned research. A marker was 
installed on the tip of the index finger for the 
left and right hands of the participants. Two 
other markers were installed on the desk op-
posite the subjects. One of them was located 

at a distance of approximately 10 cm and the 
other one at 40 cm from the patient’s body. 
By back and forth movement of the hand, 
the farther marker, and then near marker was 
touched for several times. This test is similar 
to one of the maneuvers that neurologists use 
to examine patients’ hand tremor (Finger to 
Nose Test). The test is repeated at 10-minute 
intervals, three times for healthy subjects, and 
six times for patients (three times with DBS 
ON and three times with DBS OFF) [9]. The 
horizontal position of the index finger marker 
perpendicular to the line between the two fixed 
markers was considered as the tremor signal.

Data analysis
Figure 1 shows an overall flowchart of our 

analysis.
 

 
 

Classification  Statistical 
analysis 

Feature  
extraction 

Raw signals 
preprocessing 

Figure 1: General structure for the tremor signal analysis.

Signal Preprocessing 
In order to remove the bias, signal’s mean 

was removed. Butterworth lowpass filter with 
a cut-off frequency of 7 Hz was used to re-
move the effect of artifacts from the tremor 
signal.

Empirical Mode Decomposition (EMD) 
method was used to separate dysmetria from 
the tremor. EMD is a new method for analyz-
ing nonlinear and non-stationary signals in 
the time-frequency domain that decomposes 
a complex signal into its constructive basis 
functions, called Intrinsic Mode Function 
(IMF) [15]. 

The time-frequency function of each IMF 
is specified by Hilbert Transform (HT) [16]. 
HT provides information on local variations of 
energy with a sufficient resolution that is use-
ful in detecting events which are obscure in 

analyses such as FFT [17].
The time of dysmetria occurrence is detected 

by the subject’s movement signal. Then the 
frequency of dysmetria was obtained using 
HT from signal IMFs. By means of filtering 
methods, dysmetria is differentiated from the 
tremor signal. Therefore, Butterworth high-
pass filter with a cut-off frequency of 2 Hz was 
applied.
Feature Extraction
Nine features were extracted from the trem-

or signal. All features were computed for the 
right and left hand of healthy subjects and pa-
tients with DBS ON and OFF states (Figure 
2).

Entropy
Entropy examines the degree of randomness 

and the disturbance of the signal and mea-
sures the complexity of the system. Reduc-
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tion of entropy leads to more regular time se-
ries increasing the information of signal [18]. 
Three approximate methods were used to 
compute the entropy of signals: Approximate 
entropy(AppEn) [19], Sample entropy (Sam-
pEn) [20] and Fuzzy entropy (FuzzyEn) [21], 
which all are defined as the negative average 
natural logarithm of conditional probability in 
a time series of length N. 

The AppEn is dependent on the length of the 
signal and counts each sequence as matching 
itself. In order to resolve the above problems, 
SampEn can be used [20]. FuzzyEn is a proper 
criterion for representing fuzziness and differ-
entiating the complicated signals [22].

Wavelet energy
Wavelet transform is a linear time-frequency 

technique which allows for the local signal 
analysis and reveals high resolution in all fre-
quencies. This technique is commonly consid-
ered for the nonstationary signals having large 

variations during a time period [23].
Wavelet decomposition is a technique that 

decomposes signal to “n” level. The sum of 
square of detailed wavelet transform coeffi-
cients in each level is considered as wavelet 
energy. Wavelet energy is defined as Eq 1 [24]:

N
2
ji

i 1

Eng A
=

=∑                                               (1)

Where Aji, N and j identify wavelet coeffi-
cients, the length of window and decomposi-
tion level, respectively.

Statistical features
The features of distance average to the direct 

path and deviation of the direct path have also 
been calculated for the tremor signal.

Features extracted from first IMF
The first IMF is the best presentation for high 

frequencies of the signal which is more related 
to the tremor signal. For the better analysis of 
tremor signal, the following features of the 

Figure 2: Features were extracted from the tremor signal
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first IMF were studied [17].
Energy

Energy was calculated by dividing the 
square sum of the signal in each point over 
signal length.

Dominant frequency and maximum ampli-
tude

Power Spectral Density(PSD) method was 
used to assess the dominant frequency (domi-
nant freq) and peaks amplitude of time series. 
PSD analysis was performed using welch’s 
algorithm with Hamming windows of length 
256 and set the overlap to 1/2 second between 
segments.

Statistical analysis 
In this research, all features extracted are 

subjected to statistical analysis for identify-
ing the significance level between different 
groups. Features were tested using Wilcoxon 
Signed Rank statistical test by determining the 
p-value between patients with DBS ON and 
OFF states. Mann-Whitney U test was used 
for comparing between DBS OFF patients 
with healthy groups and between DBS ON 
patients with healthy groups for the comput-
ed features. Repeated measure ANOVA non-
parametric test was implemented to check the 
repeatability of the experiment for 3 trials of 
each subject.

Classification
After feature extraction step, tremor sig-

nal has been classified in three groups of 
healthy, patients with DBS ON and OFF. In 
this research, support vector machine (SVM), 
Weighted K-nearest neighbor (Weighted 
KNN), neural network (NN) classifiers have 
been applied to the dataset. Ten-fold cross 
validation method was used to be assured of 
the performance of classifiers and avoid over-
fitting [25]. After all, we compared the perfor-
mance of classifiers by means of a Receiver 
operating characteristic (ROC) graph with 
sensitivity and specificity plots under the same 
training dataset.

Support Vector Machine
Support Vector Machine (SVM) is a tech-

nique based on statistical learning theory 
which is widely applied in similar classifica-
tion tasks [14]. This algorithm is able to gener-
ate a variety of learning machines by means of 
kernel functions [26]. In this research, SVM 
was employed with Gaussian and Quadratic 
kernel functions.
Neural Network
Neural Network (NN) classifier contains in-

put, hidden and output layers, each of which 
has been constituted of neurons and creates a 
fully connected network [27]. NN is used in 
the identification pattern of the tremor signal 
because of nonlinearity ability [28]. In this 
study, a two-layer feed-forward network is 
implemented with sigmoid hidden and soft-
max output neurons. The network was trained 
with scaled conjugate gradient back propaga-
tion algorithm based on multilayer perceptron 
(MLP) structure.
Weighted K-Nearest Neighbor
Weighted K-Nearest (Weighted KNN) is a 

supervised learning algorithm assigning new 
sample to the nearest sample of K neighbor-
hood samples in the feature space so that not 
to let all neighbors around the sample have the 
same weight [25]. This method is a very com-
mon classification technique and has shown 
good performance accuracy [29]. In this work, 
City Block distance was used.

Results
Repeated measure ANOVA test results indi-

cated the lack of statistical significant differ-
ence between the repetitions for features. So 
it confirmed the repeatability of experiments.

Results of statistical test and boxplot of each 
feature for healthy and patient groups with 
DBS ON and OFF states are shown in Figures 
3, 4 and 5. Results were achieved for right and 
left hand separately to evaluate the effect of 
DBS on each hand. The significance level of 
each feature between groups has been speci-
fied by p-value. The features of energy, domi-
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Figure 4: The boxplot of sample entropy (right side) and fuzzy entropy (left side) features of 
tremor signal.

Figure 5: The boxplot of deviation of the direct path (right side) and energy (left side) features 
of tremor signal.

Figure 3: The boxplot of maximum amplitude (right side) and dominant frequency (left side) 
features in the first Intrinsic Mode Function (IMF) of tremor signal.
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nant freq and maximum amplitude (max amp) 
in first IMF, FuzzyEn, SampEn and deviation 
of the direct path among the three groups were 
statistically significant. 

The healthy group had the lowest value in 
the deviation of the direct path, energy and 
max amp and the highest value in the domi-
nant freq, SampEn and FuzzyEn in contrast 
to patient group. The patients with DBS ON 
had lower values in the variables of deviation 
of the direct path, energy and max amp and 
higher values in the variables dominant freq, 
SampEn and FuzzyEn than the patients with 
DBS OFF (Figures 3, 4 and 5, Table1).

According to the empirical analysis, the 
proper number of neighbors for Weighted 
KNN classifier was five. Due to overall per-
formance, Weighted KNN indicated the high-
est accuracy rate of 95.1% in the classification 
of tremor signals in three groups. NN, SVM 
(Gaussian kernel) and SVM (Quadratic ker-
nel) classifiers showed the accuracy of 93.2%, 

91.3% and 88.3%, respectively (Figure 6). 

Discussion
In average, DBS had a considerable effect 

on increasing dominant freq, SampEn and 
FuzzyEn and decreasing deviation of the di-
rect path, energy and max amp in both hands 
of MS patients. This means that the tremor 
signal of patients is accompanied by high am-
plitude and low complexity. So, the regularity 
in MS tremor is significantly reduced by DBS. 
Meanwhile, hand oscillation of patients during 
movement between two fixed markers is high. 
Therefore, they require more energy during 
directed movement and have more deviation 
of the direct path than the healthy group. Re-
sults revealed that the disease is not restricted 
to one dominant hand only and DBS could im-
prove both hands. 

These achievements showed the positive 
effect of DBS on reducing the MS tremor. 
Therefore, it can be used in the improvement 

a)

Features
Healthy Patient (DBS ON) Patient (DBS OFF)

Mean SD Mean SD Mean SD
Sample Entropy 0.223 0.056 0.171 0.025 0.080 0.035
Fuzzy Entropy 0.155 0.040 0.1234 0.027 0.056 0.028

Deviation from direct path 1.653 0.343 3.228 1.391 8.774 1.461
Maximum amplitude 11.576 3.068 16.923 5.037 37.877 4.182
Dominant frequency 4.421 0.307 4.005 0.466 2.987 0.475

Energy 31.763 19.205 61.925 29.431 152.267 19.870
b)

Features
Healthy Patient (DBS ON) Patient (DBS OFF) 

Mean SD Mean SD Mean SD
Sample Entropy 0.305 0.070 0.241 0.039 0.113 0.041
Fuzzy Entropy 0.180 0.030 0.153 0.019 0.087 0.026

Deviation from direct path 6.856 0.855 9.728 2.933 19.076 2.592
Maximum amplitude 15.582 3.423 22.076 3.924 37.028 4.163
Dominant frequency 4.291 0.272 3.874 0.426 2.794 0.265

Energy 45.278 8.498 84.072 20.816 183.153 47.758
DBS: Deep Brain Stimulation, SD: Standard Deviation

Table 1: Mean and Standard Deviation (SD) of features extracted from hand tremor signal for 
healthy, patient with Deep Brain Stimulation (DBS) ON and OFF groups: (a) right hand, (b) left hand.
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of tremor in MS patients. 
Features such as AppEn, wavelet energy and 

distance average to the direct path were not 
able to separate all three groups. The follow-
ing probable reasons limited the rate of correct 
categorization of tremor signals with above 
features: 

• The AppEn is dependent on signal length 
and affected by bias, as well as counts self-
matches [19]. Regarding the relatively short 
length of data, it seems cannot differentiate the 
tremor signal. In addition, AppEn has a rigid 
boundary of similarity whose small variations 
in distance of two vectors result in sudden 
changes of entropy value. In FuzzyEn, there is 
no rigid boundary and it analyzes the similar-
ity of both vectors in fuzzily [30]. The fuzzy 
entropy has better results than AppEn.

• The wavelet transform is a linear method 
of time-frequency [23]. Actually, the tremor 
signals are typically nonlinear, so that cannot 
be analyzed reliably by linear assumption [5]. 
EMD considers the nonlinearity nature of the 
tremor signal [15]. As a result, this method 
demonstrates feature extraction of tremor sig-
nals more desirable.

Since the difference between left and right 
displacement is low or approximately zero, 

the distance average to the direct path is not an 
appropriate measure for characterizing tremor 
signal.

SampEn and FuzzyEn are proper measures 
to differentiate participants. Earlier work [10] 
reported entropy is an ineffective feature in 
distinguishing different groups. There has 
been no mention of the dysmetria separation 
from tremor and the tremor signal with the 
interference of its other movement disorders 
was analyzed. Therefore, dysmetria can be 
the reason for previous methods failure. Since 
SampEn and FuzzyEn significantly indicated 
the positive effect of DBS on tremor signal of 
MS patients when dysmetria is removed. 

This research was focused on MS tremor sig-
nal with nonlinear analysis; however, previous 
studies [8-10] were done on hand movement 
signal of participants. They evaluated the ef-
fect of DBS by analyzing linear and statistical 
features. Due to nonlinearity and nonstation-
ary properties of the tremor signal, nonlinear 
analysis can be useful for reliably quantifying 
the effect of DBS treatment in MS patients.

Weighted KNN was more appropriate than 
other classifiers. Since this classifier is less 
sensitive to an imbalance of classes. In addi-
tion, its other good feature is that it is not sus-
ceptible to the number of feature and length 
of the dataset [31]. Therefore, this classifier 
was indicated the best performance accuracy 
as expected.

Conclusion
In this study, we have used the new EMD 

technique, which is proportionate to nonlinear 
and nonstationary nature of the tremor signal, 
to identify and separate dysmetria in order to 
evaluate the effect of stimulation on tremor. 

The results from statistical analysis indicat-
ed the reduction of tremor after applying DBS 
in MS patients. Therefore, results implied a 
success rate of this therapy in decreasing the 
movement tremor. According to p-value be-
tween groups and boxplot of each feature for 
each group in both hands, it can be found that 

Figure 6: Performance of weighted K-near-
est neighbor (KNN), support vector machine 
(SVM) and neural network (NN) classifiers.
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energy, dominant freq and max amp in first 
IMF, FuzzyEn, SampEn and deviation of the 
direct path were statistically significant and 
had more capable of quantizing MS tremor in 
comparison with other features. Also, SVM, 
NN and Weighted KNN methods have been 
used to classify tremor signal in three groups 
of healthy, patients with DBS ON and OFF. 
By considering the ROC graph of mentioned 
classifiers and comparing the specificity and 
accuracy of them, Weighted KNN with perfor-
mance accuracy of more than 95% could ef-
fectively conduct the classification of tremor 
signal.

Regarding the relatively short length of data, 
some of the features were not able to differ-
entiate tremor signals; therefore, we should 
use features that are less sensitive to the 
data length. Also, according to nonlinear and 
nonstationary nature of tremor signal, some 
above-mentioned features are not able to dif-
ferentiate signals. It is hoped that the results 
of this research will get improved by using a 
wider database in the future.
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