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Accurate Telemonitoring of Parkinson Disease
by Measuring Motor Performance
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Abstract: Parkinson disease (PD) severity is quantified using the standard clinical metric Unified Parkinson’s
disease Rating Scale (UPDRS). This assessment requires the patient’s presence in the clinic but it is time
consuming and relies on the clinical rater’s subjective evaluation and expression. Hence it is necessary to
develop a statistical machine learning framework which enables accurate and objective quantification of PD
symptom severity by measuring the motor performance. The homosapiens motor performance can be analyzed
by running speech and sustained vowels. For this purpose, we compute 130 dysphonia measures from speech
signal which attempt to capture distinctive characteristics in PD subjects’ voice. Then we select 10 highly
uncorrelated measures which lead to overall correct classification performance of 92% using a kernel support
vector machine. Finally, we find that dysphonia measure in combination with traditional pitch period entropy
measure is best able to separate healthy from PD subject. These methods are robust to many uncontrollable
variations in acoustic environment and individual subjects and are thus well suited to telemonitoring
application.

Key words: Dysphonia measures  Parkinson Disease (PD)  Unified Parkinson Disease Rating Scale
(UPDRS)  Telemedicine  Speech analysis

INTRODUCTION measurement method is used to detect and track the

Parkinson Disease (PD) is one of the most common attention [5].
neurodegenerative disorder and it is estimated that more In this paper we proposed a motor signal which can
than one million people are affected [1]. There is no cure be analyzed from the speech of PWP. From the motor
for parkinson’s, but it may be possible to slow down or signal, dysphonia measures can be extracted . The main
even prevent the progress of this disease by detecting it measurement methods include glottal to noise excitation
early. The symptoms in speech of People With Parkinson (GNE),  Glottis   quotient,  pitch  period  entropy,  jitter
(PWP) include problems in respiration, phonation, (the extent of variation in speech F0 from vocal cycle to
articulation and prosody. Moreover, Diagnosis of vocal cycle), shimmer (the extent of variation in speech
parkinson disease is very difficult and no diagnostic lab amplitude from cycle to cycle), harmonics to noise ratio
tests are available. Neurological tests and brain scans are (HNR)  and  F0  (Fundamental  frequency)  measures.
done to diagnose it. These methods are very expensive Then the extracted dysphonia measures can be stored in
and need higher level of expertise. Research has shown the database.
that approximately 90% of People with parkinson (PWP) The standard score normalization is applied on the
exhibit some form of vocal impairment [2, 3] which may database to reorganize the data so that it meets the two
also be one of the earliest indicators for the onset of the basic requirements i.e., There is no redundancy of data
illness [4]. So the parkinson disease are diagnosed by and another one is data dependency are logical. Now the
voice analysis method. This method is very reliable and of organized database having 23 feature. With the presence
very ultra low cost. Method is completely computerized of large number of features, a learning model tends to
and no medical proffesionals are required. The voice overfit, resulting in the performance degenerates.

progression of symptoms of PD has drawn significant
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Feature selection is a widely employed technique for Extracting Dysphonia Measures: The dysphonia
reducing dimensionality. It aims to choose a small subset measures are aimed at extracting distinct characteristics of
of the relevant features from the original ones according the speech signal. The main traditional dysphonia
to certain relevance evaluation criterion, which usually measures include F0 (Fundamental Frequency) [6] that
leads to better learning performance, lower computational corresponds to the vibration frequency of the vocal folds
cost and better model interpretability. Then the selected (on average 120 Hz for men and 200 Hz for women), jitter
subset can be learned and trained using SVM classifier to measure [7] and shimmer measure [8] are used to describe
classify the healthy voice from parkinson affected voice. the cycle-to-cycle variability in F0 and amplitude, pitch
Finally the classification accuracy can be plotted by period entropy [9] is the reciprocal of F0.
confusion matrix. The voice amplitude also has clinical value and is

The paper is organized as follows. The section II determined as the difference between maximum and
describes the speech data which is obtained from the minimum values within a pitch period. Similarly, the
speech signal of homosapiens by using  At  Home harmonics-to-noise ratio (HNR) and noise-to-harmonics
Testing Device (AHTD) and the various methods of ratio (NHR) [10] denote the signal-to-noise estimates. The
dysphonia measurement, normalization, feature slection recently proposed speech signal processing methods are
algorithm and SVM classifier and thir classification Detrended Fluctuation Analysis (DFA) [11], Recurrence
accuracy. In section III, We present the results of our Period Density Entropy (RPDE) [12].
findings. Finally, Section IV provides the conclusion of The RPDE addresses the ability of the vocal folds
the results for future telemedicine applications. which is determined from the entropy of the distribution

MATERIAL AND METHODS uncertainty in the measurement of the exact period in the

In this section, we briefly review the dysphonia the speech signal, quantifying the stochastic self-
measures (Features) extraction and feature selection and similarity of the noise caused by turbulent airflow in the
classification. vocal tract. Both methods have been shown to contain

Data Acquisition: The data were collected using At Home disorders [12].
Testing Device (AHTD) that is a telemonitoring device The most important proposed dysphonia measure is
designed to facilitate remote measurement of a variety of glottal to noise excitation. The Glottal to Noise Excitation
Parkinson disease related motor impairment symptoms. Ratio is used for the screening of voice disorders. This
The data are collected at the patient’s home, transmitted measure can be evaluated by obtaining bandwidth and
over Internet and processed appropriately in the clinic to frequency shift of the speech signal. The results of this
predict the UPDRS score. It contains the docking station measure confirm that it provides reliable measurement in
to measure the tremor and Universal Serial Bus (USB) terms of discrimination among healthy and Parkinson
stick to store the data. affected voices. Comparable to other measurement such

A Liquid Crystal Display (LCD) displays instructions as Harmonics to Noise Ratio, this measure can be
for taking the test. Subsequently, an AHTD was installed considered as a good choice for screening purpose.
in their home and they performed tests on a weekly basis.
The collected data were encrypted and transmitted to a Standard Score Normalization: The standard score (more
dedicated server automatically when the USB stick was commonly referred to as a z-score) is a very useful
inserted in a computer with Internet connection. Running statistic because it allows us to calculate the probability
speech test and sustained vowels phonations test were of a score (Feature Score) occurring within our normal
recorded using a head-mounted microphone placed 5 cm distribution and enables us to compare two scores that
from the patient’s lips. The speech signals were recorded are from different normal distributions. Standard Score are
directly to the AHTD USB stick. The recorded speech obtained by subtracting the population mean of the
data measured from 31 people, 23 with Parkinson's disease dysphonia measures from an individual raw score and
(PD). 195 voice measurements can be recorded from these then dividing the difference by the population standard
individuals. deviation. The calculation can be described as follows:

of the signal recurrence periods, representing the

signal. DFA characterizes the extent of turbulent noise in

clinically valuable information regarding general voice
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The extracted dysphonia measure X which is stored in the standard deviation  of  one.  Now  the  normalized
database is standardized by subtracting its expected value database can be able to provide the high accuracy of
E[X] and dividing the difference by its standard deviation classification of healthy voice and Parkinson affected

dysphonia  features,  we   cannot   expect  the feature

The sample mean of a random sample X , . . . ,X  of X: the number of features often improves the models1 n

subset also facilitates inference, enabling one to gain

Then the standardized version is Exhaustive search through all possible feature

has led to the development of feature selection algorithms

The Standard Score Normalization can convert all important section for classification systems. Here, we
indicators to a common scale with an average of zero and have compared two efficient FS algorithms such as Least

voice.

Feature  Selection:  With  the  large  number of

space to be uniformly populated by only 195 phonations
and  the  risk  of  overfitting  arises. However, reducing

predictive power for hold-out data. A reduced feature

insights into the problem via analysis of the most
predictive features [13, 14].

subsets is computationally intractable, a problem which

which offer a rapid, principled approach to reduction of
the number of features. Feature selection (FS) [14] is an

Fig. 1: Framework of Parkinson Disease Detection

Absolute  Shrinkage  and Selection Operator (LASSO) strength of features with the response) and minimizing
[15] and Minimum Redundancy Maximum Relevance redundancy (association strength between pairs of
(mRMR) [16]. LASSO penalizes the absolute value of the features).
coefficients in a linear regression setting; this leads to The feature subsets were selected using a cross-
some coefficients which are shrunk to zero, which validation (CV) approach using only the training data at
effectively means the features associated with those each CV iteration. We repeated the CV process a total of
coefficients are eliminated. 10 times, where each step K we find the indices

However, when the features are correlated, some corresponding to the features selected in the search steps
noisy features (not contributing towards predicting the 1…..K for all the 10 CV repetitions. Then, we select the
response) may still be selected [17]. Moreover, some index which appears most frequently amongst these 10 X
useful features  towards  predicting  the  response K elements and which is also not already included in S.
amongst the correlated features may be discarded [13]. This index is now included as the K th element in S. This
The mRMR algorithm uses a heuristic criterion to set a entire process is repeated for each of the two FS
trade-off between maximizing relevance (association algorithms.
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LASSO may remove features in subsequent stages is a greedy algorithm (selecting one feature at a time),
during its incremental FS search. Therefore, for LASSO we which takes into account only pair wise redundancies and
repeated the 10-fold CV process independently for each neglects complementarity (joint association of features
K th step. Once the final selected feature subset was towards predicting the response).
decided for each FS algorithm, these features were input The Features can be selected based on maximal
into the classifier in the subsequent mapping phase to relevance criterion and minimum redundancy. Max-
obtain the final healthy/PD predictions from the Relevance is to search features satisfying, which
dysphonia measures. approximates D(S; c) with the mean value of all mutual

Least Absolute  Shrinkage  and  Selection  Operator: class c.
The LASSO is a principled shrinkage method that has,
relatively recently, emerged as a powerful feature
selection tool, which also offers a mathematical framework
enhancing the physiological interpretability of the
resulting regression coefficients. The LASSO has the It is likely that features selected according to Max-
desirable characteristic of simultaneously minimizing the Relevance could have rich redundancy, i.e., the
prediction error whilst producing some coefficients that dependency among these features could be large. When
are effectively zero (reducing the number of relevant input two features highly depend on each other, the respective
variables) by adjusting a shrinkage parameter. class-discriminative power would not change much if one

The algorithm selects the best, smallest subset of of them were removed. Therefore, the following minimal
variables for  the  given  shrinkage  parameter.  Decreasing redundancy (Min- Redundancy) condition can be added
this parameter value causes additional coefficients to to select mutually exclusive features
shrink towards zero, further reducing the number of
relevant input variables. Then, it becomes a matter of
experimentation to find the optimal compromise between
reducing the number of relevant input measures and
minimizing the error in the UPDRS prediction. Specifically, The criterion combining the above two constraints is
the LASSO induces the sum of absolute values penalty: called Minimal Redundancy and Maximal Relevance

operator (D,R) to combine D and R and consider the

where t is the shrinkage parameter and the constraint can
be seen as imposing the penalty to the residual sum of Min (D,R),  = D – R
squares.  Other  penalties  are  possible, including  the
sum  of  squares  of  coefficients  b   (ridge  regression), From the Min  (D,R) values, the first 10 best
but it can be shown that the sum of absolute values features can be selected for efficient classification which
penalty leads to many coefficients that are almost exactly is carried out by support vector machine.
zero.

LASSO fit is used to fit the range for feature selection SVM Classifier: SVMs [18] attempt to construct an
by setting zero values to fewer coefficients and setting optimal separating hyper-plane in the feature space,
one to more coefficients. Then at this range mRMR between the two classes healthy and Parkinson affected
feature selection applied to select the prompt feature for in this binary decision problem by maximizing a geometric
classification. margin between points from the two classes. In practical

Minimum Redundancy Maximum Relevance: The mRMR those cases SVMs can use the kernel trick to transform
algorithm uses a heuristic condition to set a trade-off the data into a higher dimensional space and construct
between minimum redundancy and maximum relevance. It the separating hyperplane in that space.

information values between individual feature x   andi

(mRMR) Feature selection algorithm. We define the

following simplest form to optimize D and R
simultaneously

applications data often cannot be linearly separated; in
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There is extensive research, beyond the scope of this The dysphonia measures in the database can be
study, on how to work with nonlinearly separable data. In reorganized by standard score normalization by taking
general, this classifier requires the specification of some means of dysphonia measures and standard deviation.
internal parameters and SVMs are known to be The data can be normalized as a range [0,1] based on
particularly sensitive to the values of these parameters. setting the mean values as zero and standard deviation as
We linearly scaled each of the input features to lie in the one. Here Fig 2. Shows that two colors. i.e., blue indicates
range [0, 1] and used a Gaussian, radial basis function regular data which can be scattered over the different
kernel [19]. range whereas red indicates the normalized data in which

The determination of the optimal values of the kernel all the data can be comes under single region. This region
parameter ã and the penalty parameter C was decided is sufficient to discriminate healthy and Parkinson
using a grid search of possible values. We selected the affected voice.
pair that gave the lowest CV misclassification error. Once
the optimal parameter pair was determined, we trained and Feature Selection: The classification can be done by the
tested the classifier using these parameters. Once the final whole dataset is not able to provide the accurate
selected feature subset was decided for each FS classification. So the LASSO fit algorithm is used to
algorithm, these features were input into the classifier in minimize the residual sum of squares error (MSE).
the subsequent mapping phase to obtain the final
healthy/PD predictions from the dysphonia measures.

Experiments: To test the performance of the proposed
method, speech signals are collected using AHTD
telemonitoring system. There are 195 samples in the
database which is used for experiment. Features are
extracted as explained in section 2. After that, feature
selection can be performed on enormous features. Then
selected top 10 features can be provided for classification
to discriminate the healthy voice and Parkinson affected
voice.

Standard Score Normalization: The speech dataset
features values having different range of values which is
tedious to predict the classified data. So the standard
score normalization is used to normalize the values within
the range of 0 to 1.

Fig. 2: Standard Score Normalization

Table II: Sample Parameter Measurement from Acoustic Signal
Sample Shimmer: MDVP:
Data APQ3 RAP HNR RPDE PPE
PD_01 0.028025 0.004998 20.407 0.428488 0.353841
PD_02 0.011041 0.002325 22.997 0.598429 0.234019
PD_03 0.010606 0.002173 23.9 0.588134 0.294514
PWP_04 0.005383 0.001175 30.992 0.395578 0.068113
PWP_05 0.008641 0.001285 24.615 0.4517 0.09839
PWP_06 0.00908 0.001463 25.746 0.332247 0.093659

Fig. 3: Least Absolute Shrinkage Operator range fitting
for feature selection

The features having minimum error can be fitted with
LASSO fit that can be shown in fig 2. In fig 2 x axis
indicate the lambda value and y axis indicate the mean
square error. Then two vertical dotted line indicates that
the fitted range for feature selection.
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The range can be fitted based on the mean square CONCLUSIONS
error. Moreover,if dysphonia measures (features) having
low MSE,then that features having high coefficient and
those having high MSE less coefficient can be alotted.
Finally the High coefficent features can be fitted using
LASSO fit selection algorithm. Within this range mRMR
selction can be applied for choosing best features. The
slected propmt features can be hand over to support
vector machine classification.

Feature Classification: The top 10 selected features can
be provided for classification. The High dimension
features cannot be classified by SVM classifier. So the
classifier uses the hyperplane to handle more than one
dimension. The Hyperplane can be predicted using
support vectors which is shown by circle in Fig 4.

Fig. 4: SVM Classifier classify the healthy voice (0
indicated by red plus symbol) and parkinson
affected voice (indicated by Green plus symbol)

Table I: List of Measurement Methods
Dysphonia Measures Description
MDVP: Jitter (%) KP-MDVP jitter as a percentage
MDVP: Jitter (Abs) KP-MDVP absolute jitter in microseconds
Shimmer: APQ3 Three point Amplitude Perturbation Quotient
Shimmer: APQ5 Five point Amplitude Perturbation Quotient
MDVP: APQ Amplitude Perturbation Quotient
Shimmer: DDA Difference between consecutive differences between

the amplitudes of consecutive periods
NHR Noise-to-Harmonics Ratio
HNR Harmonics-to-Noise Ratio
RPDE Recurrence Period Density Entropy
DFA Detrended Fluctuation Analysis
PPE Pitch Period Entropy
D2 Correlation dimension
Glottis Quotient Vocal fold cycle duration changes
GNE Glottal to Noise Excitation
F0 Fundamental Frequency
MDVP stands for (Kay Pentax ) Multi Dimensional Voice Program

In this paper, we have defined 23 features, 130
dysphonia measures and 197 samples. However with the
presence of 23 features, classification cannot be done
efficiently. So LASSO and mRMR feature selection
algorithm  can   be   applied   to  select  the  prompt
Feature.   Then   the   selected   feature  can be provided
for SVM classification to discriminate the Parkinson
affected subjects from healthy subject. This SVM
Classifier estimation provide 92% classification accuracy.
This estimation is well suited for telemedicine
applications.
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