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The research reported here deals with the early characterization of Parkinson’s 

disease (PD), the second most common degenerative disease of the human motor system 

after Alzheimer’s. PD results from the death of dopaminergic neurons in the substantia 

nigra region of the brain. Its occurrence is highly correlated with the aging population 

whose numbers increase with the healthcare benefits of a longer life.  

Observation of motor control symptoms associated with PD, such as gait and 

speech analysis, is most often used to evaluate, detect, and diagnose PD. Since speech and 

some delicate motor functions have provided early detection signs of PD, reliable analysis 

of these features is a promising objective diagnostic technique for early intervention with 

any remedial measures.  

We implement and study here three PD diagnostic methods and their correlation 

between each other’s results and with the motor functions in subjects diagnosed with and 

without PD.    

One initial test documented well in the literature deals with feature analysis of 

voice during phonation to determine dysphonia measures. Features of the motor function 

of two fingers were extracted in tests titled  “Motor function of alternating finger tapping 

on a computer keyboard” and “Motor function of the index and thumb finger tapping with 

an accelerometer”, that we objectively scripted. The voice dysphonia measures were 

extracted using various software packages like PRAAT, Wavesurfer, and Matlab. In the 

initial test, several robust feature selection algorithms were used to obtain an optimally 



selected subset of features. We were able to program distance classifiers, support vector 

machine (SVM), and hierarchical clustering discrimination approaches for the 

dichotomous identification of non-PD control subjects and people with Parkinson’s 

(PWP). Validation tests were implemented to verify the accuracy of the classification 

processes. We determined the extent of functional agreement between voice and motor 

functions by correlating test results.  
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CHAPTER 1

INTRODUCTION

This study mainly focuses on the diagnosis of the neurological disorder known as

Parkinson’s disease (PD). Using the motor and speech measurements of signals as data, we

developed distance classifier and a support vector machine (SVM) for the classification of

control subjects from people with PD. The determination of the choice of features was aided

by the work of M. Little and A.Tsanas, among others. However, there was less work in the

literature on the motor control of finger motion.

1.1. Overview of the Parkinson’s disease

PD has been referred to as “Kampavata” in the Indian medical system of Ayurveda.

Later in AD 175, it was described in the Western medical literature by the physician Galen

as “shaking palsy” [7]. However, it was a detailed medical essay, “An Essay on the Shaking

Palsy,” by the London doctor James Parkinson in 1817 that described his observations of

six subjects having resting tremor, gait, and diminished muscle strength [23]. The term

“Parkinson’s disease” was coined by a French neurologist, Jean Martin Charcot, in 1876.

The neurons in the brain region substantia nigra produce the dopamine hormone.

This dopamine connects - axons and dendrites in all the human body to control movements

driven by conscious intent. The symptoms of PD typically begin between the ages 50 and

80. Tremor and speech impairment are often noticed as the first symptoms. As the disease

progresses, the tremor may spread from one side to the other side of the body. Other

symptoms may include difficulty in speaking or swallowing, depression, urinary problems,

skin problems and sleep disruptions [5]. Even though numerous developments in the field of

medicine have followed in the recent years as remedies against PD, there is no available cure

till to date, which makes PD eventually fatal.
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1.2. Motivation for our research

Neurological disorders have been affecting people profoundly and claiming the quality

of their lives. PD is the second most common neurodegenerative disorder after Alzheimer’s

[16]. As of a 2014 report, it is estimated that as many as 1.5 million people are affected by

PD in the United States of America alone and almost 60,000 new cases are diagnosed each

year [11]. All the studies stated that age is one of the highest risk factors for PD onset.

Early onset of PD may begin before age 50, but the average age of onset is 60 years [22].

PD is progressive, where the symptoms continue and get worse over a period of years and

its progression cannot be stopped. However, with the development of pharmaceutical and

surgical interventions, the effect of some symptoms can be mitigated and the patient’s life

can be prolonged. The most widely used theoretical metric to determine the severity of the

disease is the Unified Parkinson’s Disease Rating Scale (UPDRS). It measures the severity of

the disease but does not measure its underlying causes. Use of the UPDRS is time consuming

and lasts more than 2 hours. The PD monitoring requires the patient’s frequent physical

presence in the clinic, which is financially difficult for both patients and their caretakers,

especially when the disease progresses to its later stages. For all the above reasons, most

people with PD will have UPDRS assessment once every 2 to 6 months.

By considering all these factors, Dr. Athanasios Tsanas, a doctoral student at the

Oxford Center for Industrial and Applied Mathematics along with his supervisor Dr. M.

A. Little, found a new method for the remote monitoring of the voice samples of the peo-

ple with PD. This remote monitoring has emerged as a compelling solution accurately to

follow the progression of the disease at more frequent intervals and at a reasonable cost

[28]. The data is collected from the patients using an At-Home Testing Device (ATHD).

The data is collected, transmitted over the Internet, and processed using various nonlinear

speech signal processing and machine learning techniques to predict the UPDRS score. After

studying Tsana’s extensive research, we wanted to find an accurate method of correlating

the phonation samples with the motor functions respectively.

In this study, we will focus on discriminating controls from people with PD by analyz-
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ing and correlating the phonation samples and their motor functions using various nonlinear

and machine learning classifiers

1.3. Test Subjects

This study makes use of the recordings from 24 subjects (10 Females and 14 males:

10 controls and 14 people with Parkinson). Table 1.1, Table 1.2 give the details about the

subjects in our research.

Subject Code Name Age Sex Parkinson

1KEZOE4 71 M X

OO7 75 M X

OO7B 77 M X

O33NM 80 M X

4445 69 M X

76209 M X

GMAN 73 M X

NA35 76 M X

STONYPONT 69 F X

WR32 65 F X

VT79 78 M X

MANCEL 77 M X

Table 1.1. Subjects with Parkinson disease

A subject was diagnosed with Parkinson’s disease if he/she had at least two of the listed

symptoms: resting tremor, bradykinesia or rigidity. This study was collaborated with a non-

profit Assisted Fitness Center, “Seniors in Motion”, Denton, TX. All the test subjects were

associated with this fitness center. All the subjects gave a written informed consent and are

given with a code name to protect their identity. The ten controls (seven females and three
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males), had an age range of 32-78 years with (mean ±standard deviation) 67.8±12.4 years.

The fourteen Parkinson subjects (three females and eleven males), had an age range of 65-80

years with (mean ±standard deviation) 73.1±4.65 years. We disregarded data from two

subjects - for providing insufficient test data. The remaining 22 subjects had 3 valid study

sessions, with two months gap interval between each session. Subjects are not unmedicated

for the six-month duration of our research study.

Subject Code Name Age Sex Parkinson

6SQUARE 74 F X

041NM 72 f X

890 76 F X

121822 68 F X

AAEEK 73 F X

BEAR 68 M X

HEIGHTS 70 M X

JJ78 78 F X

LYREHE 67 F X

NA36 32 M X

Table 1.2. Subjects of Control group

1.4. Brief overview of each chapter

Chapter 1 provides a historical overview of PD, the motivation for our research study,

and details about the test subjects. Chapter 2 discusses the dysphonia measures of PD us-

ing different classifiers. Chapter 3 presents the keystroke measurements of alternating finger

tapping on a computer keyboard. Different classifiers were implemented for the classification

between the control and the PD subjects. Chapter 4 presents the finger tapping measure-

ments of the index and thumb fingers with an accelerometer and its constraints with the
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classification of the subjects. Chapter 5 depicts the cross validation and correlation of the

motor and dysphonia measurements of the subjects. Chapter 6 presents the future work and

conclusions.
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CHAPTER 2

DYSPHONIA MEASURES OF PARKINSONS DISEASE USING DIFFERENT

CLASSIFIERS

In this chapter we present the dysphonia measures of PD using different classifiers.

We will discuss the procedure of collecting data and the classification of control subjects

from people with PD.

2.1. Data Acquisition

In this test, we used sustained vowel speech recordings. The subjects were asked to

shout each phonation (/ah/, /eh/) as loudly and as steadily as they could. Each phonation

(/ah/, /eh/) recording was collected three times with a time interval of 2 months between

each recording. The phonations were recorded over an SM58 legendary vocal microphone

mounted on a tripod microphone stand with adjustable heights. Figure 2.1 depicts the micro

phone recording from a random subject.

Figure 2.1. Recording of the phonation from a random subject with the

microphone

The microphone was placed 20 cm away from subject’s mouth. The recorded phona-

tion was saved into a personal computer for future analysis. The recorded phonation was
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converted to “.wav” format for further analysis. Due to the transition phase, the first and last

parts of the speech (2 seconds) were deleted. The voice dysphonia measures were extracted

from various software packages like PRAAT, Wavesurfer, and Matlab.

2.2. Software used

A wide ranges of software was available for the voice analysis. We used three (PRAAT,

Audacity and Wavesurfer) for feature extraction.

2.2.1. Audacity

The recorded voice is in the format of “.wma”. We recorded the voice samples of

each subject with our microphone and the recorded voice is a stereophonic sound. That is,

the reproduction of sound is similar to that of natural hearing due to the use of two or more

independent audio channels [3]. This stereo channel voice was converted to mono channel

because of the limitations in Wavesurfer and Praat software. The converted voice sample

was saved in the “.wav” file format.

2.2.2. Wavesurfer

Wavesurfer is an audio editor widely used in the field of acoustics. It is simple but

fairly powerful software that enables us to have an interactive display of various functional

things like spectrograms, pitch tracks, and spectral sections [6].

2.2.3. PRAAT

Praat is a free scientific software package used to analyze speech; it was designed and

developed by Paul Boersma and David Weenink of the University of Amsterdam [8], [10].

The Praat algorithm uses the autocorrelation to obtain features estimating F0.

2.3. Feature Extraction

The main aims of this study were to find the most significant features of the recorded

phonation and to separate controls from people with PD. The algorithm, which aims to

characterize relevant properties from the speech samples, can be categorized into classical

linear and nonlinear methods [19]. The term linear means that the output is proportional to a
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linear combination of the inputs. Nonlinear methods have more general relationships between

the inputs and output. Here we have applied many speech signal processing techniques to

all the recorded voice samples. Each of these techniques extract distinct characteristics of

speech signal. The linear features were extracted from Praat software and the nonlinear

features from Matlab.

2.3.1. Fundamental Frequency F0

A series of periodic patterns can be observed in the time domain representation of

human voice. The repeating patterns are called cycles. Figure 2.2 depicts the periodic

patterns of human voice.

Figure 2.2. Pitch period length for different cycles[15]

The cycles are estimated between the two peaks. The length of each cycle is called the

glottal pulse or pitch period length. The inverse of the pitch period length is the fundamental

frequency. This is also known as pitch [15]. In general, people with PD exhibit a great

variation in pitch. Changes in the rate of speech delivery and hesitations have been found

among people with PD.
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2.3.2. Jitter

Jitter is defined as the random variability of the cycle-to-cycle duration of vocal fold

vibration. Jitter generally contributes to the perception of a rough or harsh voice quality

[12], [25]. Generally, jitter can be calculated as

(1) JitterF0,abs
=

N−1∑
i=1

|F0,i − F0,i+1|

The values of F0,i are the extracted fundamental frequencies and N is the total number of

extracted periods.

2.3.3. Shimmer

Shimmer is defined as a short-term (cycle-to-cycle) variation in the amplitude of a

signal [26]. The definition of shimmer is:

(2) ShimmerdB =
1

N

N−1∑
i=1

20| log10

A0,i

A0,i+1

|

The A0 is the amplitude value in the respective cycle. The calculation for jitter and shimmer

is the same. But in shimmer calculation, we use A0 contour instead of F0,i .

Figure 2.3 shows the spectrogram analysis of the control and Parkinson subjects

phonation. The first spectrogram in the figure shows the analysis for the subject suffering

from PD, and the second shows the analysis of the control subject. The phonation by the

subject with the PD has abnormal variations in the pitch and amplitude, thereby showing

a great variation in the jitter and shimmer values. In contrast, the pitch of the control

subject is almost steady and has lower values in the jitter and shimmer. Therefore, jitter

and shimmer can be considered as important features to differentiate between subjects. We

consider jitter and shimmer as first and second features.
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Figure 2.3. Spectrogram analysis of the phonation of two sample subjects

from Praat software

2.3.4. Harmonics to Noise Ratio (HNR) and Noise to Harmonics Ratio (NHR)

These two measures commonly aim to express the amount of noise in a given speech

signal. These two measures are considered to be among the dysphonia measures that use

the signal-to-noise approach to characterize the signal. HNR and NHR both aim to quantify

the noise present in the speech signal, which is caused by the incomplete glottal fold closures

[24]. These two measures were considered as third and fourth features.

2.3.5. Recurrence Period Density Entropy (RPDE)

RPDE is a recently proposed speech signal processing method. RPDE addresses the

ability of the vocal folds to sustain some simple vibrations and thereafter quantifying the

deviations from exact periodicity [30]. RPDE is similar to linear autocorrelation and time-

delayed mutual information. The RPDE value is a scalar value lying within the range of

zero to one. RPDE = 0, for purely i.i.d and RPDE = 1 for a white Gaussian noise [30].

Figure 2.4 shows the variation of RPDE with different signals. It can be seen that

purely periodic signals have an RPDE value of zero. The RPDE value increases with the
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Figure 2.4. RPDE ranks signals by their phase space periodicity [30]

lack of harmonics in the signal, and the uniform random noise has an RPDE value of nearly

one. We acknowledge Dr. M Little for the Matlab script. Based on our requirements, we

have modified the script and extracted the RPDE value. This is considered as a fifth feature.

2.3.6. Detrended fluctuation analysis (DFA)

DFA defines the extent to which turbulent noise flows in the speech signal and quan-

tifies the self-similarity of the noise present in the speech caused by the turbulent airflow

[20]. This DFA mainly focuses on the stochastic components presents in the speech signal

and aims to characterize the scaling exponent. Initially, the whole signal is integrated to

induce self-similarity in the signal.

(3) Sn =
n∑

i=1

xi

Here, n = 1.....N, where N is the length of the speech signal x. Then, S = (S1......Sn) is

divided into several non- overlapping intervals of window length L. In each interval, we find

a best fit by adapting the least square method for each window of length L.

(4) E2 =
L∑

n=1

(
Sn − an − b

)2
11



Here, a is the slope and b is the intercept. The fluctuation was calculated over every window

at every time scale:

(5) F (L) =
[ 1

L

L∑
j=1

(yj − Ja− b)2
] 1

2

In the above equation, L is the window size and the scaling exponent α can be calculated

as the slope of log-log graph of L against F (L). The normalized scaling exponent can be

calculated as:

(6) αnorm =
1

1 + exp(−α)

Each sound lies in between extremes of zero and one on this scale, based on the self- similarity

properties. The αnorm value closer to one is the characteristics of a general voice disorder.

We acknowledge Dr. M Little for the Matlab script. Based on our requirements we have

modified the script and extracted the DFA value This DFA is considered as the sixth feature.

2.4. Feature selection using principal component analysis and correlation coefficients

Curse of dimensionality is a frequent problem in regression and data analysis, where

due to number of dimensions the computational time will be high. Thus, selection of opti-

mized input features could potentially provide more accurate results, with less computations

[29]. A matrix was built, with each row as the number of observations (subjects) and each

column as an extracted feature. The data matrix for our research has 22 subjects with 6

extracted features, so our data matrix is of the size 22 x 6. The curse of dimensionality prob-

lem was solved by using “principal component analysis (PCA) and correlation coefficient”

in Matlab. First, we conducted the principal component analysis on the data matrix. The

output of the PCA has the eigenvalues and their variances of the respective features. Based

on the respective weights, the feature selection was done. The features with the highest

weights of eigenvalues were considered to be the most significant features.

Another important aspect in the feature selection is finding the correlation coefficient.

The Pearson correlation coefficient is a measure of the linear correlation between two

variables X and Y [27]. The value of the correlation coefficient lies within the range of
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+1 and -1 inclusive. +1 indicates a strong functional dependency of two variables on each

other, and 0 indicates that the two variables are completely independent of each other. The

correlation coefficient of each feature with the rest of the features was calculated, and the

features with a small correlation coefficient were selected.

Table 2.1 depicts the variances of the extracted features from principal component

analysis. The features RPDE and DFA contribute almost 95% of the total variance. The

correlation coefficient of these features with the rest of the features is r < 0.1. This coefficient

indicates that these features are highly weighted and have less dependency on each other.

Based on Table 2.1, we have selected these two features as the most significant features.

Extracted features from phonation Variances for phonation /ah/ Variances for phonation/eh/

Recurrence period density entropy 47.39 49.11

Detrended fluctuation analysis 46.18 48.61

Jitter 4.45 2.23

Shimmer 0.8966 0.0227

Noise to harmonics ratio 0.2339 0.017

Harmonics to noise ratio 0.1425 0.0155

Table 2.1. Variances of the selected features from principal component analysis

2.5. Classifier model selection: Classification using Euclidean distance and support vector

machine (SVM)

The preliminary correlation analysis of the features explained before provides an

indication of the association strength between features. However, our main aim is to make

use of a classifier to discriminate control subjects from subjects with PD. We make use of

two widely used statistical machine-learning algorithms in our research study: classification

using Euclidean distance and SVM [17].

13



2.5.1. Classification using Euclidean distance

We use the 80/20 split of data for the classifier design. We have randomly selected

the test subjects from the group of Parkinson’s and control subjects. The selected groups of

subjects were categorized as “test subjects” and the remaining group of subjects as “training

subjects.” As the test is conducted three times for each subject with a time gap of 2 months

in between, we averaged the recordings to get a single value for the classification. We have

two values for each subject: one for the right hand and one for the left hand. The centroid

for the training Parkinson and control group for each hand was calculated. The subjects in

the test group will be classified, based on the distance of each subject to the centroid of both

testing Parkinson group and the control group. The test subject will be classified into the

group that is closer to the centroid.

2.5.2. Support vector machine (SVM) classifier

SVM is a supervised learning tool in the field of machine learning and modern sta-

tistical learning theory [18]. In the field of machine learning, SVMs are supervised learning

models that are implemented to analyze data and recognize patterns. SVMs are widely

used for the classification of new test subjects and for regression analysis. The SVM will

be trained with some training examples, each belonging to either of the two labeled classes.

The SVM maps the new test examples with its trained knowledge and predicts the class

based on the labels and the side they fall on [4].

Figure 2.5 illustrates the above definitions. There are two classes in the figure; +

indicates data points of type 1, and - indicates data points of type 2. We trained our SVM

with selected training data. The training data of the Parkinson group was labeled as“-1”

and the training data of the control subjects as “+1.”’ The SVM was trained on these inputs

in Matlab. After the machine was trained, the test data was classified.

14



Figure 2.5. Linear separable data with support vector machine (Wikipedia)

2.6. Results

2.6.1. Clustering by Dendrogram

After the selection of the most significant features, we were able to classify controls

and subjects with PD. As discussed above, the features are multiplied with their respective

eigenvalue weights. These new features are converted to a data matrix, with rows having

the observations and columns being the optimized features. We used a dendrogram for

the clustering of subjects. A dendrogram is a hierarchical binary cluster tree used for the

clustering of data. The height of each inverted “U” represents the distance between the

data points, thereby measuring the separation between them [21]. The dendrogram was

implemented in Matlab. The reduced data matrix with selected features was given as the

input for the dendrogram. In general, a dendrogram collapsed and some data points were

represented more than once if there were more than 30 data points as input. Here we have

only 17 subjects in the training set, so the dendrogram works well without any error.

The main reason for the implementation of dendrogram is to visually see the extent

of clustering between the subjects with selected significant features. We may have to select

some other features if the dendrogram fails to cluster the subjects.

Figures 2.6 and 2.7 show the dendrogram separation between control subjects and
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people with PD. The subjects numbered 1 to 9 belong to the Parkinson’s group and subjects

10 to 17 to the control group. The Y axis shows the extent of the separation of the subjects.

The clustering of subjects for the two phonations (/ah/, /eh/) was successfully done by the

hierarchical clustering tree.
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Figure 2.6. Hierarchical clustering of subjects for /eh/ phonation

Figure 2.7. Hierarchical clustering of subjects for /ah/ phonation
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2.6.2. Classification using Euclidean distance

Figures 2.8 and 2.9 classify the subjects by using Euclidean distance. The X-axis

represents the Recurrence period density entropy and the Y-axis the Detrended fluctuation

analysis. We have used these two features for the classification of subjects. The subjects in

red represent people with PD, the subjects in green represent control subjects, and the blue

indicates test subjects. The test subjects are indicated by an arrow and are classified on the

basis of the distance to the centroid of the groups.

Figure 2.8. Euclidean distance classifcation of the subjects with /ah/ phonation

Figure 2.9. Euclidean distance classifcation of the subjects with /eh/ phonation
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2.6.3. Classification of subjects using the SVM classifier

Figures 2.10 and 2.11 depict the SVM classification between control subjects from

people with PD by using the optimized features. The red ones indicate people with PD,

green ones indicate control subjects and the blue color indicates test subjects. The support

vector machine was implemented in Matlab and the cost function, bias were optimized. The

controls were labeled as “1” and people with Parkinsons were labeled as “-1.” We trained our

machine with the given training data and respective labels and have classified the subjects.

Figure 2.10. Support vector machine classification of the subjects with /ah/

phonation

Figure 2.11. Support vector machine classification of the subjects with /eh/

phonation
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CHAPTER 3

MOTOR FUNCTION OF ALTERNATING FINGER TAPPING ON A COMPUTER

KEYBOARD

In this chapter we present the key stroke measurements of alternating finger tapping

on a computer keyboard. We discuss the procedure of collecting the data from the webpage

and how the data is classified according to the two-state Markov model, discussed below.

This chapter shows the classification of control subjects and people with PD using different

classifiers and classification methods.

3.1. Data Acquisition

The data for the keystroke measurements of alternating finger tapping on a computer

keyboard is done on a webpage scripted in PHP. The data acquisition requires the use of the

Internet. Each subject was asked to alternatively press the adjacent keys with the index and

middle finger on the computer keyboard. The selection of the keys was the user’s choice.

Each subject had to do the alternating keystrokes for a duration of 30 seconds.

Figure 3.1 shows the webpage used for the collection of keystroke data. The name

form will be filled with the subject’s respective code name. The Name, Sex, and Age forms

are marked as mandatory because they play a vital role in analyzing the collected data. The

e-mail form is an optional one. After submitting the subject’s details, we navigate to the

next page by clicking the “Check count” tab.
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Figure 3.1. Webpage for the collection of key strokes with User registration

Figure 3.2 shows the main webpage for our data collection. Clear instructions were

given to each subject to select any two adjacent keys on the computer keyboard and press

them alternatively with the index and middle fingers. After the subject positioned himself

before the computer, we pressed the “click when you are ready” button. The counter goes

from 30 sec to 0 sec. The counter and the keys pressed can be seen on the main screen of the

webpage. After the counter stops, the output file with the keys pressed and their respective

UNIX timestamps are generated into a text file.

Figure 3.2. Main Web page for the data collection

The keys pressed, their respective UNIX time stamps, and the time per keystroke
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are shown in Figures 3.3 and 3.4. The recorded timestamps were converted into respective

seconds in Microsoft Excel.

Figure 3.3. Output file with the key strokes and their respective Time stamps
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Figure 3.4. Time stamps converted to seconds

3.2. Model Analysis and Feature extraction

The main aim of this study was to design a model for the extraction of the most

significant features representing the characteristics of the motor functions of the subject.

We chose the two-state Markov model to extract the features.

3.2.1. Two state Markov Model and feature extraction

The two-state Markov Model consists of two states: Correct and Incorrect state.

There are four transitions between these two states. They are correct - correct state, correct

- incorrect state, incorrect - correct state, and incorrect - incorrect state. Figure 3.5 explains
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the two-state Markov model and the transitions of the states.

Figure 3.5. Two state Markov model

3.2.2. Probability of correct - correct state transition

Since the tapping is alternated, a correct-to-correct transition is said to be done when

the next symbol (key pressed) is the alternate symbol. From Figure 3.5, we can say that

a correct-to-correct transition was followed if the keys are alternating between each stroke

(h-g-h-g). The number of transitions was calculated by a Matlab program. The total number

of keys pressed can be found from the output file as shown in Figure 3.3. The number of

transitions divided by the total number of keys pressed defines the probability of correct-

correct transition. The probability of correct-correct transition is the First feature.

3.2.3. Probability of correct - incorrect transition

If the next symbol is the same symbol as the previous one or if it wasn’t the alternating

symbol, we count it as a correct-incorrect transition. From Figure 3.5, we can count the
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correct-to-incorrect transition when the next key pressed is the same as the previous one

(h-g-g or g-h-h). The probability of correct-incorrect transition is calculated by dividing the

number of transitions with the total number of keys pressed. The probability of correct-

incorrect transition is the Second feature.

3.2.4. Probability of incorrect - incorrect transition

If the next alternating symbol is the same as the previous one and if the same se-

quence is followed, we count the transition as incorrect-incorrect transition. From Figure

3.5, we can count the incorrect-to-incorrect transition, when the next symbol is the same

as the previous one (g-g-g or h-h-h). The probability of incorrect-to-incorrect transition is

calculated by dividing the number of incorrect-to-incorrect transitions with the total number

of keys pressed. This is the Third feature.

3.2.5. Probability of incorrect - correct transition

After being in the incorrect-incorrect or correct-incorrect transition, if the next symbol

was the alternating symbol, then the transition changes to the correct state. From Figure

3.5, g-g-h or h-h-g can be counted as a transition from incorrect to correct state. This

transition is counted as incorrect-correct transition. By dividing these total transitions with

the total number of keys pressed, we get the probability of incorrect-to-correct transition.

This is the Fourth feature.

3.2.6. Rate of keys pressed by the subject

Each subject performs this finger-tapping test for 30 seconds, twice with each hand.

Figure 3.3 shows the total number of keys pressed by the subject. The rate of keys pressed

can be calculated by dividing the total number of keys pressed with the duration of the test

(30 sec). This is the Fifth feature.

3.3. Feature selection using principal component analysis (PCA) and correlation coefficient

analysis

A matrix was built, with each row as the number of observations (subjects) and each

column as an extracted feature. The data matrix for our research has 22 subjects with 5
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extracted features; thus, our data matrix is of the size 22 x 5. The computational time will be

high due to the large number of features. This curse of dimensionality was solved by adapting

two feature selection methods. They are PCA and correlation coefficient analysis. These

methods were implemented in Matlab. As discussed in the section 2.4, we have selected the

features with highest weights of eigenvalues and less correlation with other features.

Table 3.1 depicts the variances of the extracted features from PCA. The probability

of correct-to-correct transition and the rate of keys pressed contribute almost 96 % of the

total variance. The correlation coefficient of these features with the rest of the features is r

< 0.1. This explains that these features are highly weighted and have less dependency on

each other. Based on Table 3.1, we have selected these two features as the most significant

features.

Extracted features Variances of the features for

right hand, %

Variances of the features for

left hand, %

Probability of correct to

correct transition

52.48 48.16

Rate of keys pressed 43.18 47.16

Probability of correct to in-

correct transition

1.77 2.58

Probability of incorrect to

correct transition

1.67 1.95

Probability of incorrect to

incorrect transition

0.9 0.15

Table 3.1. Variances of the selected features from principal component analysis
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3.4. Results

3.4.1. Clustering of the subjects by a hierarchical binary cluster tree

The selected features are multiplied with their respective weights and are transformed

to a new data matrix, with rows being the subjects and columns being the optimized features.

As discussed in the section 2.6.1, the dendrogram is used for the clustering of the subjects.

Figures 3.6 and 3.7 shows the dendrogram separation analysis for the Parkinson’s

and control subjects. Subjects 1 to 10 belong to the Parkinson’s group and 11 to 17 to the

control group. Thus, by using the dendrogram, the clustering of the subjects was successful.

Figure 3.6. Dendrogram of training subjects for the Right hand
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Figure 3.7. Dendrogram of training subjects for the Left hand

3.4.2. Classification using Euclidean distance

Classification by using Euclidean distance was done in the previous section. The

classification of the test subjects was done on the basis of the distance to the centroid of

both classes (Parkinson’s and control group).

Figures 3.8 and 3.9 explain the classification of subjects using Euclidean distance.

The X-axis in the above plot indicates the “Rate of keys pressed”, Y-axis represents the

“Probability of correct - correct transition”, which were the most significant features of this

test method. The “red symbols” indicate the subjects from PD group, the “green symbols”

are from control subjects and the “blue circles” indicate the test subjects. It is visually seen

that the classification of the two class subjects was done successfully. Now after all the data
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points are plotted on the scatter plot, the distance from each test subject to the centroid of

both groups was computed. As shown in the above figures, the distances are calculated and

indicated with an arrow. The blue circles nearest to the centroid of the Parkinson’s group

centroid, were classified into Parkinson’s group and the ones that were close to the centroid

of control subjects, were classified as controls.

Figure 3.8. Euclidean distance classification of subjects for Right hand

Figure 3.9. Euclidean distance classification of subjects for Left hand
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3.4.3. Classification of subjects using the SVM classifier

SVM was adapted in our research because it is a supervised learning machine and

here we have only two classes. The SVM was trained with the training data. Group labels

were allotted to the feature of each subject. The classification was done by SVM in the

Matlab, and the test subjects were classified to one of the two groups.

Figures 3.10 and 3.11 explain the SVM classification between control subjects from

people with PD with the optimized features. The red ones indicate people with PD, the

green ones indicate control subjects, and the blue color indicates test subjects. The SVM

was implemented in Matlab and the cost function, bias were optimized. The controls were

labeled as “1,” and people with Parkinson’s were labeled as “-1.” We trained our machine

with the given training data and respective labels and have classified the subjects. From the

above plots, we can conclude that the classification of the subjects was done successfully and

that our trained machine can separate any number of test inputs with minimal error rate.

Figure 3.10. Support vector machine classification for the right hand
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Figure 3.11. Support vector machine classification for the left hand
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CHAPTER 4

MOTOR FUNCTION OF THE INDEX AND THUMB FINGER TAPPING WITH AN

ACCELEROMETER

This chapter presents the repeated motion finger-tapping experiment using an at-

tached accelerometer to find the change in position of the finger in a given time in three

dimensions, when the tip of the index finger moves toward the thumb. We discuss about the

process for collecting the data and extracting the features.

4.1. Description of the devices used

We make use of accelerometer, which is connected to a micro controller for processing

the data.

4.1.1. ADXL335 GY61 3 Axis ±3g Accelerometer

The ADXL335 is a complete 3-axis accelerometer with signal-conditioned output

voltages. This accelerometer is small and utilizes low power (350µA). This device measures

acceleration with a full-scale range of ±3g [14]. The operational voltage of this device is

from 1.8V to 3.6V. Figure 4.1, shows the accelerometer which can measures in the range of

±3g.

Figure 4.1. ADXL335 GY-61 3-Axis 3g Accelerometer[13]
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4.1.2. Arduino Board (Arduino Mini Pro (5V, 16MHz) W/ATmega328)

This Arduino board is a programmable micro controller based on the ATmega 328.

This micro controller board has 14 digital input/output pins. Of these 14 pins, 6 can be

used as PWM outputs [9]. It has 8 analog inputs, a reset button, and holes for mounting

pin headers. Figure 4.2 shows the Arduino mini pro at 5V and the clock speed is 16MHz.

Figure 4.2. Arduino Mini pro [9]

The accelerometer ADXL335 gy-61 is connected to this mini pro. This Arduino

board is connected to a personal computer by FTDI serial to a USB , which provides USB

communication and power to the board.

Table 4.1, depicts the brief summary of the Arduino pro mini.

Micro Cotroller ATmega168

Operating voltage 5 V

Digital I/O pins 14

DC Current per I/O pin 40 mA

Flash Memory 16 KB

Clock Speed 16 MHz (5V model)

Table 4.1. Summary of the Arduino pro min[9]
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Figure 4.3 is a schematic diagram of the connection between the accelerometer and

the Arduino pro mini board. The x, y, z pins from the accelerometer give the respective

position of the finger.

Figure 4.3. Accelerometer ADXL335 gy-61 connected to Arduino pro mini[1]

Figure 4.4, shows the general micro controller architecture.

Figure 4.4. General Micro controller architecture[2]

4.2. Data Acquisition

The test was conducted twice with both hands for three sessions with a time gap of

two months in between. In this test, the interfacing micro controller was mounted on the
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subject’s wrist and the accelerometer was placed on the tip of the index finger. The travelling

of the index finger on to the thumb finger is assumed to be linear instead of angular.

Figure 4.5 depicts the experimental setup of the accelerometer on the subject’s hand.

The accelerometer was mounted on to the tip of the index finger. The arduino mini pro

was the blue chip on the subjects wrist. The FTDI cable establishes the connection and

provides the essential voltage to the arduino board. The data is serially transmitted into the

computer with a baud rate of 9600.

Figure 4.5. Setup of the device on the subject’s hand with the accelerometer

on the tip of the index finger and the micro-controller on the wrist

After the setup was done, each subject was asked to tap the tip of their index finger

onto their thumb finger. Every instance in the change of the index’s finger position is noted

by the accelerometer. The recorded value from the accelerometer is serially transmitted into

the computer. The data was collected by a program scripted in Matlab.

Figure 4.6 explains the tapping procedure. The processing of the recorded data is

done in Matlab. The output file will be generated in the format of a text file, with the

respective data from the x, y, and z axes of the accelerometer.
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Figure 4.6. Tapping of the index finger onto the thumb finger

Figure 4.7 shows the data collected from the taping of the finger. The z-axis gives

the movement of the index finger moving up and down. We approximated the finger tapping

movement going up and down had no affect by x and y axes, thereby neglecting them.
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Figure 4.7. Matlab collected data from the Tapping of the index finger onto

the thumb finger

4.3. Feature extraction and Feature selection

The main aim of this study is to find the most significant features and able to separate

controls from people with Parkinson’s disease.

4.3.1. Total number of Ups and Downs

The data was collected with a sampling rate of 1 KHz. We filtered all the intermediate

samples to get a clean graph that represents the utmost peaks and lows of the accelerometer’s

z-axis data. We counted the number of times the finger goes up and returns to its resting

state. This was considered due to the fact that the control subjects had free motor function

of fingers compared to that of people with PD.
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Figure 4.8 shows the ups and downs of a subject with respect to the time. X-axis

indicates the time range in seconds. The total time for this test was 20 seconds. Y-axis

represents the z-axis readings from the accelerometer, which is mounted on the tip of the

subject’s index finger. From the Matlab program, we can count the total number of ups and

downs. These two were considered as the First and Second features.

Figure 4.8. Finger Tapping data of z axis with respective to time

4.3.2. Small ups and downs

The small ups and downs help to find the number of hesitations in the finger-tapping

movement.

Figure 4.9 explains how the small ups and downs were counted. The mean of the

filtered data was calculated, and the number of transitions that crosses the mean was con-

sidered as the small openings. These were considered as the zero crossings with respect
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to mean of the z-axis readings of the accelerometer. In Figure 4-9, the red lines indicate

the number of zero crossings. The line going from below the mean to above the mean is

considered as the small up and the reverse was considered as the small down. These were

considered as the Third and the Fourth features.

Figure 4.9. Depicting the number of small ups and downs

4.3.3. Velocity of the finger traveled

The readings of the z-axis from the accelerometer represent the position of the finger

at that time instance. We considered the distance traveled by the finger in degrees. We have

a fixed sampling rate for each subject. We approximated the “vertical” component of the

velocity measured as a straight line.

Figure 4.10 depicts the calculation of the velocity. The x-axis from Figure 4.10 repre-

sents the fixed interval of time for each sample. The time T was 1 millisecond for each value
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recorded. The y-axis represents the accelerometer’s z-axis readings. We have calculated two

velocities here: velocity going up and velocity going down.

(7) V elocity up =
D1−D2

T

(8) V elocity down =
D2−D3

T

The velocity was approximately calculated by the above assumption. The velocity

of going down is always positive and the velocity of going up is always negative. Doing the

second derivative of the velocity with respect to time gives the acceleration of the finger

tapping. The velocities were considered as the Fifth and Sixth features.

Figure 4.10. Velocity calculation with a fixed interval

Based on the principal component analysis and correlation coefficients, we extracted

the most significant features: velocity going up and the number of small openings.

4.4. Constraints for the classification of subjects

The selected features with their respective weights of eigenvalues were constructed

into a matrix. The rows indicate the subjects, and the columns have the optimized features.

The subjects were classified into training and test subjects as discussed above. We used

dendrogram clustering to visualize the separation of subjects with the selected feature set.

Figures 4.11 and 4.12 show the dendrogram clustering of the subjects with both

hands. Subjects numbering from 1 to 12 are people with PD and subjects from 13 to 22
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are control subjects. It was clear that the clustering was not done with dendrogram. Even

though we had the optimized features multiplied with their respective eigenvalue weights,

the classification was not achieved.

Figure 4.11. Dendrogram clustering of the subjects with the Right hand

Figure 4.12. Dendrogram clustering of the subjects with the Left hand

The following might be the reasons for the failure of the classification of the subjects

• There might be miscalibration of the device between the recording sessions.

• The finger-tapping movements were quite different between subjects. Some subjects

did the finger tapping with their index finger arched and touched the thumb finger.

Because of less motor functions, some subjects kept their index finger rigid and

straight instead of arched.
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CHAPTER 5

CROSS VALIDATION OF THE CLASSIFICATION METHODS AND CORRELATION

OF MOTOR AND DYSPHONIA MEASURES

After the subjects were classified with the selected classifiers and classification meth-

ods, we found the extent of classification by cross validation of the classification methods.

The data was divided into testing and training subjects based on the 80/20 test rule. This

80/20 is a rule of thumb for the estimation of the classification with the samples we hadn’t

considered before. We considered a total of 24 subjects to be the part of this test. The

dataset with 24 subjects was split into a training subset (20 subjects) and a testing subset

(4 subjects).

Table 5.1, shows the splitting of the dataset into training and testing dataset. The

model parameters were derived and analyzed using the training subset and errors were calcu-

lated by testing subset. The process was repeated 25 times, randomly splitting into training

and testing to find the accuracy of the classification method. The errors from all 25 repeti-

tions were averaged. The extent of the classification using the cross validation was derived

from Table 5.2.

Training 1 Training 2 Training 3 Training 4 Training 5 Testing 1

4 subjects 4 subjects 4 subjects 4 subjects 4 subjects 4 subjects

Table 5.1. Randomly selected Training and Testing dataset

Classification method Motor function on a key board Dysphonia measures of voice

Euclidean distance 95.5±3 % 94.5±5 %

Support vector machine classifier 87.5 ±4.5 % 91.5±4.5 %

Table 5.2. Evaluation of the performance of the Classification Methods
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The final objective of our research was to correlate the motor and dysphonia measures

of the subjects and see the extent of their correlation. From the above sections, we have

extracted the most significant features from the two tests conducted. Now, we have to

correlate the most significant features extracted from the voice and motor function of fingers

on computer keyboard tests. All the optimized features from the two tests were normalized

before the correlation analysis. Now, the feature set along with the subjects was built into

a matrix and analyzed in Matlab.

Table 5.3 depicts the correlation between right, left hands and between the same

hands. The correlation between both hands of people with Parkinson’s disease is less com-

pared to that of control group subjects. Also, the correlation between the same hands of the

subjects of Parkinson’s group exhibits less correlation compared to that of control group.

From this we can conclude that, people with Parkinson’s disease exhibit less correlation be-

tween hands due to the fact that they might be affected on one side of the body or both

sides with the disease.

Subjects Group Correlation between

Right and Left hand

Correlation between

Right with itself

Correlation between

Left hand with itself

Parkinson 0.6127 0.5515 0.4723

Control 0.8726 0.8922 0.8899

Table 5.3. Correlation of key strokes between two hands

Table 5.4 depicts the correlation of motor functions with the dysphonia measures.

The range of correlation of voice features with that of the motor features of Parkinson’s

subjects lies between -0.50 to -0.70. The range of correlation of control subjects lies between

-0.94 to -0.97. The Negative sign indicates that the features of motor and voice are negatively

correlated. That means, if a subject exhibits higher value in the dysphonia features of voice
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(RPDE, DFA), then he will have a low rate of motor functioning, thereby classifying the

subject into Parkinson’s group and vice versa.

Subjects Group Correlation of

phone / ah/ and

Right hand

Correlation of

phone / ah/ and

Left hand

Correlation of

phone / eh/ and

right hand

Correlation of

phone / eh/ and

left hand

Parkinson -0.5294 -0.4899 -0.6956 -0.6665

Control -0.9701 -0.9410 -0.9626 -0.9431

Table 5.4. Correlation of motor function features with dysphonia features

From Table 5.5, we have derived the threshold for every feature from both tests. Thus,

by having the correlation and the threshold of the features, the classification was done. From

these tables, we can conclude that the values for the features are based on these threshold

values and that the new test subjects can be classified.

Subject Classifi-

cation

Rate of keys

pressed

Probability of

correct-correct

RPDE of phona-

tion

DFA of phona-

tion

Parkinson < 3.5 < 0.80 > 0.62 > 0.63

Control > 3.5 > 0.80 < 0.62 < 0.63

Table 5.5. Final criteria for the classification
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CHAPTER 6

CONCLUSIONS AND FUTURE WORK

6.1. Discussions

Motivation for our research came from the work of Dr. Athanasios Tsanas, a doctoral

student at oxford center for industrial and applied mathematics along with his supervisor

Dr. M.A.Little. They developed a new method, where the voice samples of the subjects were

collected remotely over a telephone. The collected voice samples, were analyzed using several

linear and non-linear speech processing techniques. Our subjective research requires a com-

munity partner involving human subjects. We have applied for the community engagement

grant and got support from Parkinson voice project, Texas Women University and Texas

Presbyterian Hospital, Denton,, TX. Due to some constraints, they withdrew their support.

Later, we have collaborated with Seniors in motion, a non- profit assisted fitness center di-

rected by Jean Seward. Most of the subjects were associated with this fitness center. Our

research was approved by UNT IRB office. As our study involves human subjects, all the

committee members and the principal investigators have completed the NIH IRB training

course (Protecting Human Research Participants) and have submitted a certificate of com-

pletion to UNT IRB office. The data from each subject was collected from three different

tests. We did the recordings in three sessions with a time gap of 2 months in between. With

the collected data, we did all the analysis and came to the following conclusions.

6.2. Conclusions

In previous chapters of this thesis, we have presented different test methods for the

data collection. In chapter 2, we presented a test method, “Dysphonia measures of Parkin-

son’s disease using different Classifiers.” In this method, the voice samples of the subjects

were collected. The collected data was analyzed using different feature extraction methods,

and the most significant features were selected using two feature selection algorithms. Dif-

ferent classifiers were selected, and the classification of control and people with PD was done

successfully. In chapter 3, a new test method, “Motor function of fingers on a computer key-
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board,” was implemented to find the motor functioning of the fingers of the subjects. A PHP

webpage was scripted, and the data was collected from that webpage. The collected data was

analyzed using a two-state Markov model and the features were extracted. The extracted

features were analyzed by feature selection algorithms and the most significant features were

extracted. The classification of control subjects from people with PD was done successfully

with the selected classifiers. In chapter 4, another motor functioning test method, “Motor

function of the index and thumb finger with an accelerometer,” was implemented. With an

accelerometer being mounted on the tip of the index finger, the tapping of the index on to

the thumb was recorded. With the collected data, the features were extracted and the most

significant features were selected. Due to some constraints, the classification of the subjects

was not achieved in this test. In chapter 5, the cross validation of the classification methods

and correlation of the dysphonia and motor features extracted from chapter 2 and 3 were

done. With the cross validation of each classifier in each test, we found the extent of the

classification done. From the correlation analysis, we found that a subject with high motor

functioning skills and low dysphonia measures can be classified to be a control subject and

vice versa.

6.3. Future work

Though our results show a great classification of subjects, the validity of the test

results can be improvised by analyzing more data. Although finger tapping of the index

finger on to the thumb is widely practiced by all clinicians to analyze PD, failure to classify

with the use of accelerometer opens for future work. Mapping the selected features from

the above test methods to the UPDRS scale to find the severity and early detection of the

disease.
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