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ABSTRACT—PARKINSON'S DISEASE IS A NEURODEGENERATIVE  
DISORDER WITH A LONG TIME COURSE AND A SIGNIFICANT PREVALENCE, 
WHICH INCREASES SIGNIFICANTLY WITH AGE.  ALTHOUGH THE ETIOLOGY 
IS CURRENTLY UNKNOWN,  THE DISEASE PRESENTS WITH 
NEURODEGENERATION OF REGIONS OF THE BASAL GANGLIA. THE ONSET 
OCCURS LATER IN LIFE,  AND THE DISEASE PROGRESSES SLOWLY.   THE 
DISEASE IS DIAGNOSED CLINICALLY,  REQUIRING THE IDENTIFICATION OF 
SEVERAL FACTORS SUCH AS DISTAL RESTING TREMOR,  RIGIDITY,  AND 
BRADYKINESIA.   THE COMMON THREAD THROUGHOUT THE RANGE OF 
SYMPTOMS IS MOTOR DYSFUNCTION, AND RECENT REPORTS HAVE FOCUSED 
ON DYSPHONIA, THE IMPAIRMENT IN VOICE PRODUCTION AS A DIAGNOSTIC 
MEASURE.   IN THIS PAPER,  A NUMBER OF FEATURES ASSOCIATED WITH 
SPEECH HAVE BEEN COLLECTED THROUGH CLINICAL STUDIES FROM BOTH 
HEALTHY AND PEOPLE WITH PARKINSON'S (PWP)  AND ANALYSED IN 
ORDER TO DETERMINE IF ONE OR MORE OF THEM CAN BE USED TO 
DIAGNOSE PWP.   THE FEATURE SET IS ANALYSED USING THE ROUGH 
SETS PARADIGM,  WHICH MAPS FEATURE VECTORS ASSOCIATED WITH 
OBJECTS ONTO DECISION CLASSES.  THE RESULTS FROM APPLYING ROUGH 
SETS IS A SET OF RULES THAT MAP FEATURES VIA RULES INTO A DECISION 
SUPPORT SYSTEM –  PERFORMING CLASSIFICATION OF OBJECTS.  THE 
RESULTS FOM THIS STUDY INDICATE THAT A SUBSET OF TYPICAL VOICE 
DERIVED FEATURES IS ADEQUATE TO DIFFERENTIATE HEALTHY FROM 
PWP WITH 100% ACCURACY.   THESE RESULT ARE IMPORTANT IN THAT 
THEY IMPLY THAT A DIAGNOSIS CAN BE AUTOMATED AND PERFORMED 
REMOTELY.  THIS WORK WILL BE EXTENDED TO DETERMINE IF THIS 
APPROACH CAN BE UTILSED WITH THE SAME EFFECTIVENESS FOR  THE 
DIAGNOSIS OF PARKINSONISM DISORDERS –  A COLLECTION—DISEASES 
WITH PARKINSON'S LIKE SYMPTOMS.

I. INTRODUCTION

ARKINSON'S disease is an enduring neurological dis-
order that  begins later in life (typically after 40 years 

of age), and demonstrates a slow but progressive temporal 
profile.  The etiology is unknown, but is characterised by 
dopaminergic degeneration occurring within the substantia 
nigra and the presence of Lewy bodies (eosinophilic intra-
cytoplasmic inclusions) within residual dopaminergic neu-
rons [1]. Please note that  clinically, the prototypical term 
for the classic form of Parkinson's disease is termed idio-
pathic, and henceforth will be abbreviate IPD.  The classi-
cal symptoms include (required for conclusive diagnosis): 
distal  resting tremor of 3 to 6 Hz, rigidity,  brakykinesia, 
and  asymmetric  onset  [2].   In  addition,  other  symptoms 
may include micrographia (small almost unreadable writ-
ing), decreased olfaction, and postural instability (late-on-
set). [3]  In addition, patients should respond positively to 
the drug levodopa, a dopamine precursor, which is chemi-
cally converted into dopamine, replacing that lost by dam-
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aged dopamine secreting tissue   within  the substantia  ni-
gra.  The incidence is approximately 0.3% in the U.S., and 
increases to 4 to 5 percent for those over 85 years of age 
[4]. The disease generally presents as motoric dysfunction, 
principally in the distal limbs – such as finger tremors. As 
the disease progresses, additional motoric dysfunction be-
comes evident,  and  patients  may find  it  difficult  to turn 
over in bed, perform a heel-to-toe  gait, and rising from a 
chair.   In  addition,  it  has  been noted that  most IPD pa-
tients (approximately 90%) present speech difficulties such 
as dysphonia (impaired speech production) and dysarthria 
(speech articulation difficulties).   

Accurately diagnosing  IPD requires  careful  clinical  as-
sessment  – as  IPD is a  member  of a  spectrum disorder, 
termed  Parkinsonisms .   All  Parkinson's  present  motoric 
dysfunction,  but  vary slightly in  the progression  and  the 
response to drug therapy.   Typically, accurate diagnosis is 
time consuming and  requires substantial  experience with 
the disease – especially as it produces a variety of changes 
during  its  course.   Recent  evidence  has  suggested  that 
speech difficulties, which presents in  approximately 90% 
of IPD cases can be deployed to distinguish healthy from 
IPD patients (even at early stages of the disease).  In this 
paper,  we describe an  automated system based on rough 
sets that was developed as a method for automated IPD de-
tection based on dysphonia. 
Accurately diagnosing IPD requires careful clinical assess-
ment – as IPD is a member of a spectrum disorder, termed 
parkinsonisms .  All Parkinson's present motoric dysfunc-
tion, but vary slightly in the progression and the response 
to  drug  therapy.    Typically,  accurate  diagnosis  is  time 
consuming  and  requires  substantial  experience  with  the 
disease–especially as it produces a variety of changes dur-
ing its course.  Recent evidence has suggested that speech 
difficulties, which presents in  approximately 90% of IPD 
cases can be deployed to distinguish healthy from IPD pa-
tients (even at early stages of the disease).  In  this paper, 
we describe an automated system based on rough sets that 
was developed as a method for automated IPD detection 
based on dysphonia. 

Speech disorders can be broadly classified into dysphonia 
and dysarthria. Dysphonia is an impairment in speech pro-
duction, which tends to increase with disease progression. 
Dysarthria reflects the inability to articulate properly. The 
vocal pathology originates  from impaired function of the 
laryngeal,  articulatory, and respiratory muscles [5]. Some 
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researches have classified the overall effects of speech im-
pairment  as  breathy,  tremulous,  high-pitched,  monotone, 
and hoarse [6]. Acoustic analysis techniques such as spec-
trograms  (a  visual  display  of  voice  samples)  and  elec-
troglottographic (EGG) recordings have provided a series 
of features that  characterise many of the vocalisation im-
pairments in patients with IPD. The principle features re-
ported  are  jitter,  shimmer,  non-linear  dynamics,  along 
with a rich set of derivative features.   Typically, the fea-
tures are extracted from a candidate patients via sustained  
vowel  phonation or  running  speech test  [7]  in  sustained 
vowel phonation, the subject is asked to enunciate a vowel, 
typically /a/  for  several  seconds (typically less  then  10), 
which is recorded using laboratory grade microphones and 
recording equipment. The running speech method requires 
the subject to enunciate an expression and the results are 
recorded.  The  work  presented  in  this  paper  focuses  on 

studies deploying sustained vowel phonation, as this test is 
more robust to noise and is hence more accurate in most 
cases.  

The  notion  that  IPD yields vocal  pathologies has  been 
known to the scientific community for over 30 years. The 
possibility of using  vocal  pathologies for automated  IPD 
diagnosis is a very exciting prospect as the accurate diag-
nosis is quiet laborious and expensive in terms of the re-
quired  medical  professionals  involved  in  the  diagnosis. 
Any mechanism that provides reliable diagnosis would be 
of great benefit to the patients and the medical community 
alike.  A variety of machine learning approaches to vocal 
tract  pathology detection  have  been  published.   The  ap-
proach taken in these studies is to extract a feature set and 
use classical machine learning approaches such as neural 
networks and  support  vector  machines.   He features  ex-
tracted from subjects have focused on the speech waveform 
– employing techniques such as cepstral analysis and low-
frequency modulations.  Essentially, these approaches de-
ploy a two-step approach, with feature extraction followed 
by classification.  Part of the difficulty in this approach is 
to decide which features are critical and relevant to accu-
rate classification.  In this work, we deploy the rough sets 
approach to classification.  The advantage of this approach 
is that  during  the classification  process,  the relevance of 
each feature is measured directly – in the form of support 
for features in the resulting reducts and decision rules.   In 
what  follows is  a  brief description  of the rough  sets ap-
proach.  The interested reader is directed towards the Ko-
morowski tutorial [10] for more details.

A ROUGH SETS

Rough set theory is a  relatively new data-mining  tech-
nique used in  the  discovery of patterns  within  data  first 
formally introduced by Pawlak in 1982 [8].  Since its in-
ception, the rough sets approach has been successfully ap-
plied  to  deal  with  vague  or  imprecise  concepts,  extract 
knowledge from data,  and to reason about knowledge de-
rived from the data. The basic philosophy of rough sets is 
to reduce the elements (attributes) in a DT based on the in-
formation  content  of  each  attribute  or  collection  of  at-
tributes (objects) such that the there is a mapping between 
similar objects and a corresponding decision class.  In gen-
eral,  not  all  of the information  contained  in  a  DT is re-
quired:  many of the  attributes  may be redundant  in  the 
sense that  they do not  directly influence which  decision 
class a particular  object belongs to.  One of the primary 
goals of rough sets is to eliminate attributes that are redun-
dant.  Rough sets use the notion of the lower and upper ap-
proximation  of sets in  order  to generate  decision bound-
aries that  are employed to classify objects [9],[10].  Con-
sider a decision table A = (U, A ∪ {d}) and let  X ⊆ U. 
What we wish to do is to approximate X by the informa-
tion contained in B by constructing the B-lower (BL) and 
B-upper (BU) approximation of X.  The objects in BL (BLX) 
can be classified with certainty as members of X, while ob-
jects in BU are not guaranteed to be members of X.  The 
difference between the 2 approximations:  BU   - BL, deter-
mines whether the set is rough or not: if it is empty, the set 
is crisp otherwise it is a  rough set.   What we wish to do 
then is to partition the objects in the DT such that objects 
that are similar to one another (by virtue of their attribute 

TABLE 1.
SUMMARY OF THE FEATURES AND THEIR CORRESPONDING CORRELATION  
COEFFICIENT (ROUNDED TO 2 DECIMAL PLACES) WITH RESPECT TO THE 

DECISION CLASSES.

Feature Name Correlation Coefficient

MDVP:Fo(Hz) -0.38

MDVP:Fhi(Hz) -0.17

MDVP:Flo(Hz) -0.38

MDVP:Jitter(%) 0.28

MDVP:Jitter(Abs) 0.34

MDVP:RAP 0.27

MDVP:PPQ 0.29

Jitter:DDP 0.27

MDVP:Shimmer 0.37

MDVP:Shimmer(dB) 0.35

Shimmer:APQ3 0.35

Shimmer:APQ5 0.35

MDVP:APQ 0.36

Shimmer:DDA 0.35

NHR 0.19

HNR -0.36

RPDE 0.3

DFA 0.24

spread1 0.56

spread2 0.45

D2 0.34

PPE 0.53
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values) are treated as a single entity.  The rough set theory 
has been proved to be very useful in practice as clear from 
the  record  of  many  life  applications;  e.g.  in  medicine, 
pharmacology, engineering, banking, financial and market 
analysis. This theory provides a powerful foundation to re-
veal and discover important structures in data and to clas-
sify complex objects. One of the main advantages of rough 
set theory is it does not need any preliminary or additional 
information  about  data.  For  more  details  on  the  theory, 
software and applications of rough sets we refer the reader 
to the monograph by Pawlak [8].

II. DATASET DETAILS

The data explored in  this paper  was obtained from the 
Oxford Parkinson's  Disease Detection Dataset,  composed 
of a range of biomedical voice measurements from 31 male 
and  female  subjects,   23  were clinically diagnosed  with 
IPD [1].   The time since diagnosis ranged  from 0 to 28 
years,  and  the  the  subject  age  range  was 46-85,  with  a 
mean age of 65.8.    Each subject provided an average of 
six phonations  of the vowel /a/  (yielding 195 samples in 
total), each 36 seconds in length(for details consult [1]). A 
series of features (22 in all) were extracted which can be 
broadly  categorised  as:  jitter,  shimmer,  fundamental 
frequency,  harmonics/noise  ratios,  descriptive  statistics, 
and  correlational  factors  (non-linear  dynamic  analysis). 
Note that the dataset was complete, there were no missing 
values.  The features  are presented in table 1, along with the 
correlation  coefficient  with  respect  to  the  decision  class  (all 
features are real valued). 

III. RESULTS 

The features deployed in this study was the full set of 22 
(listed  in  table  1)  from  the  Oxford   Parkinson's  Disease 
Detection  Dataset.   The  decision  class  was  binary,  with  a  '0' 
negative and a '1' positive for IPD.  The split  between the two 
decision  classes  in  the  table  was  approximately 23:8 (healthy, 
IPD),  yielding  136  and  59  objects  respectively.   As  is 
typical  with  the  rough  sets  approach,  the  decision  table 
was  split  (70:30  for  training  and  testing  respectively, 
yielding  136  and  59  objects)  and  each  subtable  was 
discretised using and Entropy/MDL  algorithm, built into 
the Rosetta kernel 1.0.1.  After discretisation, reducts were 
generated,  and  finally a set of rules were produced from 
the reducts.  After the rules set was generated, the testing 
and  training  set we classified using  the rule  set,  and  an 
ROC and confusion matrix was generated to examine the 
accuracy of the classification process.   Table 2 presents a 
sample confusion matrix that was randomly selected from 
a 10-fold cross validation approach.  Note that all of the 22 
features were deployed in this experiment.  Note that this 
result  indicates  100%  accuracy,  and  a  1  for  positive 
predictive values (PPV), negative predictive value ( PNV), 
Sensitivity and  Specificity ,  which  are  presented  in  the 
confusion  matrix,  along  with  the  overall  classification 
accuracy (defined as: TP + TN/(TP + TN + FP + FN)).

When the full dataset was employed, a total of 7188 rules 
were generated (for the data presented in Table 2.)  On av-
erage, with 10-fold cross validation, there were 7,345 +/- 
987 rules.  Many of the rules yielded a RHS of 1, meaning 
that there were many rules with a single count.  Filtering 
rules based on right  hand support  (RHS) can be a useful 

means of reducing the rules set.  In table 3, the number of 
rules and classification accuracy as a function of RHS fil-
tering is presented. 
In  addition to classification,  rough  sets allows one to in-
vestigate the  significance of each  feature  with  respect  to 
the predictive capacity for all decision classes.  The count 
and support of each feature/attribute is a measure of its im-
portance in the decision process.  By examining the counts 
for each rule, the following features were considered most 
important to the decision process:

HNR, MDVP:F0,  MDVP:APP.  Spread1,  spread2,  and 
PPE. 

TABLE 3.
THE RESULT OF RHS FILTERING OF THE RULES BEFORE THEY WERE  

USED IN THE CLASSIFICATION OF THE TRAINING SET.  NOTE THE 
VALUES ARE AN AVERAGE OF 10 RUNS FOR EACH FILTER VALUE. 

RHS Filter value Number of rules Classification  ac-
curacy

2 752 100.00%

4 260 98.30%

6 95 94.90%

8 50 84.70%

The next logical step in the analysis is to use a reduced 
dataset  that  contains  only those features  that  are consid-
ered relevant  to the classification  process and  repeat  the 
analysis.  The results of this analysis are presented in table 
4.  It is interesting to note that these features present some 
of the largest correlations with the decision classes see Ta-
ble 1 for details).

As can be deduced by comparing Tables 2 & 4, the re-
duced dataset did not have produce any significant impact 
on the classification accuracy (both results were examples 
randomly selected during  10-fold cross validation  trials). 
These results are significant in that  they indicate that the 
majority of the features are not necessary for the classifica-
tion  task  –  indicating  little  if  any  clinical  significance. 
This issue will be addressed further in the discussion sec-
tion, which is presented next.

TABLE 2.
SAMPLE CONFUSION MATRIX RESULTS FROM THE APPLICATION OF  

ROSETTA, USING ALL 22 FEATURES, AND A BINARY DECISION CLASS 
('0' HEALTHY AND A '1' IS THE IPD DECISION CLASS).  NOTE THAT 

THE VALUE IN THE LOWER RIGHT CELL CORRESPONDS TO THE OVERALL 
CLASSIFICATION ACCURACY. 

0 1

0 16 0 1

1 0 43 1

1 1 1
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IV.  CONCLUSIONS 

In  this  study, a relatively small  dataset  containing  sus-
tained  vowel phonation  data  was examined  to determine 
whether  or  not  the features could be used to distinguish 
healthy subjects from those diagnosed with IPD. When all 
22 features were deployed in the analysis, the classification 
accuracy  and  positive/negative  predictive  values  were 
100%.  As an example of a rule for each decision class, the 
following are two randomly selected rules that  typify the 
results obtained from the rough sets approach to data clas-
sification.  

MDVP:Fhi(Hz)([146.558, 176.943)) AND MDVP:Flo(Hz)
([123.845, 180.185)) => status(1)

MDVP:Fo(Hz)([226.165, *)) AND spread1([*,  -6.99661)) 
=> status(0)

Note that status is the value of the decision class, with a 
'0'  indicating healthy and a '1'  indicating IPD.  The rules 
generated by rough sets are in standard  natural  language 
format – making it a very useful tool for generating expert 
systems and other language based rule systems.  

The results from this study confirm that vocal analysis is 
a useful diagnostic tool for distinguishing healthy and IPD 
subjects.  It is to be noted that this study was performed on 
a  small  cohort  of subjects,  which  was fairly skewed to-
wards normal  patients.   The subjects were of a fairly ho-
mogeneous age range and was fairly evenly distributed be-
tween gender.  It should be noted however there was no at-
tempt in this study to discretise the subjects based on the 
duration of disease – this might be useful to analyse to de-
termine if there is an age factor.  This is clearly an issue to 
be  investigated  in  future  work  with  this  and  related 
datasets.  

The features that were selected were consistent with lit-
erature reports (see [2],[3].)   In  particular,  we wished to 
investigate the effect of period pitch entropy (PPE), a novel 
feature  reported  by  Little  and  colleagues  [1].   we also 
found that  PPE was an important  feature,  but the results 
from this study indicate that other features are also just as 
useful.   In  fact,  we found that  using PPE as the sole at-
tribute yielded a classification  accuracy of approximately 
98% - higher than the results published by Little and col-
leagues.  It should be noted though that when one deploys 
a single feature within  the rough  sets approach,  the dis-
cretisation level can be quite large – in fact there were 29 
different

intervals for PPE.  This value was much higher  than  for 
other  features  and may account for its significance with 
respect to the classification task. 

This work is preliminary at this time – an exhaustive ex-
amination of the dataset is required to determine the abso-
lute accuracy of this approach.  Further, the resultant rule 
set should be examined on other related datasets to deter-
mine how well they generalise. This would provide a ro-
bust test of the predictive accuracy of the rule set.  In addi-
tion, reducing the feature set is very critical as well – en-
suring that busy clinicians  focus their efforts on extracting 
features  that  are  truly  diagnostically  relevant.   In  the 
process, the burden on patients is minimised,  which is a 
primary concern for both health  professional and patients 
alike.
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TABLE 4:
A CONFUSION MATRIX GENERATED AS PER TABLE 2.  THE REDUCED  

DATASET WAS USED, WITH 70:30 SPLIT AND ALL SUBSEQUENT 
PROCESSING WAS THE SAME AS THAT EMPLOYED TO GENERATE THE 

DATA IN TABLE 2.  SEE THE TEXT FOR DETAILS. 

0 1

0 15 1 0.94

1 2 41 0.95

0.88 0.98 0.95


