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Performance Comparison of Algorithm through Classification
of Parkinson’s Disease According to the Speech Feature

Jae Woo Chung'

ABSTRACT

The purpose of this study was to classify healty persons and Parkinson disease patients from the
vocal characteristics of healty persons and the of Parkinson disease patients using Machine Learning
algorithms. So, we compared the most widely used algorithms for Machine Learning such as J48 algorithm
and REPTree algorithm. In order to evaluate the classification performance of the two algorithms, the
results were compared with depending on vocal characteristics. The classification performance of
depending on vocal characteristics show 88.72% and 84.62%. The test results showed that the J48
algorithms was superior to REPTree algorithms.
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2.1 Machine Learning &atg]s

ML €38 &2 v AH(unsupervised), T AM su-
pervised) €1 FOE UFoiA AL & 5 )
ot WA H A ML €1 8]E2 o3 HolHE9
A S 7IHte 8 7 Ge 88 BRE oy, A5
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2.1.1 J48
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2.1.2 REPTree
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Table 1. REPTree Function
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Fig. 1. Effect of REPTree.
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Table 2. Value of Experimental Data

attribute type value

status numeric continuous from 0 to 1
MDVP:Fo(Hz) numeric continuous from 88.333 to 260.105
MDVP:Fhi(Hz) numeric continuous from 102.145 to 592.03
MDVP:Flo(Hz) numeric continuous from 65.476 to 239.17
MDVP:Jitter(%) numeric continuous from 0.002 to 0.033
NHR numeric continuous from 0.001 to 0.315
HNR numeric continuous from 841 to 33.047
MDVP:RAP numeric continuous from 0.001 to 0.021
MDVP:PPQ numeric continuous from 0.001 to 0.02
MDVP:Shimmer(dB) numeric continuous from 0.085 to 1.302
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Table 3. Confusion Matrix base on J48

a b classified as
138 9 a = yes
13 35 b = no

Table 4. Confusion Matrix base on REPTree

Fig. 3. REPTree.

, a b classified as
12:¥es(2/0)[0/0] 135 12 a = yes
18 30 b = no




Table 5. Result
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J48 REPTree
Correctly Classified Instances 173 (88.72 %) 165 (84.62 %)
Incorrectly Classified Instances 22 (11.28 %) 30 (15.38 %)
Kappa statistic 0.6872 0.5672
Mean absolute error 0.1566 0.197
Root mean squared error 0.3121 0.3404
Relative absolute error 42.0249 % 52.8704 %
Root relative squared error 72.4443 % 79.0147 %
Total Number of Instances 195 195
bility)2] 7} AEZ Kappa statistice #435tH AR A F AT

J482] ¥+ Kappat™ 0.6872, REPTree?] ¥+ Kappa
£ 056722 0.10 7} Aol 2 J48 darg]Fol §-
< T £ AAT mpAEre = Aol A 1)r\:/}‘)r
S 2o AlFE Hoe Y AFEU RMSERoot
Mean Squared Error)€ 1 4 <=0, o=
FAE ARt AR omE VRt AF A
oA, J48s AL ASoles HF RMSEZF
0.3121, REPTree®] 7%l %+ RMSE 0.3404&
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Table 6. Accuracy Result

J48 REPTree
TP Rate 0.887 0.846
FP Rate 0.219 0.303
Precision 0.885 0.841
Recall 0.887 0.846
F-Measure 0.885 0.843
ROC Area 0.879 0.89

Table 7. Accuracy, Precision, Recall and Kappa

J48 REPTree
Accuracy 88.72% 84.62%
Precision 0.885 0.841
Recall 0.887 0.843
Kappa 0.6872 0.5672
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