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Abstract

This paper deals with the implementation of speech disorder detection system based on machine learning classification. Problems
with speech are a common early symptom of a stroke or other brain injuries. Therefore, detection of speech disorder may lead to
correction and fast medical treatment of strokes or cerebrovascular accidents. The speech disorder system can be implemented by
extracting features from the input speech and classifying the features using machine learning algorithms. Ten machine learning
algorithms with various scaling methods were used to discriminate speech disorder from normal speech. The detection system was
evaluated by the TORGO database which contains dysarthric speech collected from speakers with either cerebral palsy or
amyotrophic lateral sclerosis.
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Table 1. Accuracy (%)

None P1 P2 P3 P4 P5
KNN 86.1 86.1 86.6 88.7 85.8 85.3

SVM-L 85.3 86.6 87.9 57.4 56.3 56.1

SVM-R 58.2 58.9 65.3 86.8 86.8 83.4

D.T. 83.2 79.2 84.7 83.9 82.1 82.9
R.F. 78.2 69.2 80.5 79.7 80.3 84.7
Adaboost | 83.7 80.3 83.4 83.7 83.4 81.6
N.B. 82.1 80.5 82.1 82.1 82.1 84.2
N.N. 82.4 85.3 88.9 88.2 86.6 58.9
LDA 89.5 87.4 89.5 89.5 89.5 88.2

QDA 89.5 69.7 89.5 89.5 89.5 85.6
Lo 81.8 78.3 83.8 83.0 82.2 79.0
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