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Abstract: Parkinson’s disease is a common nervous system disease existing in the elderly. It affects a patient’s ability to
speak, write and balance. The diagnosis of Parkinson’s disease based on its acoustic features can help to find the disease as
early as possible, which is conducive to early intervention treatment. In this paper, based on the neural dynamics method,
a novel dynamic convergent differential neural network (DCDNN) is proposed. It uses the acoustic features of Parkinson’s
disease for recognition and diagnosis. Specifically, the samples of the Parkinson’s disease data set are standardized and the
features are enhanced by the statistical pools. Furthermore, the principal component analysis is applied for feature extraction
and the proposed DCDNN is applied for classification. The computer simulation results verify that the proposed framework
has achieved the classification accuracy of 97.22% on the Parkinson’s disease data set, which is about 6 percentage points
higher than the Gaussian SVM.
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Fig. 1 The whole system framework
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Table 1 Comparison of performance indexes of the proposed method and the existing methods

SR ik SPIE R e HERfI R IR PN Fl-score
[4] (4] FEE 0.752 0.785 0.718 0.75
o 0.871 0.894 0.842 0.867
TEA ;Fliiﬂﬁ 0.779 0.806 — —
2] i 0.862 — - —
J7EB SEFliiﬂE 0.779 0.785 — —
e 0.862 — - —
Cosine KNN %ijﬁ 0.8884 0.8900 0.8889 0.889
o 0.9123 0.9132 0.9125 0.912
ol “FHMH 0.8836 0.8838 0.8837 0.883
Gaussian SVM - ’ : : :
i 0.9125 0.9125 0.9125 0.912
SR T DCDNN Ei’»ﬂa 0.9089 0.9480 0.8658 0.9044
o 0.9722 0.9722 0.9722 0.9722

k2 HRRAESE
Table 2 Classification confusion matrix
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