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Speech-based recognition method for Parkinson’s disease subtypes
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(School of Communications and Information Engineering, Nanjing University of Posts and Telecommunications,
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Abstract . Parkinson’s disease has several subtypes, such as dysphagia, tremors, and freezing of gait, etc. These subtypes can help
physicians better understand the pathological mechanisms of Parkinson’s disease and facilitate timely adjustment of treatment plans.
Therefore, efficiently achieving the identification of Parkinson’s disease subtypes has important application value. Due to the
pathological connection between Parkinson’s disease and dysarthria, and the convenient and fast acquisition of speech, this paper
proposes a speech —based recognition method for Parkinson’s disease subtypes, attributes the recognition of Parkinson’s disease
subtypes to a multi—label classification problem, and designs a multi-label classification algorithm first of all, the specific features
of each subtype is selected; then, from the characteristics of the Parkinson’s disease speech dataset, the relevance information in the
data is fully mined, including pairwise label relevance information, higher—order label relevance information, as well as label—-space
and feature—space relevance information, to further improve the recognition accuracy; finally, the proposed algorithm is compared
with several existing multi—label classification algorithms on the real Parkinson’s disease speech dataset, and the experimental results
show that the proposed method performs the best in several evaluation metrics, especially in the F'1 score and Subset accuracy, which
reach 91. 27% and 89.03% , respectively.
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Fig. 1 Speech waveforms in patients with Parkinson’s disease
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Fig. 2 Schematic diagram of label—specific feature generation
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Fig. 3 Classification performance and standard deviation of eight multi—label classification algorithms on six evaluation metrics
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Table 2 Classification performance of eight multi-label classification algorithms on six evaluation metrics

Bk Hamming loss Coverage One error  Subset accuracy  F1 score Average precision
LSMPFS 0.1212 0.500 3 0.172 4 0.890 3 0.912 7 0.891 1
BR 0.1823 0.581 4 0.2252 0.826 4 0.836 4 0.8412
ML-kNN 0.1532 0.562 1 0.204 7 0.863 1 0.862 3 0.8324
LIFT 0.142 4 0.557 1 0.203 6 0.8711 0.873 1 0.8516
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Table 3 Results of ablation experiments
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