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Abstract

This paper proposes an optimal methodology for automatically diagnosing and predicting the severity of the chronic kidney
disease (CKD) using patients’ utterances. In patients with CKD, the voice changes due to the weakening of respiratory and
laryngeal muscles and vocal fold edema. Previous studies have phonetically analyzed the voices of patients with CKD, but no
studies have been conducted to classify the voices of patients. In this paper, the utterances of patients with CKD were
classified using the variety of utterance types (sustained vowel, sentence, general sentence), the feature sets [handcrafted
features, extended Geneva Minimalistic Acoustic Parameter Set (eGeMAPS), CNN extracted features], and the classifiers
(SVM, XGBoost). Total of 1,523 utterances which are 3 hours, 26 minutes, and 25 seconds long, are used. F1-score of 0.93
for automatically diagnosing a disease, 0.89 for a 3-classes problem, and 0.84 for a 5-classes problem were achieved. The
highest performance was obtained when the combination of general sentence utterances, handcrafted feature set, and XGBoost
was used. The result suggests that a general sentence utterance that can reflect all speakers’ speech characteristics and an
appropriate feature set extracted from there are adequate for the automatic classification of CKD patients’ utterances.
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Table 1. Classification of speech types
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Table 2. Handcrafted feature list
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Figure 2. CNN model used for feature extraction

2.3.2. eGeMAPS(extended Geneva Minimalistic Acoustic Parameter Set)
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Table 3. The number and length of tested utterances
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Table 5. Automatic diagnosis experimental results
based on Table 3 (weighted F1-score)

w3} 73 £ g SVM XGBoost
A 54 0.93 091
ReAzdst ¢GeMAPS 0.91 091
CNN +% 54 0.91 091
TA 54 0.91 091
=aks} ¢GeMAPS 0.88 0.90
CNN % &% 0.88 0.89
oluy g A 5% 0.93 0.93
a3y eGeMAPS 0.92 091
= CNN % 5% 0.91 091

SVM, support vector machine; XGBoost, Extreme Gradient
Boosting; eGeMAPS, extended Geneva Minimalistic Acoustic
Parameter Set.
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Table 6. Automatic diagnosis experimental results
based on Table 4 (weighted F1-score)

uksl 53 =3 3§ SVM XGBoost
TA 54 0.69 0.62
BedgEs) eGeMAPS 0.58 0.55
CNN % 54 0.54 0.48
TA 54 0.57 0.53
=ks) ¢GeMAPS 0.50 0.54
CNN % 574 0.50 0.43
oluk 55 A 54 0.78 0.93
- eGeMAPS 0.62 0.65
= CNN & &% 0.72 0.69

SVM, support vector machine; XGBoost, Extreme Gradient Boosting;
eGeMAPS, extended Geneva Minimalistic Acoustic Parameter Set.
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Figure 3. Confusion matrix of automatic detection
experiment based on Table 4
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Figure 4. Feature importance of automatic detection
experiment based on Table 4
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Table 7. Severity prediction experimental results
based on Table 3 (weighted F1-score)

uks} 53 =3 g SVM XGBoost
TA 54 0.30 0.39
RSt eGeMAPS 0.36 033
CNN & &% 0.23 0.20
A 54 0.34 0.26
4t st eGeMAPS 031 0.34
CNN % 5% 0.26 0.27
o)up 2 A &4 0.43 0.84
e eGeMAPS 0.31 0.39
= CNN % 54 0.35 0.27

SVM, support vector machine; XGBoost, Extreme Gradient Boosting;
eGeMAPS, extended Geneva Minimalistic Acoustic Parameter Set.
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Table 8. Severity prediction experimental results based on Table 4

sl 78 54 A3k SVM XGBoost
TA 54 0.50 0.47
BEAzds) e¢GeMAPS 0.41 0.33
CNN 5% 54 0.42 0.49
TA 54 0.40 0.42
s ¢GeMAPS 0.42 0.40
CNN % = 7e, 0.43 0.44
oyt B A 574 0.60 0.89
s ¢GeMAPS 0.36 0.40
= CNN =% =74 0.46 0.54

SVM, support vector machine; XGBoost, Extreme Gradient Boosting;
eGeMAPS, extended Geneva Minimalistic Acoustic Parameter Set.
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SVM, support vector machine; XGBoost, Extreme Gradient Boosting; eGeMAPS,
extended Geneva Minimalistic Acoustic Parameter Set.
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