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Abstract

This paper studies how to improve the identification rate of laryngeal disability speech data by convolutional neural network
(CNN) and machine learning ensemble learning methods. In general, the number of laryngeal dysfunction speech data is
small, so even if identifiers are constructed by statistical methods, the phenomenon caused by overfitting depending on the
training method can lead to a decrease the identification rate when exposed to external data. In this work, we try to combine
results derived from CNN models and machine learning models with various accuracy in a multi-voting manner to ensure
improved classification efficiency compared to the original trained models. The Pusan National University Hospital (PNUH)
dataset was used to train and validate algorithms. The dataset contains normal voice and voice data of benign and malignant
tumors. In the experiment, an attempt was made to distinguish between normal and benign tumors and malignant tumors. As a
result of the experiment, the random forest method was found to be the best ensemble method and showed an identification
rate of 85%.
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Figure 6. Accuracy, precision, specificity, sensitivity of identifiers
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Table 2. Parameter values for each identifier

L] Accuracy | Precision | Specificity | Sensitivity
CNN1 0.811 0.804 0.655 0.911
CNN2 0.797 0.800 0.655 0.889
CNN3 0.743 0.741 0.517 0.889
CNN4 0.784 0.796 0.655 0.867
CNN5 0.770 0.780 0.621 0.867

CNN-vote 0.808 0.932 0.857 0.788

SVM 0.784 0.774 0.586 0.911

DT2 0.716 0.750 0.586 0.800

DT9 0.757 0.776 0.621 0.844

KNN 0.703 0.702 0.414 0.889

RF 0.851 0.870 0.793 0.889
Ada 0.703 0.756 0.621 0.756
Bagging 0.797 0.788 0.621 0.911
3 model 0.811 0.830 0.724 0.867

3. e e 2L 487] 9]
Table 3. List of best identifiers per parameter

9 | Accuracy Precision Specificity | Sensitivity
1 RF CNN+vote | CNN+vote CNNI1
2 CNNI1 RF RF Bagging
3 3 model 3 model 3 model SVM
4 CNN-vote CNNI CNN1,2, 4 RF

RF, random forest; CNN, convolutional neural network; DT2,
decision tree depth=2; KNN, Knearest neighbor; Ada, adaboost; 3
model: SVM, DT, KNN 2] voting®]| 2] & A5

15 Identifiers ROC Curve

CNN1

CNN2

CNN3

CNN4

CNNS

Support Vector Machine
Decision Tree 2
Decision Tree 9
Random Forest
Adaboost

Bagging

Gradient Boosting Classifier
k-Nearest Neighbor
CNN-Voting

=== 3 Model

Tue Ppsitive Rate

00 02 04
False Positive Rate

39 7.1570 487) 2] ROC FAd
Figure 7. ROC curves of 15 identifiers
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