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[Abstract]

As the COVID-19 pandemic rapidly changes healthcare around the globe, the need for smart healthcare
that allows for remote diagnosis is increasing. The current classification of respiratory diseases cost high
and requires a face-to-face visit with a skilled medical professional, thus the pandemic significantly
hinders monitoring and early diagnosis. Therefore, the ability to accurately classify and diagnose
respiratory sound using deep learning-based Al models is essential to modern medicine as a remote
alternative to the current stethoscope. In this study, we propose a deep learning-based respiratory sound
classification model using data collected from medical experts. The sound data were preprocessed with
BandPassFilter, and the relevant respiratory audio features were extracted with Log-Mel Spectrogram and
Mel Frequency Cepstral Coefficient (MFCC). Subsequently, a Parallel CNN network model was trained
on these two inputs using stacking ensemble techniques combined with various machine learning
classifiers to efficiently classify and detect abnormal respiratory sounds with high accuracy. The model
proposed in this paper classified abnormal respiratory sounds with an accuracy of 96.9%, which is

approximately 6.1% higher than the classification accuracy of baseline model.
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II. Preliminaries

1. Related works

1.1 Parallel Input using CNN
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III. The Proposed Scheme

1. Dataset
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Fig. 1. Architecture of the framework for Respiratory Sound Classification
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2. Pre-Processing Fig. 3. Preprocessing of Respiratory Sound
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3. Feature Extraction
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Table 1. Summary of the Training and Testing Sets
Fig. 4. Mel-scale frequency cepstral coefficient (MFCC)

Class Training set | Testing set Total process of Respiratory sound
Normal 91 23 114
Crackle 450 113 563

Wheeze 275 " - 5520 aabdel B2 XE5h] o 21 W A
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4. Classfication Model
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Fig. 6. The detailed architecture of proposed Parallel
CNN model with stacking ensemble

4.1 Parallel CNN Model
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4.2 Stacking Ensemble Model
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Table 2. Pseudo Code of the Stacking ensemble Algorithm

Algorithm Stacking

m

Input: training data D = {x,,y}

Step 1. learn base-level classifiers
for t=1 to 1 do

learn h, based on D

end for

Step 2. construct new data set of predicitons
for =1 to m do
’ ’
D, = {x ,,y,} where z; =
end for

Step 3. learn a meta-classifier
learn H based on D),

return H

Output : ensemble classifier H
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IV. Experiments

1. HyperParameter Setting

2 A S ol 2T wA AEZT(Cross
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g5}t
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Table 3. Optimum values of hyperparameters

Model Hyper parameter Value
K-Nearest n_neighbors 5
Neighbors function Uniform

. min_samples_split 2

Decision Tree -
min_samples_leaf 1

Support C 1

Vector
Machine kernel rbf’
Gaussian .

. var_smoothin 1e-9

Naive Bayes - 9
Estimators 100
Random - -
min_sample_split 2
Forest -
mins_sample_leaf 1
Estimators 100
Gradient subsample 1
Boosting min_sample_split 2
mins_sample_leaf 1

Logistic C 1

Regression max_iter 100

2. Evaluation
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Table 4. Confusion Matrix of Multiple Classification
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Class
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13
Total Accuracy N YN, (2)
i=1
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Total Recall L > 3 =
3 j=1 EN (3)
1]
i=1
3. N..
Total Precision = 1 Z 3 ~
34 (4)
DI
i=1
2 X (Recall, X Precision,)
Total Fl-score = (5)

Precision; + Recall;

3. Experiment Result
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sto] m™rist Aupolct, B ALoA] 7|22 (Parallel
CNN)zt Ajotw™(Parallel CNN Stacking Ensemble
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Table 5. Classification performance in each fold

. Performance
Models Metric
Fold1 Fold2 Fold3 Fold4 Fold5 Avg
Baseline Model Accuracy 0.898 0.926 0.917 0.907 0.917 0.913
(Parallel CNN) F1-score 0.870 0.887 0.857 0.873 0.898 0.877
K-Nearest Neighbors Accuracy 0.951 0.946 0.946 0.956 0.936 0.947
F1-score 0.938 0.923 0.904 0.946 0.905 0.923
DecisionTree Accuracy 0.917 0.931 0.936 0.912 0.922 0.924
F1-score 0.906 0.892 0.898 0.872 0.847 0.883
Support Vector Machine Accuracy 0.956 0.961 0.971 0.956 0.946 0.958
F1-score 0.936 0.945 0.949 0.932 0.915 0.935
Gaussian Naive Bayes Accuracy 0.902 0.833 0.848 0.858 0.848 0.857
F1-score 0.874 0.788 0.788 0.802 0.795 0.809
Random Forest Accuracy 0.951 0.971 0.971 0.956 0.931 0.956
F1-score 0.921 0.947 0.938 0.937 0.878 0.924
Gradient Boosting Accuracy 0.937 0.985 0.971 0.975 0.951 0.963
F1-score 0.935 0.988 0.949 0.965 0.919 0.951
Parallel CNN Stacking Accuracy 0.961 0.980 0.980 0.975 0.951 0.969
Ensemble Model F1-score 0.942 0.975 0.963 0.966 0.930 0.955
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Fig. 8. Box plot analysis of accuracy among algorithms
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Fig. 9. Box plot analysis of F1—-score among algorithms

Table 6. Experimental results(Average Classification
Performance)

Models Accuracy| Recall |Precision|F1 Score
(£std) | (&std) | (&std) | (£std)
Baseline Model | 91.3% 87.3% 88.3% 87.7
(Parallel CNN) | (£0.010) | (£0.017) | (£0.016) | (+0.014)
Pagf;';'(ifg'\‘ 96.9% | 94.6% | 97.4% | 955%
+ + + +
Ensemble Model| (F0-012) | (0.028) | (£0.003) | (+0.017)
Improvgment 6.1% 8.3% 103% 6 8%
Ratio
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Confusion matrix
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(a) Baseline Model (Parallel CNN)
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(b) Parallel CNN Stacking Ensemble Model

Fig. 10. Confusion matrix for the ensemble respiratory sound classification models :
(a) (Baseline) Parallel CNN model analysis with Softmax Classifier; (b) Parallel CNN with Stacking Ensemble analysis
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Table 7. Two sample t-test experimented in this study

Two Sample t-test

Hypothesis p-value 95% C.I.
Hy: = Moronose
0" Hoase=Hproposed |\ 21ue<0.05 | [0.03, 0.06]
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