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Coronavirus disease 19 (COVID-19) is an infectious disease whose
diagnosis is carried out using antigen-antibody tests and reverse transcription
polymerase chain reaction (RT-PCR). Apart from these two methods,
several alternative early detection methods using machine learning have
been developed. However, it still has limitations in accessibility, is invasive,
and its implementation involves many parties, which could potentially even
increase the risk of spreading COVID-19. Therefore, this research aims to
develop an alternative early detection method that is non-invasive by
utilizing the LightGBM algorithm to detect COVID-19 based on the results
of feature extraction from cough sounds and accompanying symptoms that
can be identified independently. This research uses cough sound samples
and symptom data from the Coswara dataset, and cough sound’s features
were extracted using the log mel-spectrogram, mel frequency cepstrum
coefficient (MFCC), chroma, zero crossing rate (ZCR), and root mean
square (RMS) methods. Next, the cough sound features are combined with
symptom data to train the LightGBM. The model trained using cough sound
features and patient symptoms obtained the best performance with 95.61%
accuracy, 93.33% area under curve (AUC), 88.74% sensitivity, 97.91%
specificity, 93.17% positive prediction value (PPV), and 96.33% negative
prediction value (NPV). It can be concluded that the trained model has
excellent classification capabilities based on the AUC values obtained.
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1. INTRODUCTION

Coronavirus disease 19 (COVID-19) is a contagious disease caused by severe acute respiratory
syndrome coronavirus 2 (SARS-CoV-2) and was first detected in the city of Wuhan, China, at the end of
2019. The symptoms vary, ranging from respiratory infection-like symptoms such as fever, cough, sore
throat, stuffy nose, headache, muscle pain, and malaise to severe cases that can lead to pneumonia and death.
Some symptoms can also occur but rarely, such as diarrhea and anosmia [1]. Clinically diagnosis of
COVID-19 uses antigen-antibody and reverse transcription polymerase chain reaction (RT-PCR), with
RT-PCR as the gold standard [1]. Two different methods have lately been put forth in the literature for the
diagnosis of COVID-19 infection using computer temography (CT) or X-ray image analysis [2].
Unfortunately, this alternative method still has problems in terms of accessibility and has the potential to
increase the risk of spreading COVID-19 because implementation involves many parties.
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Several studies have also tried to use the sound of coughing to detect COVID-19. COVID-19 has
symptoms of a dry cough with characteristics of higher frequency and shorter duration compared to coughs
from other respiratory diseases [3]. The cough sound of COVID-19 also has different latent features and the
risk of latent feature overlap with the feature of cough sound of other diseases is low. This difference occurs
because COVID-19 infection affects the respiratory system uniquely than the other [2].

Various studies have explored different methods to extract features from cough sounds and patient
symptoms for COVID-19 detection. In the work Chowdhury et al. [4], extra-trees trained on combined
datasets achieved an area under curve (AUC) of 0.79, while HGBoost on the Coswara dataset reached an
AUC of 0.66. Another study combined datasets from multiple sources, achieving an accuracy of 0.921 and an
AUC of 0.973 with a VGGNet model. Unfortunately, in that study when using only the Coswara dataset, the
model produced performance, for accuracy parameters of 0.712 and AUC of 0.781 [5]. This performance is
still relatively low, if referring to the AUC value then the model is only included in the fair category.

Some studies have also explored a combination of cough sound features with symptom and
respiratory condition data. The work Rahouma et al. [6] utilized patient voices and symptom data from the
Coswara dataset. The neural network trained with cough sound alone achieved an average accuracy of 84%
and an AUC of 82%. Using symptom data alone resulted in an average accuracy of 73% and an AUC of
78%. Combining both features yielded an average accuracy of 91% and an AUC of 88%. One study on the
Coughvid dataset using a multi-branch deep learning network (MBDLN) achieved an AUC of 91% [7].
Lastly, a hierarchical multi-modal transformer (HMT) trained on symptom data and cough sound features from
the Coughvid and Coswara datasets, achieved an average accuracy of 81.32% and an AUC of 82.06% [8].

Previous research that combined cough sound and symptom features was able to provide better
performance, compared to using only cough sound features. Unfortunately, previous studies used symptoms
generated from expert examination. This was shown in a study by [6], which used pneumonia and asthma
symptom data, where these symptoms require expert diagnosis [9]. The same thing was also done in research
conducted by [7], [8] using respiratory condition data from expert diagnosis [10]. Referring to a number of
studies that have been conducted, it shows that the COVID-19 examination cannot be done independently.
This is because it still requires the help of a doctor, namely when identifying symptoms, such as pneumonia,
asthma, and respiratory conditions. If only relying on the cough sound feature, the model cannot produce
optimal performance.

Referring to a number of previous studies, this study proposes a COVID-19 detection model that can
be carried out independently, using the LightGBM classification algorithm. This model uses cough sound
features and symptoms. The symptoms used are symptoms that can be recognized independently, so they do
not require examination by a doctor. The model was developed using the Coswara dataset, with the
symptoms used being difficulty breathing, runny nose, cough, fever, anosmia, muscle pain, sore throat,
diarrhea, and fatigue. The performance of the proposed model is measured using the performance parameters of
accuracy, sensitivity, specificity, AUC, positive prediction value (PPV), and negative prediction value (NPV).

2. METHOD

The work stages in this study start from the preparation of datasets and segmentation of cough
sounds, data preprocessing, training three machine learning models trained with different feature subsets, and
end with evaluating the performance of the three models that have been trained. The stages of the research
process can be seen in Figure 1.

2.1. Preparing the dataset and cough segmentation

The dataset used comes from the Coswara dataset. It contains recordings of cough sounds,
breathing, and pronunciation of some letters or phrases from volunteers, along with metadata containing
information about clinical symptoms and health history [11]. Even though the volunteer submitted various
types of sounds, this research only used cough sound because of its consistency across individuals, it’s not
affected by accent and the sharp sound is easily differentiated from other sounds [4].

To overcome the imbalance in the amount of data in the Coswara dataset, only a few relevant data
labels were used and combined into two main classes, namely "negative" (0) class which includes data with
the label "healthy" and the "positive™ class (1) which includes data labeled as "positive_mild" and
"positive_moderate”. Each volunteer submitted two types of cough sound samples, "heavy cough" and
"shallow_cough", but only the heavy cough sounds were used in this study to ensure consistency [4]. The
selected symptoms include difficulty breathing, cold, cough, fever, anosmia, muscle pain, sore throat,
diarrhea, and fatigue. The selection of these 9 symptoms was made by excluding asthma, diabetes, ischemic
heart disease, chronic obstructive pulmonary disease, and pneumonia, due to complex diagnostic methods
involving various medical assessments [9], [12]-[15].
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Cough sound segmentation was performed on all samples to create a new dataset consisting of a
single cough sound. Segmentation will enhance consistency, ensure complete cough sounds, focus on
relevant features, and increase training samples by using the hysteresis comparator method proposed by [10].
The result is a new dataset consisting of cough sound segment audio files, metadata with sample 1Ds, file
locations, symptom data, and labels.

Preparing
The Dataset and Cough
Segmentation

\ 7
e ¢ . 3
Preprocessing [ Trainning )
Feature extraction Iﬁ
of cough sounds
. Train the
MFCC Train Set CEEEIL g
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Figure 1. Stages of research

2.2. Preprocessing

At this stage, an array that will be used for the model input is formed. It will include cough sound
features obtained through audio feature extraction using five methods: Log mel-spectrogram, mel frequency
cepstrum coefficient (MFCC), chroma short time fourier transform (STFT), zero crossing rate (ZCR), and
root mean square (RMS). Log mel-spectrogram represents the energy of the audio signal in the frequency and
time domain. This is done by transforming the signal into the frequency domain using STFT, then converting
the frequency into the Mel scale that is more suitable for human hearing by changing the frequency value f
using (1).

Mel(f) = 2595 x logso (1 + ) 1)

700

Finally, apply logarithm scale of the energy to consider the logarithmic perception of hearing. The
result is a matrix of energy spectrum in the mel scale for each time frame [16]. MFCC is intended to replicate
human hearing characteristics. This involves transforming the signal into the frequency domain using STFT,
converting the frequency into the mel scale using (1), taking the logarithm of the sound intensity, and applying
the discrete cosine transform to generate cepstral coefficients, yielding a cepstral coefficient matrix [17].

Chroma feature divides the audio signal into chroma and pitch, mapping the frequency from the
STFT into the chroma scale, and producing a vector of 12 chroma values representing 12 basic tones [18].
RMS is a simple feature that provides information about the strength or intensity of sound over a period of
time [19]. RMS can be obtained using (2).

RMS = /%anx(n)lz )

ZCR gives a rough estimate of the dominant frequency in the audio signal by counting how many
times the sound amplitude crosses zero within a specific time [18]. The extraction results for each feature are
processed by calculating the mean value for all frames for each feature coefficient or feature type. Next, the
selected patient symptom data for each sample is converted into binary representation and added to the dataset.
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2.3. Training

The next stage is to train the machine learning model using the stratified k-fold cross-validation
(SKCV) method. SKCV will divide the dataset into k subsets called folds which size and data distribution are
the same. Fold division is based on ID to avoid duplicate cough samples in training and testing subsets with
the same ID. In every training process, one-fold will be selected as validation data and the rest will be used as
data to train the model. Then the model performance is calculated from validation data [20].

Three models are trained with different feature subsets: cough sound (model 1), symptom data
(model 2), and combination of both features (model 3). In each fold iteration, the training data will be
oversampled first using support vector machine-synthetic minority oversampling technique (SVM-SMOTE)
to handle class imbalance which combines SVM and SMOTE to create synthetic samples [21]. The
oversampled data is then used to train LightGBM. LightGBM is a gradient boosting decision tree (GBDT)
algorithm that implements gradient-based one-side sampling (GOSS) and exclusive feature bundling (EFB).
GOSS optimizes training efficiency by focusing on training models on data with large gradients and
sampling data with small gradients. EFB will reduce feature complexity by combining mutually exclusive
features [22]. Initially, LightGBM applies EFB to train data. Model is initialized with initial predictions
minimizing loss. During GBDT implementation, LightGBM uses GOSS to resample the dataset. Information
gain is calculated for features in the resampled dataset to build a new decision tree. A new decision tree is
built on resampled data, updating the model every iteration. The ensemble of decision trees will form the
final model [23].

2.4, Evaluation

Trained model performance is evaluated by averaging accuracy metrics like AUC, sensitivity,
specificity, PPV, and NPV across all folds. The confusion matrix results from each fold are combined to
assess overall performance. The confusion matrix summarizes the model performance by comparing the
predicted labels with the actual labels from the dataset. It consists of four parts: true positive (TP), true
negative (TN), false positive (FP), and false negative (FN). This method will be used to calculate accuracy,
sensitivity, specificity, PPV, and NPV in (3) to (7) [24]. The representation of the confusion matrix can be
seen in Table 1. Accuracy measures how well the model can correctly predict results from all data.

TN+TP
TN+TP+FN+FP

Accuracy = 3
AUC shows the model’s ability to differentiate between two different classes correctly. AUC

measures the area under the receiver operating characteristic (ROC) curve, where a value of 0 indicates poor

performance, a value of 1 indicates perfect performance and a value of 0.5 indicates random performance.

Sensitivity, also known as recall, functions to measure how well the model can correctly identify positive cases.

TP

Sensitivity = TPTEN (4)
Specificity will measure how well the model can identify negative cases.
P TN
Specificity = P (5)

PPV also known as precision measures how well the model predicts the correct positive cases from all
positive prediction results.

(6)

(7

Table 1. Confusion matrix

True class Predicted class
Negative Positive
Negative TN FP
Positive FN TP
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After performance evaluation, feature importance analysis is conducted using split and gain to
assess the contribution of each feature to predictions. Gain indicates accuracy improvement, while split
indicates feature usage in decision tree nodes [25]. This analysis is applied to model 3, so we can understand
the relative contribution of the two types of features to the model’s prediction performance.

3. RESULTS AND DISCUSSION
3.1. Preparing the dataset and cough segmentation

Table 2 contains the distribution of samples for each class after forming the label “healthy” as the
negative class and the combination of samples labeled “positive_mild” and “positive_moderate” as data for
the positive class. Then segmentation is performed on each sample using the hysteresis comparator method.
Parameters, such as min_cough and cough_padding, were left with a default value of 0.2 as proposed in
previous research [10]. Sometimes, not all samples were detected to have cough segments, either because
there were none or the segmentation algorithm failed. A comparison of successful and failed cough
segmentation results can be seen in Figure 2.

The possible cause is that the RMS value is too high in some samples which causes a weak cough
sound not to be detected. Another influencing factor is the choice of parameter values, such as
min_cough_len, where cough sounds that are too short may not be detected. After all recording samples were
segmented, we obtained a dataset containing 4,411 segments originating from 1,579 samples with details as
in Table 3.

Table 2. Sample distribution after label merging

Label Gender  Number of samples  Total sample
0 (negative) Male 1,068 1,432
Female 364
1 (positive) Male 362 591
Female 229
Successful Segmentation Failed Segmenta
1,00 f f - 1004
7S 0.75 1
0.30 050
029 0.25 |
E 0.00 —t é 0.00 } l# :
B, & /
_5 =0.2% E =0.25
=0.50 =0.%0
=0.7% =0.75
=],00 -1.00 4
L] sm:rmn 100000 150000 200000 [+] 50000 1oo::nn |so::aa :'DO‘Dﬁn 250000 300000 JSUIOOO
Time Time

Figure 2. Example of cough sound segmentation results

Table 3. Distribution of cough sound segmentation results

Label Gender  Number of segments  Total segments
0 (negative) Male 2,658 3,336
Female 678
1 (positive) Male 710 1,075
Female 365

3.2. Preprocessing

A library called librosa is used to extract features from cough segments. Parameters like n_fft,
hop_length, and window are set to 2,048, 512, and ‘hann’ respectively for balanced frequency-time
resolution [26]. For each feature extraction method, n_mfcc in MFCC is set to 39 based on [4], and
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parameters in log mel-spectrogram and chroma STFT are left with default values. While RMS and ZCR do
not have specific parameters.

After the feature extraction process is complete, we calculate the average of each feature value
across all frames. Thus, the results of the MFCC method have 39 features, log mel-spectrogram has 128
features, chroma STFT has 12 features, ZCR has 1 feature, RMS has 1 feature, and the total features of each
cough sound are 181. Finally, feature extraction results from the cough sound are combined with the
symptom data which has been converted into binary form, so that each segment has features with dimensions
of 190. The final result is an array with dimensions of 192x4411 after adding the ID and label of the original
sample for each segment.

3.3. Training

Three LightGBM models were trained on different feature subsets and evaluated for their
performance using the stratified k-fold cross-validation method by dividing all sample IDs into five folds.
Thus, each fold contains cough segments sourced from around 315 samples. In each fold iteration, the
training data is oversampled using SVM-SMOTE from a library called imbalanced-learn [27]. We set
k_neighbors parameter value in SVM-SMOTE to 1 because experiments with k-neighbor’s values 1-5 show
that 1 yield better performance, so synthetic samples are generated based on one nearest neighbor.
Then, LightGBM models were trained using oversampled training data with hyperparameter settings from
research results by [28] as in Table 4. The training process uses five folds so it will provide performance
metrics for each model five times. The average model performance value is calculated, and the confusion
matrix is summated.

Table 4. Distribution of cough sound segmentation results

Hyperparameter Definition Value
learning_rate How much the model weights change each time the model is updated 0.03
colsample_bytree Number of feature subsets at each iteration 0.28
subsample Number of data subsets in each iteration 0.68
reg_alpha L1 regularization 1
reg_lambda L2 regularization 2
num_leaves Maximum number of leaves in one tree 500
num_boost_round Maximum number of boosting iterations 10,000
early_stopping_round The maximum number of iterations to stop training if there is no 100

increase in the performance metric value

3.4. Evaluation

After the training process is finished, all the performance metric values as well as the confusion
matrix combined from five training iterations are obtained from three models trained with different feature
subsets: cough sound model (model 1), symptom model (model 2), and combination model (model 3). The
summed confusion matrix from all folds for all models can be seen in Figure 3 and all the performance
metric values for all models can be seen in Table 5. Based on the confusion matrix of all models, we can see
that model 1 which is trained based on cough sound feature extraction has a high true negative rate but also
has high FN prediction. Model 2 which is trained with symptom data showed lower FN and higher TP rates.
Model 3, which is combined cough sound features and symptom data showed the best performance, with the
lowest FN rate and highest TP rate.

Model 1 Model 2 Model 3

Actual Class

0 1 0 1 ] 1
Predicted Class

Figure 3. Summary of the confusion matrix for all models
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From average performance of the three models in Table 6, can be drawn to the same conclusion as
the analysis based on the confusion matrix that models trained with patient symptom data tend to perform
better than models trained using cough sound features. Patient symptoms are categorical and directly indicate
COVID-19 presence, while cough sound features have a wider range, making it harder for the model to find
consistent patterns. However, combining both features improves the model’s predictive ability, with
improvements in several performance metrics. The model’s accuracy, AUC, sensitivity, and specificity
increased to 95.61%, 93.33%, 88.74%, and 97.91%, respectively. This increased sensitivity and specificity
have positive implications for detecting COVID-19 cases and reducing prediction errors. The model also
showed a higher prediction probability (PPV) value of 93.17% and NPV of 96.33%, indicating better
prediction accuracy.

Table 5. Performance metric values for all models
Fold  Accuracy AUC  Sensitivity Specificity PPV~ NPV

Model 1 1 0.898 0.833 0.711 0.954 0.822 0.917
2 0.913 0.836 0.683 0.988 0.949  0.905
3 0.888 0.831 0.724 0.937 0.779 0918
4 0.881 0.813 0.668 0.958 0.853 0.888
5 0.910 0.824 0.657 0.991 0.958 0.901
Mean 0.898 0.827 0.689 0.966 0.872  0.906
Model 2 1 0.945 0.917 0.860 0.973 0.911 0.955
2 0.945 0.904 0.814 0.994 0.980 0.936
3 0.936 0.907 0.858 0.957 0.840 0.962
4 0.942 0.883 0.776 0.990 0.956  0.939
5 0.911 0.887 0.832 0.942 0.843 0.937
Mean 0.936 0.899 0.828 0.971 0.906 0.946
Model 3 1 0.916 0.875 0.794 0.956 0.852 0.935
2 0.976 0.951 0.907 0.996 0.983 0975
3 0.965 0.955 0.936 0.974 0913 0.981
4 0.971 0.959 0.936 0.982 0.940 0.981
5 0.952 0.927 0.865 0.989 0.970 0.945
Mean 0.956 0.933 0.887 0.979 0.937  0.963
Table 6. Comparison with related research
Research Dataset Voice data Symptom data Model AUC (%)
[4] Coswara Cough sound - HGBoost 66
[5] Coswara Cough sound - Mini VGGNet 78,1
[6] Coswara Patient's voice - Neural network 82
Coswara - Pneumonia, asthma, difficulty breathing, diarrhea, 78
fatigue, muscle aches, fever, cold, and sore throat
Coswara Patient's voice Pneumonia, asthma, difficulty breathing, diarrhea, 88
fatigue, muscle aches, fever, cold, and sore throat
[7] Coughvid Cough sound Respiratory conditions and fever symptoms MBDLN 91
[8] Coswara Cough sound Respiratory conditions, symptoms of fever, and HMT 82
and muscle pain
Coughvid
Proposed Coswara Cough sound - LightGBM 82,7
- Difficulty breathing, cold, cough, fever, anosmia, 89,9
muscle aches, sore throat, diarrhea, and fatigue
Cough sound Difficulty breathing, cold, cough, fever, anosmia, 93

muscle aches, sore throat, diarrhea, and fatigue

The feature importance graph analysis of the 5 iteration of model 3 training, as shown in Figure 4
can provide complementary insights. The features ‘cough’, ‘fatigue’, ‘cold’, and ‘fever’ have the highest
gain, indicating their effectiveness in increasing model accuracy. Audio features such as ‘zcr’ and ‘mfcc 7’
also have higher gain values, indicating their importance in training a model to detect COVID-19 in terms of
cough sound characteristics. On the other hand, feature importance ranking based on split shows that features
like ‘zer’, ‘mfcc 12°, ‘mfcc 18°, and ‘cold’ have the greatest influence in making decisions in the
COVID-19 detection model. The split value indicates how often the feature is used in data splitting during
the training process.

A comparison between feature importance based on gain and split shows similarities in features like
‘cold’, which are important for dividing data and increasing model accuracy. However, there are differences
in features, such as ‘zcr’, which has the largest role based on split but has a lower gain than other features.
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As for the related research that has been listed and explained previously, two studies only use cough sounds,
the work of [4] and [5]. Three studies combine cough sounds with symptom data, research by [6]-[8].

Top 20 Features Based on "Gain” Value Top 20 Features Based on "Split" Value
cough JE—— | ar
fatigue - mécc_12
cold mfce_18
fever I mice_7
muscle_pain - cold
zr mifce_5
breathing_difficutties - mfce_L6
sore_throat - mice_14
o mice_7 - o micc_26
-] anesmia - -1 mifce_2
£ mfee_12 I = caugh
£ logmelspectorgram_os Il - logmelspectorgram_25
mice_12 Jll ms
logmelspectorgram_104 Il mice_39
logmelspectorgram_13 -. logmelspectorgram_53
mice_1 logmelspectorgram_15
micc_14 anosmia
logmelspectorgram_99 il mice_6
kegmelspectorgram_58 Jll mice_1
logmelspectargram_56 i logmelspectorgram_77
[ 2000 4000 6000 000 10000 0 10 20 0 40 50
value Value

Figure 4. Feature importance analysis based on gain and split

Research [4] and [5] used cough sounds in the Coswara dataset to extract features using various
methods. Chowdury et al. [4] used 5 different feature extraction methods to train HGBoost model and
achieved an AUC value of 66%. Kho et al. [5] used MFCC feature to train Mini VGGNet and an AUC value
of 78.1%. Both models were defeated by model 1, which had an AUC value of 82.7%. Fakhry et al. [7] used
the augmented Coughvid dataset to train a MBDLN using MFCC features and spectrograms from cough
sounds with additional symptom data, including respiratory conditions and fever symptoms. The model
consisted of two deep neural network branches for MFCC features, another for symptom features, and a
convolutional neural network (CNN) with residual network (ResNet)-50 architecture for spectrograms. The
model can achieve an AUC value of 91%. Tang et al. [8] developed a HMT consisting of three branches: two
multilayer perceptrons (MLPs) for processing symptom data and the average value of each MFCC feature
coefficient of cough sounds, and a nested hierarchical transformer branch for extracting spectrogram features.
The HMT model achieved an AUC value of 82%. Those two models can be outperformed by model 3 and it
offers independent symptom identification, unlike previous research [7] and [8] that relied on expert doctors
diagnosing respiratory condition abnormalities from cough recordings.

Meanwhile, Rahouma et al. [6] conducted a study using Coswara dataset to extract features from
patient's voice, such as cough, breath, counting sounds, and English vowel pronunciation. They used 11
methods and 9 symptoms data, including asthma and pneumonia which require expert medical diagnosis. The
proposed method only uses cough sounds, extracting features using only 5 methods and adding 9 symptoms
data without including asthma and pneumonia or other symptoms that require expert medical diagnosis.
However, the combined model in [6] had an AUC value of 88% that can be outperformed by the performance
of model 3. The model trained using various types of sounds had an AUC value almost the same as model 1,
with an AUC value of 82%. The model trained with symptom data obtained an AUC value of 78% and can
be outperformed by model 2 with an AUC value of 89.9%. The proposed model has good classification
capabilities, with a high AUC value indicating better performance in differentiating between positive and
negative classes. Additionally, the proposed method has added value by using symptom data that can be
identified independently.

4. CONCLUSION

From the research that has been conducted, it can be concluded that machine learning models trained
only with patient symptom data perform better than models trained only with cough sound features.
However, combining cough sound features and patient symptoms can improve model performance compared
to just using one type of feature. The model trained using cough sound features and patient symptoms
achieved an accuracy of 95.61%, AUC of 93.33%, sensitivity of 88.74%, specificity of 97.91%, PPV of
93.17%, and NPV of 96.33%. Feature importance analysis confirmed the importance of cough, fatigue, cold,
and fever in improving the model’s accuracy. In addition, ZCR and MFCC are audio features that are often
used to separate data during training. Overall, the proposed combined model was able to exceed the
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performance of related studies based on the AUC metric value of 93%, and it demonstrated excellent
classification capabilities.
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