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ABSTRACT

In 2019, with the emergence of coronavirus disease 2019 (COVID-19) and its spread all over the world, many people were directly affected by the 
pandemic. As its spread increases, it is difficult to diagnose who is actually infected. In addition to continuing vaccination studies, some technological 
solutions are being used to try to control the virus. One of these technological solutions is presented in this study. The disease is detected using cough 
data through artificial intelligence (AI). To do this, an open source data set was used from the opensigma.mit.edu website. More than 20,000 cough 
records representing age, gender, geographic location, and COVID-19 status are available from this site. The AI model trained on cough detection 
achieved 79% COVID-19 accuracy with an F1 of 80%. With the designed AI-based mobile application, COVID-19 can be detected and monitored.
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Introduction

Coronavirus disease 2019 (COVID-19) is an outbreak that first occurred in Wuhan, China. It was 
reported to the World Health Organization (WHO) on 31 December 2019 by the Chinese au-
thorities [1]. It is a viral disease that is transmitted person to person. The pandemic first started 
in China; however, in four months, it spread to 2.5 million people in 120 countries. Death can 
result from severe disease onset, major alveolar damage, and progressive respiratory failure 
[2]. WHO has reported that 152,551 people have died by 19 April 2020 [3]. Governments have 
taken some measures to prevent the pandemic. Curfews, wearing masks, working from home, 
and international travel prohibition are the leading ones. Although these measures slow down 
the pandemic rate, the spread of the virus can continue through people in circulation. In addi-
tion, although some of those suffering from the virus survive the disease in the form of normal 
flu, elderly individuals especially experience respiratory failure [4]. Patients with a mild flu con-
dition are sent to their homes and kept under surveillance. In patients with respiratory failure, 
intensive care respiratory failure treatments are generally based on the principle of applying 
positive pressure and oxygen with the help of a tube placed in the main trachea (intubation) 
or a mask placed on the face (non-invasive mechanical ventilation) and resting the respiratory 
muscles in this way [5].

With the inclusion of smartphones in our lives, we do many of our jobs on mobile devices. 
Internet banking is an information technology system that emerged with the World Wide 
Web and offers people’s financial needs virtually [6]. Internet banking is a new type of innova-
tion related to both product and process [7]. Most banking transactions are done on mobile 
phones. However, in the field of health, mobile phones are not used at a sufficient level. Most 
applications (apps) concern diet and physical activity. It is estimated that, by 2017, 50% of 
mobile phone users have downloaded at least one health-related app [8]. In the majority of 
academic studies, there are apps that require external sensors. For example, flex sensors [9] 
and Novelda’s Ultra Wideband Impulse Radio [10] can be used for respiration measurement.
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Patients who experience COVID-19 with mild symptoms and 
are sent home are kept under the supervision of a family physi-
cian. Family physicians follow the patients’ symptoms, such as 
fever, respiration, and pulse, at certain intervals. Family physi-
cians are in constant communication with patients during this 
process. It is important to find a quick solution in outbreaks, 
such as the COVID-19 pandemic, without requiring external 
hardware. In this study, in the artificial intelligence (AI)-based 
mobile app using cough detection, it can be determined 
whether people have COVID-19. The disease process of the pa-
tient will be followed for a certain period. In cases where the 
current test approach is insufficient, COVID-19 can be detected 
using a quick solution. These data can also be shared with, and 
followed up by, the family doctor. If the course of the disease 
worsens in the future, it is important to monitor patients from 
home in this way instead of hospitalization, because the inten-
sive care and bed capacities of hospitals are limited.

In this study, we benefited from the data set of open sources 
[11]. The cough signal classification has been used successfully 
to diagnose a variety of respiratory conditions. With this proj-
ect in our mind, algorithms of deep learning were processed 
to supply COVID-19 screening globally. The COVID-19 dataset 
includes more than 20,000 crowd-sourced cough records dis-
playing a wide variety of ages, genders, geographic locations, 
and COVID-19 conditions. These data included more than 2,000 
tagged records.

Related Work
Cough analysis is a well-studied topic for identifying numerous 
respiratory diseases. However, COVID-19 does not share the 
typical symptoms and signs with these diseases [12-14].

Laguarta et al. [15] extracted biomarkers and trained a convo-
lutional neural network–based model using over 5,000 records, 
achieving very high accuracy and precision to detect COVID-19.

Imran et al. [16] developed a mobile application using the clas-
sification approach. After cough is identified, it is forwarded to 
three parallel independent classifications.

Using phone recordings of coughs, a group of scientists uti-
lized four different classification algorithms and compared 
the results of these algorithms [17]. To distinguish healthy and 
COVID-19–infected coughs, principal component analysis was 
executed to indicate the results visually.

Another study using cell phone cough recordings was per-
formed by Pahar et al. [18], using various classifier machine 
learning methods that are able to discriminate COVID-19.

Pal and Sankarasubbu [19] used a deep neural network with 
symptom embeddings and cough embeddings.

Brown et al. [20] showed that a simple binary machine learn-
ing classifier was able to detect healthy and COVID-19 sounds 
correctly.

Some of the researchers [21-25] who are described shortly 
analyzed X-ray and computed tomography (CT) images to di-
agnose COVID-19; however, cough is much easier than taking 
X-ray images or CT scans of patients. 

Ezz El-Din Hemdan et al. [23] applied deep learning classifiers 
over two-dimensional X-ray images and proposed the best 
performer models.

A group of Chinese researchers demonstrated that, using chest 
CT scans, they were able to identify COVID-19, developing a 
three-dimensional deep learning framework [24].

Similar work was also performed by another group of scien-
tists using chest CT and several machine learning algorithms, 
of which multilayer perceptron appeared to be the best per-
former [25].

Methodology

Data Gathering
To compose the Massachusetts Institute of Technology (MIT) 
Open Voice data prepared for COVID-19 cough distinction cer-
tified by the MIT Committee on the Use of Humans as Experi-
mental Subjects Institutional Review Board, data collection was 
started with the contact of the website (opensigma.mit.edu) in 
April 2020 [26]. Ten test questions with multiple options for rec-
ognizing the disease, overview of the matter, and audio records 
of coughs changing in length were gathered from this site. 
Candidates found suspicious for the disease were asked if they 
felt fever, fatigue, sore throat or any problem in their respirato-
ry system, persistent chest pain or pressure, diarrhea, or cough-
ing. After the output was made anonymous, it was collected 
on reliable servers and specimens were registered in unzipped 
WAV format (16 kb bitrate, single channel, opus codec). Every 
COVID-19–positive sample in the dataset was utilized, and oc-
casionally, the same number of COVID-19–negative subjects 
were chosen for equality in ranges.

Preprocessing
The MIT COVID-19 data set was used to feed the model, which 
included cough sounds, gender, respiratory condition, fever, 
muscle pain, and COVID-19 status [15].

The cough sounds in the data set included initial sounds and 
gaps. As can be seen in Figure 1, there are gaps between 
sound recordings. In the preprocessing step, cough sound 
was cleaned using a filter that eliminates noise below 400 
MHz. Each sound file was sampled in the first 9 seconds af-
ter cough starts. Gaps were removed after filtering, as seen 
in Figure 2. Features were extracted from these files using 
the Mel-frequency cepstral coefficient, which is mostly used 
in audio recognition and modeling frequency content of the 
audio signal [27-29], and added other information related to 
sound files, such as gender, respiratory condition, fever, mus-
cle pain, and status. The data set has the following features: 
uuid, datetime, cough_detected, latitude, longitude, age, 
gender, respiratory_condition, fever_muscle_pain, status, 
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quality_1, cough_type_1, dyspnea_1, wheezing_1, stridor_1, 
choking_1, congestion_1, nothing_1, diagnosis_1, sever-
ity_1, quality_2, cough_type_2, dyspnea_2, wheezing_2, 

stridor_2, choking_2, congestion_2, nothing_2, diagnosis_2, 
severity_2, quality_3, dyspnea_3, wheezing_3, stridor_3, 
choking_3, congestion_3, nothing_3, cough_type_3, diagno-
sis_3, and severity_3. However, only four of these were used 
because of null values as a proposed model feature. To match 
features with audio files, uuid was used.

Modeling
A total of 822 recording samples were selected equally from 
healthy and COVID-19–infected groups. Each sample’s cough 
detected values were >80%, and these values were present in 
the data set. Figure 3 shows the steps taken when detecting 
deep learning–based cough.

Accuracy, precision, recall, and F1 scores were measured as 
shown below in equations (1)–(4), where TP is true positives, TN 
is true negatives, FP is false positives, and FN is false negatives.

Accuracy = (TP+TN)/(TP+TN+FN+FP) (1)

Precision = TP/(TP+FP) (2)

Recall = TP/(TP+FN) (3)

F1 = (2 x Precision x Recall)/(Precision+Recall) (4)

A deep learning model was created that had an input layer 
with 256 neurons, two fully connected hidden layers with 128 
and 64 neurons, and an output layer with 1 neuron. Relu was 
used as an activation function for all neurons except the output 
layer, where sigmoid was used instead of the softmax activa-
tion function because of the nature of the binary classification 
problem [30]. Relu function is given in equation (5), where z is 
the output of the neural network.

Relu(z) = max (0, z) (5)

Figure 1. Original cough signal

Figure 2. Filtered cough signal

Figure 3. Deep learning based cough detection model. MFCC, Mel-frequency cepstral coefficient
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Sigmoid function is shown in equation (6), where e is Euler’s 
number and z is the output of the neural network.

 (6)

For classification, binary cross-entropy is shown in equation (7),

BCE = -(ylog(p) + (1-y)log(1-p)) (7)

where y is the target label for the training example, p is hθ(x), 
hθ(x) is a model with neural network weights θ, and x is the in-
put for the training example.

The training part is used to deter probabilistic false negatives. For 
example, for a training example where the output is 1 and the 
model output is 0.55, probabilistic false negative is 45%, mean-
ing that the model has 45% confidence in the wrong result. As a 
result, this function penalizes the case 45% by value of -log(0.55) 
= 0.25. If the model output is 1, it is completely accurate for the 
given case, and function output is -log(1) = 0. The second term of 
the function is used for false positives with the same logic.

All methods were implemented on a computer with 16 GB of 
RAM, NVIDIA Cuda 1050TI GPU, and Intel i7 7700HQ CPU. There 
are six multiprocessors and 128 Cuda cores in each multipro-
cessor on NVIDIA 1050Ti. The method was implemented in Py-
thon Programming Language.

A total of 100 epochs were used for each training step. Table 1 
shows that 79% accuracy, 75% recall, 86% precision, and 80% 

F1 score were achieved. The output of the study is intended to 
be used for a mobile application. As seen in Figure 4, COVID-19 
cough detection can be made via a mobile application.

Conclusion

A public data set was used for data input from the opensigma.
mit.edu website. First, this data set was used for preprocessing. 
In the preprocessing stage, file conversion to wav, noise remov-
al from audio files, and feature selection process were complet-
ed. In the next stage, feature extraction and appropriate fea-
tures were selected. A deep learning classification algorithm 
was applied for selected and extracted negative and positive 
cough data. In the last stage, the improved AI model provided 
79% accuracy, 75% recall, 86% precision, and 80% F1 score.

An AI-based mobile application can be designed with this 
model to detect patients with COVID-19 by real-time cough 
measurement. In case of doubt, they will be able to do their 
own pretests. In this way, people with suspected illness will 
be able to do their own COVID-19 tests without leaving home. 
Conducting such a study reduces the time and cost spent for 
the COVID-19 test.

Cough is a symptom that occurs not only with coronavirus but 
also in other respiratory diseases, including cold, flu, pharyngi-
tis, bronchitis, and laryngitis. Because COVID-19 is present all 
over the world, we were able to access COVID-19 cough data. 
However, if data from other respiratory diseases are also ob-
tained, AI studies can be carried out for other respiratory dis-
eases. By presenting these studies on a single platform, differ-
ent types of respiratory diseases can be detected. In this way, 
a preliminary determination can be made before going to the 
hospital.
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