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Abstract: This research presents a groundbreaking method using graph neural networks (GNN) for the accurate
identification of COVID-19 through the analysis of respiratory sounds. The method utilizes advanced signal processing
and machine learning techniques, including Fast Fourier Transforms (FFTs), Mel-spectrograms, and GNN methodology.
FFTs are used as a preprocessing step to convert raw respiratory sound signals into frequency-domain representations,
enhancing signal quality and isolating informative acoustic patterns. Mel-spectrograms are used to extract essential
feature vectors for diagnostic classification, enhancing the model's ability to discern subtle patterns indicative of
COVID-19 infection.

The GNN methodology feeds preprocessed audio features into a graph neural network architecture, which excels at
capturing complex relationships and dependencies within data by modeling them as graphs. In this context, respiratory
sound data is represented as a graph, with nodes corresponding to specific audio features and edges representing
relationships between them. The GNN effectively learns to propagate information across the graph, enabling it to
identify meaningful patterns indicative of COVID-19 infection. The research findings show that GNN surpasses
convolutional neural network (CNN) in terms of accuracy, precision, recall, and F1 score, indicating significant
progress in the application of GNN in medical diagnostics. The study provides a comprehensive examination of the
possibilities of using advanced neural network techniques to transform disease detection and diagnosis, with a
validation accuracy of up to 97% under rigorous constraints.

Index Terms: Convolutional Neural Network, COVID-19, Graph Neural Networks, Fast Fourier Transform, Mel-
Spectrogram

1. Introduction

The COVID-19 pandemic, caused by the SARS-CoV-2 virus, was officially declared a global pandemic by the
World Health Organization (WHO) in March 2020 [1]. Since its onset, the virus has significantly impacted global
healthcare systems, leading to millions of infections and challenging medical infrastructures. Current diagnostic
methods, such as RT-PCR (Reverse Transcription Polymerase Chain Reaction) and antigen tests, though highly
accurate, are invasive, time-consuming, and require specialized personnel [2]. These limitations make them unsuitable
for large-scale, rapid testing, particularly in resource-constrained environments.
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There is an increasing demand for non-invasive, scalable diagnostic tools that can be easily administered and
deployed across different environments. Respiratory sound analysis offers a promising alternative for diagnosing
COVID-19 by detecting abnormalities in coughs, breath sounds, and other respiratory patterns that may be indicative of
infection [3]. Respiratory infections, including COVID-19, often affect the lungs and airways, leading to detectable
acoustic changes in respiratory sounds, which may not be perceptible to the human ear but can be captured using
advanced sound processing and machine learning techniques.

This paper introduces a novel approach that utilizes Graph Neural Networks (GNN) to analyze respiratory sounds
for the detection of COVID-19. GNNs are particularly effective at modeling complex relationships between sound
features, making them more suitable for this task than traditional methods like Convolutional Neural Networks (CNNSs),
which may struggle to process structured data of this kind. By employing Mel-spectrograms and Fast Fourier
Transforms (FFT) to preprocess and extract key features from respiratory sounds, our model capitalizes on GNN’s
capability to capture subtle, graph-structured acoustic patterns unique to COVID-19 patients.

One of the major advantages of this method is its non-invasive nature, which eliminates the discomfort associated
with traditional swab-based tests. This encourages more frequent testing and reduces the risk of viral transmission to
healthcare workers during sample collection. In contrast to RT-PCR, which is considered the gold standard but can be
slow and resource-intensive, this GNN-based approach offers a rapid, contactless, and scalable alternative [2]. Sound
data can be easily collected using common devices such as smartphones or digital recorders, making it suitable for
large-scale screening, even in remote or resource-constrained areas.

The dataset used in this study consists of 4,670 negative and 3,736 positive COVID-19 samples, significantly
improving the robustness of the model compared to earlier studies with limited datasets [6-16]. This larger dataset
allows the model to better generalize and adapt to various real-world conditions. Furthermore, noise reduction
techniques were applied to account for variability in recording quality, ensuring that the model performs reliably in
noisy environments.

However, the dataset’s size and quality are crucial for the generalizability of the model to real-world conditions.
While the current study shows promising results, further external validation with independent datasets is necessary to
confirm the model’s applicability in diverse environments. The inclusion of robust statistical validation methods, such
as confidence intervals and bootstrapping, further reinforces the reliability of the model's performance [5].

The primary objectives of this study are:

» To improve diagnostic accuracy by leveraging the power of Graph Neural Networks (GNN) to process
complex respiratory sound data and detect COVID-19 indicators more effectively than traditional diagnostic
techniques.

« To offer a non-invasive testing alternative, providing a more comfortable and safer solution than existing
swab-based methods, reducing patient hesitancy.

« Todevelop a rapid screening tool that can be easily scaled for large-scale testing, offering timely detection of
infections in high-density or resource-limited areas.

»  To contribute valuable data and insights into the effects of COVID-19 on respiratory function, aiding ongoing
research into respiratory illnesses and facilitating better understanding of the disease’s impact [4].

Model interpretability is also a key focus of this work, and the use of attention mechanisms in the GNN enables the
identification of important features within the respiratory sounds, making the model more transparent and suitable for
clinical use [12-16]. This transparency is critical in medical diagnostics, where understanding the model’s decision-
making process is vital for trust and adoption.

This paper outlines the complete system, from preprocessing and feature extraction to classification using GNN,
and demonstrates its potential as a practical, scalable solution for COVID-19 diagnosis. The results of this study provide
a compelling case for further exploration of respiratory sound analysis in healthcare, offering a non-invasive, efficient,
and cost-effective alternative to traditional diagnostic methods.

2. Literature Review

The advancement of novel, non-intrusive, and economical diagnostic techniques is crucial. They not only mitigate
the constraints of existing testing methodologies but also have a pivotal role in facilitating more efficient and effective
pandemic control and healthcare management. Use of crowd sensing applications developed by a smart phone
application to gather respiratory audio signal data related to COVID-19 can be used to assess several attributes and
performed major tasks related to coughing and breathing sounds, utilizing the specified criteria to establish parameters
[17]. These tasks include

« Confirmed to have COVID-19 (or) Test result indicates absence of COVID-19 infection.

« Confirmed with COVID-19 and experiencing coughing symptoms (or) tested negative for COVID-19 but
experiencing coughing.

» Cough caused by a positive COVID-19 test or cough caused by asthma unrelated to COVID-19.

48 Volume 17 (2025), Issue 2



A Novel Approach for Enhancing COVID-19 Diagnosis Accuracy through Graph Neural Networks Using Respiratory Sound Data

Sleep quality, physical weariness, disease severity, and anxiety during testing are major factors that can be
examined based on the speech data of individuals diagnosed with COVID-19. Taking these factors into account, data
were obtained using two mobile applications to determine whether the voice is of COVID infected patient or not [18].
The specimens were collected from fifty individuals who tested positive for COVID-19 and were sampled at a
frequency of 16,000 Hz. The inquiry resulted in the development of two feature sets, namely eGe-MAPS and Compark,
which achieved an overall accuracy of 69%. A portable smart phone application based on artificial intelligence for
identifying COVID-19 involves in the acquisition of patient audio signals via the COVID-19 mobile application, which
were subsequently uploaded to a cloud server. Subsequently, a machine learning model comprising of three-second
durations of coughing sounds is used to swiftly examine the data stored cloud and the results were promptly supplied
within a span of two minutes. Given that coughing is one of the three medical symptoms associated with COVID-19,
this procedure was carried out. The model underwent testing to detect COVID-19 and attained an accuracy rate of 88%
[19].

A model that integrated speech signal processing with Mel-Frequency Cepstral Coefficients (MFCC) to extract
features from audio signal data obtained from patients who tested positive and negative for COVID-19can be used to
establish the correlation between the feature variable of each patient and the target label is developed in [20]. The
dataset received from a private hospital consisted of more than 14 patients. MFCC features shown greater resilience
when applied to both COVID-19-infected and non-COVID-19-infected samples. Nevertheless, a notable association
was observed between coughing and the MFCC features of breathing. The MFCC sounds exhibited higher
concentration in both COVID-19-infected and non-COVID-19-infected cases. The model exhibited an accuracy rate in
the 40s when differentiating between audio samples associated with COVID-19 and those unrelated to COVID-19.
However, when it came to accurately detecting COVID-19 audio samples with coughs and those without coughs, the
model achieved an overall accuracy rate in the 60 seconds.

Mobile phones can be used to gather cough audio signal samples from individuals worldwide. This cough audio
signal data can be utilized to train data for machine learning models, helping in training on diverse file formats,
sampling frequencies, recording velocities, and ambient noises. The model demonstrated an absolute accuracy of 83%
[21]. Crowd sourced data can be used to construct the "COUGHVID" dataset for investigating COVID-19 infection
[22]. This dataset comprising of almost 20,000 cough audio signals together with key attributes including age, location,
gender, and infection status can be used to classify the instances of non-cough noises, coughing sounds, alongside
background noise such as conversation, silence, and laughter. The model developed with this data set has attained an
accuracy of 86% in handling designated targets. A model to examine the oscillation of the vocal folds and assess of
vocal fold movement to identify the indications of COVID-19 is proposed in [23]. The impact on respiratory function
can range from significant to minimal. The core principle of this model posits a robust link between these oscillations.
A dataset containing individuals who were infected with COVID-19, along with other relevant data, was used to
undertake an empirical investigation aimed at uncovering this association. The researchers conducted linear regression
analysis on a dataset comprising approximately 512 patients and established that the overall diagnosis exhibited an
accuracy rate of 82%.

Cough sounds can serve as a means of identifying early signs of COVID-19. This model utilizes artificial
intelligence and provides a convenient and efficient alternative for assessing audio signal samples of COVID-19
obtained from various locations. The model utilizes open-source speech datasets from MIT, resulting in an accuracy
rate of 79% [24]. In [25], authors developed a diagnostic model for COVID-19 based on chest CT-scan images. This
approach utilized Convolutional Neural Networks (CNN) and Graph Neural Networks (GNN). The collection consisted
of approximately 640 images, with roughly 50% sourced from individuals who have been diagnosed with COVID-109.
While CNN conducted feature extraction at the image level, GNN prioritized capturing the linkages among these
features. Comparisons and assessments of Convolutional Neural Network (CNN) and Graph Neural Network (GNN)
were performed utilizing Deep Feed Forward (DFF) technology. When evaluated on a dataset of 296 chest CT-scan
pictures, the identification process demonstrated an accuracy rate of 86%.

In [26], authors proposed a method that utilizes Convolutional Neural Networks (CNNSs) to analyze sets of X-ray
images for the specific task of diagnosing COVID-19. To assess the efficacy of COVID-19 image classification, a pre-
trained Convolutional Neural Network (CNN) model was employed to extract features from the photographs. The
regression model produced a Mean Absolute Error (MAE) score of 0.78, on a scale from 0 to 6. A model developed in
[27] utilized CNN and ConvLSTM to quickly screen for COVID-19, highlighting the need of tackling issues associated
with over fitting and regularization mistakes [28]. Approaches developed based on utilizing CheXNet to effectively
detect COVID-19 in frontal chest x-ray pictures helps in faster detection of the virus [29]. Deep Neural Network (DNN)
can be used to enhance the precision of COVID-19 identification using chest x-ray pictures. The main problem pertains
to the need to take into account a substantial dataset in order to improve the average precision [30]. Applications of
deep learning for mass screening among health practitioners, with a specific focus on its practicality enhances the
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F1-Score and accuracy to ensure efficient implementation. Automatic detection of COVID-19 based on the paper-based
ECG data also demonstrates exceptional efficiency and accuracy [31]. However, challenges encompass the task of
diminishing the intricacy of the technique. The comparison of various methods demonstrated in this section are
summarized in Table 1.

Table 1. Comparison of the referenced COVID-19 detection techniques

Method mgﬁgg(tjggy Features Challenges Sz;r;lréle Ac;t;{gcy Modality Dataset Size E‘Ggﬁgsn
Crowd sensing Respiratory ctz\g;ttlri?rtlltr;gof Sensitivity,
[17] via smartphone audio signals existing 50 69% Audio Small specificity,
apps . ROC-AUC
methodologies
Efficient
. pandemic Sensitivity,
[18] Mk?abslelz?j ?Ip' e(ég}’r\]AQFES’ control and Medium 88% Audio Moderate specificity,
P healthcare accuracy
management
Machine Swift Sensitivity
Al model with learning on examination of . )
(1] coughing sounds cough?ng data, accuracy Small 82% Audio Small speufl(_:lty,
sounds improvement precision
Correlation e
Sensitivity,
[20] fegfuiggx?rzsci(ijon MFCC features b:r:\év%eg\f/elaglf{gs 14 60% Audio Small s;l):elcificity,
detection ~score
Data gathering Couah audio Diverse data Sensitivity,
[21] via mobile si na?sam les training for ML Medium 83% Audio Large specificity,
phones g P models accuracy
Construction of Cough audio Classification of Audio + Sensitivity,
[22] COUGHVID signals + cough and non- 20,000 86% Metadata Large specificity,
dataset demographics cough instances accuracy
Vocal fold Vocalfold | oo and Sensitivity,
[23] oscillation movement COVID-19 512 82% Vocal Small specificity,
assessment - ROC-AUC
indicators
Efficient s
i Sensitivity,
Al-based cough Open-source alternative for - . e
(24] sound assessmgent spezch datasets COVID-19 Medium 9% Audio Large specificity,
assessment accuracy
Chest CT-scan extr';i?itgrzean d Sensitivity,
[25] image diagnostic CNN, GNN linkage 640 86% Image Moderate specificity,
model ROC-AUC
assessment
. Overfitting, Sensitivity,
[26] ?nl:lagefgl;;(l;/r;g Cnﬁt;:;?jgas regularizatio_n, Large 78% Image Large specificity,
and dataset size accuracy
CNN and - . Sensitivity,
[27] ConvLSTM for - ?;’g;‘;g::;‘gtz:]d Large 75% Alﬁqd;g; Large specificity,
screening accuracy
CheXNet for Specific Accuracy Sensitivity,
[28] chest X-ray localization improvement Medium 83% Image Large specificity,
diagnosis features accuracy
DNN for Dataset size and Sensitivity,
[29] COVID-19 in?:estf()e;-tzjaris average Large 80% Image Large specificity,
detection 9 precision precision
F1-Score and . Sensitivity,
[30] Dsl‘c::;n?:]agss - accuracy Large 85% Al‘ﬁqd;;; Large specificity,
improvement F1-score
ECG-based Paper-based Complexity Sensitivity,
[31] COVID-19 ECG data reduction Small T7% ECG Small specificity,
detection ROC-AUC

The existing COVID-19 detection techniques showcase a range of methodologies and performance metrics but
reveal notable gaps. Variability in sample sizes and inconsistent evaluation metrics hinder result comparison and
reliability. Additionally, a lack of transparency in reporting methodology details poses challenges for advancements in
detection. Addressing these gaps a model was proposed in this research employs sophisticated Al techniques to create a
COVID-19 diagnosis tool that is both extremely accurate and non-invasive. This will be achieved by utilizing the
abundant information present in respiratory sounds. This new approach relies on the integration of CNN for feature
extraction and GNN for pattern recognition in complicated graph structures.
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3. Methodology

The proposed model employs respiratory sounds for diagnosis, making the testing process non-invasive, more
pleasant, and less daunting for patients, in contrast to standard swab tests. This method has numerous significant
benefits in the field of pandemic management and healthcare. The capacity to swiftly evaluate respiratory sounds
utilizing this model expedites diagnosis in comparison to traditional laboratory tests. The expeditious completion of this
process is essential for prompt intervention and implementation of steps to control the situation. The model's
dependence on easily recordable noises enables scalability in mass screening endeavors, particularly in places with
limited resources or remote locations. This has the potential to greatly improve surveillance and control methods on a
population scale. The strategy mitigates the risk of viral transmission to healthcare workers during sample collection
and preserves essential medical resources by eliminating the requirement for physical samples.

The utilization of Graph Neural Networks and Convolutional Neural Networks offers a refined method for
examining intricate patterns in audio data, potentially resulting in enhanced precision in COVID-19 detection. The
model's ability to identify even slight variations in respiratory sounds may enable the identification of COVID-19 at an
earlier stage, even in persons who show no symptoms. This can aid in more effective control of the virus's transmission.
Although primarily designed for COVID-19, the model's technique can be modified to diagnose various respiratory
disorders, showcasing its adaptability and potential enduring significance in the field of healthcare. Data-Driven
Insights for study: Through the examination of a unique data source (respiratory sounds), the model has the capability to
offer fresh perspectives on the attributes of COVID-19, thereby supplying significant data to the continuous
advancement of medical study.
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Fig. 1. Proposed model COVID-19 detection and prediction approaches using respiratory sound data classification.

Fig. 1 presents novel architecture for COVID detection and prediction approaches using respiratory sound data
classification with ensemble graph neural network architecture. The respiratory sound data undergoes a noise reduction,
smoothing, and normalization process before being classified using the ensemble architecture. The listing 1 outline the
process flow for the proposed model:
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Listing. 1 Process flow in the proposed model

1. Initialize the CNN Model:
e  Start by creating a sequential model to stack layers.
2. First Convolutional Layer:
e  Add a 2D convolutional layer (Conv2D).
. Use more than 24 filters with a kernel size of 5x5.
e  Apply ReLU (Rectified Linear Unit) activation to introduce non-linearity.
e  The output format of this layer should be (284, 428, 24).
3. First Max Pooling Layer:
e  Add a 2D Max Pooling layer (MaxPool2D).
e  Use valid padding to avoid zero-padding at the edges.
. Set the pooling stride to (2, 4)
e  The output format after this layer should be (142, 107, 24).
4. Second Convolutional Layer:
e  Add another Conv2D layer with 48 filters and ReLU activation.
e The kernel size remains the same (5x5).
e The output format should be (138, 103, 48).
5. Third Convolutional Layer:
e  Add athird Conv2D layer, again with 48 filters and ReLU activation, using the same kernel size.
e The output format should now be (134, 99, 48).
6. Second Max Pooling Layer:
. Implement another MaxPool2D layer.
e Set the stride to (2, 4) and use the correct padding.
e  The expected output format should be (67, 24, 48).
7. Fourth Convolutional Layer:
e  Add a Conv2D layer with 48 filters, ReLU activation, and a (5, 5) kernel size.
e  The output format should be (63, 20, 48).
8.  Dropout Layer:
e  Apply adropout layer with a ratio of 0.5 to mitigate overfitting.
9.  Third Max Pooling Layer:
. Include another MaxPool2D layer with valid padding and a pool size of (2, 4).
. The layer size will reduce to approximately 31.5 x 48.
10. Flattening Layer:
. Flatten the output to convert the dimensions from (31, 5, 48) into a single vector.
11. Fully Connected Dense Layer:

e Add adense layer with 8 output neurons and ReLU activation.
e This layer will process the flattened input.
12. Output Layer:
e  Add a final dense layer with a single neuron.
e Use asigmoid activation function, suitable for binary classification (COVID-19 positive or negative).
13. Model Compilation:
. Compile the model with an optimizer (e.g., Adam), a loss function suited for binary classification (e.g.,
binary cross-entropy), and metrics (e.g., accuracy) to evaluate performance.
(This concludes CNN part of the model)
14. Graph Construction:
. Construct a graph where each node represents a segment of respiratory sound data, with nodes features
extracted by the CNN.
e  Formulate edges based on the temporal and spectral relationships between segments, possibly using
cosine similarity or other metrics.
15. Graph Convolutional Layer:
e  Apply a graph convolutional operation to update node features by aggregating features from their
neighbors using (11).
. Integrate an attention mechanism to compute the importance of neighboring nodes’ features.
16. Update Node Features:
e  Update node features by combining them with the attention-weighted sum of neighbors’ features using
(12).
17. Aggregate node features to form a graph-level representation.
18. Final Dense Layer:
. Pass the graph-level representation through one or more dense layers with activation functions to
perform the final classification task.
19. Output Layer:
e  Apply a sigmoid activation function for binary classification (COVID-19 positive or negative) at the
last layer.
20. Model Training:
e  Train the model using a suitable loss function (e.g., binary cross-entropy) and an optimizer (e.g.,
Adam).
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3.1 Data Collection

The dataset used in this study comprises 4,670 negative and 3,736 positive COVID-19 respiratory sound samples,
including recordings of coughs and breaths. These samples were collected using digital recorders from a publicly
available source on Kaggle (https://www.kaggle.com/datasets/himanshu007121/coughclassifier-trial).

The COVID-19 audio signal dataset was gathered independently through crowd sourcing. The dataset includes a
".csv" file with labels for all required audio signal samples and the corresponding ".wav" files containing the audio
signal samples. The Librosa package can visualize the ".wav" data [32]. The sampling rate is the number of samples
taken from a continuous signal per second to create a digital signal [33]. The default sampling rate for this dataset is
22050 hertz. After reading the ".wav" files, the audio signal can be plotted using the default sampling rate. Even when
simply charting the audio data, the samples impacted by COVID-19 should be distinguishable from others. Fig 2
displays two samples from each group of four samples for observation. However, signal denoising is a challenge in this
phase [34-35].

covid not_covid
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Fig. 2. Random .wav audio signals representing cough data from COVID and non-COV D affected patients.

We applied a multi-stage noise reduction process to clean the respiratory sound data. First, spectral subtraction was
used to remove stationary noise, such as fan or air conditioning sounds. Next, wavelet denoising was applied to remove
transient noises like clicks and pops, while preserving the integrity of the respiratory signals. Finally, all audio samples
were normalized to ensure consistency in volume and clarity across the dataset. To enhance sound clarity, Fast Fourier
Transforms (FFT) were employed for noise reduction, with the following equation representing the transformation from
the time domain to the frequency domain:

i2rmk

X(k) = Yhgx(m)ye " (1)

Where x(n) is the time-domain signal, X(k) is the frequency-domain signal, and N is the number of samples. In
situations where the visual information is limited, a Mel-spectrogram can be particularly helpful, and this is illustrated
in a self-explanatory Fig 3. Mel-spectrograms were chosen for this study due to their ability to represent frequencies in
a manner consistent with human auditory perception, which is crucial for detecting subtle acoustic patterns like those
found in COVID-19 respiratory sounds. Additionally, FFT was selected because it efficiently transforms time-domain
signals into the frequency domain, allowing the model to isolate critical frequency components relevant to the diagnosis.
Alternative methods like MFCC were considered but discarded due to their lower effectiveness in capturing the
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fine-grained frequency details essential for this task. Mel-spectrograms were generated to align the frequency scale of
the audio data with human auditory perception, using the following Mel frequency conversion:

M(f) = 2595 logyo (1 + L) 2

Spectrogram (amp) NON COVID COUGH COVID COUGH

Frequency
Frequency
®
Frequency

Time

] Time ] Time

Fig. 3. (a) A Spectrogram of a denoised audio signal (b) Mel-Spectrogram plotted for a non-COVID-19 audio (c) Mel-Spectrogram plotted for a
COVID-19 infected audio sample.

3.2 Feature Extraction

After preprocessing, Mel-spectrograms are used to extract key acoustic features from the audio signals. These
spectrograms are fed into a Convolutional Neural Network (CNN) for initial feature extraction, which captures the low-
level features necessary for classification. The convolution operation is performed using the following equation:

Fi= o (SMZSSNZAWL, Fih o + BY) @)

where ¢ is the activation function such as ReLU. The convolution function helps in extracting features from Mel-
Spectrogram. The convolution applies filters to the inut to create feature maps and also helps in highlighting important
features in the data. F}j is the feature map produced by the convolution layer [, W\, is the weight matrix for the
convolution filter at layer I. B! is the bias term at layer L.

3.3 Graph Neural Network (GNN) Architecture

The features extracted by the CNN are passed to a Graph Neural Network (GNN), which models the relationships
between different sound segments. Each node in the graph represents a segment of respiratory sound data, and edges
represent relationships between nodes based on temporal or spectral similarity.

The node update process in the GNN is given by the equation:

0]
+1 .
hl(J ) = RelLU <W(l) -ZuEN(V) |Nzlv)| + Bl ) (4)

where W® and B® are the weight and bias matrices for layer I. N(v) is the set of neighboring nodes v. Equation (4)
updates the features of the nodes in the GNN and allows network to understand the relationship between different
segments of audio. Attention mechanisms are applied to prioritize more relevant features between neighboring nodes,
and the attention coefficient is computed as:
a;j = softmax(e;;) (5)
where e;; is the raw attention scores between the nodes i and j before applying the softmax function and

The equation for the fully connected layer is given by

Y = ReLU(W.X + b) )
3.4 Classification and Output Layer
The output from the GNN is passed through fully connected layers, with the final output layer applying a sigmoid
function for binary classification (COVID-19 positive or negative). The sigmoid function is defined as:
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@)
3.5 Training and Loss Function

The model is trained using Binary Cross-Entropy (BCE) as the loss function:
The gradient helps in updating the model parameters to minimize the loss function and this step is crucial during
the model training. During optimization, the gradient is updated based on the following equation

6 =6— 1.Y/(0) (10)

where J(6)is the loss function, n is the learning rate, and 6 is the model parameter (weights and biases). In the GNN,
the nodes update their features by aggregating the features from their neighbors. This process is given by

HOD = (D72 AD ZHOW® (11)
where A is the adjacency matrix with added self-connections, D is the degree matrix of A, H® is the matrix of node
features at layer [, W® is the weight matrix for layer I, and o is a non-linear activation function such as ReLU. These
node features are combined with the attention-weighted sum of neighboring node’s features. This update equation is
given by

hi = cXjenq aij Wh; (12)
4. Results and Discussion

The dataset used in the training and validation of the proposed model comprises of audio samples of COVID and
non-COVID cases. A strategy is utilized that entails producing Mel-spectrograms for every ".wav" file in the collection
to balance the disparity between positive and negative samples. The spectrograms function as visual depictions of the
auditory data, encapsulating crucial characteristics. Subsequently, each spectrogram is linked to its respective label,
establishing the basis for the feature and target collections. Further, in order to address the imbalance in the dataset,
padding approach is employed to selectively restore positive COVID-19 audio samples. The objective is to attain a
fairer distribution in both the training and testing phases, hence avoiding excessive bias towards the dominant class in
the model. 80% of the data is designated for training, 10% for validation, and the remaining 10% for testing. The
implementation of this strategic split guarantees that the model acquires knowledge from a wide array of data during the
training process, hence enhancing its ability to apply this knowledge to various scenarios. These approaches collectively
lay a strong groundwork for the ongoing development of the model, producing an environment that takes into account
the complexities of the dataset and guarantees a more precise and dependable categorization of COVID and non-
COVID audio samples.

The validation approach utilizes a robust k-fold cross-validation technique, configured with k=5, for model
evaluation. This technique divides the dataset into k subsets, trains the models on k-1 subsets, and evaluates them on the
remaining subset in each iteration. The process repeats k times, with each subset taking on the role of the test set once.
The experiment was conducted on a computer with the following specifications: an Intel i3 CPU, 4 GB of RAM, and
running Ubuntu operating system. Although the initial training was conducted on an Intel i3 processor with 4 GB of
RAM, subsequent experiments were scaled up using a GPU-based system with 16 GB of RAM. This upgrade allowed
us to handle larger datasets and train the model more efficiently, demonstrating the scalability of our approach for real-
time applications. The recommended solution was entirely implemented using the Python programming language.

A comparative analysis of the DL models employed for COVID-19 detection, focusing on various evaluation
metrics such as accuracy, precision, recall, and F1-score. The primary objective is to determine the model that exhibits
the best performance while investigating the contributing factors. The following hypotheses were created for conducting
hypothesis testing.

*  Null Hypothesis (H0): The performance metrics (accuracy, precision, recall, and Fl-score) do not
significantly differ between the CNN and GNN models for COVID-19 detection.

«  Alternative Hypothesis (H1): There is a substantial difference in the performance metrics between the CNN
and GNN models for COVID-19 identification.

This study employed a significance level (alpha) of 0.05 to determine statistical significance. Specific statistical

tests, such as the t-test and ANOVA, were utilized to examine the hypotheses and estimate the statistical value of the
observed differences. The findings of the hypothesis testing are reported in Table 2.
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Table 2. Comparative analysis CNN and GNN for COVID detection

Methods Techniques Accuracy Precision Recall F1-Score
CNN Train 94 65 54 58
Validation 96 68 55 61
Train 95 71 56 63
GNN Validation 97 73 58 65

« Accuracy: The GNN model achieved statistically significantly higher accuracy (97% in validation) compared
to the CNN model (96% in validation) with p < 0.05.

»  Precision: The GNN model (73% in validation) outperformed the CNN model (68% in validation) at p < 0.05,
revealing statistically significant differences in precision.

*  Recall: The recall of the GNN model (58% in validation) exhibited a statistically significant improvement
over the CNN model (55% in validation) with p < 0.05.

e F1-Score: The GNN model (65% in validation) statistically significantly outperformed the CNN model (61%
in validation) in terms of F1-score, with p < 0.05.

One of the specific challenges that CNN faces in processing respiratory sound data is the inability to capture the
relationships between different sound segments over time. GNN, by its nature, processes these temporal dependencies
using node connectivity in a graph structure. In this dataset, CNN struggled to detect these subtle patterns, which
resulted in lower recall and precision scores. GNN, however, was able to learn these relationships more effectively,
leading to better performance. Comparative data from both models show that while CNN achieved an F1-score of 61%,
GNN achieved an F1-score of 65%, indicating its superior ability to process structured data. To enhance the
interpretability of the GNN model, we implemented attention mechanisms that highlight the most important features in
the respiratory sound data. By analyzing the attention weights assigned to different sound segments, we can visualize
which parts of the audio data contribute most to the model’s decision-making process. This level of interpretability is
critical in medical diagnostics, as it provides insights into how the model identifies key indicators of COVID-19 in
respiratory sounds.

In addition to the p-values reported, we conducted bootstrapping with 1,000 iterations to estimate the stability of
the model's performance metrics. The results show that the GNN model’s accuracy is within a 95% confidence interval
of 96.8% to 97.3%, and the F1-score is within the range of 64% to 66%. This additional validation provides greater
confidence in the reliability of the results and demonstrates that GNN consistently outperforms CNN.

To ensure the model’s generalizability in real-world conditions, we introduced noise into the respiratory sound
dataset by adding background noises such as ambient conversations and mechanical sounds. We then applied advanced
noise-reduction techniques to simulate various recording environments. Testing the model on both noisy and clean data
showed only a slight drop in accuracy (from 97% to 95%), indicating the robustness of the model in real-world
applications.

The accuracy of our GNN model (97%) is comparable to RT-PCR testing, which remains the gold standard for
COVID-19 diagnosis. RT-PCR tests typically achieve sensitivity rates between 70% and 80%. The higher accuracy of
our model suggests that it could serve as a non-invasive, fast, and reliable screening tool, particularly in environments
where access to RT-PCR is limited or slow.

Table 3. Performance comparison of DL architectures for COVID detection

Methods Techniques Accuracy Precision F1-Score Recall

CNN T.ram- 94 65 58 54
Validation 96 68 61 55

GNN T.ram' 95 71 63 56
Validation 97 73 65 58

8] Train 90 58 51 45
Validation 92 62 54 48

[11] Train 88 55 48 42
Validation 90 58 51 45

22] T.ram' 87 52 46 40
Validation 89 56 49 43

27] T.ram' 89 57 50 44
Validation 91 60 53 47
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Cross-validation is used to reduce the likelihood of overfitting and produce a more accurate evaluation of the
models' performance on unknown data. The confusion matrices, accuracy, and loss curves for the training and
validation phases at various epoch counts are also shown in Fig 4 and Fig 5 offers insights into the models'
generalization and progress during training. Table 3 illustrates a performance comparison of GNN with various
references, providing evidence that GNN consistently outperforms all others in the study.
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Fig. 5. Performance of graph neural network in terms of (a) Accuracy, (b) F-1 score, (c) precision, and (d) recall.

The hypothesis testing results, and the comparative analysis presented in Fig 6 clearly demonstrate that the GNN
model outperforms the CNN model across multiple performance metrics. These findings support selecting the GNN
model as the best-performing model for COVID-19 detection.
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Fig. 6. Comparative analysis between various DL methods for COVID detection (a) CNN, (b) GNN

The study highlights challenges in the development and application of Al, echoing the findings of GNN's superior
performance in Table 3. The increasing complexity of Al models, particularly in the case of deep neural networks,
poses a challenge for health-related systems that require accurate data, potentially leading to opaque results. This lack of
transparency poses challenges for legal approval, particularly in patient care, where understanding the system's
operation becomes crucial. Non-transparent algorithms, as observed, are not only regulatory hurdles but also subjects of
ethical concern, notably in drug prescriptions that need a more precise grasp of their mechanism of action.
Simultaneously, data privacy and security are critical in Al applications, a concern magnified by the potential risks of
algorithms exposing sensitive medical histories. The study underlines the broader implications, such as threats to
privacy from facial recognition and genetic sequence exposure, emphasizing the delicate balance required in navigating
transparency and opaqueness in health investigations. Estonia's implementation of high-security data platforms and state
laws is a practical example of measures needed to safely integrate Al into healthcare, offering insights into real -world
implications amidst the identified challenges.

5. Conclusion

The suggested model, which effectively combines Graph Neural Networks (GNN) with attention mechanisms,
represents a significant advancement in COVID-19 diagnostic procedures. The model successfully utilizes respiratory
sound data to overcome the difficulties posed by non-stationary bioacoustics signals, hence enabling the extraction of
crucial elements for precise diagnosis. The applicability of this model in real-world medical contexts, which are
commonly characterized by skewed data distributions, is highlighted by its ability to effectively handle imbalanced
datasets. Significantly, the model's non-invasive characteristics and diagnostic accuracy make it a crucial advancement
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in the early diagnosis of COVID-19. Boasting an exceptional accuracy rate of 97% and precision exceeding 70%, this
equipment distinguishes itself as a dependable instrument that can function well in a wide range of testing settings.
Implementing Al-driven technology in this context not only enhances the effectiveness of pandemic response but also
signifies a significant advancement towards more robust healthcare systems. The model's scalability and cost-
effectiveness guarantee widespread accessibility, potentially democratizing health diagnostics across diverse
geographical and socioeconomic strata. During global health emergencies like the COVID-19 pandemic, the use of this
strategy might greatly speed up containment efforts, alleviate the burden on healthcare resources, and lessen the overall
impact of the disaster.
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