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A B S T R A C T

This paper investigates a novel graph-based representation of sound waves inspired by the physical phe-
nomenon of correlated vibrations. We propose a Wave2Graph framework for integrating multiple acoustic
representations, including the spectrum of frequencies and correlations, into various neural computing
architectures to achieve new state-of-the-art performances in sound classification. The capability and reliability
of our end-to-end framework are evidently demonstrated in voice pathology for low-cost and non-invasive
mass-screening of medical conditions, including respiratory illnesses and Alzheimer’s Dementia. We conduct
extensive experiments on multiple public benchmark datasets (ICBHI and ADReSSo) and our real-world
dataset (IJSound: Respiratory disease detection using coughs and breaths). Wave2Graph framework consistently
outperforms previous state-of-the-art methods with a large magnitude, up to 7.65% improvement, promising
the usefulness of graph-based representation in signal processing and machine learning.
1. Introduction

In nature, sounds are produced by the vibrations of multiple phys-
ical objects, creating unique characteristics perceivable to humans or
animals. Therefore, in the digital era, the mathematical representa-
tions of sounds such as Mel frequency spectral coefficients (MFCCs)
or Mel-scaled spectrograms (Mel-Spectrogram) have been extensively
investigated for various downstream tasks in signal processing and
machine learning (Tang et al., 2021; Madanian et al., 2023). These
transformations have shown their advantages in providing more use-
ful information in both the time and frequency domains for various
downstream tasks, including sound classification and voice generation.
Nevertheless, conventional methods (e.g., Holi et al., 2013; Sharma
et al., 2022; Mahanta et al., 2021) typically adopt these 2D representa-
tions as is, neglecting the underlying information regarding multiple
vibrations co-occurring, which may reveal fine-grain signals of ob-
jects’ structures and conditions along the sound pathway for machine
learning. For instance, in voice pathology, human sounds are gener-
ated by vibrations traveling through internal organs (e.g., lung and
throat) that co-operate, creating correlation patterns between sources.
These sound correlation patterns may be beneficial as indicators of
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medical conditions or symptoms in detecting illnesses and other ap-
plications (Al-nasheri et al., 2017; Lv et al., 2021). To this end, we
propose a novel approach to learning spectral features and correlations
which is capable of extending the boundaries of existing sound classifi-
cation methods and, in particular, voice pathology detection for better
understanding and performance of acoustic waves.

In detail, Fig. 1 illustrates the differences in human coughs between
COVID-19 and non-COVID-19 sound samples using various represen-
tations. The figure shows how MFCC or Mel-Spectrogram features
can distinguish between positive and negative COVID-19 cases, in
which temporal and spatial trends are observable (e.g., cough lengths,
strengths and gaps). These features have been explored with convolu-
tional neural network-based (CNN-based) models (He et al., 2016) to
achieve the current state-of-the-art performance (Imran et al., 2020;
Fakhry et al., 2021; Ding et al., 2021). Apart from them, we dis-
cover non-linear patterns in cepstral correlations beyond the temporal
and spatial perspectives of the differences between disease-related and
healthy cases. The correlations of MFCC or Mel coefficients can be
seen to vary over time or between different frame-windows, explaining
the disease pathology. For example, in the time range from 50 to 125
of the MFCC feature or in frames 50 to 125 of the Mel-Spectrogram
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Fig. 1. Visualizations of human coughs in Waveform, MFCC, Mel-Spectrogram and Correlation representations. The first row shows the features of a positive case, whereas the
second row is that of a negative case for COVID-19.
feature, the green color pattern is closer for the positive case than for
the negative case. The negative case has a simpler pattern than the
positive case, and the correlation of cepstral coefficient 3 with 4, 5, 6,
and 7 is higher for the negative case than for the positive case. MFCC
or Mel-Spectrogram representations capture the local patterns of sound
in time or frequency domains, but they are not capable of capturing
the long-range correlations between different parts of the spectrum.
For example, the 3rd cepstral coefficient may be strongly related to the
4, 5, 6, and 7th coefficients, but not to the 0 or 11th coefficients. In
spectrograms, CNNs are capable of learning these local patterns well
by using convolution filters, but not the long-range dependencies. The
local patterns of sound contain noises and reduce the quality of fea-
tures. Thus, the use of a correlation-based presentation can be useful to
overcome this issue by employing graph structures that connect distant
nodes in the spectrum. Based on these analyses, we propose a novel
enhanced graph representation of audio signals. To learn about this
type of representation, we investigate graph neural networks (GNNs)
to capture the relationships between spectral features as a continuous
adjacency matrix. We present Wave2Graph, a novel method capable of
learning potent signals from graph-structured representations of sound
waves.

To the best of our knowledge, our proposed approach is one of
the foundational works that enable the conversion from waveform to
a novel graph representation based on the sound frequency spectrum.
The graph representation is straightforward and yet extremely help-
ful as input to a variety of network architectures, especially GNNs.
More importantly, we also integrate all temporal, spatial and graph
representations into an end-to-end framework. This framework enables
neural computing models to process diverse sound signals, where the
correlation of frequency coefficients enriches the original signal and
enhances the performance of earlier and state-of-the-art approaches.

Our key contributions are summarized as follows:

• We propose a method for converting sound signals to graph
representation that combines frequency spectrum and correlation.
This novel graph representation allows for the use of graph neu-
ral networks to strengthen the classification method for sound
classification and overcome the limitations of state-of-the-art ap-
proaches.

• We introduce an end-to-end framework named Wave2Graph, to
handle and demonstrate the integration of temporal, spatial and
graph representations for automatic detection tasks across a range
of healthcare contexts and diseases, including respiratory ill-
nesses, Dementia, and COVID-19.
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• We carry out extensive experiments to prove Wave2Graph en-
hances the performance on the sound tasks - i.e., respiratory
illnesses classification, Dementia detection, and COVID-19 de-
tection. Particularly, our method achieves better performance
than approaches claimed SoTA on ADDReSSo and ICBHI dataset,
with a large gap in benchmarking metrics, up to ▴7.65% of
improvements.

• We also show Wave2Graph works well when combined with other
modalities. Even in a multi-modal setting, where signals from
multiple domains are leveraged with high accuracy, Wave2Graph
still provides a beneficial impact on the final model’s performance
across all metrics. This shows that our method can provide useful
signals for fusion tasks or multi-modal learning.

Our source codes and documentation are made publicly available
at https://github.com/ReML-AI/Wave2Graph for future research and
benchmarking purposes.

2. Related work

In this Section, we survey existing methods related to our works and
summarize their strengths and weaknesses.

2.1. Representation learning for voice pathology detection

Representation learning in sound refers to the process of learn-
ing a compact and meaningful representation of sound signals that
can be used for various tasks. The task of automatic screening and
diagnosing various respiratory diseases has seen a large amount of ma-
chine learning and deep learning-centric approaches. Jin et al. (2014)
proposed feature extraction methods based on instantaneous kurtosis,
discriminating function, and histogram distortion of sample entropy
applied to respiratory sound classification. Yadav et al. (2021) built
a cardiovascular disease diagnosis system from heartbeat sound by
initial spectrograms in the form of images extracted from phonocar-
diogram sound and feeding into Regularized Convolutional Neural
Network. Pham et al. (2022) and Moummad and Farrugia (2023)
applied on both Mel-scaled spectrograms with data augmentation meth-
ods before feeding into back-end deep learning models for classifying
respiratory cycles into certain categories. For COVID-19 cough classifi-
cation, the dominant deep learning architecture used is Convolutional
Neural Network. Transferring the knowledge from Computer Vision,

https://github.com/ReML-AI/Wave2Graph
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Table 1
Comparison among existing methods and our proposed method.

Literature Features Augmentation Spectral correlation Classifier

Jin et al. (2014) Kurtosis, entropy ✗ ✗ SVM
Yadav et al. (2021) Mel-spectrogram ✗ ✗ CNN
Pham et al. (2022) Mel-spectrogram ✓ ✗ CNN
Fakhry et al. (2021) Mel-spectrogram, Metadata ✓ ✗ CNN
Pappagari et al. (2021) ASR embeddings, BERT ✗ ✗ Logistic regression
Perna and Tagarelli (2019) MFCC ✗ ✗ RNN
Ying et al. (2022) Wav2vec 2.0 + OpenSmile ✗ ✗ SVM
Moummad and Farrugia (2023) Mel-spectrogram ✓ ✗ CNN
Lang et al. (2020) Statistical feature ✗ ✗ Graph-based OCSVM
Shirian et al. (2022) Low level descriptors, MFCCs ✗ ✗ GNN
Wave2Graph (OURS) MFCC, Mel-spectrogram, Correlation ✗ ✓ CNN, GNN
b

typical CNNs such as ResNet are applied directly to 2D matrix rep-
resentation of original cough signals obtained through pre-processing
techniques, such as Mel Frequency Cepstral Coefficients (MFCCs) or
Mel-scaled spectrogram. Related metadata (e.g., other health-related
issues, sex, age, or hand-crafted features) are also used in parallel
with the cough signals in Fakhry et al. (2021). To detect Alzheimer’s
disease, Pappagari et al. (2021) and Ying et al. (2022) combined
various acoustic and linguistic models. The authors suggested that
acoustic models can provide better results than linguistic models in
certain circumstances due to errors in automatic speech recognition
transcription.

Concurrently, instead of 2D matrix representation, cough signal can
be viewed as a type of temporal sequence data, which Recurrent Neural
Network and its variants Long Short Term Memory networks, Gated Re-
current Units, are designed for modeling the recurrence relationships.
With this intuition, Perna and Tagarelli (2019) leverage LSTM-based
methods to support the clinician in detecting respiratory diseases, at
either level of abnormal sounds or pathology classes.

Table 1 summarizes the main differences between previous works
in comparison to ours. In detail, our work differs from the above ap-
proaches in the way we handle input data. To be more specific, instead
of transforming sound signals to other types of features used in architec-
tures that are well-known for other data domains, we hypothesized that
important information in sound signals, the correlation information, is
not yet explored. Therefore, we propose to leverage this information
for training to detect respiratory diseases. We perform experiments on
multiple different architectures and propose Wave2Graph which is a
graph neural network-based architecture specifically built for sound
signals. We also proposed a method to convert all waveform data to
graph data incorporating correlation information.

2.2. Graph learning

Graph learning, in particular graph neural networks (Scarselli et al.,
2009; Zhou et al., 2020), is a general term for machine learning on
graphs. It aims to extract the desired features from graphs, including
node features and edge features, or adjacency matrix between nodes.
The features of graphs are projected to feature vectors in continuous
space using graph learning methods. As a result, the graph represen-
tations can be easily used by downstream tasks. An example of graph
neural network-based architecture is illustrated in Fig. 2.

Graph learning methods have gradually increased in popularity (Wu
et al., 2020). An advantage of graph learning is that it can capture
complex and essential relationships between vertices. For example,
in biology, by inferring protein interactions with each other, new
treatments for complex diseases can be found (Yang et al., 2020). In
sound, Lang et al. (2020) constructed a directed weight spectral graph
with k-nearest-neighbors (Cover and Hart, 1967). The adjacent and
distributive information of the lung sound samples: labeled normal
samples and unlabeled samples. The properties in frequency domain
of the lung sounds are applied as the features. The weight of a directed

edge measures the similarity between its two vertices using Gaussian
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kernel function. Shirian et al. (2022) applied a graph neural network-
based architecture on multiple audio tracks, considering each audio
sample as a graph node to learn inter-dependent audio representations.
Other applications of graph learning are widely studied, including
image recognition (Nguyen et al., 2021), information systems (Vlachos
et al., 2019), and communication networks (Suarez-Varela et al., 2022).

To date, this study lays the first brick to propose a method for
transforming all different types of spectral sound signals to graph data
for learning and applying the learned representation to multiple down-
stream tasks and datasets. Here, in this work, correlation information,
viewed as continuous adjacency matrix, is used to understand how
frequency bandas, viewed as node embeddings, are changing in the
sound signal. There is a number of well-known correlation calculation
techniques, such as Pearson Correlation (Pearson, 1895) and Coherence
Correlation (Bendat and Piersol, 1971), to construct graphs for learning.

3. Methodology

In this Section, we investigate the spectral features and correla-
tions in frequency bands which are obtained by applying the Fourier
transform function to the raw audio waveform. Whereas existing ap-
proaches (Sharma et al., 2022; Mahanta et al., 2021) typically utilize
spectrum as visual representations to a machine learning model, our
approach further exploits the connections between sound vibrations
forming novel correlation characteristics for representation learning.
By analyzing the correlations between frequency bands that vibrate
together, it is promising to reflect the hidden and interconnected
structures along the sound pathway. We discover that the retrieved
correlation features are a natural fit for constructing a graph rep-
resentation of the data. This representation is then useful with the
employment of graph neural networks (GNNs) for learning high-level
features in an end-to-end manner, accompanied by elements from the
spectrogram. Our proposed method, Wave2Graph, aims to transform
any type of sound signals, in their raw waveform, into graph-structured
representations, facilitating effective feature learning through graph
neural networks.

The first part of this section describes how to convert and visualize
audio waveform into a graph. Then, the latter part delves into details
on the architecture of Wave2Graph, our end-to-end framework for
exploiting spectral features and correlations in sound signals.

3.1. Correlation analysis of the spectrum of sound frequencies

In our method, the original waveform  (𝐷,1) with 𝐷 dimension, is
transformed into a time and frequency domain representation to de-
compose the raw signal into individual frequencies and the frequency’s
amplitude. More specifically, we utilize Mel Frequency Cepstral Coeffi-
cients (MFCC) as a nonlinear spectrum of Mel scale of frequencies. The
shape of spectrum is (𝐹 , 𝑇 ), where 𝐹 denotes the number of frequency
ands, which can be set to 13, 26, 39, 64, 96, 128 or 256, and 𝑇
denotes the number of time frames. Next, to calculate the pair-wise
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Fig. 2. Graph neural network architecture using message passing mechanism to encode network’s structures and patterns (Kipf and Welling, 2017).
Fig. 3. Comparing spectral correlations of Cough, and Speech sounds of four random
samples in IJSound dataset.

correlation values between frequency bands of spectrum, we consider
either Pearson’s correlation equation,

𝑓𝑓 ′ =
∑𝑇

𝑡=1(𝑓𝑡 − ̄𝑓 )(𝑓 ′𝑡 − ̄𝑓 ′ )
√

∑𝑇
𝑡=1(𝑓𝑡 − ̄𝑓 )2

√

∑𝑇
𝑡=1(𝑓 ′𝑡 − ̄𝑓 ′ )2

(1)

where:

• 𝑓, 𝑓 ′ represent the two difference frequencies,
• ̄𝑓 = 1

𝑇
∑𝑇

𝑡=1 𝑓𝑡 is mean of the values of the 𝑓 -variable and
analogously for ̄𝑓 ′ .

• 𝑓𝑓 ′ is correlation coefficient between two different frequencies
𝑓, 𝑓 ′

or the Coherence equation,

𝑓𝑓 ′ =
|𝑄𝑓𝑓 ′ |

2

𝑄𝑓𝑓𝑄𝑓 ′𝑓 ′
(2)

where:

• 𝑄𝑓𝑓 ′ =
∑𝑇

𝑡=1(𝐹𝐹𝑇 ∗(𝑓𝑡 − ̄𝑓 ) ∗ 𝐹𝐹𝑇 (𝑓 ′𝑡 − ̄𝑓 ′ )) is the
Cross-spectral density between frequency 𝑓 and frequency 𝑓 ′.
𝐹𝐹𝑇 is function computes the one-dimensional discrete Fourier
Transform (Cooley and Tukey, 1965), 𝐹𝐹𝑇 ∗ is complex conjugate
of 𝐹𝐹𝑇

• 𝑄𝑓𝑓 =
∑𝑇

𝑡=1(𝐹𝐹𝑇 ∗(𝑓𝑡 −̄𝑓 ) ∗ 𝐹𝐹𝑇 (𝑓𝑡 −̄𝑓 )) is the spectral
density of 𝑓 and 𝑓 ′ respectively,

• |𝑄| is the magnitude of the spectral density.

The output will be normalized to the appropriate range of (0, 1).
Illustrations of computed correlation matrices for different types of hu-
man signals can be found in Fig. 3. Notably, the visualization highlights
the presence of stronger correlation signals in cough data compared to
speech signals. This is due to the distinct characteristics of cough, where
cough signals are typically short and concise, exhibiting a concentrated
118 
burst of energy within a narrow frequency range. In contrast, speech
signals encompass a broader frequency distribution due to the inherent
variability in vocal production. As a result, the correlation signals
observed in speech data tend to be less prominent and display lower
relationship between frequency bands compared to cough signals. It
is also interesting to note that any other methods of calculating cor-
relation can be used. Our choice for experimenting with the above
methods is that they are the most widely used and dominant methods
for correlation calculation.

The next step would be to map the correlation features into a
graph representation, specifically, a weighted un-directed graph, where
each node is a specific frequency band, and the weight of the edge
connecting every two nodes is their corresponding frequency band’s
correlation value. This graph is presented by an adjacency matrix, with
the values of every cell in the main diagonal line being 1. This matrix,
along with the frequency bands, will be used as the Edge feature matrix
and Node feature matrix for the input data in GNN.

3.2. Wave2Graph

Fig. 4 depicts our proposed end-to-end framework for learning
high-level features from spectral coefficients and correlations and then
applying them to classification tasks. It consists of three components:
(1) Our proposed approach for learning high-level features from cor-
relation analysis with Graph Neural Network; (2) Conventional Feature
Learning (Backbone) as in other previous approaches for spectrogram
modeling 𝑐 , viewing the representation as image (CNN approaches),
temporal sequence (Recurrent Neural Network), or sub-images (Trans-
former approaches); (3) Classifier for performing classification task,
based on fusion of output features of both branches.

To learn the conventional representations from input spectrogram,
any type of neural network architectures can be used for the Backbone
branch. An example would be the Resnet-50-based model with the same
hyper-parameters as in Table 1 of Fakhry et al. (2021). The input has
a shape of (𝐹𝑐 , 𝑇𝑐 ), with 𝐹𝑐 is the number of frequency bands to retain,
and 𝑇𝑐 is the number of time frames extracted from the audio. The
learned representation output 𝐜 is calculated by:

𝐜 = 𝐜(𝑐 ) (3)

with 𝐜 denotes the Backbone neural network and is differentiable. The
shape of 𝐜 is set to be (𝐻𝐜, 1).

In contrast to existing approaches that primarily utilize the spectrum
as visual representations for machine learning models, our proposed
approach explores the connections between sound vibrations to dis-
cover novel correlation characteristics for representation learning. By
analyzing the correlations between spectral bands that vibrate to-
gether, it becomes possible to capture the hidden and interconnected
structures along the sound pathway. We propose adopting a GNN
architecture to learn and leverage high-level characteristics from the
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Fig. 4. Summary of Wave2Graph framework. Fourier transform filters a complex signal (time) by decomposing it into a simpler representation (frequency). The first (upper) branch
leverages a common approach in sound classification, typically using a CNN or RNN-based model. The second (lower) branch focuses on learning correlation. The final output of
the two branches are fused before being passed to a classification layer.
underlying structure of the input matrices to utilize the newly com-
puted correlation features. Here, we leverage graph attention networks
(GATs) (Veličković et al., 2018) as the minimum benchmark for learn-
ing spectral and correlation features in sound data, ensuring greater
extensibility and potential improvements for future work.

We defined the graph presentation  = ( ,), where  denotes the
vertex set, and  is the adjacency matrix. To obtain  , we defined each
frequency band of spectrum  as a node of the correlation graph. This
means the graph has a total of 𝐹 nodes, and each node is a vector
of shape (1, 𝑇 ). The adjacency matrix  defines the weights for the
edges between every node in the graph. Concurrently, the correlation
matrix  also defines the correlation of the frequency bands across the
temporal domain. This makes the correlation features a natural fit for
the adjacency matrix .  is a square matrix,  ∈ R𝐹×𝐹 , and:

𝑓𝑓 ′ =𝑓𝑓 ′

for 𝑓, 𝑓 ′ ∈ [1, 𝐹 ] (4)

Denotes the function of GNN as 𝐠, then the output 𝐠 of the second
branch is:

𝐠 = 𝐠( ,) (5)

The final shape of the output high-level features is (𝐻𝐠, 1). In our
experiments, we control the output embedding dimensions for both
branches to be equal. This allows for fair analysis of the contributions of
each branch, either conventional learning or graph learning algorithms
to the downstream task.

To obtain the final representation  , 𝐜 and 𝐠 are fused together.
In this groundwork, we use the concatenation function ⊕, but more
advanced fusion techniques can also be further explored.

 = 𝐜 ⊕ 𝐠 (6)

As a result, the shape of  is (𝐻𝐜 +𝐻𝐠, 1) = (𝐻, 1). Finally, the ex-
tracted high-level features are passed to a fully connected layer for the
downstream task. For instance, in Alzheimer’s Dementia classification
task, the two labels are Alzheimer’s disease and healthy control. The
final output is 𝑦̂.

The framework is trained in an end-to-end manner through a cross-
entropy loss function:

𝑜𝑠𝑠 = 𝑦 log(𝜎(𝑦̂)) + (1 − 𝑦) log(1 − 𝜎(𝑦̂)) (7)
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where 𝑦 is the true label, 𝑦 = 1 means the current sample is labeled
positive with the disease, and 𝑦 = 0 means the sample is negatived
with the disease. 𝜎(⋅) is known as the activation function.

4. Experiments

This section describes a comprehensive list of experiments and
datasets employed in this study. Experimental results and analysis are
explained and discussed in this section. We intend to provide a deeper
understanding of the research problem and to reach relevant conclu-
sions based on our analysis by carefully examining these experiments
and datasets. Standard deviation is reported in all of our experiments
after ± symbols in all tables. For related work, we note that most of
previous SoTA approaches (Pham et al., 2022; Pappagari et al., 2021;
Nguyen and Pernkopf, 2022; Li et al., 2021) only report the mean
values, without taking into consideration the standard deviations across
training runs, we include these metrics wherever available.

4.1. Datasets

Datasets investigate in this work are listed as follows:

• ICBHI (Rocha et al., 2019) is a public respiratory sound database
associated with the International Conference on Biomedical Health
Informatics — ICBHI 2017. The database includes 920 annotated audio
samples from 126 patients, totaling 5.5 h of recordings with 6898
breathing cycles, of which 1864 have crackles, 886 have wheezes, and
506 manifest both crackles and wheezes. The dataset is composed of
a diverse collection of patients, including patients with chronic dis-
eases (e.g., COPD, Bronchiectasis, and Asthma) or non-chronic diseases
(e.g., Upper and Lower respiratory tract infection, Pneumonia, and
Bronchiolitis), as well as healthy control subjects. We perform four-
class (normal, crackle, wheeze, both) breathing cycle classification task
with the official 60%–40% data split for train–test. The main bench-
marking metric ICBHI score is computed as the mean of Sensitivity
𝑆𝑒 = 𝑃𝑐+𝑃𝑤+𝑃𝑏

𝑁𝑐+𝑁𝑤+𝑁𝑏
and Specificity 𝑆𝑝 = 𝑃𝑛

𝑁𝑛
, where 𝑃 and 𝑁 denote the

amount of correctly classified and total number of samples for each
class, respectively.
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• ADReSSo (Luz et al., 2021) is an English dataset from the INTER-
SPEECH 2021 Alzheimer’s Dementia Recognition through Spontaneous
Speech Challenge. 165 audio samples from 87 patients and 79 cogni-
tively normal persons are included in the ADReSSo dataset. All of the
participants in the Boston Diagnostic Aphasia Assessment were asked to
explain the Cookie Theft image, and the dataset is made up of record-
ings of their descriptions. All audios are acoustically enhanced with
stationary noise removed and level balanced across all speech segments
in order to reduce variance brought on by recording conditions, such as
microphone positioning. The audio’s duration ranges from 22 to 235 s.
Given the complex multi-modality characteristic of this dataset, we em-
ploy SoTA approaches such as leveraging pretrained models and toolkit,
including OpenSmile (Eyben et al., 2010) and Wav2vec 2.0 (Baevski
et al., 2020) for extracting speech acoustic signals, and fine-tuned
BERT (Kenton and Toutanova, 2019) for extracting deep linguistic
features. Moreover, we incorporate Wave2Graph to integrate powerful
signals from frequency-based correlations and graph-structured audio
input in combination with other multi-modality features. We follow
the pipeline of 10-fold cross-validation (Ying et al., 2022) for fair
benchmarking on this dataset, with accuracy as the primary evaluation
metric. We also report other important metrics, including precision,
recall, and F1-score.

• IJSound is a private real-world dataset for respiratory disease de-
tection from sounds. The data is collected through a web-based and mo-
bile application from August 2021 to the end of October 2021. IJSound
consists of 2620 samples, including cough (denotes IJSound𝑐𝑜𝑢𝑔ℎ) and
breathing (denotes IJSound𝑏𝑟𝑒𝑎𝑡ℎ𝑒) sound signals. The participants were
asked to provide their cough signals and the corresponding illnesses
(e.g., Related-Flu, Pneumonia, and COVID-19) along with medical-
related habits (e.g., smoking, drinking). We conduct experiments on
detecting COVID-19 diseases from different type of sound signals. Data
is split into 5 folds with stratify for cross-validation, and AUC score
is our main focused metric as this dataset is highly imbalanced. Our
dataset is available upon request.

4.2. Experimental details

In this research, Pytorch was our framework of choice for imple-
menting models. All experiments are carried out on an Ubuntu Server
(20.04 LTS) with a single RTX 3090 GPU. This work acts as a founda-
tional work in the application of graph neural networks to the domain
of sound data. To this end, we propose Wave2Graph, which incorpo-
rates a basic variant of Graph Attention (GAT) Layer (Veličković et al.,
2018). The base version of Wave2Graph comprises GAT layers with
carefully selected embedding dimensions. For ICBHI, we employed four
layers with embedding dimensions of 512, 512, 512, and 256. For our
experiments on ADReSSo, we utilized two GAT layers with embedding
dimensions of 2048 and 512. Similarly for IJSound𝑐𝑜𝑢𝑔ℎ, we employed
three layers with embedding dimensions of 1024, 1024, and 32. Finally,
for IJSound𝑏𝑟𝑒𝑎𝑡ℎ𝑒, we used two layers with dimensions of 1024 and 256.
These settings are found through architecture search, represent the min-
imum requirements for achieving optimal performance on each dataset,
ensuring that Wave2Graph extracts meaningful and informative fea-
tures from the input data. We train the model for 100 or 200 epochs,
depending on the dataset used and the model’s size. Nevertheless, the
model tends to converge before completing the training process. All
models are optimized with AdamW optimizer (Loshchilov and Hutter,
2017), a learning rate of 1𝑒−4, and a batch size of 64. We use the
original sampling rate of 4000 Hz on ICBHI and 16000 Hz on ADReSSo
and IJSound. To normalize the original audio signal 𝑦, we use a scaling
factor of 0.9 and divided the signal by its maximum value 𝑚𝑎𝑥(𝑦):
𝑦 = 0.9× 𝑦

‖𝑚𝑎𝑥(𝑦)‖ . This normalization process helps ensure that the audio
ignal is consistent and suitable for further analysis and processing.
he trim of silence in start and end of audio was implemented with
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ibrosa library2 in all cases. To extract mel-spectrogram representation
or learning on backbone branch, window length and hop size are set
o 256 and 12 on ICBHI or 1024 and 48 on IJSound, with respect to
heir original sampling rate. This pre-processing step is not necessary
or experiments on ADReSSo, as we leveraged pre-trained embeddings
n audio provided by Ying et al. (2022).

In this study, the pre-processing step of extracting audio signals
nd representing them as graph structures is essential for employ-
ng graph learning algorithms to capture powerful signal from the
requency-based correlations. To achieve this, we employ MFCCs as the
emporal-spatial representation of input audio waveforms. The number
f cepstral coefficients 𝑀 was set to 39 to capture the relevant and
obust spectral characteristics of sound waves. To ensure the MFCC
epresentation is effective, we optimize the hop length and window size
yper-parameters based on the specific audio length of each dataset.
or ICBHI dataset, the hop length and window size are set to 20 and
56, respectively. Similarly on ADReSSo and IJSound datasets, the hop
ength and window size are set to 200 and 1024, respectively. These
pecific hyper-parameters are chosen so that after the pad and crop
perations, the embedding lengths of input nodes to graph learning
lgorithms are approximately 800. We also conduct ablation studies on
his pre-processing step to verify the hypothesis.

.3. Results

Overall performances.
Wave2Graph framework consistently performs better across all

atasets, including ICBHI, ADReSSo, and IJSound, in comparison to
oTA methods and baselines. This shows that Wave2Graph can reliably
ork on different types of sound data for classification tasks with
xtensibility.
Results on ICBHI. Results on ICBHI dataset are demonstrated in

able 2 where our method, Wave2Graph, incorporating graph learning
lgorithm with correlation matrix between frequency bands, achieves
oTA result for solutions without additional training data by an im-
rovement of 3.89 in ICBHI score (▴7.65%). It also obtains comparable
erformance compared to solutions using extra training data, without
dditional training data and fewer parameters. It is worth noting that
e only employ a simple transformer-based model for the backbone
ranch (Fig. 4) without any specific modifications seen in previous
oTA methods. This also indicates the effectiveness of our Wave2Graph
ramework.
Results on ADReSSo. With the multi-modality characteristic of

DReSSo dataset, it may pose as challenging for graph learning meth-
ds on spectrum representation of sound data to encode informa-
ive signals when being fused with other modalities. Nevertheless,
e achieve a substantial improvement of up to 3.00 improvement

n Accuracy score (▴3.58%) compared to SoTA method (Ying et al.,
022) when Wave2Graph is plugged in and trained in an end-to-end
anner. This is illustrated in Table 3 (Exp#4 compared to Exp#3),
roving that even in a multi-modal environment, when signals from
ultiple domains are leveraged with high accuracy, Wave2Graph is

till able to have a beneficial impact on final model’s performances
cross all metrics. We note that the amount of available recordings on
DReSSo is limited means that precise predictions on each sample can
ignificantly influence the performance metrics, leading to the observed
elatively high standard deviation across folds. However, Wave2Graph
till successfully enhances the performance of previous method and
chieve a new SoTA result on the dataset. This outcome underscores
he robustness and effectiveness of our proposed neural architecture.
Results on IJSound. To further understand the strength of our

roposed method, we perform experiments on our private real-world

2
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Table 2
Performances of proposed methods on ICBHI dataset (official 60-40 split). ↑ means higher number is better.

Exp Method Additional With % ICBHI↑ % Sens.↑ % Spec.↑

Previous SoTA Wave2Graph (Ours) training data correlation Mean ± std Mean ± std Mean ± std

#1 Pham et al. (2022) ✗ ✓ ✗ 57.3 30.0 85.6
#2 Moummad and Farrugia (2023) ✗ ✓ ✗ 57.55 39.15 75.95
#3 Nguyen and Pernkopf (2022) ✗ ✓ ✗ 58.29 37.24 79.34
#4 Li et al. (2021) ✗ ✗ ✗ 53.90 36.36 71.44
#5 Moummad and Farrugia (2023) ✗ ✗ ✗ 54.74 33.84 75.35

#6 Transformer-based ✓ ✗ ✓ 58.93 ± 0.48 40.48 ± 0.91 77.34 ± 0.92
Table 3
Performances of proposed methods on ADReSSo dataset with 10-fold cross validation. ↑ means a higher number is better.

Exp Method With % Accuracy↑ % Precision↑ % Recall↑ % F1-score↑

Previous SoTA Wave2Graph (Ours) correlation Mean ± std Mean ± std Mean ± std Mean ± std

#1 Wang et al. (2021) ✗ ✗ 77.2 78.7 74.0 76.3
#2 Pappagari et al. (2021) ✗ ✗ 81.3 – – –
#3 Ying et al. (2022) ✗ ✗ 83.7 ± 8.6 85.3 ± 8.6 84.0 ± 8.4 83.6 ± 8.7

#4 Ying et al. (2022) ✓ ✓ 86.7 ± 7.1 87.6 ± 6.7 86.9 ± 6.9 86.6 ± 7.1
Table 4
Performance comparison on IJSound dataset employing various backbone and SoTA network architectures from other benchmark datasets. Here, we explore the efficacy of
Wave2Graph when integrated with different architectures for the backbone branch. Specifically, we leverage the widely-adopted CNN and transformer architectures, as well as
SoTA methods (Ying et al., 2022; Moummad and Farrugia, 2023) on ICBHI and ADReSSo datasets. ↑ means a higher number is better. Standard deviations are provided after ±
ymbols.
Exp Method With % AUC on % AUC on

Previous SoTA Wave2Graph (Ours) Correlation IJSound𝑐𝑜𝑢𝑔ℎ ↑ IJSound𝑏𝑟𝑒𝑎𝑡ℎ𝑒 ↑

#1 CNN-based ✗ ✗ 71.83 ± 0.93 74.27 ± 0.93
#2 CNN-based ✓ ✓ 73.90 ± 1.01 76.27 ± 0.28

#3 Ying et al. (2022) ✗ ✗ 65.97 ± 1.37 66.25 ± 2.93
#4 Ying et al. (2022) ✓ ✓ 66.18 ± 0.81 67.00 ± 3.29

#5 Moummad and Farrugia (2023) ✗ ✗ 74.69 ± 1.84 77.26 ± 2.86
#6 Moummad and Farrugia (2023) ✓ ✓ 75.35 ± 1.89 77.87 ± 3.03

#7 Transformer-based ✗ ✗ 87.13 ± 0.66 83.63 ± 0.61
#8 Transformer-based ✓ ✓ 88.22 ± 1.10 85.50 ± 1.11
Fig. 5. t-SNE of embeddings learned through Wave2Graph architecture (right) and previous method (left) on IJSound𝑏𝑟𝑒𝑎𝑡ℎ𝑒.
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ataset, IJSound. As baselines for the dataset, we leverage the widely-
dopted CNN and Transformer architectures, as well as SoTA meth-
ds (Ying et al., 2022; Moummad and Farrugia, 2023) on ICBHI
nd ADReSSo datasets. Subsequently, we conduct experiments using
he same backbone networks and plugging in Wave2Graph and ana-
yze the performances of the enhanced system compared to without

ave2Graph. Results in Table 4 consistently demonstrate the effi-
acy of our method, across all backbones and sound types. Notably,
ave2Graph helps achieve the highest AUC scores of 88.22 and 85.50

▴1.25% and ▴2.24%, respectively) for IJSound𝑐𝑜𝑢𝑔ℎ and IJSound𝑏𝑟𝑒𝑎𝑡ℎ𝑒
hen integrated with Transformer-based networks, as can be seen in
xp#7 and Exp#8. These findings align with recent studies that have
ighlighted the excellent performances of Transformer-based models in

ultiple domains. t

121 
Embeddings visualization. To visually analyze and better under-
tand the learned embeddings of each branch and their concatenation,
e employed t-distributed stochastic neighbor embedding (t-SNE) to
btain a 2-dimensional visualization, as shown in Fig. 6 for IJSound𝑐𝑜𝑢𝑔ℎ
nd Fig. 5 for IJSound𝑏𝑟𝑒𝑎𝑡ℎ𝑒. In both cases, for the backbone embed-
ings, we observe that while there is some level of clustering for the two
lasses, there is also significant overlap with high-density regions. This
inders at overfitting behavior for the backbone branch. On the other
and, the embeddings learned by Wave2Graph exhibit a different and
ore generalized trend, suggesting that it captures distinct information

ompared to the backbone. The distances between points from different
lasses are bigger, allowing a boundary line to be drawn between points
f each class easier. Finally, the concatenated embeddings combined

he strengths of both branches, with an adequate clustering effects and
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Fig. 6. t-SNE of embeddings learned through Wave2Graph architecture (right) and previous method (left) on IJSound𝑐𝑜𝑢𝑔ℎ.
Fig. 7. Performance analysis across multiple seeds/folds on different datasets. From left to right, top to bottom: ICBHI, ADReSSo, IJSound𝑐𝑜𝑢𝑔ℎ, and IJSound𝑏𝑟𝑒𝑎𝑡ℎ𝑒.
a looser density indicating that the concatenated embeddings capture
a more comprehensive representation of the data. This combination of
embeddings may provide a more robust feature space for classification
tasks.

Performance analysis. This performance analysis study is designed
to verify the impact of random seeds on the final performance of
our Wave2Graph framework in comparison to the previous SoTA and
baseline methods. Fig. 7 evidently shows that Wave2Graph framework
reliably outperforms previous approaches up to the following average
improvements: ▴7.65% (t[4] = 13.95, p = 0.00015) on ICBHI, ▴3.58%
(t[9] = 1.32, p = 0.2209) on ADReSSo, ▴1.25% (t[4] = 3.56, p =
0.0235) on IJSound𝑐𝑜𝑢𝑔ℎ with Transformer, and ▴2.24% (t[4] = 3.84,
p = 0.0184) on IJSound𝑏𝑟𝑒𝑎𝑡ℎ with Transformer. Overall, with the use
of Wave2Graph, we observe a consistent and statistically significant
improvement of ▴3.76% (t[24] = 2.72, p = 0.0119) in average across
all datasets. Furthermore, the stability of our approach is also evident
by the standard deviations between training runs, we include these
metrics wherever available. As shown in experiments across datasets
122 
and baselines in Table 2, 3, and 4, our approach not only outperforms
the baselines but also exhibits comparable or even higher stability. For
instance, on the ADReSSo dataset, our method achieves a standard
deviation of 7.1, compared to 8.6 of the SoTA method (Ying et al.,
2022).

Efficiency analysis. While incorporating Wave2Graph into the
backbone introduces additional complexity in terms of the number of
parameters, this is partly mitigated by the fact that both branches oper-
ate and execute in parallel. When a larger backbone is chosen, the total
running time during training and inference should remain comparable
to using the backbone alone. This is because the backbone, being the
more complex component, dominates the overall computation. On the
other hand, if a small backbone is selected, the total time complexity
would be governed by Wave2Graph. For instance, in our experiments
on IJSound, with the transformer-based backbone, we observed an ad-
ditional overhead of 16% in training and inference speed. Specifically,
the backbone alone achieved a throughput of 424.83 samples/s (with
a batch size of 16), compared to 372.48 samples/s of the final solution
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Table 5
Ablation study of Wave2Graph under different settings on ICBHI, ADReSSo and IJSound. ↑ means higher number is better.

Exp Wave2Graph ICBHI ADReSSo IJSound𝑐𝑜𝑢𝑔ℎ IJSound𝑏𝑟𝑒𝑎𝑡ℎ𝑒
(% ICBHI Score↑) (% Accuracy↑) (% AUC↑) (% AUC↑)

#1 13 Frequency bands, MFCC, Pearson 58.15 ± 0.69 84.89 ± 8.58 88.38 ± 0.78 86.00 ± 1.02
#2 64 Frequency bands, MFCC, Pearson 58.63 ± 0.35 84.82 ± 10.05 88.39 ± 0.90 85.70 ± 0.55
#3 128 Frequency bands, MFCC, Pearson 58.69 ± 0.37 84.85 ± 9.91 88.41 ± 0.93 85.82 ± 1.08
#4 39 Frequency bands, MFCC, Pearson 58.93 ± 0.48 86.65 ± 7.09 88.22 ± 1.10 85.49 ± 1.11
#5 39 Frequency bands, Mel-spectrogram, Pearson 58.08 ± 0.54 84.93 ± 9.06 86.34 ± 0.89 86.19 ± 0.67
#6 39 Frequency bands, MFCC, Coherence 58.62 ± 0.60 85.48 ± 7.74 88.30 ± 1.09 85.74 ± 0.59
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Table 6
Ablation study of Wave2Graph under different Signal-to-Noise Ratio (SNR) where
Gaussian noise is injected accordingly. We report the AUC scores (%) on IJSound𝑐𝑜𝑢𝑔ℎ
and IJSound𝑏𝑟𝑒𝑎𝑡ℎ𝑒, where higher value is better.

Exp Dataset Transformer-based Wave2Graph
(w/ transformer-based backbone)

IJSound𝑐𝑜𝑢𝑔ℎ
#1 +5.0 SNR 56.05 ± 0.85 56.76 ± 1.53
#2 0.0 SNR 52.87 ± 1.74 53.28 ± 1.96
#3 −5.0 SNR 50.15 ± 1.29 50.42 ± 1.18

IJSound𝑏𝑟𝑒𝑎𝑡ℎ𝑒
#4 +5.0 SNR 65.71 ± 1.95 66.99 ± 1.25
#5 0.0 SNR 60.55 ± 1.57 62.29 ± 1.09
#6 −5.0 SNR 55.78 ± 1.48 58.27 ± 1.96

with Wave2Graph. It is important to note that the impact on efficiency
can vary depending on the specific backbone chosen and the hardware
utilized.

Ablation study with different input graph representation. The
blation study presents in Table 5, is designed to explore the role of
nput graph-structured representation for Wave2Graph and how they
ffect final performances across multiple benchmarking datasets. The
mplications of the results are two folds. First, our hypothesis of using
FCCs as the representation of sound signals, and our novel view

n this representation as graph structure for input to graph neural
etworks has been verified. We consider each cepstral coefficient as
node, compute the continuous correlation matrix, and utilize graph

earning algorithms. This approach yields significant improvements
n AUC score, with a gap of up to 2.07 in AUC score (▴2.40%) on

IJSound𝑐𝑜𝑢𝑔ℎ. Secondly, our choice of leveraging graph neural network
for learning on this new type of sound data representation has proven
effective for downstream tasks and is robust with regard to different
hyper-parameters in the pre-processing step. While we recommend
using 39 cepstral coefficients for MFCC as the default setting, our
models are able to learn from the graph structure transformed from
various representations. This suggests that our approach is reliable and
can be used across different datasets and scenarios.

Ablation study on robustness of Wave2Graph against noise. We
further investigate the sensitivity of Wave2Graph framework to noisy
data. To this end, we inject Gaussian noise into the corresponding
evaluation sets of IJSound𝑐𝑜𝑢𝑔ℎ and IJSound𝑏𝑟𝑒𝑎𝑡ℎ𝑒 at +5.0, 0.0, or −5.0
Signal-to-Noise ratios (SNR). The models, trained on the clean training
sets of IJSound and presented in Table 4, are then evaluated on each
noisy evaluation set. The results, reported in Table 6, highlight the
robustness of our framework. The transformer-based model achieves
higher AUC scores on noisy settings when plugged into the framework,
even though it was trained only on clean data. Notably, there is an
absolute improvement of up to 2.49 (▴4.46%) in AUC with an SNR of
−5.0 on IJSound𝑏𝑟𝑒𝑎𝑡ℎ𝑒. Moreover, the performance gains are consistent
across both datasets and different noise levels, indicate the robustness
of Wave2Graph against various noise scenarios.

5. Conclusion

This study contributes Wave2Graph, an end-to-end framework for

understanding and learning spectral characteristics and correlations in
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acoustic waves. Moving beyond conventional sound representations,
Wave2Graph draws inspiration from physical insights into how sound
travels through objects and structures. Wave2Graph considers spectral
correlation signals and establishes an unprecedented graph-structured
representation of sound signals. It enables the extraction and utilization
of high-level characteristics through graph neural networks, providing
consistent and reliable state-of-the-art performances. Our approach
facilitates feasible, low-cost training and inference for mass-screening
of downstream sound-related tasks, as well as the usage of several
backbones for better representation and adaption in various use cases.
The efficacy and generalization of the proposed approach are validated
by conducting extensive experiments on three real-world benchmark
datasets in the medical domain.

With its suitability and compatibility, any existing neural network-
based system can take advantage of Wave2Graph for learning and
investigating the spectral correlation patterns of sensors and sound
waves, gaining significant performance improvements. There are many
practical implications for Wave2Graph across various domains with
the collection of waveform data, including manufacturing, environmen-
tal monitoring, and healthcare applications. We list several scenarios
below:

• Manufacturing. Industrial machines require synchronous and
smooth operation (Truong et al., 2021; Peng et al., 2022), notice-
able from their produced day-to-day noises and sounds. Based on the
fact that a smooth-running machine makes regular sound frequencies,
Wave2Graph can effectively analyze abnormal frequencies in vibrating
sounds or sensors, predicting potential breakdowns. Moreover, its appli-
cability extends to other manufacturing-related tasks, such as predictive
maintenance, quality control, and anomaly detection.

• Environmental Monitoring. We can analyze the different aspects
nd distinguish the objects that cause sounds by vibrating in the sound-
cape ecology. For example, researchers use population monitoring
s a strategy to understand and study endangered bird populations.
ave2Graph can be employed to encode the correlation feature based

n multiple birds’ sounds when they sing/call for multi-label bird
lassification tasks.

• Healthcare. By leveraging neural networks, human sounds can
rovide reliable diagnostic suggestions for various health-related dis-
ases and disorders, including dementia, flu, pneumonia, and bronchi-
is (Lei et al., 2014; Yang et al., 2022). Our experiments have shown
he effectiveness of Wave2Graph in analyzing correlational patterns of
ound for medical conditions. It is promising to explore further the
ffectiveness of Wave2Graph on other wave types of medical signals,
ncluding ECG and EEG data.

Although Wave2Graph achieves outstanding performance on dataset
f medical sounds, there are several potential directions for future
orks. Our study only focuses on medical sound, and it is intriguing to

urther investigate Wave2Graph on new benchmark datasets of sound
r sensors in various domains such as industry, education, and environ-
ent for diversity. Moreover, more advanced GNN architectures can

e explored for leveraging the correlation information to achieve even
etter performances. Modern fusion methods for traditional features
nd the newly computed correlations, such as Hazarika et al. (2020), is
lso worth further investigation. As a foundational work, Wave2Graph
s the beginning of graph-based learning on spectral features and
orrelations for advancements in neural computing, signal processing,
nd artificial intelligence.
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