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ABSTRACT

The integration of wavelet transformation and artificial intelligence techniques has demonstrated significant potential in health-
care applications. Wavelet analysis enables multi-scale signal decomposition and feature extraction that, when combined with

machine and deep learning approaches, enhance the accuracy and efficiency of medical data analysis. This systematic review

synthesizes 112 relevant studies from 2013 to 2023 exploring wavelet-based artificial intelligence in healthcare. Our analysis re-

veals that the discrete wavelet transform dominates (43% of studies), primarily used for feature extraction from biosignals (82%)

and medical images. Major applications include cardiac abnormality detection (29%), neurological disorder diagnosis (27%),
and mental health assessment (16%), with classification accuracies frequently exceeding 95%. Key findings indicate a shift from
traditional machine learning to deep learning approaches after 2020, with emerging trends in hybrid architectures. The review
identifies critical challenges in computational efficiency, optimal wavelet selection, and clinical validation. Future developments

should focus on real-time processing optimization, interpretable deep learning models, multi-modal data fusion, and validation

on larger clinical datasets, advancing the translation of these systems into practical clinical tools.

1 | Introduction

The healthcare industry is undergoing a significant transforma-
tion driven by challenges such as rising healthcare costs and a
shortage of healthcare professionals. To address these issues,
healthcare institutions are increasingly turning to information
technology-based solutions and processes. Artificial intelligence
(AI) has emerged as a powerful tool in healthcare, offering the

potential to revolutionize patient care, disease detection, and
medical research (Salvi et al. 2019, 2021). Alongside AI, the
concept of wavelet transform (WT) has gained prominence in
healthcare applications.

When dealing with patient care and disease detection, the con-
cept of WT often comes into play due to its ability to analyze
signals and images at different frequencies and resolutions. WT
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provides a powerful mathematical framework for decomposing
signals into various frequency components, allowing for a more
detailed analysis of the underlying data (Acharya et al. 2015). In
the context of healthcare, this can help uncover hidden patterns,
identify anomalies, and extract relevant features from medical
data (Faust et al. 2015).

The combination of WT and AI enhances the accuracy, effi-
ciency, and speed of data analysis, leading to better patient
care, early disease detection, and improved medical research.
However, it is important to note that the specific applications
may vary depending on the healthcare institution and the na-
ture of the medical data being analyzed.

This review paper aims to provide a comprehensive overview
of the current WT approaches within the AI framework used
in the healthcare domain. The primary objectives of this review
are as follows:

- Explore and analyze the various WT techniques employed
in healthcare applications within an AI context. This
includes examining the different types of WTs, such as
orthogonal WTs, CWTs, and higher-order WTs.

- Summarize key applications where WT is applied in health-
care. This review will explore various healthcare sectors,
including medical imaging, EEG analysis, cardiovascular
monitoring, and disease diagnosis.

- Outline the key benefits of applying WT within the AI
context. This includes discussing how the combination
of WT and AI enhances the accuracy, efficiency, and
speed of data analysis, leading to improved patient care,
early disease detection, and enhanced medical research
capabilities.

- Discuss the limitations of current WT approaches and
outline directions for future work. This review will crit-
ically assess the challenges and constraints faced in im-
plementing WT techniques in healthcare applications.
Additionally, it will identify research gaps and propose
potential avenues for future investigations, such as ex-
ploring novel WT algorithms and optimizing computa-
tional efficiency.

To achieve these objectives, this review synthesizes insights
from 112 relevant primary studies published between 2013
and 2023. By analyzing a wide range of literature, this review
provides a comprehensive and up-to-date perspective on the
integration of WT and AI in healthcare. The findings and dis-
cussions presented in this review paper intend to serve as a
valuable reference for readers, enabling them to appreciate the
progress made in this field, select suitable methods for their
specific needs, and identify promising directions for further re-
search and development.

2 | Methods

We closely adhered to the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) guidelines

to select the most relevant articles on multi-modality in
healthcare.

2.1 | Related Reviews

The integration of WT with AT is highly relevant in the field of
healthcare, and 5 recent reviews have been published in this
area. However, these reviews have certain limitations in terms
of their scope and focus:

o Abdulazeez et al. (2020) “The Applications of Discrete
Wavelet Transform in Image Processing: A Review”: This
review discusses the use of DWT in various image process-
ing tasks, including compression, reduction, optimization,
and watermarking. The main limitation of this review is
that it focuses on image processing applications and does
not cover the broader scope of wavelet transformation in
healthcare within an AI context.

« Grobbelaar et al. (2022) “A Survey on Denoising Techniques
of Electroencephalogram Signals Using WT”: The paper fo-
cuses specifically on the application of WT for denoising
EEG signals. This paper provides a comprehensive over-
view of the survey findings in this area. However, it only
focuses on denoising techniques for EEG signal processing.

« Guo, Zhang, et al. (2022) “A Review of Wavelet Analysis
and Its Applications: Challenges and Opportunities” This
review explores the developmental history of wavelet theory
and delves into various wavelet properties. The paper ex-
tensively discusses the main models and algorithms of WT,
with a primary focus on its application in signal processing.
The authors exclusively focused on WT applied to signal
processing, without delving into its applications in image-
based contexts.”

« Sabarimalai Sur and Dandapat (2014) “Wavelet-based
electrocardiogram signal compression methods and their
performances: A prospective review”: This paper presents
wavelet-based ECG compression methods and their perfor-
mances. The primary limitation of this work stems from its
narrow scope, as it does not encompass other signals or im-
ages within the healthcare field.

« Serhal et al. (2021) “Overview on prediction, detection, and
classification of atrial fibrillation using wavelets and AI
on ECG”: This review provides an overview of various Al
models employed in analyzing atrial fibrillation through
WT. However, the authors do not include other biosignals
or imaging modalities that could benefit from WT.

The objective of our review is to provide a comprehensive over-
view of WT and AI techniques in healthcare, addressing both
biosignals and image applications. We will provide insights into
the types of data used in conjunction with different types of WT.
In addition to presenting the current landscape of WT and Al
approaches in healthcare, this work will also address the bene-
fits and challenges associated with their integration, suggesting
potential solutions and avenues for future development. Figure 1
illustrates the comparison between our review paper and the
previous literature reviews.
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FIGURE1 | Comparison of our review paper with existing literature reviews.

2.2 | Literature Search Strategy

This review focuses on articles published between 2013 and 2023
investigating the use of machine learning (ML) and deep learn-
ing (DL) methods for medical image analysis. A literature search
was conducted in October 2023 across scientific databases in-
cluding PubMed, IEEE Xplore, and Web of Science. The search
strategy employed a Boolean approach, combining various key-
words such as “Artificial Intelligence,” “Machine learning,” “Deep
learning,” “Healthcare,” “Clinical,” “Classification,” “Detection,”
“Prediction,” with “CT,” “MRL” “PET,” “X-ray,” “ECG,” “EMG,”
“EEG,” “PPG,” “EOG,” “Fundus” in different combinations.

PRISMA guideline (Page et al. 2021) was used to filter our
search results systematically, and 112 scientific articles were
qualified for our review study. The initial search returned
552 articles. Articles were then screened to remove duplicates
(n=147), as well as books, abstracts, and conference proceed-
ings (n=179). The assessment of the studies was based on the
following criteria:

i. The articles described the application of WT for data clas-
sification, detection, or prediction.
ii. The articles described methods based on ML or DL models.
iii. The articles were published in peer-reviewed journals.

iv. The articles were written in English.

Articles that did not meet these criteria were excluded, as well as
pilot studies, works published before 2013, or articles not avail-
able in full text. The remaining studies (n=226) were further
assessed based on journal quality, focusing on those published
in top-quartile (Q1) journals according to impact factor metrics.
This process resulted in a final set of 112 studies focusing on the
application of WT and AI in healthcare that were included in
this review. Figure 2 showcases the utilization of the PRISMA
guideline for article selection.

2.3 | Types of WTs

In this section, we will discuss the major categories of WTs used
in healthcare applications (Figure 3a). WTs are essential tools
for signal processing, particularly in healthcare applications, as
they decompose signals and images into frequency components.
The choice of transform depends on the application’s needs, with
major categories including discrete, continuous, advanced time-
frequency, stationary, and wavelet-based models.

The discrete wavelet transform (DWT) decomposes signals into
frequency bands using discrete wavelet functions, offering good
time-frequency localization. It is widely used for signal denois-
ing, compression, and feature extraction.

The continuous wavelet transform (CWT) provides continu-
ous time-frequency representations of signals. Variants like
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the Tunable Q-Factor Wavelet Transform (TQWT) allow con-
trol over the trade-off between time and frequency resolution.
The Complex Continuous Wavelet Transform (CCWT) captures
phase information, which is useful for signals with non-linear
dynamics. The Flexible Analytic Wavelet Transform (FAWT)
separates the real and imaginary parts of the coefficients for an-
alyzing signals with time-varying phase or amplitude.

=

)

= Pubmed (139); IEEE (138);

B Web of Science (275)

= Total: 552

=

15}

=
Duplicated titles = 147
(Removed)

Unique titles: 405 J

Conference papers: 133
Irrelevant: 36
Non-journal: 5
Non-English: 2

Review and editorial: 3
Total: 179

Screening

No. of studies for
eligibility assessment: 226

Q2 journal: 73
Q3 journal: 31
Q4 journal: 8
Total: 114

No. of studies to be included
in the review study: 112

FIGURE 2 | Selection of relevant articles based on PRISMA
guidelines.
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Advanced Time-Frequency Transforms include the Cross-
Wavelet Transform, which analyzes relationships between two
signals, and the Frequency Slice Wavelet Transform (FSWT),
which provides efficient computation at specific frequencies and
is ideal for nonstationary signals.

The Stationary Wavelet Transform (SWT) is a translation-
invariant method, providing robust signal representation unaf-
fected by shifts. It is particularly useful for texture analysis and
feature extraction from images.

Finally, Wavelet-Based Models combine wavelets with other tech-
niques. The wavelet scattering transform (WST) offers a multi-
scale, translation-invariant representation for classification and
analysis. The empirical wavelet transform (EWT) adapts to vary-
ing spectral content in nonstationary signals, while the Wavelet
Neural Network (WNN) integrates wavelets with neural networks
for predictive modeling and pattern recognition.

2.4 | Healthcare Applications

In our study, we categorized AI and ML approaches based on the
type of medical data integrated:

- Biosignals: Approaches integrating physiologi-
cal monitoring signals, such as merging measure-
ments from electrophysiological sensors, for example,
Photoplethysmography (PPG), Electroencephalography
(EEG), and Electrocardiography (ECG).

- Bioimaging: Approaches that fuse different medical image
modalities, such as combining functional images (e.g.,
Positron Emission Tomography [PET]|) with anatomi-
cal images (e.g., Computed Tomography [CT|, Magnetic
Resonance Imaging [MRI]).

(b)

Cognitive
Impairments
Mental
Health
0
Neurological N /
Disorders .
'Application domain 4
of Cardiac
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Transformation \ //
\\\777/,/
\
Brain
Computer
Interface

FIGURE3 | (a) Major categories of wavelet transform used in healthcare applications. (b) Healthcare applications of wavelet transform.
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These categories cover the most common data sources in health-
care: anatomical, functional, and biosignals data. The specific
modalities used depend on the clinical question and available
patient data. Additionally, we classified approaches by their ap-
plication domain (Figure 3b). Eight domains were identified:
cardiac abnormalities, mental health, cognitive impairments,
neurological disorders, respiratory disorders, neuromuscular
diseases, signal denoising, and miscellaneous applications. This
secondary categorization by clinical area provides context on
the intended patient populations and healthcare challenges each
approach aims to address.

3 | Results
3.1 | Cardiac Abnormalities

Cardiac abnormalities encompass a wide range of conditions af-
fecting the heart's structure and function, posing a significant
global health challenge. WTs have demonstrated considerable
potential in various stages of cardiac analysis, including signal
decomposition, denoising, feature extraction, and the conversion
of cardiac signals into time-frequency domain images. Table A1
and Figure 4 summarize the works reported in this section, the
data type used, and the results obtained. Most of the works that
employ WT to study cardiac abnormalities work on ECG data.

In ML applications, WTs are widely used for signal decompo-
sition into frequency sub-bands. For instance, Giri et al. (2013)
applied DWT to decompose heart rate variability (HRV) signals
into sub-bands for the classification of coronary artery disease.
Similarly, Martis et al. (2014) utilized DWT for decomposing
ECG signals into frequency sub-bands, followed by dimension-
ality reduction and classification of five types of ECG beats. In
another study, Martis, Acharya, Lim, et al. (2013) employed
DWT for feature extraction from decomposed ECG signals to de-
tect normal versus abnormal rhythms. Venkatesan et al. (2018)
also used DWT to decompose ECG signals for HRV analysis and
arrhythmia classification, while Tuncer et al. (2019) decom-
posed ECG signals using multiple DWT levels and applied local
pattern techniques for classifying 17 arrhythmia classes.

WTs are also commonly applied for denoising ECG signals.
Martis, Acharya, and Min (2013) used wavelet denoising to re-
move high-frequency noise from ECG signals before extracting
cumulant features for cardiac abnormality classification. Elhaj
et al. (2016) employed DWT for ECG denoising in the prepro-
cessing stage, followed by feature extraction and dimension-
ality reduction with principal component analysis (PCA) for

(a) Data Types Employed in Wavelet Transforms
for Cardiac Abnormalities Analysis

(b) Method: ployed in Wavelet T
for Cardiac Abnormalities Analysis

wlosignals

ML
’ DL
3 48% 52%

o
o)

FIGURE 4 | Summary of the studies (n=36) on wavelet and AI ap-
plied in cardiac abnormalities. (a) Sunburst diagram (outer ring: bio-
signals/images), inner ring: data used; (b) pie-chart ML versus DL
approaches.

arrhythmia recognition. Similarly, Mohamed Suhail and Abdul
Razak (2022) used DWT for preprocessing to eliminate noise
and artifacts from ECG signals before applying ML for cardiac
disease detection.

In addition to signal decomposition and denoising, WTs are also
widely used for feature extraction, both linear and nonlinear.
For instance, Gutiérrez-Gnecchi et al. (2017) employed wavelet
coefficients extracted via DWT for arrhythmia classification,
followed by dimensionality reduction with PCA to capture lin-
ear features. Sengupta et al. (2018) used DWT to extract features
from ECG signals for predicting abnormal myocardial relax-
ation, feeding into a random forest (RF) classifier. Nonlinear
feature extraction techniques have also been explored, such as
in the work by Bashar, Han, et al. (2021), who applied DWT co-
efficients to calculate entropy and energy features for detecting
premature atrial/ventricular contractions. In another study,
Bashar, Ding, et al. (2021) used TQWT to extract time-frequency
features like energy and spectral entropy for predicting atrial
fibrillation in sepsis patients. Jothiramalingam et al. (2021)
employed CWT to extract features from multi-lead ECG sig-
nals for detecting left ventricular hypertrophy (LVH) using
ML techniques. Finally, Zeng, Yuan, et al. (2023) used TQWT
to extract features from ECG signals, which were then classi-
fied using Convolutional Neural Network—Long Short-Term
Memory (CNN-LSTM) networks for arrhythmia detection,
demonstrating the versatility of wavelets in both linear and non-
linear feature extraction. Adam et al. (2018) proposed a method
to distinguish normal ECG signals from myocardial infarction
by decomposing the signals into frequency sub-bands using five-
level DWT. Nonlinear features are then extracted from the DWT
coefficients for classification.

Recently, WTs have been combined with DL models for ECG
analysis, particularly for transforming 1D signals into 2D time-
frequency images. Ma et al. (2021) used FSWT to convert ECG
signals into 2D images, which were then input into a CNN for
feature extraction and combined with an SVM classifier for im-
proved atrial fibrillation detection. Xia et al. (2018) employed
SWT and short-term Fourier transforms to create 2D matrices
from ECG segments for deep CNN analysis, eliminating the
need for P or R peak detection. Radhakrishnan et al. (2021)
used Chirplet transform to generate time-frequency representa-
tions of ECG signals, which were input into a 2D Convolutional
Neural Network—Bidirectional Long Short-Term Memory (2D
CNN-BiLSTM) model for atrial fibrillation detection. Zhang
et al. (2021) proposed generating 2D texture images from ECG
signals, which were used as inputs to an Inception-ResNet-v2
CNN for classifying arrhythmias.

For signal decomposition, Panda et al. (2020) applied a fixed
frequency range EWT filter bank to decompose ECG sig-
nals into different modes, which were then used as input to a
deep CNN for detecting shockable ventricular arrhythmias.
Similarly, Zeng, Su, Chen, and Yuan (2023) employed TQWT
to decompose ECG signals into sub-bands for the classification
of heart valve disorders using CNN networks. In terms of fea-
ture extraction, Houssein et al. (2022) and Li et al. (2022) used
DWT as part of the feature extraction process for arrhythmia
classification, feeding the extracted features into CNN models.
Kim et al. (2023) also applied DWT for feature extraction in
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(a) Data Types Employed in Wavelet Transforms
for Mental Health Analysis
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FIGURE 5 | Summary of the studies (n=18) on wavelet and AI applied in mental health. (a) Sunburst diagram (outer ring: biosignals/images),

inner ring: data used; (b) pie-chart ML versus DL approaches.

a real-time system designed to detect the R peak and classify
arrhythmias on an embedded system. Peng et al. (2022) used
DWT for preprocessing to denoise ECG signals, enhancing the
feature extraction process for classification tasks. Chatterjee
et al. (2022) proposed a hybrid ECG denoising technique that
combines sparse optimization and WT, followed by threshold-
ing and classification with an extreme learning machine-based
autoencoder. Poungponsri and Yu (2013) also utilized DWT for
ECG signal denoising, decomposing signals into coefficients
which were then processed by neural networks for noise reduc-
tion. Karri and Annavarapu (2023) also used DWT for both noise
reduction and feature extraction in their arrhythmia classifica-
tion model, which was then followed by classification using a
neural network.

Several studies have applied WT to analyze phonocardiography
(PCGQG) signals for detecting cardiac anomalies. Zeng, Su, Chen,
and Yuan (2023) extracted features from PCG signals using
TQWT and classified heart valve disorders using CNN net-
works. Additionally, WTs are widely used for denoising ECG sig-
nals. Sawant et al. (2021) used Fano-factor constrained tunable
quality wavelet transform (FWT) to decompose heart sound sig-
nals into sub-bands for binary classification. Zeng et al. (2021)
employed TQWT and variational mode decomposition (VMD)
to detect abnormal heart sounds, extracting features from the
sub-band with the highest energy. Bhardwaj et al. (Bhardwaj
et al. 2023) used CWT to obtain time-frequency scalograms of
PCG signals for classifying valvular heart diseases with deep
CNNs. Rajeshwari et al. (2023) applied CWT and the Teager—
Kaiser energy operator to segment heart sound events, such as
systolic clicks and murmurs, for detecting mitral valve prolapse.
Shuvo et al. (2023) introduced NRC-Net, a convolutional recur-
rent neural network (CRNN) for classifying heart conditions
from noisy PCG signals, using CWT to transform heart sounds
into images. Dhar et al. (2021) utilized cross-WT to create time-
frequency spectra of PCG signals for classification using the
AlexNet CNN model. Finally, Zeng, Su, Yuan, and Chen (2023)
employed TQWT to decompose PCG signals into sub-bands, se-
lecting the one with the highest energy for classification.

This section highlights how WTs have proven highly effective
for signal decomposition, denoising, and feature extraction in
cardiac signal analysis, enabling more accurate detection and
classification of various cardiac conditions. Ahmed et al. (2023)
developed a hybrid method for denoising PPG signals using DL
and fast WT, where the noisy signal is decomposed, and the
clean signal is reconstructed using a deep neural network.

3.2 | Mental Health

Mental health is a critical aspect of overall well-being, encom-
passing our emotional, psychological, and social well-being.
Figure 5 and Table A2 summarize the works reported in this
section, along with the data type used and the results obtained.

In mental health research, EEG signals are commonly used for
studying various conditions, with WTs playing a crucial role in
feature extraction for ML classification. Studies such as Kumar
Upadhyay and Nagpal (2020) and Tuncer et al. (2021) applied
WT to decompose EEG signals into frequency sub-bands, ex-
tracting statistical, power, and fractal features for the classifi-
cation of stress, sleep stages, and emotions using classifiers like
support vector machine (SVM) and radial basis function neu-
ral network (RBFNN). Gosala et al. (2023) compared different
WT methods (CWT, DWT, WST) for detecting schizophrenia,
achieving high accuracy with CWT features. Pant et al. (Pant
et al. 2022) applied FAWT for feature extraction from ECG
signals to detect sleep apnea, using an ensemble classifier for
accurate classification. Other studies, like Tor et al. (2021) and
Sharma et al. (2022), also employed WT to extract nonlinear
features for the classification of attention deficit hyperactivity
disorder (ADHD) and stress, showcasing the versatility of WT in
mental health applications. Richmond et al. (2021) introduced
a system for detecting sleep apnea using ECG signals, where
FAWT was used to decompose the signals and ML algorithms
were applied to classify apnea events with high accuracy.

Recently, some authors have integrated the WT into DL-based
approaches.

Recent studies have integrated WTs with DL approaches for
EEG signal analysis. Asghar et al. (2022) proposed a method for
emotion classification by decomposing EEG signals using mul-
tivariate empirical mode decomposition (MEMD) and then ap-
plying CCWT to extract features and generate spectrograms for
further processing. Sobahi et al. (2022) used WT to extract EEG
rhythms, followed by a One-Dimensional Local Binary Pattern
(1D LBP) to create EEG images, which were then classified using
CNN. Shen et al. (2023a) applied CWT to extract time-frequency
features from EEG, using them to build functional connectivity
matrices processed by a 3D CNN for classifying alcoholics ver-
sus controls. Fang et al. (2023) introduced a dual-stream neu-
ral network for sleep staging, using CWT for time-frequency
representation as input to one stream and raw EEG to another,
with adaptive boosting to address class imbalance. Malviya and
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(a) Data Types Employed in Wavelet Transforms
for Brain Computer Interface
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FIGURE 6 | Summary of the studies (n=6) on wavelet and AI applied in the brain-computer interface. (a) Sunburst diagram (outer ring: biosig-

nals/images), inner ring: data used; (b) pie-chart ML versus DL approaches.

Mal (2022) used DWT for noise removal and feature extraction
from EEG signals, followed by CNN for automatic feature selec-
tion to detect stress.

Other studies use the PPG and ECG signals to assess condi-
tions such as hypertension and mental stress. Martinez-Rios
et al. (2022) used WST to classify hypertension from PPG sig-
nals, extracting time-frequency features and applying them to
an SVM classifier. Khan et al. (2023) decomposed PPG signals
using DWT to classify hypertension and diabetes, with statisti-
cal features extracted from the sub-bands and classified using
multiple ML classifiers. Barki and Chung (2023) applied CWT to
transform PPG signals into scalograms, which were then classi-
fied as stressed or non-stressed using a CNN. Liang et al. (2018)
used CWT to convert PPG signal segments into scalograms
for input into a GoogLeNet pre-trained CNN for hypertension
classification. Koh et al. (2022) applied EWT to ECG signals,
extracting entropy-based features like approximate and permu-
tation entropy for the classification of mental health disorders
such as ADHD and conduct disorder.

Additionally, Rastgoo et al. (2021) developed an ECG-based
driver stress classification system using particle swarm opti-
mization for windowing hyperparameters. WT was part of an
iterative pulse peak detection algorithm to analyze ECG sig-
nals. Jarchi et al. (2020) proposed a framework for recogniz-
ing patient groups with sleep disorders using both ECG and
Electromyography (EMG) signals, employing WT to reliably
extract heart rate and breathing-related features via an iterative
pulse peak detection algorithm.

WTs have shown significant potential for assessing men-
tal health, particularly in the analysis of EEG signals. These
techniques are widely used for feature extraction and time-
frequency domain representation, aiding in the classification of
various mental health conditions such as stress, sleep disorders,
and emotions, thus contributing to more accurate and reliable
diagnostic systems.

3.3 | Brain-Computer Interface

Brain-Computer Interface (BCI) technology enables direct
communication between the brain and external devices, of-
fering a promising solution for individuals with severe motor
disabilities. Figure 6 and Table A3 summarize the works re-
ported in this section, the data types used, and the results
obtained.

Both ML and DL approaches have been applied in the field of
BCI, integrating WT into the processing pipelines, particularly
for feature extraction and signal processing in EEG-based ap-
plications. For example, Kaur et al. (2019) utilized DWT for age
and gender classification from EEG signals, extracting statisti-
cal features from different frequency bands. Aileni et al. (2020)
applied DWT for early detection of epileptic seizures using
artificial neural networks (ANNs). In motor imagery tasks,
Collazos-Huertas et al. (2020) improved classification accuracy
by using CWT to extract time-frequency planes for CNN-based
classification. Other studies, such as Phadikar et al. (2023) and
Chaudhary et al. (2020), explored feature extraction using WT
and various classifiers to enhance the accuracy of motor imag-
ery classification tasks. Additionally, Xu et al. (2019) leveraged
WT to transform multichannel EEG signals into time-frequency
images, which were then used as input for CNNs to classify
motor imagery tasks.

These studies demonstrate the effectiveness of WT in various
BCI applications, such as classification, seizure detection, and
motor imagery. The integration of WT with AT improves signal
analysis, classification accuracy, and system interpretability.
However, challenges remain, including the need for more robust
algorithms, better handling of variability, artifact removal, and
enhanced real-time processing.

3.4 | Neurological Disorders

Neurological disorders encompass a wide range of conditions
that affect the nervous system, including the brain, spinal cord,
and peripheral nerves. Figure 7 and Table A4 summarize the
works reported in this section, the data types used, and the re-
sults obtained.

In the study of neurological disorders, several studies have
employed WT for both signal decomposition and feature ex-
traction from EEG signals. DWT was frequently used to de-
compose EEG signals into different frequency sub-bands,
from which various statistical and entropy-based features
were extracted for classification using ML models, such as
ANN, k-Nearest Neighbors (kNN), and SVM. Notable exam-
ples include Zeng et al. (2020), Durongbhan et al. (2019), and
Chakrabarti et al. (2020), who applied DWT for epilepsy de-
tection and classification, achieving high accuracy. Similarly,
methods involving FAWT and TQWT were employed by You
et al. (2020) and George et al. (2020) for focal and non-focal sei-
zure detection and classification, utilizing entropy measures
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as key features. Other studies, such as Molla et al. (2020) and
Yazid et al. (2021), focused on classifying seizures and non-
seizures with DWT-derived features, achieving impressive
classification results. Additionally, DWT-based approaches
were applied by Alsharabi et al. (2022) and Aljalal et al. (2022)
for diagnosing Alzheimer's and Parkinson's diseases through
feature extraction from resting-state EEG signals.

Ieracitano et al. (2020) and Anuragi et al. (2022) both focus
on feature extraction from EEG signals for neurological dis-
order classification. Ieracitano et al. (2020) used CWT for fea-
ture extraction to detect Alzheimer's disease, while Anuragi
et al. (2022) employed the phase space representation of
sub-band signals, derived from EEG decomposed using the
Fourier-Bessel series expansion-based FBSE-EWT, for ep-
ileptic seizure classification. On the other hand, Qaisar and
Hussain (2021) used the Autoregressive Burg technique for
feature extraction in combination with the Rotation Forest
classifier to detect epileptic seizures, focusing on signal anal-
ysis rather than decomposition.

More recently, DL-based methods have been applied to EEG data
to study neurological disorders. Li et al. (2017) combined DWT
with wavelet-based envelope analysis to extract significant fea-
tures for epilepsy detection using neural networks. Similarly,
Geng et al. (2016) proposed a method employing DWT for EEG
decomposition, extracting features from the sub-bands for sei-
zure classification with an improved WNN. Sayeed et al. (2019)
also employed DWT to decompose EEG signals into sub-bands,
extracting features from each for seizure detection. These ap-
proaches emphasize the combined use of WTs and ML for effec-
tive neurological disorder analysis. Cui et al. (2021) utilized CWT
with a Morse mother wavelet to generate time-frequency graphs
from EEG signals, which were combined into images and classi-
fied with a CNN to differentiate Alzheimer's, mild cognitive im-
pairment, and healthy subjects. Kaur and Shashvat (2022) applied
CWT to EEG signals to create scalograms that serve as inputs to
a CNN for identifying epileptic activity. Zhang et al. (2022) used
tunable Q-factor WT and packet transform to generate scalo-
grams for Parkinson's disease diagnosis, feeding them into deep
residual shrinkage networks for classification. These methods
highlight the synergy between WTs and DL in extracting and le-
veraging time-frequency representations of EEG data.

Fukumori et al. (2022) and Ari et al. (2022) used WTs to extract
EEG sub-bands, employing CNNs to detect epileptic spikes and
autism, respectively, after feature extraction. Yan et al. (2022)
and Shen et al. (2023b) employed TQWT to decompose EEG

signals into sub-bands, using statistical features for real-time
epilepsy seizure detection via CNN classifiers. Similarly, Chen
et al. (2023) utilized DWT to extract sub-band features like ap-
proximate entropy for epileptic seizure detection.

WT methods are commonly used in MRI-based neurological
disorder analysis, primarily for feature extraction. Siddiqui
et al. (2015) and Gupta et al. (2020) utilized DWT to extract
approximation and detailed features from MRI images for clas-
sification tasks, optimizing computational efficiency. Similar
approaches were adopted by Kumar et al. (2021), Yilmaz Acar
et al. (2022), and Arif et al. (2022), who applied DWT to extract
spatial and spectral features, enabling effective brain tumor
classification and disease activity prediction. Ma et al. (2020)
employed WT for denoising and preprocessing MRI images,
combined with the Laplacian of Gaussian (LoG) filtering, to pre-
pare data for radiomics-based glioma grading models.

The sole study utilizing PET images, by Subramanyam
Rallabandi and Seetharaman (2023), employed a DL approach
for Alzheimer's disease classification. Their method integrates
MRI and PET data, using 2D DWT as a preprocessing step for
MRI images prior to fusion with PET images, enhancing the
classification of Alzheimer's, mild cognitive impairments, and
healthy controls.

Overall, WTs have proven highly effective in analyzing EEG,
MRI, and PET data for neurological disorders. By enabling de-
tailed signal decomposition and robust feature extraction, WT
enhances the performance of ML and DL models in diagnosing
conditions such as epilepsy, Alzheimer's, Parkinson's disease,
and autism.

3.5 | Respiratory Disorders

Respiratory disorders refer to a broad range of medical condi-
tions that affect the respiratory system, including the lungs, air-
ways, and breathing muscles. Figure 8 and Table A5 summarize
the works reported in this section, the data types used, and the
results obtained.

Authors used both signals and images for the analysis of respira-
tory diseases. In ECG-based studies, Hassan and Haque (2017)
utilized TQWT to decompose ECG signals and extract statistical
features for sleep apnea detection, achieving superior perfor-
mance. Similarly, Linh et al. (2023) employed CWT for feature
extraction from single-lead ECG signals to detect apnea events
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using ML classifiers. Attallah (2022) proposed ECG-BiCoNet for
COVID-19 diagnosis, integrating DWT to reduce the dimension-
ality of deep features from CNN layers before classification.

For respiratory sound analysis, Shuvo et al. (2021) developed
a lightweight CNN model using a hybrid approach combining
Empirical Mode Decomposition (EMD) and CWT to generate
scalograms from lung sound signals, which were then classified
for disease identification.

For respiratory sound analysis, Shuvo et al. (2021) developed
a lightweight CNN model using a hybrid approach combining
EMD and CWT to generate scalograms from lung sound signals,
which were then classified for disease identification.

In the field of imaging, Patel and Kashyap (2022) employed 2D
FAWT to denoise lung CT images and extract statistical features
for COVID-19 detection, achieving high accuracy with SVM
classification. For X-ray imaging, Muralidharan et al. (2022)
used FB2DEWT to extract multiscale modes, which were input
into a deep CNN for classifying X-rays into COVID-19, pneu-
monia, and normal classes. Huang et al. (2020) proposed a two-
stage residual CNN (TS-RCNN) method for low-dose CT image
denoising. In this approach, SWT is first applied to the CT im-
ages, followed by a CNN to denoise the wavelet coefficients, im-
proving the texture quality of the images.

WT has proven effective in both signal and imaging-based anal-
yses of respiratory diseases, enhancing feature extraction, noise
reduction, and classification accuracy. Its integration with ML
and DL models demonstrates significant potential for diagnos-
ing conditions like COVID-19 and sleep apnea, leveraging the
multiscale capabilities of WT to improve detection and classifi-
cation outcomes.

(b) Methods Employed in Wavelet Transforms
for Respiratory Disorders
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3.6 | Neuromuscular Disorders

Neuromuscular disorders encompass a range of medical con-
ditions that affect the nerves and muscles, leading to impaired
muscle function and control. Figure 9 and Table A6 summarize
the works reported in this section, the data types used, and the
results obtained.

Subasi (2013) utilized DWT to extract statistical features from
decomposed EMG signals for classifying normal, neurogenic, or
myopathic signals with a Particle Swarm Optimization—Support
Vector Machine (PSO-SVM) model. Later, Subasi (2020) com-
bined multiscale PCA for denoising and DT-CWT for feature ex-
traction, classifying EMG signals using a rotation forest ensemble.
Subramani and Rani (2021) applied DWT for signal decomposition
and integrated it with CNN to predict muscular paralysis.

For imaging, Preethi and Aishwarya (2021) employed DWT to
decompose PET and MRI images, extracting statistical features
from sub-bands for brain tumor detection and segmentation,
highlighting wavelets' utility in medical imaging.

These studies demonstrate the versatility and effectiveness of
WT in capturing critical features across both EMG signals and
medical imaging for neuromuscular disorder diagnosis and
analysis.

3.7 | Miscellaneous Application

This section encompasses all other studies not falling into the
aforementioned categories. Table A7 summarizes the works
presented in this section, including the data types used and the
obtained results.
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Zhang, Zhou, and Zeng (2017) used DWT for ECG-based biomet-
ric identification, applying it as a preprocessing step to decompose
ECG segments into multiple wavelet components for enhanced
feature extraction with CNN. In another study, Zhang, Zhao,
et al. (2017) employed WT for ECG data compression, remov-
ing noise before feature extraction for signal distinction. Wulan
et al. (2020) introduced WaveletGAN, a DL-based generative
model that uses SWT to decompose ECG signals into coefficient
time series for reconstruction. Sashidhar et al. (2021) applied WT
to filtered ECG signals for generating scalograms, which were re-
duced using PCA and classified with linear discriminant analysis
(LDA) to predict pulse presence during cardiac arrest. Guo, Wan,
et al. (2022) used WT to preprocess PPG signals from wristbands
for physical fitness evaluation, extracting physiological features
before classifying them with a 1D CNN. Torbati et al. (2014) de-
veloped a noise-robust NN-based medical image segmentation
method, using DWT to create feature spaces for improved pattern
recognition. Singh et al. (2022) proposed a multimodal medical
image fusion watermarking algorithm, using RDWT to embed
watermarks in MRI and CT images.

4 | Discussion
4.1 | Summary of Main Findings

In this section, we summarize the main findings from our sys-
tematic review of the application of WT in healthcare using
Al frameworks. The integration of WT and AI techniques has
shown promising results and benefits in various healthcare
domains. Figure 10 illustrates the publication trends over the
years. We observed a consistent increase in the utilization of
WT in healthcare applications. Notably, there was a significant
surge in 2020 when WT started being employed also in image
analysis and DL methodologies. This expansion into the field of
images and DL showcases the versatility and adaptability of WT
in addressing complex healthcare challenges.

Furthermore, Figure 10 provides insights into the distribution
of works based on ML and DL approaches over the years. Before

2020, the application of WT was predominantly seen in ML.
However, there has been a progressive shift toward utilizing
WT as a feature extraction technique within DL methods. For
instance, the work by Kaur and Shashvat (2022) exemplifies
this approach, where signals are transformed into scalograms
using WT, and DL algorithms are employed for classification
tasks. This approach capitalizes on the ability of WT to ana-
lyze and extract patterns from data, coupled with the superior
classification capabilities of DL compared to ML methods.
Several authors followed the same approach in the field of
neurodegenerative diseases (Zhang et al. 2022), cardiac abnor-
malities (Zhang et al. 2022), and respiratory disorders (Shuvo
et al. 2021).

Figure 11a presents the distribution of works based on different
tasks. The primary tasks involving WT in healthcare applica-
tions are detection and diagnosis, accounting for the majority
of the studies (n=59). Classification tasks rank second (n=32),
while tasks related to recognition and prediction are less prev-
alent. Additionally, the “other” category includes general tasks
such as signal denoising, showcasing the diverse range of appli-
cations for WT in healthcare.

Figure 11b provides insights into the types of WT utilized in the
reviewed studies. DWT emerges as the most widely used type,
representing 43% of the studies. This preference can be attributed
to its specific advantages, such as computational efficiency and
multiresolution analysis (Zhang, Zhou, and Zeng 2017). In the
application of WT and AI techniques in healthcare, DWT is fre-
quently employed in the preprocessing stage. It is used to extract
meaningful features from signals (Khan et al. 2023; Sengupta
et al. 2018) and images (Arif et al. 2022), which are then used as
input to ML or DL classifiers. Another commonly employed type
is the CWT, which provides time-frequency localization (Kaur
and Shashvat 2022).

CWT helps extract frequency-based features from biosignals
or medical images, which are then utilized as input for ML or
DL models. Another fairly utilized method is the TQWT, em-
ployed by 7% of the studies reported in this review. TQWT plays
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FIGURE 10 | Temporal distribution of reviewed papers categorized by the use of machine learning (ML) or deep learning (DL) approaches, di-

vided by publication year.
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an important role in the signal preprocessing/feature extraction
step by decomposing signals into frequencies, allowing for more
detailed analysis and improved classification when used with
AI/ML techniques.

4.2 | Role of Wavelet and Al in Healthcare

Figure 12a shows the distribution of studies included in the
review categorized by the different application areas. Cardiac
abnormalities are the largest application area, with around
29% of studies falling under this category. This area looks at
the detection and classification of various heart conditions
using signals like ECG and PCG. Neurological disorders are
the second largest category, with 27% of studies. These studies
assessed conditions like epilepsy, Alzheimer's, and Parkinson's
diseases, using EEG and MRI scans. Around 16% of studies
focused on mental health, assessing conditions like stress and
emotions using EEG signals. Respiratory disorders comprised
around 8% of studies. The former analyzed conditions like
COVID and sleep apnea. BCI and neuromuscular diseases
accounted for around 5% and 4% of studies, respectively. BCI
studies used EEG for tasks like motor imagery classification.
Smaller categories included signal denoising (around 4% of
studies) and miscellaneous applications (around 4%). This dis-
tribution highlights that significant research effort has gone
into understanding cardiac and neurological conditions using
AI+WT techniques. It also shows interest in emerging do-
mains like respiratory disorders and BCI. Overall, Figure 12
provides a sense of the focus areas and relative emphasis given
by researchers in applying wavelet-AI synergies across the dif-
ferent medical domains.

(a)
Type of task in Paper Utilizing Wavelet Transformation

" Classification
1 Recognition
" Prediction

W Others

¥ Detection and diagnois

Figure 12b shows the distribution of studies based on the
data type used. The majority (around 82%) of studies utilized
biosignals such as ECG, EEG, PCG, and PPG for analysis.
This emphasizes the prominent role of physiological signals
in healthcare applications. In particular, ECG is widely em-
ployed for cardiology work (seen in 39 studies) due to its non-
invasive nature. EEG is also popular for researching mental
health (10 studies) and neurological disorders (23 studies)
given its correlation to brain function. Around 18% of studies
employed medical images, primarily CT, MRI, and X-rays, to
assess various conditions. This demonstrates a growing inter-
est in applying wavelet-AI methods in radiology. Only 7 out of
the 112 analyzed studies utilized both signal and image data,
highlighting limited efforts in multi-modality fusion to date.
In summary, while biosignals currently dominate due to their
relevance in many health domains as well as easier accessibil-
ity, the trend indicates an increase in utilizing medical imag-
ing applications by leveraging recent advances in DL. Overall,
computational capabilities and hardware accessibility will
also influence this shift towards more image-based research
over time.

In addition to the current applications and benefits of WT and
Al in healthcare, the choice of the mother wavelet for a spe-
cific task is an important consideration that warrants further
investigation in future work. The mother wavelet determines
the properties and characteristics of the WT, such as frequency
resolution, time localization, and smoothness. Different wave-
lets have varying abilities to capture certain features or pat-
terns in medical data. While this review has discussed the use
of WTs in healthcare applications, the selection of the appro-
priate mother wavelet for a particular task remains a topic of
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FIGURE 11 | (a)Task distribution leveraging WT analysis and (b) task distribution leveraging WT analysis.
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ongoing research. The choice of wavelet can have a significant
impact on the accuracy and performance of the analysis, as
different wavelets may be more suitable for specific types of
signals or images.

4.3 | Comparative Analysis of Wavelet Transform
Techniques

The comparative analysis of WT techniques reveals dis-
tinct performance patterns across healthcare applications.
The DWT achieved its highest accuracy of 99.9% in epi-
leptic seizure detection (Chen et al. 2023), while the CWT
reached 99.18% accuracy in atrial fibrillation detection
(Radhakrishnan et al. 2021). The TQWT demonstrated no-
table performance with 97.57% accuracy in epileptic seizure
detection (Shen et al. 2023b), and the FAWT achieved 99.33%
accuracy in motor-imagery tasks classification (Chaudhary
et al. 2020). The EWT showed promising results with 96% ac-
curacy in Covid-19 detection (Muralidharan et al. 2022), while
the SWT demonstrated effective performance in texture de-
noising with a Peak Signal-to-Noise Ratio (PSNR) of 38.47dB
(Huang et al. 2020). Cross-WT applications, though less com-
mon, achieved 98% accuracy in phonocardiogram classifica-
tion (Dhar et al. 2021). These results indicate that, while DWT
and CWT generally achieve the highest accuracy levels, spe-
cialized WTs like TQWT and FAWT offer comparable perfor-
mance with additional benefits in specific applications.

Beyond accuracy metrics, our review reveals several critical
performance aspects of different WTs. DWT demonstrates
superior computational efficiency, making it particularly suit-
able for real-time applications and resource-constrained en-
vironments, as evidenced in ECG-based systems (Mohamed
Suhail and Abdul Razak 2022). CWT, while more computa-
tionally intensive, excels in capturing fine-grained temporal
features, particularly beneficial in neurological applications
where precise temporal localization is crucial (Cui et al. 2021).
The choice between transforms often depends on the specific
requirements of the medical application—DWT is predomi-
nantly used in biosignal analysis (82% of reviewed studies),
while CWT is preferred in imaging applications where detailed
frequency analysis is essential. Notably, newer transform vari-
ants like TQWT offer enhanced flexibility in controlling the
Q-factor, proving particularly effective in analyzing oscilla-
tory signals in mental health applications (Koh et al. 2022).
The review also highlights a growing trend toward hybrid ap-
proaches, combining multiple WTs or integrating them with
DL architectures, as seen in recent studies (Shuvo et al. 2023;
Zhang et al. 2022), suggesting that future developments may
lie in such combinatorial approaches rather than single trans-
form applications.

4.4 | Benefits and Challenges of Wavelet in
Healthcare

Wavelet transformation, when integrated with AI techniques,
offers several benefits in healthcare applications. One of the
key benefits of WT in healthcare is its ability to analyze biosig-
nals and images at different frequencies and resolutions. This

enables a more detailed analysis of underlying data, uncovering
hidden patterns and extracting relevant features from medical
data. By decomposing signals into various frequency compo-
nents, WT provides a powerful mathematical framework that
aids in the identification of anomalies and the understanding
of complex physiological dynamics. The combination of WT
and AT also facilitates real-time monitoring and diagnosis. WT
can effectively capture subtle variations in physiological sig-
nals, even when these variations are very small yet clinically
significant. AT algorithms can then analyze these transformed
signals and provide actionable insights in real time, allowing
for timely interventions and personalized treatment protocols.
Wavelet-based methodologies further enhance the signal anal-
ysis process, especially in feature extraction. WT decomposes
signals into multiple scales and resolutions, enabling the iden-
tification of both linear and nonlinear features (Zeng, Yuan,
et al. 2023). This capability is particularly valuable in detecting
anomalies or subtle signal changes that indicate disease pro-
gression or early-onset conditions.

Another advantage of WV lies in its ability to transform one-
dimensional (1D) signals into 2D data representations, such as
scalograms or wavelet spectrograms. These representations can
be effectively processed by CNNs, which excel in image-based
analysis. By utilizing the spatial and temporal features encoded
in 2D WTs, CNNs can achieve remarkable accuracy in tasks
such as arrhythmia detection, EEG-based seizure prediction,
and other bioimaging applications. This approach closes the
gap between traditional signal processing and advanced DL ar-
chitectures, enabling automated and high-precision diagnostic
systems.

Furthermore, WT in healthcare can contribute to the optimiza-
tion of medical imaging. By utilizing wavelet techniques, medical
images can be denoised, enhancing image quality and improving
the accuracy of diagnostic interpretations. Additionally, wavelet-
based image compression methods can reduce storage require-
ments while preserving essential diagnostic information.

Despite the several benefits, there are also challenges associ-
ated with the application of WT in healthcare (Figure 13). One
such challenge is the selection of an appropriate wavelet basis
function and scale for a specific application. This choice can
significantly impact the accuracy and reliability of the analy-
sis. Another challenge lies in the complexity of wavelet analy-
sis algorithms and their computational requirements. Wavelet
transformation involves mathematical computations, which can
be computationally intensive, particularly when dealing with
large datasets. Developing efficient and scalable algorithms for
wavelet analysis in healthcare is essential to ensure real-time
processing and practical implementation. Finally, the interpre-
tation and clinical validation of wavelet-transformed data poses
challenges. While wavelet analysis can uncover hidden patterns,
the clinical significance and interpretation of these findings re-
quire domain expertise and validation.

4.5 | Future Research Directions

As the field of WT and AI continues to evolve, it is important
to highlight emerging trends and potential future directions for
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FIGURE 13 | Challenges and benefits of wavelet transformation in healthcare research discussed in this review.

healthcare applications. Several areas of improvement and fu-
ture research opportunities exist to advance the field:

— Optimization of Computational Efficiency: wavelet-based
studies often have significant computational costs, which
can hinder their application, especially in real-time scenar-
ios. Investigating methods to optimize the computational
efficiency of WVs and their integration with AI models is,
therefore, critical. Techniques such as quantization, model
pruning, and edge computing can help reduce latency and
make WT applications more feasible for real-time environ-
ments or wearable devices. For example, WTs could be
used in continuous monitoring systems to analyze HRV in
the frequency domain utilizing PPG data. Continuous, real-
time monitoring of cardiovascular health would be made
possible by incorporating such capabilities into wearable
technology. These applications may become more useful
and accessible by reducing the computing needs of WT
processing, paving the way for broader healthcare usage.

- Choice of mother WT: Focus on exploring the selection crite-
ria for choosing the optimal wavelet for different healthcare
applications. This may involve considering factors such as
the characteristics of the medical data, the desired level of
frequency resolution, the presence of noise or artifacts, and
the specific analysis goals.

— Integration of WT with DL Techniques: Investigate the use of
WT within DL frameworks. WT's ability to capture localized
signal features in the time-frequency domain could com-
plement the powerful pattern recognition and hierarchical
feature extraction capabilities of DL models, such as convo-
lutional neural networks. This can leverage the strengths
of both approaches to improve the performance of classi-
fication and detection tasks. More in detail, future studies
could investigate methods to transform 1D signals into 2D
representations, such as scalograms, for use as input to DL
models. This approach has the potential to unlock new possi-
bilities in fields like arrhythmia detection (Zhang et al. 2021),
atrial fibrillation detection (Ma et al. 2021), and neurological
disorder detection (Zhang et al. 2022). Additionally, research-
ers could investigate the use of WT as a preprocessing step to
improve the efficiency of DL models by focusing on salient
features and reducing noise in the data.

- Multi-Modal Data Fusion: Current applications often focus
on single-modality data (e.g., EEG, ECG or images), lim-
iting their applicability to complex conditions requiring

multimodal analysis. Future research should explore meth-
odologies to combine WT with other modalities, such as
genetic data, text-based clinical records, or wearable sen-
sor data. The fusion of multiple data sources can provide a
holistic view of patient health, enabling more accurate and
comprehensive decision-making (Salvi et al. 2024).

- Explainability and Interpretability: Focus on developing in-
terpretable models and visualization techniques to enhance
the transparency and trustworthiness of wavelet-based Al
systems in healthcare. Visualization methods such as sali-
ency maps could highlight which wavelet-derived features
contribute most significantly to a model's decisions. This
includes methods to explain the decisions or quantify the
uncertainty of the predictions (Seoni et al. 2023), facilitat-
ing clinical validation and acceptance.

5 | Conclusion

The integration of wavelet transformation and AI in healthcare
has demonstrated significant potential for advancing diagnos-
tics and interventions. This review has provided insights into
the application of WT within the AI framework, focusing on the
most used wavelets, data types, and tasks in the medical field.
The benefits of this integration include multi-scale and multi-
frequency signal analysis, effective feature extraction, and im-
proved signal/image denoising and compression. To further
advance the field, future research should optimize computa-
tional efficiency and integrate more advanced AI techniques.
Fusing data from multiple modalities and improving explain-
ability will also be important. Addressing these challenges can
help pave the way for more automated, real-time diagnostic tools
with personalized treatment recommendations.

Author Contributions

Samiul Based Shuvo: conceptualization (equal), data curation (equal),
formal analysis (supporting). Syed Samiul Alam: conceptualization
(supporting), data curation (equal), formal analysis (supporting). Syeda
Umme Ayman: data curation (supporting), investigation (support-
ing), writing - review and editing (supporting). Arbil Chakma: data
curation (supporting), formal analysis (supporting), investigation (sup-
porting). Massimo Salvi: supervision (supporting), visualization (sup-
porting), writing — original draft (lead). Silvia Seoni: formal analysis
(supporting), visualization (lead), writing - review and editing (support-
ing). Prabal Datta Barua: validation (supporting), writing - review

13 of 26



and editing (supporting). Filippo Molinari: supervision (supporting),
writing - review and editing (supporting). U. Rajendra Acharya:
conceptualization (supporting), supervision (lead), writing - review and
editing (lead).

Acknowledgments

Open access publishing facilitated by Politecnico di Torino, as part of
the Wiley - CRUI-CARE agreement.

Conflicts of Interest

The authors declare no conflicts of interest.

Data Availability Statement

All data used in this systematic review are available in the cited publica-
tions. The excel file with the search strategy, inclusion criteria, and data
extraction are available from the corresponding author upon reasonable
request.

Related WIRES Articles

Statistical analysis of fMRI using wavelets: Big Data, denoising, large-
p-small-n matrices

Automatic diagnosis of sleep apnea from biomedical signals using ar-
tificial intelligence techniques: Methods, challenges, and future works

References

Abdulazeez, A. M., D. Q. Zeebaree, D. A. Zebari, G. M. Zebari, and 1.
M. N. Adeen. 2020. “The Applications of Discrete Wavelet Transform
in Image Processing: A Review.” Journal of Soft Computing and Data
Mining 1, no. 2: 31-43. https://doi.org/10.30880/JSCDM.2020.01.02.004.

Acharya, U. R., H. Fujita, V. K. Sudarshan, et al. 2015. “An Integrated
Index for Detection of Sudden Cardiac Death Using Discrete Wavelet
Transform and Nonlinear Features.” Knowledge-Based Systems 83, no.
1: 149-158. https://doi.org/10.1016/J. KNOSYS.2015.03.015.

Adam, M., S. L. Oh, V. K. Sudarshan, et al. 2018. “Automated
Characterization of Cardiovascular Diseases Using Relative Wavelet
Nonlinear Features Extracted From ECG Signals.” Computer Methods
and Programs in Biomedicine 161: 133-143. https://doi.org/10.1016/J.
CMPB.2018.04.018.

Ahmed, R., A. Mehmood, M. Mahboob Ur Rahman, O. A. Dobre, and
S. Member. 2023. “A Deep Learning and Fast Wavelet Transform-Based
Hybrid Approach for Denoising of PPG Signals.” IEEE Sensors Letters 7,
no. 7: 6003504 https://doi.org/10.1109/LSENS.2023.3285135.

Aileni, R. M., S. Pasca, and A. Florescu. 2020. “EEG-Brain Activity
Monitoring and Predictive Analysis of Signals Using Artificial Neural
Networks.” Sensors 20, no. 12: 3346. https://doi.org/10.3390/S20123346.

Aljalal, M,, S. A. Aldosari, M. Molinas, K. AlSharabi, and F. A. Alturki.
2022. “Detection of Parkinson's Disease From EEG Signals Using
Discrete Wavelet Transform, Different Entropy Measures, and Machine
Learning Techniques.” Scientific Reports 12, no. 1: 22547. https://doi.
0rg/10.1038/541598-022-26644-7.

Alsharabi, K., Y. Bin Salamah, A. M. Abdurrageeb, M. Aljalal, and F. A.
Alturki. 2022. “EEG Signal Processing for Alzheimer's Disorders Using
Discrete Wavelet Transform and Machine Learning Approaches.” IEEE
Access 10: 89781-89797. https://doi.org/10.1109/ACCESS.2022.3198988.

Anuragi, A., D. Singh Sisodia, and R. B. Pachori. 2022. “Epileptic-
Seizure Classification Using Phase-Space Representation of FBSE-EWT
Based EEG Sub-Band Signals and Ensemble Learners.” Biomedical
Signal Processing and Control 71: 103138. https://doi.org/10.1016/J.
BSPC.2021.103138.

Ari, B., N. Sobahi, O. F. Algin, A. Sengur, and U. R. Acharya. 2022.
“Accurate Detection of Autism Using Douglas-Peucker Algorithm, Sparse
Coding Based Feature Mapping and Convolutional Neural Network
Techniques With EEG Signals.” Computers in Biology and Medicine 143:
105311. https://doi.org/10.1016/J.COMPBIOMED.2022.105311.

Arif, M., A. Jims, A. Ajesh, O. Geman, M. D. Craciun, and F. Leuciuc.
2022. “Application of Genetic Algorithm and U-Net in Brain Tumor
Segmentation and Classification: A Deep Learning Approach.”
Computational Intelligence and Neuroscience 2022: 1-11. https://doi.
org/10.1155/2022/5625757.

Asghar, M. A., M. J. Khan, M. Rizwan, M. Shorfuzzaman, and R. M.
Mehmood. 2022. “Al Inspired EEG-Based Spatial Feature Selection
Method Using Multivariate Empirical Mode Decomposition for Emotion
Classification.” Multimedia Systems 28, no. 4: 1275-1288. https://doi.
0rg/10.1007/s00530-021-00782-w.

Attallah, O. 2022. “ECG-BiCoNet: An ECG-Based Pipeline for
COVID-19 Diagnosis Using bi-Layers of Deep Features Integration.”
Computers in Biology and Medicine 142: 105210. https://doi.org/10.
1016/j.compbiomed.2022.105210.

Barki, H., and W. Y. Chung. 2023. “Mental Stress Detection Using a
Wearable in-Ear Plethysmography.” Biosensors 13, no. 3: 397. https://
doi.org/10.3390/bios13030397.

Bashar, S. K., E. Y. Ding, A. J. Walkey, D. D. McManus, and K. H. Chon.
2021. “Atrial Fibrillation Prediction From Critically Ill Sepsis Patients.”
Biosensors 11, no. 8: 269. https://doi.org/10.3390/bios11080269.

Bashar, S. K., D. Han, F. Zieneddin, et al. 2021. “Novel Density Poincaré
Plot Based Machine Learning Method to Detect Atrial Fibrillation
From Premature Atrial/Ventricular Contractions.” IEEE Transactions
on Biomedical Engineering 68, no. 2: 448-460. https://doi.org/10.1109/
TBME.2020.3004310.

Bhardwaj, A., S. Singh, and D. Joshi. 2023. “Explainable Deep
Convolutional Neural Network for Valvular Heart Diseases Classification
Using PCG Signals.” IEEE Transactions on Instrumentation and
Measurement 72: 1-15. https://doi.org/10.1109/TIM.2023.3274174.

Chakrabarti, S., A. Swetapadma, A. Ranjan, and P. K. Pattnaik.
2020. “Time Domain Implementation of Pediatric Epileptic Seizure
Detection System for Enhancing the Performance of Detection and
Easy Monitoring of Pediatric Patients.” Biomedical Signal Processing
and Control 59: 101930. https://doi.org/10.1016/J.BSPC.2020.101930.

Chatterjee, S., R. S. Thakur, R. N. Yadav, and L. Gupta. 2022. “Sparsity-
Based Modified Wavelet de-Noising Autoencoder for ECG Signals.”
Signal Processing 198: 108605. https://doi.org/10.1016/J.SIGPRO.2022.
108605.

Chaudhary, S., S. Taran, V. Bajaj, and S. Siuly. 2020. “A Flexible
Analytic Wavelet Transform Based Approach for Motor-Imagery Tasks
Classification in BCI Applications.” Computer Methods and Programs in
Biomedicine 187: 105325. https://doi.org/10.1016/J.CMPB.2020.105325.

Chen, W.,, Y. Wang, Y. Ren, et al. 2023. “An Automated Detection of
Epileptic Seizures EEG Using CNN Classifier Based on Feature Fusion
With High Accuracy.” BMC Medical Informatics and Decision Making
23, no. 1: 96. https://doi.org/10.1186/512911-023-02180-w.

Collazos-Huertas, D. F., A. M. Alvarez-Meza, C. D. Acosta-Medina, G.
A. Castafio-Duque, and G. Castellanos-Dominguez. 2020. “CNN-Based
Framework Using Spatial Dropping for Enhanced Interpretation of
Neural Activity in Motor Imagery Classification.” Brain Informatics 7,
no. 1: 8. https://doi.org/10.1186/s40708-020-00110-4.

Cui, D., H. Li, P. Liu, et al. 2021. “Deep Learning of Resting-State
Electroencephalogram Signals for Three-Class Classification of
Alzheimer's Disease, Mild Cognitive Impairment and Healthy Ageing
Analysis of the Neural Mechanism of Spectra Decrease in MCI by
a Thalamo-Cortical Coupled Neural Mass Model Deep Learning
of Resting-State Electroencephalogram Signals for Three-Class
Classification of Alzheimer's Disease, Mild Cognitive Impairment and

14 of 26

Wiley Interdisciplinary Reviews: Data Mining and Knowledge Discovery, 2025


https://doi.org/10.1002/wics.1467
https://doi.org/10.1002/wics.1467
https://doi.org/10.1002/widm.1478
https://doi.org/10.1002/widm.1478
https://doi.org/10.30880/JSCDM.2020.01.02.004
https://doi.org/10.1016/J.KNOSYS.2015.03.015
https://doi.org/10.1016/J.CMPB.2018.04.018
https://doi.org/10.1016/J.CMPB.2018.04.018
https://doi.org/10.1109/LSENS.2023.3285135
https://doi.org/10.3390/S20123346
https://doi.org/10.1038/s41598-022-26644-7
https://doi.org/10.1038/s41598-022-26644-7
https://doi.org/10.1109/ACCESS.2022.3198988
https://doi.org/10.1016/J.BSPC.2021.103138
https://doi.org/10.1016/J.BSPC.2021.103138
https://doi.org/10.1016/J.COMPBIOMED.2022.105311
https://doi.org/10.1155/2022/5625757
https://doi.org/10.1155/2022/5625757
https://doi.org/10.1007/s00530-021-00782-w
https://doi.org/10.1007/s00530-021-00782-w
https://doi.org/10.1016/j.compbiomed.2022.105210
https://doi.org/10.1016/j.compbiomed.2022.105210
https://doi.org/10.3390/bios13030397
https://doi.org/10.3390/bios13030397
https://doi.org/10.3390/bios11080269
https://doi.org/10.1109/TBME.2020.3004310
https://doi.org/10.1109/TBME.2020.3004310
https://doi.org/10.1109/TIM.2023.3274174
https://doi.org/10.1016/J.BSPC.2020.101930
https://doi.org/10.1016/J.SIGPRO.2022.108605
https://doi.org/10.1016/J.SIGPRO.2022.108605
https://doi.org/10.1016/J.CMPB.2020.105325
https://doi.org/10.1186/s12911-023-02180-w
https://doi.org/10.1186/s40708-020-00110-4

Healthy Ageing.” Journal of Neural Engineering 18: 46087. https://doi.
0rg/10.1088/1741-2552/ac05d8.

Dhar, P., S. Dutta, and V. Mukherjee. 2021. “Cross-Wavelet Assisted
Convolution Neural Network (AlexNet) Approach for Phonocardiogram
Signals Classification.” Biomedical Signal Processing and Control 63:
102142. https://doi.org/10.1016/J.BSPC.2020.102142.

Durongbhan, P.,Y. Zhao, L. Chen, et al. 2019. “A Dementia Classification
Framework Using Frequency and Time-Frequency Features Based on
EEG Signals.” IEEE Transactions on Neural Systems and Rehabilitation
Engineering 27, no. 5: 826-835. https://doi.org/10.1109/TNSRE.2019.
2909100.

Elhaj, F. A., N. Salim, A. R. Harris, T. T. Swee, and T. Ahmed. 2016.
“Arrhythmia Recognition and Classification Using Combined Linear
and Nonlinear Features of ECG Signals.” Computer Methods and
Programs in Biomedicine 127: 52-63. https://doi.org/10.1016/J.CMPB.
2015.12.024.

Fang, Y., Y. Xia, P. Chen, J. Zhang, and Y. Zhang. 2023. “A Dual-Stream
Deep Neural Network Integrated With Adaptive Boosting for Sleep
Staging.” Biomedical Signal Processing and Control 79: 104150. https://
doi.org/10.1016/J.BSPC.2022.104150.

Faust, O., U. R. Acharya, H. Adeli, and A. Adeli. 2015. “Wavelet-Based
EEG Processing for Computer-Aided Seizure Detection and Epilepsy
Diagnosis.” Seizure 26: 56-64. https://doi.org/10.1016/J.SEIZURE.
2015.01.012.

Fukumori, K., N. Yoshida, H. Sugano, M. Nakajima, and T. Tanaka.
2022. “Epileptic Spike Detection Using Neural Networks With
Linear-Phase Convolutions.” IEEE Journal of Biomedical and Health
Informatics 26, no. 3: 1045-1056. https://doi.org/10.1109/JBHI.2021.
3102247.

Geng, D., W. Zhou, Y. Zhang, and S. Geng. 2016. “Epileptic Seizure
Detection Based on Improved Wavelet Neural Networks in Long-Term
Intracranial EEG.” Biocybernetics and Biomedical Engineering 36, no. 2:
375-384. https://doi.org/10.1016/J.BBE.2016.03.001.

George, S. T., M. S. P. Subathra, N. J. Sairamya, L. Susmitha, and M. Joel
Premkumar. 2020. “Classification of Epileptic EEG Signals Using PSO
Based Artificial Neural Network and Tunable-Q Wavelet Transform.”
Biocybernetics and Biomedical Engineering 40, no. 2: 709-728. https://
doi.org/10.1016/J.BBE.2020.02.001.

Giri, D., U. Rajendra Acharya, R. J. Martis, et al. 2013. “Automated
Diagnosis of Coronary Artery Disease Affected Patients Using LDA,
PCA, ICA and Discrete Wavelet Transform.” Knowledge-Based Systems
37:274-282. https://doi.org/10.1016/J. KNOSYS.2012.08.011.

Gosala, B., P. Dindayal Kapgate, P. Jain, R. Nath Chaurasia, and M.
Gupta. 2023. “Wavelet Transforms for Feature Engineering in EEG
Data Processing: An Application on Schizophrenia.” Biomedical Signal
Processing and Control 85: 104811. https://doi.org/10.1016/J.BSPC.2023.
104811.

Grobbelaar, M., S. Phadikar, E. Ghaderpour, et al. 2022. “A Survey on
Denoising Techniques of Electroencephalogram Signals Using Wavelet
Transform.” Signals 3, no. 3: 577-586. https://doi.org/10.3390/signa
1s3030035.

Guo, J., B. Wan, S. Zheng, A. Song, and W. Huang. 2022. “A Teenager
Physical Fitness Evaluation Model Based on 1D-CNN With LSTM and
Wearable Running PPG Recordings.” Biosensors 12, no. 4: 202. https://
doi.org/10.3390/bios12040202.

Guo, T, T. Zhang, E. Lim, M. Lopez-Benitez, F. Ma, and L. Yu. 2022.
“A Review of Wavelet Analysis and Its Applications: Challenges and
Opportunities.” IEEE Access 10: 58869-58903. https://doi.org/10.1109/
ACCESS.2022.3179517.

Gupta, T., T. K. Gandhi, R. K. Gupta, and B. K. Panigrahi. 2020.
“Classification of Patients With Tumor Using MR FLAIR Images.”
Pattern Recognition Letters 139: 112-117. https://doi.org/10.1016/J.
PATREC.2017.10.037.

Gutiérrez-Gnecchi, J. A., R. Morfin-Magaiia, D. Lorias-Espinoza, et al.
2017. “DSP-Based Arrhythmia Classification Using Wavelet Transform
and Probabilistic Neural Network.” Biomedical Signal Processing and
Control 32: 44-56. https://doi.org/10.1016/j.bspc.2016.10.005.

Hadi, M. U., R. Qureshi, A. Ahmed, and N. Iftikhar. 2023. “A
Lightweight CORONA-NET for COVID-19 Detection in X-Ray Images.”
Expert Systems With Applications 225:120023. https://doi.org/10.1016/J.
ESWA.2023.120023.

Hassan, A. R.,and M. A. Haque. 2017. “An Expert System for Automated
Identification of Obstructive Sleep Apnea From Single-Lead ECG Using
Random Under Sampling Boosting.” Neurocomputing 235: 122-130.
https://doi.org/10.1016/J.NEUCOM.2016.12.062.

Houssein, E. H., M. Hassaballah, I. E. Ibrahim, D. S. AbdElminaam, and
Y. M. Wazery. 2022. “An Automatic Arrhythmia Classification Model
Based on Improved Marine Predators Algorithm and Convolutions
Neural Networks.” Expert Systems With Applications 187: 115936.
https://doi.org/10.1016/J. ESWA.2021.115936.

Huang, L., H. Jiang, S. Li, Z. Bai, and J. Zhang. 2020. “Two Stage
Residual CNN for Texture Denoising and Structure Enhancement on
Low Dose CT Image.” Computer Methods and Programs in Biomedicine
184: 105115. https://doi.org/10.1016/J.CMPB.2019.105115.

Teracitano, C., N. Mammone, A. Hussain, and F. C. Morabito. 2020. “A
Novel Multi-Modal Machine Learning Based Approach for Automatic
Classification of EEG Recordings in Dementia.” Neural Networks 123:
176-190. https://doi.org/10.1016/J.NEUNET.2019.12.006.

Jarchi, D.,J. Andreu-Perez, M. Kiani, et al. 2020. “Recognition of Patient
Groups With Sleep Related Disorders Using Bio-Signal Processing
and Deep Learning.” Sensors 20, no. 9: 2594. https://doi.org/10.3390/
520092594.

Jothiramalingam, R., A. Jude, R. Patan, M. Ramachandran, J. H.
Duraisamy, and A. H. Gandomi. 2021. “Machine Learning-Based Left
Ventricular Hypertrophy Detection Using Multi-Lead ECG Signal.”
Neural Computing and Applications 33, no. 9: 4445-4455. https://doi.
0rg/10.1007/s00521-020-05238-2.

Karri, M., and C. S. R. Annavarapu. 2023. “A Real-Time Embedded
System to Detect QRS-Complex and Arrhythmia Classification Using
LSTM Through Hybridized Features.” Expert Systems With Applications
214:119221. https://doi.org/10.1016/J.ESWA.2022.119221.

Kaur, A., and K. Shashvat. 2022. “Implementation of Convolution
Neural Network Using Scalogram for Identification of Epileptic
Activity.” Chaos, Solitons & Fractals 162: 112528. https://doi.org/10.
1016/J.CHAOS.2022.112528.

Kaur, B., D. Singh, and P. P. Roy. 2019. “Age and Gender Classification
Using Brain-Computer Interface.” Neural Computing and Applications
31, no. 10: 5887-5900. https://doi.org/10.1007/s00521-018-3397-1.

Khan, M., K. B. Singh, and N. Nirala. 2023. “Expert Diagnostic System
for Detection of Hypertension and Diabetes Mellitus Using Discrete
Wavelet Decomposition of Photoplethysmogram Signal and Machine
Learning Technique.” Medicine in Novel Technology and Devices 19:
100251. https://doi.org/10.1016/J.MEDNTD.2023.100251.

Kim, N., W. Seo, J. h. Kim, S. Y. Choi, and S. M. Park. 2023. “WavelNet:
A Novel Convolutional Neural Network Architecture for Arrhythmia
Classification From Electrocardiograms.” Computer Methods and
Programs in Biomedicine 231: 107375. https://doi.org/10.1016/J.CMPB.
2023.107375.

Koh, J. E. W,, C. P. Ooi, N. S. Lim-Ashworth, et al. 2022. “Automated
Classification of Attention Deficit Hyperactivity Disorder and Conduct
Disorder Using Entropy Features With ECG Signals.” Computers in
Biology and Medicine 140: 105120. https://doi.org/10.1016/J.COMPB
IOMED.2021.105120.

Kumar, A. 2023. “Study and Analysis of Different Segmentation Methods
for Brain Tumor MRI Application.” Multimedia Tools and Applications
82, no. 5: 7117-7139. https://doi.org/10.1007/s11042-022-13636-y.

15 of 26


https://doi.org/10.1088/1741-2552/ac05d8
https://doi.org/10.1088/1741-2552/ac05d8
https://doi.org/10.1016/J.BSPC.2020.102142
https://doi.org/10.1109/TNSRE.2019.2909100
https://doi.org/10.1109/TNSRE.2019.2909100
https://doi.org/10.1016/J.CMPB.2015.12.024
https://doi.org/10.1016/J.CMPB.2015.12.024
https://doi.org/10.1016/J.BSPC.2022.104150
https://doi.org/10.1016/J.BSPC.2022.104150
https://doi.org/10.1016/J.SEIZURE.2015.01.012
https://doi.org/10.1016/J.SEIZURE.2015.01.012
https://doi.org/10.1109/JBHI.2021.3102247
https://doi.org/10.1109/JBHI.2021.3102247
https://doi.org/10.1016/J.BBE.2016.03.001
https://doi.org/10.1016/J.BBE.2020.02.001
https://doi.org/10.1016/J.BBE.2020.02.001
https://doi.org/10.1016/J.KNOSYS.2012.08.011
https://doi.org/10.1016/J.BSPC.2023.104811
https://doi.org/10.1016/J.BSPC.2023.104811
https://doi.org/10.3390/signals3030035
https://doi.org/10.3390/signals3030035
https://doi.org/10.3390/bios12040202
https://doi.org/10.3390/bios12040202
https://doi.org/10.1109/ACCESS.2022.3179517
https://doi.org/10.1109/ACCESS.2022.3179517
https://doi.org/10.1016/J.PATREC.2017.10.037
https://doi.org/10.1016/J.PATREC.2017.10.037
https://doi.org/10.1016/j.bspc.2016.10.005
https://doi.org/10.1016/J.ESWA.2023.120023
https://doi.org/10.1016/J.ESWA.2023.120023
https://doi.org/10.1016/J.NEUCOM.2016.12.062
https://doi.org/10.1016/J.ESWA.2021.115936
https://doi.org/10.1016/J.CMPB.2019.105115
https://doi.org/10.1016/J.NEUNET.2019.12.006
https://doi.org/10.3390/S20092594
https://doi.org/10.3390/S20092594
https://doi.org/10.1007/s00521-020-05238-2
https://doi.org/10.1007/s00521-020-05238-2
https://doi.org/10.1016/J.ESWA.2022.119221
https://doi.org/10.1016/J.CHAOS.2022.112528
https://doi.org/10.1016/J.CHAOS.2022.112528
https://doi.org/10.1007/s00521-018-3397-1
https://doi.org/10.1016/J.MEDNTD.2023.100251
https://doi.org/10.1016/J.CMPB.2023.107375
https://doi.org/10.1016/J.CMPB.2023.107375
https://doi.org/10.1016/J.COMPBIOMED.2021.105120
https://doi.org/10.1016/J.COMPBIOMED.2021.105120
https://doi.org/10.1007/s11042-022-13636-y

Kumar, R., A. Gupta, H. S. Arora, and B. Raman. 2021. “IBRDM:
An Intelligent Framework for Brain Tumor Classification Using
Radiomics- and DWT-Based Fusion of MRI Sequences.” ACM
Transactions on Internet Technology 22, no. 1: 1-30. https://doi.org/
10.1145/3434775.

Kumar Upadhyay, P., and C. Nagpal. 2020. “Wavelet Based Performance
Analysis of SVM and RBF Kernel for Classifying Stress Conditions of
Sleep EEG.” Romanian Journal of Information Science and Technology
23, no. 3: 292-310.

Li, M., W. Chen, and T. Zhang. 2017. “Classification of Epilepsy EEG
Signals Using DWT-Based Envelope Analysis and Neural Network
Ensemble.” Biomedical Signal Processing and Control 31: 357-365.
https://doi.org/10.1016/j.bspc.2016.09.008.

Li, Y., R. Qian, and K. Li. 2022. “Inter-Patient Arrhythmia Classification
With Improved Deep Residual Convolutional Neural Network.”
Computer Methods and Programs in Biomedicine 214: 106582. https://
doi.org/10.1016/j.cmpb.2021.106582.

Liang,Y.,Z.Chen,R.Ward,and M. Elgendi.2018. “Photoplethysmography
and Deep Learning: Enhancing Hypertension Risk Stratification.”
Biosensors 8: 101. https://doi.org/10.3390/bios8040101.

Linh, T. T. D, N. T. H. Trang, S. Y. Lin, D. Wu, W. Te Liu, and C. J. Hu.
2023. “Detection of Preceding Sleep Apnea Using ECG Spectrogram
During CPAP Titration Night: A Novel Machine-Learning and Bag-
of-Features Framework.” Journal of Sleep Research 33, no. 3: e13991.
https://doi.org/10.1111/jsr.13991.

Ma, C,, S. Wei, T. Chen, J. Zhong, Z. Liu, and C. Liu. 2021. “Integration
of Results From Convolutional Neural Network in a Support Vector
Machine for the Detection of Atrial Fibrillation.” IEEE Transactions
on Instrumentation and Measurement 70: 1-10. https://doi.org/10.1109/
TIM.2020.3044718.

Ma, L., Z. Xiao, K. Li, S. Li, J. Li, and X. Yi. 2020. “Game Theoretic
Interpretability for Learning Based Preoperative Gliomas Grading.”
Future Generation Computer Systems 112: 1-10. https://doi.org/10.
1016/J.FUTURE.2020.04.038.

Malviya, L., and S. Mal. 2022. “A Novel Technique for Stress Detection
From EEG Signal Using Hybrid Deep Learning Model.” Neural
Computing and Applications 34, no. 22: 19819-19830. https://doi.org/10.
1007/s00521-022-07540-7.

Martinez-Rios, E., L. Montesinos, and M. Alfaro-Ponce. 2022. “A
Machine Learning Approach for Hypertension Detection Based on
Photoplethysmography and Clinical Data.” Computers in Biology and
Medicine 145: 105479. https://doi.org/10.1016/J.COMPBIOMED.2022.
105479.

Martis, R. J., U. R. Acharya, H. Adeli, et al. 2014. “Computer Aided
Diagnosis of Atrial Arrhythmia Using Dimensionality Reduction
Methods on Transform Domain Representation.” Biomedical Signal
Processing and Control 13, no. 1: 295-305. https://doi.org/10.1016/J.
BSPC.2014.04.001.

Martis, R. J., U. R. Acharya, C. M. Lim, K. M. Mandana, A. K. Ray, and
C. Chakraborty. 2013. “Application of Higher Order Cumulant Features
for Cardiac Health Diagnosis Using ECG Signals.” International
Journal of Neural Systems 23, no. 4: 1350014. https://doi.org/10.1142/
S0129065713500147.

Martis, R. J., U. R. Acharya, and L. C. Min. 2013. “ECG Beat
Classification Using PCA, LDA, ICA and Discrete Wavelet Transform.”
Biomedical Signal Processing and Control 8, no. 5: 437-448. https://doi.
org/10.1016/J.BSPC.2013.01.005.

Mohamed Suhail, M., and T. Abdul Razak. 2022. “Cardiac Disease
Detection From ECG Signal Using Discrete Wavelet Transform With
Machine Learning Method.” Diabetes Research and Clinical Practice
187:109852. https://doi.org/10.1016/J.DIABRES.2022.109852.

Molla, M. K. I., K. M. Hassan, M. R. Islam, and T. Tanaka. 2020. “Graph
Eigen Decomposition-Based Feature-Selection Method for Epileptic

Seizure Detection Using Electroencephalography.” Sensors 20, no. 16:
4639. https://doi.org/10.3390/520164639.

Mostafiz, R., M. S. Uddin, N. A. Alam, M. Mahfuz Reza, and M. M.
Rahman. 2022. “Covid-19 Detection in Chest X-Ray Through Random
Forest Classifier Using a Hybridization of Deep CNN and DWT
Optimized Features.” Journal of King Saud University, Computer and
Information Sciences 34, no. 6: 3226-3235. https://doi.org/10.1016/J.
JKSUCI.2020.12.010.

Muralidharan, N., S. Gupta, M. R. Prusty, and R. K. Tripathy. 2022.
“Detection of COVID19 From X-Ray Images Using Multiscale Deep
Convolutional Neural Network.” Applied Soft Computing 119: 108610.
https://doi.org/10.1016/J.ASOC.2022.108610.

Page, M. J, J. E. McKenzie, P. M. Bossuyt, et al. 2021. “The PRISMA
2020 Statement: An Updated Guideline for Reporting Systematic
Reviews.” BMJ 372: n71. https://doi.org/10.1136/BMJ.N71.

Panda, R., S. Jain, R. K. Tripathy, and U. Rajendra Acharya. 2020.
“Detection of Shockable Ventricular Cardiac Arrhythmias From ECG
Signals Using FFREWT Filter-Bank and Deep Convolutional Neural
Network.” Computers in Biology and Medicine 124: 103939.

Pant, H., H. K. Dhanda, and S. Taran. 2022. “Sleep Apnea Detection
Using Electrocardiogram Signal Input to FAWT and Optimize
Ensemble Classifier.” Measurement 189: 110485. https://doi.org/10.
1016/J.MEASUREMENT.2021.110485.

Patel, R. K., and M. Kashyap. 2022. “Automated Diagnosis of
COVID Stages From Lung CT Images Using Statistical Features in
2-Dimensional Flexible Analytic Wavelet Transform.” Biocybernetics
and Biomedical Engineering 42, no. 3: 829-841. https://doi.org/10.
1016/J.BBE.2022.06.005.

Peng, X., W. Shu, C. Pan, et al. 2022. “DSCSSA: A Classification
Framework for Spatiotemporal Features Extraction of Arrhythmia
Based on the Seq2Seq Model With Attention Mechanism.” IEEE
Transactions on Instrumentation and Measurement 71: 1-12. https://doi.
0rg/10.1109/TIM.2022.3194906.

Phadikar, S., N. Sinha, and R. Ghosh. 2023. “Unsupervised Feature
Extraction With Autoencoders for EEG Based Multiclass Motor Imagery
BCI1.” Expert Systems with Applications 213: 118901. https://doi.org/10.
1016/J.ESWA.2022.118901.

Poungponsri, S., and X.-H. Yu. 2013. “An Adaptive Filtering Approach
for Electrocardiogram (ECG) Signal Noise Reduction Using Neural
Networks.” Neurocomputing 117: 206-213. https://doi.org/10.1016/j.
neucom.2013.02.010.

Preethi, S., and P. Aishwarya. 2021. “An Efficient Wavelet-Based Image
Fusion for Brain Tumor Detection and Segmentation Over PET and
MRI Image.” Multimedia Tools and Applications 80: 14789-14806.
https://doi.org/10.1007/s11042-021-10538-3.

Qaisar, S. M., and S. F. Hussain. 2021. “Effective Epileptic Seizure
Detection by Using Level-Crossing EEG Sampling Sub-Bands Statistical
Features Selection and Machine Learning for Mobile Healthcare.”
Computer Methods and Programs in Biomedicine 203: 106034. https://
doi.org/10.1016/J.CMPB.2021.106034.

Radhakrishnan, T.,J. Karhade, S. K. Ghosh, P. R. Muduli, R. K. Tripathy,
and U. Rajendra Acharya. 2021. “AFCNNet: Automated Detection of
AF Using Chirplet Transform and Deep Convolutional Bidirectional
Long Short Term Memory Network With ECG Signals.” Computers in
Biology and Medicine 137: 104783.

Rajeshwari, B. S., M. Patra, A. Sinha, A. Sengupta, and N. Ghosh.
2023. “Detection of Phonocardiogram Event Patterns in Mitral Valve
Prolapse: An Automated Clinically Relevant Explainable Diagnostic
Framework.” IEEE Transactions on Instrumentation and Measurement
72:1-9. https://doi.org/10.1109/TIM.2023.3240995.

Rastgoo, M. N., B. Nakisa, A. Rakotonirainy, F. Maire, and V. Chandran.
2021. “ECG-Based Driver Stress Levels Detection System Using
Hyperparameter Optimization.”

16 of 26

Wiley Interdisciplinary Reviews: Data Mining and Knowledge Discovery, 2025


https://doi.org/10.1145/3434775
https://doi.org/10.1145/3434775
https://doi.org/10.1016/j.bspc.2016.09.008
https://doi.org/10.1016/j.cmpb.2021.106582
https://doi.org/10.1016/j.cmpb.2021.106582
https://doi.org/10.3390/bios8040101
https://doi.org/10.1111/jsr.13991
https://doi.org/10.1109/TIM.2020.3044718
https://doi.org/10.1109/TIM.2020.3044718
https://doi.org/10.1016/J.FUTURE.2020.04.038
https://doi.org/10.1016/J.FUTURE.2020.04.038
https://doi.org/10.1007/s00521-022-07540-7
https://doi.org/10.1007/s00521-022-07540-7
https://doi.org/10.1016/J.COMPBIOMED.2022.105479
https://doi.org/10.1016/J.COMPBIOMED.2022.105479
https://doi.org/10.1016/J.BSPC.2014.04.001
https://doi.org/10.1016/J.BSPC.2014.04.001
https://doi.org/10.1142/S0129065713500147
https://doi.org/10.1142/S0129065713500147
https://doi.org/10.1016/J.BSPC.2013.01.005
https://doi.org/10.1016/J.BSPC.2013.01.005
https://doi.org/10.1016/J.DIABRES.2022.109852
https://doi.org/10.3390/S20164639
https://doi.org/10.1016/J.JKSUCI.2020.12.010
https://doi.org/10.1016/J.JKSUCI.2020.12.010
https://doi.org/10.1016/J.ASOC.2022.108610
https://doi.org/10.1136/BMJ.N71
https://doi.org/10.1016/J.MEASUREMENT.2021.110485
https://doi.org/10.1016/J.MEASUREMENT.2021.110485
https://doi.org/10.1016/J.BBE.2022.06.005
https://doi.org/10.1016/J.BBE.2022.06.005
https://doi.org/10.1109/TIM.2022.3194906
https://doi.org/10.1109/TIM.2022.3194906
https://doi.org/10.1016/J.ESWA.2022.118901
https://doi.org/10.1016/J.ESWA.2022.118901
https://doi.org/10.1016/j.neucom.2013.02.010
https://doi.org/10.1016/j.neucom.2013.02.010
https://doi.org/10.1007/s11042-021-10538-3
https://doi.org/10.1016/J.CMPB.2021.106034
https://doi.org/10.1016/J.CMPB.2021.106034
https://doi.org/10.1109/TIM.2023.3240995

Richmond, S. B., B. W. Fling, H. Lee, and D. S. Peterson. 2021. “The
Assessment of Center of Mass and Center of Pressure During Quiet Stance:
Current Applications and Future Directions.” Journal of Biomechanics
123:110485. https://doi.org/10.1016/J.JBIOMECH.2021.110485.

Sabarimalai Sur, M., and S. Dandapat. 2014. “Wavelet-Based
Electrocardiogram  Signal Compression Methods and Their
Performances: A Prospective Review.” Biomedical Signal Processing and
Control 14, no. 1: 73-107. https://doi.org/10.1016/J.BSPC.2014.07.002.

Salvi, M., H. W. Loh, S. Seoni, et al. 2024. “Multi-Modality Approaches
for Medical Support Systems: A Systematic Review of the Last Decade.”
Information Fusion 103: 102134. https://doi.org/10.1016/J.INFFUS.
2023.102134.

Salvi, M., F. Molinari, N. Dogliani, and M. Bosco. 2019. “Automatic
Discrimination of Neoplastic Epithelium and Stromal Response in
Breast Carcinoma.” Computers in Biology and Medicine 110: 8-14.
https://doi.org/10.1016/J.COMPBIOMED.2019.05.009.

Salvi, M., F. Molinari, S. Iussich, et al. 2021. “Histopathological
Classification of Canine Cutaneous Round Cell Tumors Using Deep
Learning: A Multi-Center Study.” Frontiers in Veterinary Science 8:
640944. https://doi.org/10.3389/FVETS.2021.640944.

Sashidhar, D., H. Kwok, J. Coult, et al. 2021. “Machine Learning and
Feature Engineering for Predicting Pulse Presence During Chest
Compressions.” Royal Society Open Science 8: 210566. https://doi.org/
10.1098/rs0s.210566.

Sawant, N. K., S. Patidar, N. Nesaragi, and U. R. Acharya. 2021.
“Automated Detection of Abnormal Heart Sound Signals Using
Fano-Factor Constrained Tunable Quality Wavelet Transform.”
Biocybernetics and Biomedical Engineering 41, no. 1: 111-126. https://
doi.org/10.1016/J.BBE.2020.12.007.

Sayeed, M. A., S. P.Mohanty, E. Kougianos, and H. P. Zaveri. 2019. “Neuro-
Detect: A Machine Learning-Based Fast and Accurate Seizure Detection
System in the IoMT.” IEEE Transactions on Consumer Electronics 65, no.
3:359-368. https://doi.org/10.1109/TCE.2019.2917895.

Sengupta, P. P., H. Kulkarni, and J. Narula. 2018. “Prediction of
Abnormal Myocardial Relaxation From Signal Processed Surface
ECG.” Journal of the American College of Cardiology 71, no. 15: 1650—
1660. https://doi.org/10.1016/j.jacc.2018.02.024.

Seoni, S., V. Jahmunah, M. Salvi, P. D. Barua, F. Molinari, and U. R.
Acharya. 2023. “Application of Uncertainty Quantification to Artificial
Intelligence in Healthcare: A Review of Last Decade (2013-2023).”
Computers in Biology and Medicine 165: 107441. https://doi.org/10.
1016/J.COMPBIOMED.2023.107441.

Serhal, H., N. Abdallah, J.-M. Marion, P. Chauvet, M. Oueidat, and
A. Humeau-Heurtier. 2021. “Overview on Prediction, Detection, and
Classification of Atrial Fibrillation Using Wavelets and AI on ECG.”
https://www.elsevier.com/open-access/userlicense/1.0/.

Sharma, L. D., V. K. Bohat, M. Habib, A. M. Al-Zoubi, H. Faris, and
I. Aljarah. 2022. “Evolutionary Inspired Approach for Mental Stress
Detection Using EEG Signal.” Expert Systems with Applications 197:
116634. https://doi.org/10.1016/J. ESWA.2022.116634.

Shen, M., P. Wen, B. Song, and Y. Li. 2023a. “Detection of Alcoholic EEG
Signals Based on Whole Brain Connectivity and Convolution Neural
Networks.” Biomedical Signal Processing and Control 79: 104242.
https://doi.org/10.1016/J.BSPC.2022.104242.

Shen, M., P. Wen, B. Song, and Y. Li. 2023b. “Real-Time Epilepsy
Seizure Detection Based on EEG Using Tunable-Q Wavelet Transform
and Convolutional Neural Network.” Biomedical Signal Processing and
Control 82: 104566. https://doi.org/10.1016/J.BSPC.2022.104566.

Shuvo, S. B., S. S. Alam, S. U. Ayman, A. Chakma, P. D. Barua, and U.
R. Acharya. 2023. “NRC-Net: Automated Noise Robust Cardio Net for
Detecting Valvular Cardiac Diseases Using Optimum Transformation
Method With Heart Sound Signals.” Biomedical Signal Processing and
Control 86: 105272. https://doi.org/10.1016/J.BSPC.2023.105272.

Shuvo, S. B., S. N. Ali, S. I. Swapnil, T. Hasan, and M. I. H. Bhuiyan.
2021. “A Lightweight CNN Model for Detecting Respiratory Diseases
From Lung Auscultation Sounds Using EMD-CWT-Based Hybrid
Scalogram.” IEEE Journal of Biomedical and Health Informatics 25, no.
7:2595-2603. https://doi.org/10.1109/JBHI1.2020.3048006.

Siddiqui, M. F., A. W. Reza, and J. Kanesan. 2015. “An Automated
and Intelligent Medical Decision Support System for Brain MRI Scans
Classification.” PLoS One 10, no. 8: e0135875. https://doi.org/10.1371/
JOURNAL.PONE.0135875.

Singh, K. N., O. P. Singh, A. K. Singh, and A. K. Agrawal. 2022.
“WatMIF: Multimodal Medical Image Fusion-Based Watermarking for
Telehealth Applications.” Cognitive Computation 1: 3. https://doi.org/
10.1007/512559-022-10040-4.

Sobahi, N., B. Ari, H. Cakar, O. F. Alcin, and A. Sengur. 2022. “A
New Signal to Image Mapping Procedure and Convolutional Neural
Networks for Efficient Schizophrenia Detection in EEG Recordings.”
IEEE Sensors Journal 22, no. 8: 7913-7919. https://doi.org/10.1109/
JSEN.2022.3151465.

Soundrapandiyan, R., H. Naidu, M. Karuppiah, M. Maheswari, and R.
Chandra Poonia. 2023. “AI-Based Wavelet and Stacked Deep Learning
Architecture for Detecting Coronavirus (COVID-19) From Chest X-Ray
Images.” Computers and Electrical Engineering 108: 108711. https://doi.
org/10.1016/j.compeleceng.2023.108711.

Subasi, A. 2013. “Classification of EMG Signals Using PSO Optimized
SVM for Diagnosis of Neuromuscular Disorders.” Computers in Biology
and Medicine 43, no. 5: 576-586. https://doi.org/10.1016/J.COMPB
IOMED.2013.01.020.

Subasi, A. 2020. “Diagnosis of Neuromuscular Disorders Using DT-
CWT and Rotation Forest Ensemble Classifier.” IEEE Transactions on
Instrumentation and Measurement 69, no. 5: 1940-1947. https://doi.org/
10.1109/TIM.2019.2918596.

Subramani, P., and K. B. Rani. 2021. “Prediction of Muscular Paralysis
Disease Based on Hybrid Feature Extraction With Machine Learning
Technique for COVID-19 and Post-COVID-19 Patients.” Personal and
Ubiquitous Computing 27, no. 3: 831-844. https://doi.org/10.1007/s0077
9-021-01531-6.

Subramanyam Rallabandi, V. P., and K. Seetharaman. 2023. “Deep
Learning-Based Classification of Healthy Aging Controls, Mild
Cognitive Impairment and Alzheimer's Disease Using Fusion of MRI-
PET Imaging.” Biomedical Signal Processing and Control 80: 104312.
https://doi.org/10.1016/J.BSPC.2022.104312.

Tor, H. T., C. P. Ooi, N. S. Lim-Ashworth, et al. 2021. “Automated
Detection of Conduct Disorder and Attention Deficit Hyperactivity
Disorder Using Decomposition and Nonlinear Techniques With EEG
Signals.” Computer Methods and Programs in Biomedicine 200: 105941.
https://doi.org/10.1016/J.CMPB.2021.105941.

Torbati, N., A. Ayatollahi, and A. Kermani. 2014. “An Efficient Neural
Network Based Method for Medical Image Segmentation.” Computers
in Biology and Medicine 44, no. 1: 76-87. https://doi.org/10.1016/J.
COMPBIOMED.2013.10.029.

Tuncer, T., S. Dogan, P. Plawiak, and U. Rajendra Acharya. 2019.
“Automated Arrhythmia Detection Using Novel Hexadecimal Local
Pattern and Multilevel Wavelet Transform With ECG Signals.”
Knowledge-Based Systems 186: 104923. https://doi.org/10.1016/J.
KNOSYS.2019.104923.

Tuncer, T., S. Dogan, and A. Subasi. 2021. “A New Fractal Pattern
Feature Generation Function Based Emotion Recognition Method
Using EEG.” Chaos, Solitons & Fractals 144: 110671. https://doi.org/10.
1016/J.CHA0OS.2021.110671.

Venkatesan, C., P. Karthigaikumar, A. Paul, S. Satheeskumaran, and
R. Kumar. 2018. “ECG Signal Preprocessing and SVM Classifier-Based
Abnormality Detection in Remote Healthcare Applications.” IEEE
Access 6: 9767-9773. https://doi.org/10.1109/ACCESS.2018.2794346.

17 of 26


https://doi.org/10.1016/J.JBIOMECH.2021.110485
https://doi.org/10.1016/J.BSPC.2014.07.002
https://doi.org/10.1016/J.INFFUS.2023.102134
https://doi.org/10.1016/J.INFFUS.2023.102134
https://doi.org/10.1016/J.COMPBIOMED.2019.05.009
https://doi.org/10.3389/FVETS.2021.640944
https://doi.org/10.1098/rsos.210566
https://doi.org/10.1098/rsos.210566
https://doi.org/10.1016/J.BBE.2020.12.007
https://doi.org/10.1016/J.BBE.2020.12.007
https://doi.org/10.1109/TCE.2019.2917895
https://doi.org/10.1016/j.jacc.2018.02.024
https://doi.org/10.1016/J.COMPBIOMED.2023.107441
https://doi.org/10.1016/J.COMPBIOMED.2023.107441
https://www.elsevier.com/open-access/userlicense/1.0/
https://doi.org/10.1016/J.ESWA.2022.116634
https://doi.org/10.1016/J.BSPC.2022.104242
https://doi.org/10.1016/J.BSPC.2022.104566
https://doi.org/10.1016/J.BSPC.2023.105272
https://doi.org/10.1109/JBHI.2020.3048006
https://doi.org/10.1371/JOURNAL.PONE.0135875
https://doi.org/10.1371/JOURNAL.PONE.0135875
https://doi.org/10.1007/s12559-022-10040-4
https://doi.org/10.1007/s12559-022-10040-4
https://doi.org/10.1109/JSEN.2022.3151465
https://doi.org/10.1109/JSEN.2022.3151465
https://doi.org/10.1016/j.compeleceng.2023.108711
https://doi.org/10.1016/j.compeleceng.2023.108711
https://doi.org/10.1016/J.COMPBIOMED.2013.01.020
https://doi.org/10.1016/J.COMPBIOMED.2013.01.020
https://doi.org/10.1109/TIM.2019.2918596
https://doi.org/10.1109/TIM.2019.2918596
https://doi.org/10.1007/s00779-021-01531-6
https://doi.org/10.1007/s00779-021-01531-6
https://doi.org/10.1016/J.BSPC.2022.104312
https://doi.org/10.1016/J.CMPB.2021.105941
https://doi.org/10.1016/J.COMPBIOMED.2013.10.029
https://doi.org/10.1016/J.COMPBIOMED.2013.10.029
https://doi.org/10.1016/J.KNOSYS.2019.104923
https://doi.org/10.1016/J.KNOSYS.2019.104923
https://doi.org/10.1016/J.CHAOS.2021.110671
https://doi.org/10.1016/J.CHAOS.2021.110671
https://doi.org/10.1109/ACCESS.2018.2794346

Wulan, N., W. Wang, P. Sun, K. Wang, Y. Xia, and H. Zhang.
2020. “Generating Electrocardiogram Signals by Deep Learning.”
Neurocomputing 404: 122-136. https://doi.org/10.1016/J.NEUCOM.
2020.04.076.

Xia, Y., N. Wulan, K. Wang, and H. Zhang. 2018. “Detecting Atrial
Fibrillation by Deep Convolutional Neural Networks.” Computers in
Biology and Medicine 93: 84-92. https://doi.org/10.1016/J.COMPB
IOMED.2017.12.007.

Xu, B., L. Zhang, A. Song, et al. 2019. “Wavelet Transform Time-
Frequency Image and Convolutional Network-Based Motor Imagery
EEG Classification.” IEEE Access 7: 6084-6093. https://doi.org/10.1109/
ACCESS.2018.2889093.

Yan, X., D. Yang, Z. Lin, and B. Vucetic. 2022. “Significant Low-
Dimensional Spectral-Temporal Features for Seizure Detection.” IEEE
Transactions on Neural Systems and Rehabilitation Engineering 30:
668-677. https://doi.org/10.1109/TNSRE.2022.3156931.

Yazid, M., F. Fahmi, E. Sutanto, et al. 2021. “Simple Detection of
Epilepsy From EEG Signal Using Local Binary Pattern Transition
Histogram.” IEEE Access 9: 150252-150267. https://doi.org/10.1109/
ACCESS.2021.3126065.

Yilmaz Acar, Z., F. Basciftci, and A. H. Ekmekci. 2022. “Future Activity
Prediction of Multiple Sclerosis With 3D MRI Using 3D Discrete Wavelet
Transform.” Biomedical Signal Processing and Control 78: 103940.
https://doi.org/10.1016/J.BSPC.2022.103940.

You, Y., W. Chen, M. Li, T. Zhang, Y. Jiang, and X. Zheng. 2020.
“Automatic Focal and Non-Focal EEG Detection Using Entropy-Based
Features From Flexible Analytic Wavelet Transform.” Biomedical
Signal Processing and Control 57: 101761. https://doi.org/10.1016/J.
BSPC.2019.101761.

Zeng, W., M. Li, C. Yuan, Q. Wang, F. Liu, and Y. Wang. 2020.
“Identification of Epileptic Seizures in EEG Signals Using Time-Scale
Decomposition (ITD), Discrete Wavelet Transform (DWT), Phase Space
Reconstruction (PSR) and Neural Networks.” Artificial Intelligence
Review 53, no. 4: 3059-3088. https://doi.org/10.1007/s10462-019-
09755-y.

Zeng, W., B. Su, Y. Chen, and C. Yuan. 2023. “Arrhythmia Detection
Using TQWT, CEEMD and Deep CNN-LSTM Neural Networks With
ECG Signals.” Multimedia Tools and Applications 82, no. 19: 29913~
29941. https://doi.org/10.1007/s11042-022-14227-7.

Zeng, W., B. Su, C. Yuan, and Y. Chen. 2023. “Automatic Detection of
Heart Valve Disorders Using Teager-Kaiser Energy Operator, Rational-
Dilation Wavelet Transform and Convolutional Neural Networks With
PCG Signals.” Artificial Intelligence Review 56, no. 1: 781-806. https://
doi.org/10.1007/s10462-022-10184-7.

Zeng, W.,J. Yuan, C. Yuan, Q. Wang, F. Liu, and Y. Wang. 2021. “A New
Approach for the Detection of Abnormal Heart Sound Signals Using
TQWT, VMD and Neural Networks.” Artificial Intelligence Review 54,
no. 3: 1613-1647. https://doi.org/10.1007/s10462-020-09875-w.

Zeng, W., J. Yuan, C. Yuan, Q. Wang, F. Liu, and Y. Wang. 2023. “A
Novel Technique for the Detection of Myocardial Dysfunction Using
ECG Signals Based on CEEMD, DWT, PSR and Neural Networks.”
Artificial Intelligence Review 56, no. 4: 3505-3541. https://doi.org/10.
1007/s10462-022-10262-w.

Zhang, B., J. Zhao, X. Chen, and J. Wu. 2017. “ECG Data Compression
Using a Neural Network Model Based on Multi-Objective Optimization.”
PLoS One 12, no. 10: e0182500. https://doi.org/10.1371/JOURNAL.
PONE.0182500.

Zhang, H., C. Liu, Z. Zhang, et al. 2021. “Recurrence Plot-Based
Approach for Cardiac Arrhythmia Classification Using Inception-
ResNet-v2.” Frontiers in Physiology 12: 648950. https://doi.org/10.3389/
fphys.2021.648950.

Zhang, Q., D. Zhou, and X. Zeng. 2017. “HeartID: A Multiresolution
Convolutional Neural Network for ECG-Based Biometric Human

Identification in Smart Health Applications.” IEEE Access 5: 11805—
11816. https://doi.org/10.1109/ACCESS.2017.2707460.

Zhang, R., J. Jia, and R. Zhang. 2022. “EEG Analysis of Parkinson's
Disease Using Time-Frequency Analysis and Deep Learning.”
Biomedical Signal Processing and Control 78: 103883. https://doi.org/10.
1016/J.BSPC.2022.103883.

18 of 26

Wiley Interdisciplinary Reviews: Data Mining and Knowledge Discovery, 2025


https://doi.org/10.1016/J.NEUCOM.2020.04.076
https://doi.org/10.1016/J.NEUCOM.2020.04.076
https://doi.org/10.1016/J.COMPBIOMED.2017.12.007
https://doi.org/10.1016/J.COMPBIOMED.2017.12.007
https://doi.org/10.1109/ACCESS.2018.2889093
https://doi.org/10.1109/ACCESS.2018.2889093
https://doi.org/10.1109/TNSRE.2022.3156931
https://doi.org/10.1109/ACCESS.2021.3126065
https://doi.org/10.1109/ACCESS.2021.3126065
https://doi.org/10.1016/J.BSPC.2022.103940
https://doi.org/10.1016/J.BSPC.2019.101761
https://doi.org/10.1016/J.BSPC.2019.101761
https://doi.org/10.1007/s10462-019-09755-y
https://doi.org/10.1007/s10462-019-09755-y
https://doi.org/10.1007/s11042-022-14227-7
https://doi.org/10.1007/s10462-022-10184-7
https://doi.org/10.1007/s10462-022-10184-7
https://doi.org/10.1007/s10462-020-09875-w
https://doi.org/10.1007/s10462-022-10262-w
https://doi.org/10.1007/s10462-022-10262-w
https://doi.org/10.1371/JOURNAL.PONE.0182500
https://doi.org/10.1371/JOURNAL.PONE.0182500
https://doi.org/10.3389/fphys.2021.648950
https://doi.org/10.3389/fphys.2021.648950
https://doi.org/10.1109/ACCESS.2017.2707460
https://doi.org/10.1016/J.BSPC.2022.103883
https://doi.org/10.1016/J.BSPC.2022.103883

(senunuo))
UO0T}03)3p UONIR[[LIQL} uLIojsuer)
[BLIJB UI SAIORINJIR % 0°L6 ‘%19°86 ‘%E0'CH NND “1Id 19[oAEM D[S Aduanbaiy palIPOIN DDH (T207) Te 19 eN
Aydomniad Ay 1e[NOLIIUSA 19T UT KOBINIIE %8°L6 NN ‘INAS TN LMD noH (1202) 'Te 12 wedulfeureIryjor
uonorpaid uone[LIqry [el)e Ul £oBINJOR
%St'L6 Pue A11013109dS %81°56 ANADISUSS %66°86 INAS “TIN Lmd DOd (1207) 'Te 39 ‘ueH ‘Ieyseqg
U0109I9P BIWYIAYLIE U AIBINDIR %0°S6 NN TN Imd fafek: (6T07) Te 10 190UN],
UO01)O9)op UONB[[LIqI] [BLI}E UI AJI01F10ads
%YT 86 PUR ‘KIANISUSS %86 ‘AORINIOR %6T°66 NND “1d LMS ‘LALS DDd (8107) 'Te 30 BIX
UOTIBOIJISSB[O 18aq JTWJAYLIR UT AOBINIIR %96 WAS "IN LMd 00d (8107) 'Te 10 UBSI)EYUIA
UuoIjexe[aI
[BOTURYOSW [RIPILIOAW JRULIOUqE JO UOT)oIpaId
J0y K3013199ds %48 pue KNADISUDS %08 DNV %16 S TN LMD 004 (8107) 'Te 30 v3dn3uss
U0110939p SeIWIAYIIR Ul AJ1o1J10ads
%80°86 ‘AINANISUDS %t 66 ‘KORINIOR %LT'66 NN TN Lmd DO4d (8107) 'Te 3 wepy
UOIIBIIFISSB]D 183q JTWIAYLIER UT AOBINDIR %G/ 76 NNJ ‘TN LA 0Dd (L107) 'Te 39 14209UD-Z1IP1IND
UOT}BIIJISSB[O 18aq JTWIAYLIR U AOBINJIR %16°86 NN ‘INAS TN ILMAd 00d (9107) ‘T2 32 feyra
UOIJBIIJISSBIO J8aq JTWIAYLIE Ul ‘AII01j109ds
%00T Pu® ‘ANADISUIS %19°66 KOBINIIB %SH 66 NN ‘NNV ‘Ld TN Lmd DDd (¥100) "Te 30 siIe N
[eAOWAX
3STOU UT gP £'ST JO YNS JO SULId) UT Juduasorduy NNV TN mda ek (£102) nA pue Lsuod3unod
UOTIBOTJISSB[D 183q JTUIAYLIR UT A)1015100dS
%Tt"86 PUB ‘KIANISUSS %19°86 ‘AOBINIIR %TS 6 pIeMmMI0J-pad) Jokel-€ TN Lmd 004 (£102) "Te 30 ‘WI'] ‘BAIRYOV ‘SHIBN
UOIIRIIJISSB[D
eaq orwyiAyLIe ur Add %1266 pue Kyoigroads
%E8'66 ‘KNANISUDS %L6°66 ‘AOBINOOR %8T 66 (NNd) y10m39u o1sI[IqeqoId ‘NN ‘WAS "TIN mda 004 (£107) UIN PUB ‘BAIRYIY ‘SIIBI

S91e]S 9SBASIP
K19} A1BUOIOD pUE [RWLIOU JO AYIOTJ109dS %/°€H

pue ‘KIANISUSS %00T ‘AOBINOIE UOTIBILISSEIO %8"96 NN ‘WAS TN Lmd 9Dd (€102) TR 19 111D
sSurpury/synsoy anbruyoag, J9[oARM adfy Iedk ‘Ioyiny
eleq

‘sanijeurIouqe dSerpied uo pajonpuod sarpnjis jo %HNEEJW | IVATIVL

V x1puaddy

19 of 26




(senunuo))

spoyjow SUISIOu-3p HYH 118-3Y3-JO-21€3S ) I2A0

paurelqo st (gp8'L7) UNS Jo surId) ur juawarorduw] NN Jopooudoiny 1 LMD 0DH (22072) 'Te 12 2319138 YyD
UO1)I919P SBISIP OBIPILD UT AJ101j10ads (zz07) yezey
%EE 68 PUB ‘AINADISUIS %0' 76 ‘KOBINIIC %1906 J10MISN [BINON Pasoduwodd(J 10J09A JeaUITUON TN IMd 004 [NPQV pue [IBYNS pawWeyoN
UOIJBOIJISSBID JBaq JTWIAYLIR
Ul 91098 TA-010BIN %0L'S6 PUB ‘AORINOOR %8766 NLSTIE + NND “1a mda 004 (zz07) 'Te 10 Susg
juowdas 01d0jod IB[NOLIUSA Y} I0J %T6'¥6
%98°6L ‘%S¢ 88 ‘uawdas 01dojos re[nornuaseidns
91 10J %E8°86 ‘%88'S9 ‘%TT'SE ‘SIUOWTOS [RULIOU
10§ %08°08 ‘%EE €6 ‘%FS +6 01 [enba ‘uoneolISse[d
BIUIAYLIE Ul ‘A3oL10ads pue ‘Add ‘ANARISUSS SYI0MIBU [RINSU WIST-NND 1A Imda 0Dd (TT0?) TR 1T
UOIedIJISSE[d IWYIAYLIE Ul (LYVONI) %EH'66 Pue
(4ad) %SL'66 ‘(HIA-LIN) %EE 66 ‘S[2AJ] £oeIndoy NND + wyjiIog[e s103epaid dutie 1 Imda Pk (2207) "Te 12 uressnoH
UOJBIIJISSB]D BIWIAYIIE ORIPIBD UL 9I09S-T ] %t '+8 AN SY-uondaoug 1 1q LMD 00d (1202) ‘T8 12 SueyZ
UO01}09)9p [eUSIS
punos 31edY [BWLIOUQE UI %S5Z°06 JO 9109S [[BISAO
UB PUE ‘%0 16 JO AI01F10ds ‘%0€"68 JO ANANISUSS Sunsoogq jusIperd 1YSIT TN 1MOL D0d (1207) 'Te 10 JUBMES
UO1309)9p UONIB[[1IqIJ [eLIIe Ul AJIO1F1oads
%8166 PUB ‘KNANISUDS %L1'66 AOBINIIR %8T°66 NLST 1A wojsuer) 19[d1yd k! (1207) T8 19 UBUYSLIYRYPRY
UOTJBIIJISSB]D
sreusis weidorpresouoyd ur 3osejep HDJ pPIsIou-ap
9} puB MBI Y} YIM %68°L6 PUE %86 JO AoBINIIY NND dz :1d WLIOJSUET) JO[OABM-SSOID) 00d (1202) 'Te 12 TeyQ
uonorpard uone[LIqy [BLIYe Ul AN %EE"E8 PUB ‘Add
%001 “K31013103ds %00T ‘ANADISUSS %08 ‘AOBINIIR %06 A¥ ‘INAS "TIN IMOL DOH (TZ07) 'Te 39 ‘ueH ‘Ieyseq
uo1303ep
STeuSIS punos 119y [RULIOUqE UI A[oA1}0adsa1
‘%68°L6 PUB ‘%68°L6 ‘%S0'86 ‘%EL L6 JO SIN[BA sy1omiau
KoBINOOE puE 21098 [[BI2A0 ‘AI101J103ds ‘AITADISUIS [eInau () UOTIOUNJ SISkq [RIPRI PIRPURIS (TN IMOL 00d (T202) ‘T8 32 Suayz
sar3ojoysed oeIpIed 19730
puE UOIJR[[LIQI] JB[NOLIIUA UIM)q UOTIBIIJISSB[O
Y1 10J %0ST I8 PUB ‘%008°66 ‘%9£0°66 JO AovINOOY NND “1d LMA DOH (0207) ‘T8 30 BpUR]
sSurpury/syynsoy anbruyoa, FEIEYIN adKy Ieaf ‘Toyny
eyeq

(penupuo)) | TV ATAV.L

Wiley Interdisciplinary Reviews: Data Mining and Knowledge Discovery, 2025

20 of 26



UOIJO9}9P SBISIP OBIPILD TB[NAJRA UT ADBINIIE %H'L6 JI0MION [BINAN JUSIINOIY [BUOTIN[OAUOD) T LMD 90d (€£202) 'Te 32 oANyS
uo130030p dsde[o1d aA[eA [RIIIUW UL SALOBINIIE %9°86 NND dz+dr “1d LMD 9Dd (£207) T8 30 Lemysaley
AaA1300dsa1
‘SUONIBIIJISSEID 18q 91d0309 Te[NOLIUAA pue 01d03od
TernornuaAerdns ©01do3o9-uou 10§ AJIANISULS % 16
PUE ‘%6 ‘%t 16 PUE A9BINDIE [[BISA0 %06 A[1EIN JEANOUIS + NND 1d LM olk| (£202) 'Te 30 wWry
UOIJBOIFISSB]D BIWIIAYLIR UT 9100S-T,] %81°86
pue ‘AITANISUDS %8°66 ‘Add %ST'66 KORINIIE %H9°66 NLST 1A Lmd 004 (€207) nderesruuy pue LB
UOT}BIIJISSB[O
3SBASIP 1183 TR[NAJRA UT KOBINIIR %L0°E6 NND dz 11d LMD 90d (£207) 'Te 10 fempreyg
U019 BIWYIAYLIL UT AORINOOR %ET 96 SY10M19U [RINdU WIST-NND ‘1d LMOL falelc | (£207) ueng pue ‘usy) ‘ng ‘Suez
UOT}0319P IOPIOSIP SA[BA 1IBIY UT AOBINIIE %0T°86 NND AT :'1d WLIOJSURT) }9[9ABM UONIB[IP [BUOIRY 00d (£207) uay) pue ‘ueng ‘ng ‘Suaz
UOT}09)3P UOTIOUNGSAD [RIPIBIOAW UT AOBINIIE %T8°86 SYI0MIaU [BINSU JGY (TIN LA 00d (£207) 'Te 19 ‘ueng ‘Suayz
-astou 1oddad-pue-j[es 10§ %9¢ 7L PUE ‘9SIOU WLIOFIUN
10§ %70°9% “9SIOU UOSSIOJ I0J %10 9 ‘9SIoU UBISSNED
10§ %0t°96 :[RUSIS Ddd Y3 JO HSIA Y3 JO UOHONPAY JI0M)3U [eInU pIeMIOf Paod "TIN Imd Ddd (£202) T 19 pawyy
sSurpury/syynsoy anbruyoay, FEIEYIN adKy Ieaf ‘Toyny
eleq

(ponunuo)) | IV ATAVL

21 of 26



uoisudlrad Ay pue uorsuayrodAyaid

“SA UOISUDIOULIOU UT %€°86 ‘%S 86 ‘%T6 JO 91008 T4 NN TN and 9dd (€202) Te 30 ueyy
uo130939p
SSAI)S [RIUSW UT %8°06 JO 9109S-T,d PUE %0’ T6 JO AoBINIIY NND 1d IMD dd (¢£z07) Sunyp pue 1y1eg
uonEOIISSe]D eruarydozIyos ur A[oAr30adsar
Kyoyg109ds pue ‘ANANISULS ‘AOBINIOL JO %TLL6 ‘BT 86 ‘%86'L6 AT NAS "TIN ISM ‘LMd ‘LMD 0d4d (€207) 'Te 32 B[ESOD
sreudis HFH dI[oyod[e
JO UOIOI)IP Ay} UI 2109S-T.] %90°86 PUL AIBINIIR %ST 96 NND 11d LMD oHd (e€Z07) T8 10 UaYS
UORIIJISSB[D
93e3s dogrs ur sjeseIEp 0M] UO AOBINIIE %0 I8 PUE ‘%8°SS 0SIONSY PAFIPOIN 1A IMD il (€202) 'Te 12 Sueq
IapI0sIp AyanoeradAy
JI01JOp UONUR)JE JO UOTIBIIJISSBIO o) UT A)1015109ds pue
KAARISUDS ‘AoRINDIR 10J %6798 PUR %ILLY ‘“%6T'LS 9931], pasded TN LMA DOH (2T20?) T8 3@ Yoy
uoIsudlradAyaid pue uoisusjowWLIOU
SuIAJISse[d %9. JO 9109S-T4 UB PUE %TH TL JO £ovINDY INAS TN LSm 0dd (2207) "Te 10 SOrY-ZaunIE N
u0130939p eruaIydozIyos ur A9BINIIL %/'L6 NND 1d LMD Ddd (220?) T 12 1yqOS
UO[109)3P SSIIS UL %0T" 86 JO AORINDIY IWLSTIIT+NND “1d LAd DHH (2202) BN pue BAIA[RIN
uono93ap eaude dag[s ur AoeINd9® %7S 6 NN TN WLIOJSURI) 19[oARM dNJATRUR S[QIX[I-L VA odd (2207) Te 19 JuRg
UO[}03}9P SSAIIS [BIUSW UI %9T L6 JO KOBINOOY INAS TN LMS odd (z207) T8 19 BULIRYS
I9pI0SIp A)1A1IORIadAY 01O UOIUDIIR
puUe ISPIOSIP JONPUOD JO UONIIIP UT %88°L6 JO AOBINIOY NN TN IMd ‘NI il (1202) 'Te 12 101,
UOIJBOIJISSB[O UOTIOUId UT AOBINIIE %E°96 NNJ -1d LMOD ‘aNd DHd (TT02) T8 19 1vy3sy
uonIug0d31 UOHOWS Ul AIBINIOL %TY 66 INAS ‘NN TN IMOL odd (1207) Te 19 190UN],
uond9Ip
[9A] SS1JS UIT SJSBIBP 0M) U0 ADBINIIR %QL°LL PUB %TT T6 (Sururea 19JsueIl) NND AT :1d J9[ABA 9SIOIN + LA D PIZI[EULION 00d (TZ02) 'Te 12 0033sBY
SISPIOSIP pajera1-dadls yiim sdnord
juaned Jo uonIuS00a1 UL %.§ JO 91038 T PUR %L JO A9RINIOY NNQ "1a LMSS ONG ‘D04 (0Z07) "T® 39 TyoIRL
S9JBIS oM

—~d93[s Jo U0 BIIJISSBID AY) UI %/8 JO A0BINII. [[BISA0 ) pUe

SS9I3S INIB I0J %T H6 ‘SSAIIS OTUOIYD IdPUN % 96 JO AOBINIIY NAS PU® NN SISeq [e1pey T LMD ISkl (0207) TedSeN pue AeAypedn rewny
LH 'sA (LHd +1N)
pue ‘(uorsualradAy) LH sA LN ‘(uotsuojrodAyaxd) LHJ 'sa

(uorsuajouriou) LN Ul %S6°C8 PUB ‘%SS T6 ‘%TS 08 JO SA10I8- ] LHNR[S009 paurenadid 1d LMD Ddd (8107) ‘T® 10 Suer]
sSurpurj/syynsay anbruyoag, J9[oARM adfy eyeq Iedk ‘Ioyiny

"YI[e9Y [BIUSUL UO PIJONPUOI SAPNIS Jo Arewrwing | vV ATAV.L

Wiley Interdisciplinary Reviews: Data Mining and Knowledge Discovery, 2025

22 of 26



TABLE A3 | Summary of studies conducted on brain-computer interface.

Author, year Datatype Wavelet Technique Results/findings
Kaur et al. (2019) EEG DWT ML: RF Accuracy of 88.33% and 96.66% in age and gender
prediction
Xu et al. (2019) EEG WT DL: 2D CNN Accuracy of 90% in motor imagery EEG classification
Collazos-Huertas et al. (2020) EEG CWT DL: CNN CWT improves the accuracy and enhances the
interpretability of CNN architecture

Aileni et al. (2020) EEG DWT ML: ANN 91.1% accuracy in brain activity classification

Chaudhary et al. (2020) EEG FAWT ML: kNN Accuracy 99.33%, sensitivity 99%, specificity 99.6%, and
F1-Score 99.25% in motor-imagery tasks classification

Phadikar et al. (2023) EEG WT DL: Autoencoder NN Accuracy of 95.33% and 97% on two datasets in multiclass

motor classification
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TABLE A5 | Summary of studies conducted on respiratory disorders.
Author, year Data type Wavelet Technique Results/findings
Hassan and Haque (2017) ECG TQWT ML: Random under 88.88% accuracy, 87.58% sensitivity, and 91.49%
sampling boosting specificity for automated identification of obstructive
sleep apnea

Shuvo et al. (2021) Lung sound CWT DL: 2D CNN Accuracy of 98.92% for three-class chronic

classification and 98.70% for six-class pathological
classification

(Mostafiz et al. (2022) X-Ray DWT DL: CNN Accuracy of more than 98.5% in Covid-19 detection

Huang et al. (2020) CT images SWT DL: RCNN PNSR of 38.47dB and SSIM equal to 0.881

Attallah (2022) ECG DWT DL: CNN Promising COVID-19 performance with an accuracy

of 98.8% and 91.73% for binary and multiclass
classification categories
Muralidharan et al. (2022) X-Ray EWT DL: CNN Accuracy of 96% and 100% for the multiclass and
binary Covid-19 classification
Patel and Kashyap (2022) CT images FAWT ML: SVM Accuracy of 93.47%, specificity 93.34%, sensitivity
93.6% and F1-score 0.93 in Covid-19 detection
Hadi et al. (2023) X-Ray DWT DL: CNN+LSTM Accuracy of 99.57% in Covid-19 detection
Soundrapandiyan et al. (2023) X-Ray DWT DL: WavStaCovNet-19 Accuracy of 94.24% and 96.10% on 4 classes and 3
classes in Covid-19 detection
Linh et al. (2023) ECG CWT ML: SVM Accuracy of 98.2%, and a F1-score of 93% in the

detection of preceding sleep apnea

TABLE A6 | Summary of studies conducted on neuromuscular diseases.

Author, year Data type Wavelet Technique Results/findings

Subasi (2013) EMG DWT ML: PSO+SVM Accuracy of 97.41% in the diagnosis
Subasi (2020) EMG DT-CWT ML: rotation forest ensemble Accuracy of 99.7% in neuromuscular

disorders
Preethi and Aishwarya (2021) PET, MRI DWT ML: genetic algorithm and neural Accuracy of 93% in brain tumor detection
networks
Preethi and Aishwarya (2021) EMG DWT DL: CNN 88% of precision in prediction of muscular

paralysis disease

TABLE A7 | Summary of studies on studies conducted on miscellaneous applications.
Author, year Data type Wavelet Technique Results/findings
Torbati et al. (2014) Xray, CT, MRI DWT ML: Supervised NN 93% sensitivity in segmentation of white
matter from brain images
Zhang, Zhou, and ECG DWT DL: 1D CNN Identification rate of 93.5% in ECG-based
Zeng (2017) biometric human identification
Zhang, Zhao, ECG DWT ML: ANN Compression model achieves a high data
et al. (2017) compression ratio at 1:19 without losing
important ECG information
Waulan et al. (2020) ECG SFTF, SWT DL: GAN Effective method for generating ECG
signals with deep neural networks
Sashidhar et al. (2021) ECG DWT ML: PCA +linear AUC of 0.84 in predicting pulse presence
discriminant model during chest compression
Singh et al. (2022) MRI+CT images Redundant DWT DL: Denoising Encryption of medical images for
Convolutional Neural telehealth applications
Network
Guo, Wan, et al. (2022) PPG CWT DL: 1D CNN+LSTM Accuracy of 98.27% for boys' physical

fitness prediction, and 99.26% for girls'
physical fitness prediction
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