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ABSTRACT: Parkinson’s disease (PD) is a debilitating neurological disorder affecting over 10 million people world-
wide. PD classification models using voice signals as input are common in the literature. It is believed that using deep
learning algorithms further enhances performance; nevertheless, it is challenging due to the nature of small-scale and
imbalanced PD datasets. This paper proposed a convolutional neural network-based deep support vector machine
(CNN-DSVM) to automate the feature extraction process using CNN and extend the conventional SVM to a DSVM
for better classification performance in small-scale PD datasets. A customized kernel function reduces the impact
of biased classification towards the majority class (healthy candidates in our consideration). An improved generative
adversarial network (IGAN) was designed to generate additional training data to enhance the model’s performance.
For performance evaluation, the proposed algorithm achieves a sensitivity of 97.6% and a specificity of 97.3%. The
performance comparison is evaluated from five perspectives, including comparisons with different data generation
algorithms, feature extraction techniques, kernel functions, and existing works. Results reveal the effectiveness of the
IGAN algorithm, which improves the sensitivity and specificity by 4.05%–4.72% and 4.96%–5.86%, respectively; and
the effectiveness of the CNN-DSVM algorithm, which improves the sensitivity by 1.24%–57.4% and specificity by 1.04%–
163% and reduces biased detection towards the majority class. The ablation experiments confirm the effectiveness of
individual components. Two future research directions have also been suggested.

KEYWORDS: Convolutional neural network; data generation; deep support vector machine; feature extraction;
generative artificial intelligence; imbalanced dataset; medical diagnosis; Parkinson’s disease; small-scale dataset

1 Introduction
Globally, more than 10 million people have Parkinson’s disease (PD) [1]. Primary (96%) sufferers are

age 50 and above, which reflects the prevalence of PD in older people, particularly the elderly. The issue of
population ageing is worsening in terms of the total number of people aged 60 and above by 40% and 110%,
reaching 1.4 billion and 2.1 billion (22% of the world’s population), respectively, from 1 billion in 2019 [2].
This drives the ever-growing death rates (per 0.1 million population) in various countries, such as the USA
(11.6) [3], Canada (9.4) [4], and Spain (9.6) [5]. The insufficient medical staff remains severe for many decades.
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It is estimated that there will be slow progress on the shortfall of medical staff, from 17.4 million (2013) to 14
million (2030) [6].

With the advent of technological development of computational algorithms, various machine learning
algorithms were proposed for PD detection models. Since 90% of PD sufferers experience voice disorder
[7–9], voice signals could serve as inputs for the PD diagnostic model. The wide and rapid diffusion of mobile
applications and systems provides a solid foundation to measure the voice signals of users. Building a large-
scale dataset becomes feasible, and it is vital to provide essential knowledge to improve the performance of
the machine learning models. In contrast to the assessment by medical doctors, which is costly and may
take several months as the waiting time for new case booking for specialist outpatient [10,11], PD detection
via a machine learning model is more applicable to support medical screening and rapid testing across the
world’s population.

In this section, a literature review summarises the methodology, results, and limitations of the latest
research works. This serves as the rationale for the proposed PD detection algorithm, which aims to
address the limitations. The research contributions of this paper are summarized. The rest of the paper
is organized as follows: Section 2 presents the materials and methods of our PD detection model. This is
followed by the performance evaluation and comparison of the proposed algorithm. Finally, a conclusion
and recommendations for future research directions are drawn.

1.1 Literature Review
Various approaches were proposed for PD detection. Traditional machine learning models are discussed

in [12–14], deep learning models in [15,16], and both machine learning and deep learning models in [17–19].
In [12], three approaches, namely support vector machine (SVM), optimum path forest (OPF), and

k-nearest neighbours (kNN), using speeches as inputs, were applied for performance evaluation and
comparison. Results revealed that 1-nearest neighbors with Yaffe features achieved the best performance,
specificity of 50.9%, and sensitivity of 71.2%. Another work [13] analyzed the performance of voice-based
binary PD classification using three machine learning algorithms, SVM, kNN, and neural network (NN).
Downsampling was used to ensure an equal number of samples in each class during model training. Model
overfitting was observed, as evidence by the notable deviations between training and testing accuracies. The
testing accuracy using SVM ranged from 82.5%–90% using different feature vectors, while that using kNN
was 75%–85%, and that using NN was 82.5%–87.5%. Regarding [14], six machine learning algorithms, logistic
regression (LR), decision tree (DT), extreme gradient boosting (XGBoost), SVM, kNN, and random forest
(RF), were used to perform binary PD classification. The issue of an imbalanced dataset was tackled using the
edited version of the synthetic minority over-sampling technique (SMOTE). The accuracy of the six models
ranged from 84.3% to 96.5% (SVM was the best).

Regarding the deep learning models, various studies [15,16] confirmed the effectiveness of enhancing
classification accuracy performance, provided that sufficient training samples and computational power
exist. A CNN-based SVM classifier was designed for binary PD classification [15]. Four typical kernel
functions were evaluated: linear, sigmoid, polynomial, and RBF kernels. The accuracy of these four configu-
rations ranged from 68% to 75%. Another work [16] employed CNN for the problem formulations of feature
extraction and classification. A challenge of biased classification was observed based on sensitivity (90%)
and specificity (97%), attributable to an imbalanced dataset.

In the small-scale environment for PD datasets, some researchers analyzed and compared the per-
formance of machine/deep learning algorithms. In [17], three machine learning algorithms, namely, SVM,
kNN, and Naïve Bayes (NB), and one deep learning algorithm, CNN, were chosen to perform binary PD
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classifications. The selected machine learning algorithms yielded average accuracies ranging from 74% to
76%. The CNN model achieved accuracies from 53% to 82%. Another work [18] utilized kNN, DT, RF, and
SVM as machine learning algorithms and a multi-layer perceptron (MLP) as a deep learning algorithm
for binary PD classification. kNN was the best among the four machine learning algorithms, achieving an
accuracy of 88%, whereas MLP yielded an accuracy of 90%. In addition, six machine learning algorithms,
NB, LR, kNN, RF, DT, and SVM, and five deep learning algorithms, transformer, gated recurrent unit (GRU),
long short-term memory (LSTM), recurrent neural network (RNN), and CNN were used for binary PD
classification [19]. RF was the best (82.4%) among machine learning algorithms, and CNN (85.0%) was
among deep learning algorithms. A stacked autoencoder-based deep neural network (DNN) approach was
used to perform PD detection [20]. The model achieved a sensitivity of 94.9% and a specificity of 42.9%,
reflecting a significant issue of biased classification. This approach was also compared with three traditional
machine learning algorithms, including XGBoost, decision tree, and neural network, and outperformed
them. Another work [21] proposed a parallel CNN and RNN model with a MLP for PD detection. The model
achieved an AUC of 91.3%, an F1 score of 91.1%, a precision of 89.8%, a recall of 92.5%, and an accuracy of
91.1%. Ablation experiments confirmed the effectiveness of individual components. Two algorithms, RNN
and GRU, were built for PD detection [22]. Identical results were shared among accuracy (87.2%), recall
(75%), and F1 score (77%). In [23], cepstral coefficients were extracted and served as inputs to a deep residual
network for PD detection. The model achieved an accuracy of 89.8%, a specificity of 89.3%, and a sensitivity
of 90.1%. Quan et al. [24] proposed an optimized federated learning approach for PD detection with voice
signals of five languages, including English, Chinese, Czech, Italian, and Spanish. The model achieved an
accuracy of 72.6%, an F1 score of 68.2%, a specificity of 69.4%, and a sensitivity of 75.1% as the mean
performance of five scenarios.

1.2 Limitations of the Existing Works
Here are the key limitations of the existing works discussed in Section 1.1.

(a) The performance of PD detection models using baseline features suggests that more representative
features (hidden features) must be discovered.

(b) There is room for improvement where the overall accuracy of the PD detection models is less than
90% [12,13,15,17–19]. These do not align with the expectation that deep learning algorithms improve
the performance of PD detection compared with traditional machine learning algorithms.

(c) The imbalanced dataset led to a biased detection model towards the majority class based on the
significant deviation between the sensitivity and specificity of the models [12,15–18]. This issue
commonly occurrs in medical domains with several main reasons, including costly data collection,
rare cases, data privacy, access rights, and a lack of data pipelines. Some typical examples are medical
time-series data [25] and medical image segmentation [26].

(d) Three types of cross-validation, namely hold-out cross-validation [12], k-fold cross-validation [14–17],
and single-split (training and testing datasets) validation [13,18,19], were used for the performance eval-
uation of PD detection models. An investigation was not included in the selection of these approaches.

1.3 Research Contributions
To tackle the abovementioned limitations (Section 1.2), this paper proposes a PD detection method

using a convolutional neural network-based deep support vector machine (CNN-DSVM). The research
contributions are summarized below.

(a) Hidden features are analyzed and used to construct a CNN-based PD detection model. By employing
a continuous wavelet transform, the study converts these 1-dimensional signals into a 2-dimensional
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time-frequency representation. This conversion not only enhances the data’s dimensionality but also
allows the CNN to decipher intricate patterns and features that might be overlooked in a traditional
CNN. It also emphasizes hyperparameter tuning during backpropagation to optimize the CNN’s
performance, with an adaptable range of hidden layers and neuron configurations to suit diverse
benchmark datasets. The selected architecture fosters a deeper understanding of the underlying
features within the voice data, thereby significantly contributing to the reliability and accuracy of
PD detection. This methodology lays the groundwork for improved inputs to the subsequent DSVM,
showcasing its innovative contribution to CNN customization in voice-based PD detection.

(b) Extend the SVM to deep SVM (DSVM), which takes advantage of deep learning with small-scale
datasets. By contrast, common deep learning algorithms based on CNN, deep neural network (DNN),
and deep belief network (DBN) require sufficient data [27,28]; the DSVM framework is designed
to work efficiently with limited data. This is a major technical merit, as medical datasets are often
small and imbalanced. DSVM architecture introduces a novel approach to optimizing kernel functions
in PD detection by leveraging multiple kernel learning (MKL) and particle swarm optimization
(PSO). It is a refined methodology for optimizing kernel functions tailored to specific datasets. This is
particularly critical in medical diagnostics, where heterogeneous voice signals from PD patients can
exhibit complex and nuanced patterns that traditional algorithms often struggle to capture. Unlike
traditional methods that may involve exhaustive searching of parameters, this research employs a grid-
search approach to efficiently (reducing computational overhead and enhancing training efficiency)
customize the kernel functions across SVM blocks. By integrating six well-known kernel functions—
linear, sigmoid, radial basis, polynomial, log, and powered—this architecture aims to capture the
complex relationships inherent in heterogeneous voice signals from both PD patients and healthy
individuals. The innovative combination of MKL and PSO not only enhances the adaptability of the
model to specific PD characteristics but also streamlines the training process, offering significant
potential for improved performance in voice analysis applications.

(c) Additional training data in the minority group can be generated by introducing an improved generative
adversarial network (IGAN). The IGAN presents a novel integration of three established GAN
frameworks: auxiliary classifier GANs, InfoGANs, and conditional GANs. It enhances the traditional
GAN architecture by incorporating a conditional variable within the discriminator, adding a new
network to support the classification process, and labeling all generated data. By merging these
elements, IGAN optimizes the generation of specific data types, enhances transfer learning capabilities,
and maximizes information retention between latent codes and generated outcomes. This approach
not only increases the quality and relevance of the generated data but also significantly streamlines the
process of adapting models for the PD detection problem as well as other domains, thus addressing
challenges often encountered in data scarcity within minority classes. One of the key novelties of IGAN
lies in its unique architecture, which incorporates a conditional variable within the discriminator.
This addition enables to generation of more nuanced and targeted data, ensuring that the produced
samples are not only diverse but also aligned with specific categories or labels relevant to the task
at hand. Moreover, the inclusion of an auxiliary network dedicated to the classification process
further refines the ability to generate high-quality samples, thereby preserving critical information
during the generation phase. Additionally, IGAN’s labeling mechanism for all generated data enhances
the interpretability and usability of the created datasets. This characteristic allows researchers and
practitioners to better understand the generated outputs’ context and relevance, facilitating smoother
integration into existing frameworks, particularly for challenges (PD detection in this research).

(d) Investigating an appropriate type of cross-validation for the PD detection problem is crucial for
enhancing the reliability and validity of predictive models in this field. Three types of cross-validation,
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hold-out cross-validation (HOCV), k-fold cross-validation (kCV), and leave-one-subject-out cross-
validation (LOSOCV) are investigated. Eight scenarios have been analyzed, including five HOCV
approaches (training data of 50%, 60%, 70%, 80%, and 90%), two kCV approaches (5-fold and 10-fold),
and LOSOCV. By comparing these methods, this research aims to deepen the understanding of their
respective strengths and weaknesses in PD detection applications, guiding the selection of the most
appropriate cross-validation strategy. This contribution advances methodological rigor and enhances
the performance and generalization of predictive models in neurological research.

2 Materials and Methods
This section first presents the summary of the benchmark dataset. The methodology of the PD detection

model comprises three parts: data generation using IGAN, feature extraction using CNN, and PD detection
using DSVM.

2.1 Benchmark Dataset
Parkinson’s Disease Classification Data Set [14] is selected as a benchmark dataset for performance

evaluation and comparison of the PD detection models. It contains a microphone signal (at 44.1 kHz) of three
times repetitions of the sustained phonation of the vowel /a/ from 252 participants. It has 64 people, aged
41–82, as the control group and 188 people, aged 33–87, as the patient group. A data imbalance issue exists
between the control group and the patient group. There are 756 records (252 participants× 3 repetitions), each
with 754 attributes. It is worth noting that in the publicly available benchmark PD datasets (10 PD datasets
will be considered in Section 3.5 in the performance comparison between the proposed work and existing
works), there are issues of data scarcity and imbalanced datasets (typical issues in biomedical datasets).
Among the benchmark datasets, we selected the dataset with the most samples. Other nine datasets comprise
various proportions of healthy and PD samples, including (i) 35 healthy and 64 PD participants; (ii) 21 healthy
and 16 PD participants; (iii) 20 healthy and 20 PD participants; (iv) 48 healthy and 147 PD participants;
(v) 8 healthy and 23 PD participants; (vi) 37 healthy and 28 PD participants; (vii) 41 healthy and 40 PD
participants; (viii) 36 healthy and 36 PD participants; and (ix) 50 healthy and 50 PD participants. It is noted
that all available benchmark PD datasets are considered small-scale datasets, which are deemed suitable
for enhancement (in terms of data distribution and PD detection performance) via IGAN. The selected
benchmark PD dataset also possesses an imbalanced ratio of 2.94 (PD patient vs. healthy control), which
reflects a typical and representative imbalanced dataset. Without proper design of PD detection models, it is
expected that a common issue of biased classification will be seen from the significant deviation in sensitivity
and specificity, which reduces the practicality of PD detection.

2.2 Data Generation Using IGAN
To mitigate the impact of the imbalanced dataset on the PD detection model, which is biased towards

the majority class, downsampling the majority class (PD group) is not an appropriate approach because it
sacrifices the availability of ground truth data. Here are the recommended readings on the literature review
of the latest developments in algorithms for imbalanced datasets [29,30].

A more appropriate approach to generating additional data in the minority class (healthy group)
is chosen. The generative adversarial network (GAN) has received attention in recent years due to its
effectiveness in generating high-quality data [31,32]. Many existing research studies have revealed the
effectiveness of GANs in speech synthesis, voice cloning, and enhancement of voice recordings. GANs can
generate voices in multiple languages, accents, emotional tones, etc., making them suitable for a wide range
of applications involving voice signals. In addition, GANs can facilitate transfer learning, where a model
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trained on one voice can adapt and generate voices for different speakers with minimal additional data. This
significantly reduces the time and cost associated with collecting voice samples. Among the variants of GANs,
three common types of GANs have been selected as the baseline models: auxiliary classifier GANs [33],
InfoGANs [34], and conditional GANs [35]. Recall the foundation of GAN, which generates additional data
assigned to random classes (labels), owning to the intractable relationship between the latent space and the
classes. One of the earliest improved versions of GANs is conditional GANs, which use the class information
in the training phase to generate specific data. Auxiliary classifier GANs further modify the structure of
conditional GANs so that a new classifier is added to the discriminator to predict classes. It also supports
transfer learning in classification problems. InfoGAN introduces a new term for information maximization
to maximize the information between the latent code and the generated data.

To incorporate the advantages of the auxiliary classifier GANs, InfoGANs, and conditional GANs, an
improved generative adversarial network (IGAN) is proposed to merge these three designs. Fig. 1 presents
the architecture of the IGAN. The major modifications on the architecture are three-fold (from left to right):
1) a discriminator has a new conditional variable c, 2) a new network Nnew is added and attached to the
discriminator, and 3) labels all generated data.

Figure 1: The architecture of the proposed IGAN

Define a noise matrix z and a conditional variable c.
The data distribution X is captured by the conditioned generator G. The additional network Nnew

works along with the conditioned discriminator D to distinguish between the data sources of the input data,
particularly between the raw and generated datasets. Two maximization problems are formulated for G and
D using the loss function related to the raw dataset Lraw, the loss function related to the class label Lclass, and
the mutual relationship between c and G(z\c).

Generator∶max Lcl ass + Lraw − αI (c, G (z, c)) (1)

Discriminator∶max Lcl ass − Lraw − αI (c, G (z, c)) (2)

Lcl ass = E (logP (C = c/X f ake)) + E (logP (C = c/Xreal)) (3)
Lraw = E (logP (R = f ake/X f ake)) + E (logP (R = real/Xreal)) (4)
I (c, G (z, c)) = Ex∼G(z ,c) (Ec∼P(c ,x) (logQ (c/x))) (5)

with hyperparameter α and a Gaussian noise distribution P(c,x).
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2.3 Feature Extraction Using CNN
Inspired by the existing work, which shows that baseline and statistical features do not fully characterize

the voice data for PD detection, further work should be carried out to discover the hidden pattern. Consid-
ering the advantages and disadvantages of typical deep learning algorithms presented in Table 1 [36,37], we
have chosen CNN for automatic feature extraction in our research work.

Table 1: Advantages and disadvantages of typical deep learning algorithms

Deep learning algorithms Advantages Disadvantages
Recurrent neural

network
Work well in time-series data Vanishing gradient; training

complexity
Convolution neural

network
Extract features from raw

data; Good support in
training strategies; good for

multi-dimensional data

Sufficient samples are
needed

Deep belief network Extract global features;
Good for dimensionality

reduction; Better
performance in 1-D data

Slow training

Deep Boltzmann
machine

Extract features in
unsupervised learning

Slow training; Difficult in
hyperparameter tuning for

large-scale datasets
Restricted Boltzmann

machine
Good with missing data Training complexity

Sparse autoencoder Obtain linearly separable
features

Training complexity

Denoising
autoencoders

Support feature extraction
and compression

Training complexity;
Introduce random noise;

Not scalable to
high-dimensional data

Fig. 2 shows the architecture of a CNN. Since the input of CNN is generally 2-dimensional, we extend
the voice signals to a 2-dimensional time-frequency representation via continuous wavelet transform. The
feature extraction process has an input layer and multiple hidden layers. Each hidden layer comprises
a convolution layer, a maximum pooling layer, and a rectified linear unit (ReLU). Convolution layers,
pooling layers, and ReLUs are responsible for the feature extraction process. The convolution layers perform
convolution operations on the inputs using various digital filters. The pooling layers carry out dimensionality
reduction and decide the thresholds. Hyperparameter tuning is needed during backpropagation to minimize
the connections within the CNN architecture. We have selected a typical number of hidden layers ranging
from 1 to 5 for analysis and evaluation. The number of neurons and size will be determined and customized to
each problem associated with the benchmark dataset. The resultant extracted features will serve as the inputs
of the DSVM in the next phase (Section 2.4). An example of the CNN architecture (3-layer) in Section 3.1
is illustrated as follows. 2D inputs of size 256 × 256 composite features, the first convolutional layer of size
254 × 254 (number of filters is 32), the first maximum pooling layer of size 127 × 127 (number of filters is 32),
the second convolutional layer of size 124 × 124 (number of filters is 64), the second maximum pooling layer
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of size 62 × 62 (number of filters is 64), the third convolutional layer of 60 × 60 (number of filters is 128),
and the third maximum pooling layer of 30 × 30 (number of filters is 128).

Figure 2: The architecture of the proposed CNN

The DSVM architecture is shown in Fig. 3. There are some integers L in the input layer and M, N, O,
and P in the hidden layers. [x]1, [x]2, . . . , [x]L-1 are the features of the input layer. There are multiple hidden
layers, denoted by the first layer (SVM1,1, SVM1,2, . . . , SVM1,M), the second layer (SVM2,1, SVM2,2, . . . ,
SVM2,N), . . . , the O-th layer (SVMO,1, SVMO,2, . . . , SVMO,P). As an illustration, with input [x]1, training the
first layer (SVM1,1, SVM1,2, . . . , SVM1,M) will result in the output layer F1(x). As a result, the total net input
to each hidden layer neuron is:

neth1 = h111 (x) ⋅ [x]1 + h112 (x) ⋅ [x]2 + . . . + h11M (x) ⋅ [x]L + b1
neth2 = h121 (x) ⋅ [x]1 + h122 (x) ⋅ [x]2 + . . . + h12M (x) ⋅ [x]L + b1
⋮
nethM = h1L1 (x) ⋅ [x]1 + h1L2 (x) ⋅ [x]2 + . . . + h1LM (x) ⋅ [x]L + b1

(6)

Figure 3: The architecture of the PSO-optimized MKL-based DSVM
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The output (corresponding to individual input neurons) can be measured by the logistic activation
function:

outputh1 = 1
1+e−ne th1

outputh2 = 1
1+e−ne th2

⋮
outputhM = 1

1+e−ne thM

(7)

The output of the hidden layer is defined as:

nety11 = h211 (x) ⋅ outputh1 + h212 (x) ⋅ outputh2 + . . . + h21L (x) ⋅ outputhL + b2
⋮
nety1M = hL11 (x) ⋅ outputh1 + hL12 (x) ⋅ outputh2 + . . . + hL1L (x) ⋅ outputhL + b2

(8)

nety21 = h221 (x) ⋅ outputh1 + h222 (x) ⋅ outputh2 + . . . + h22L (x) ⋅ outputhL + b2
⋮
nety2M = hL21 (x) ⋅ outputh1 + hL22 (x) ⋅ outputh2 + . . . + hL2L (x) ⋅ outputhL + b2

(9)

netyM1 = h2M1 (x) ⋅ outputh1 + h2M2 (x) ⋅ outputh2 + . . . + h2ML (x) ⋅ outputhL + b2
⋮
netyMM = hLM1 (x) ⋅ outputh1 + hLM2 (x) ⋅ outputh2 + . . . + hLML (x) ⋅ outputhL + b2

(10)

The output is then calculated using the logistic activation function:

outputy11 = 1
1+e−ne t y11

⋮
outputy1M = 1

1+e−ne t y1M

(11)

The error for calculating the outputy11 is related to [x]1. Therefore, the overall error for F1(x) is given
by:

εy1 =
L
∑
i=1

1
2
(F1 (x) − outputy1 i) (12)

which needs to be minimized individually and entirely (the sum of individual errors).
A full search of the values of these integers is not feasible as it is computationally intensive. Instead,

a common grid-search approach is chosen. The kernel function will be customized using multiple kernel
learning (MKL) in each SVM block. The merging of kernels is solved by particle swarm optimization (PSO).
An alternative and well-known optimization algorithm, i.e., genetic algorithm (GA), is not adopted because
PSO usually yields less training time than GA [38], providing that many optimisation problems exist in all
SVM blocks according to the deep architecture.

The foundation of the kernel in the SVM blocks is based on six common kernel functions, namely linear
kernel Klin(x1, x2), sigmoid kernel Ksig(x1, x2), radial basis function kernel Krbf (x1, x2), polynomial kernel
Kpoly(x1, x2), log kernel Klog(x1, x2), and powered kernel Kpow(x1, x2). These are well-known functions that
could achieve good performance in various applications. MKL takes advantage of the PD detection problem.
The heterogeneous voice signals of people (including PD patients and healthy individuals) can be represented
using baseline kernels, which are further integrated via MKL to form a unified feature space. The feature space
being created by CNN comprises complex relationships that require a strong kernel (via MKL) to capture the
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large and highly expressive combined feature space. This combined feature space is tailored to the specific
characteristics of the PD detection problem. The formulations are defined as follows.

Linear kernel∶Kl in (x1 , x2) = xT
1 x2 (13)

Sigmoid kernel∶Ksi g (x1 , x2) = tanh (axT
1 x2 + b) (14)

Radio basis function kernel∶Krb f (x1 , x2) = exp (−∥x1 − x2∥2 /σ 2) (15)

Polynomial kernel∶Kpol y (x1 , x2) = (c × xT
1 x2 + d)N

(16)
Log kernel∶Kl o g (x1 , x2) = − log (1 + ∥x1 − x2∥α) α ∈ (0, 1] (17)
Powered kernel∶Kpow (x1 , x2) = ∑

i
λθ

i φi (x1)φi (x2) (18)

for some real numbers a, b, c, d, and σ , integer N, some power order θ, and parameters of the eigensystem λ
and φ.

Algorithm 1 presents the pseudo-code for PSO-optimized MKL-based DSVM.

Algorithm 1: PSO-optimized MKL-based DSVM
1. For particle i ∈ [0, N] Do
2. Initialize the position vector Rij randomly with two values based on the ranges of kernel

parameters
3. Initialize the velocity vector Vij randomly
4. End For
5. t = 1
6. While (t ≠ iterationsmax ) or ( f itnessvalue ≠ 100) Do
7. For each particle i do
8. Find the fitness value using the SVM classifier
9. If the fitness value is better than Pbestij
10. Set Pbestij = current fitness value
11. End If
12. End For
13. Set Gbest = Best previous particle’s fitness value
14. For particle i ∈ [0, N] Do
15. For dimension j∈ [0, J] Do
16. V t+1

i j = wV t
i j + c1r1 (Pbesti j − Rt

i j) + c2r2 (Gbest − Rt
i j)

17. Rt+1
i j = Rt

i j + V t+1
i j

18. End For
19. End For
20. t = t + 1
21. End While

Denote N as the total number of data, Nf as the dimensionality of features, and Nsv as the number of
support vectors. The computational complexity of each SVM block is O (N 3 + N f N2) and O (N f Nsv) for
model training and model testing, respectively.
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3 Performance Evaluation and Comparison
To evaluate the effectiveness of the proposed CNN-DSVM, analysis is conducted in five parts (Sub-

sections) (i) Evaluate the performance of the CNN-DSVM; (ii) Compare the performance between IGAN
with other data generation algorithms; (iii) Compare the performance of feature extraction between CNN
and existing approaches; (iv) Compare the performance of kernel selection between PSO-optimized MKL
and typical kernel functions in DSVM; and (v) Compare the performance between proposed work and
existing works.

3.1 Performance Evaluation of the CNN-DSVM
The computational environment of the performance evaluation is based on an i7-10750H processor, 64

GB DDR4 3200 MHz SoDIMM, and NVIDIA
R©

Quadro RTX 3000. The analysis starts with the performance
evaluation of the proposed method, which comprises three modules: data generation using IGAN, feature
extraction using CNN, and PD detection using PSO-optimized MKL-based DSVM. The performance
evaluation metrics of the PD detection model are sensitivity (or true positive rate), specificity (or true
negative rate), precision, F1 score, and area under the curve (AUC).

Sensitiv ity = TP/ (TP + FN) (19)
Speci f icity = TN/ (TN + FP) (20)
Precision = TP/ (TP + FP) (21)
F1 = 2TP/ (2TP + FP + FN) (22)

where TP is the true positive, FN is the false negative, TN is the true negative, and FP is the false positive.
Three types of cross-validation, namely hold-out cross-validation (HOCV), k-fold cross-validation

(kCV), and leave-one-subject-out cross-validation (LOSOCV), are used for performance evaluation and
investigation. These could provide a better understanding of the suitability of cross-validation approaches
in PD detection problems. Eight scenarios are defined based on (i) HOCV90 with 90% of training data; (ii)
HOCV80 with 80% of training data; (iii) HOCV70 with 70% of training data, (iv) HOCV60 with 60% of
training data; (v) HOCV50 with 50% of training data; (vi) k5CV with k = 5; (vii) k10CV with k = 10; and (viii)
LOSOCV. The scenarios for HOCV are based on a step size of 10% degradation in the percentage of training
data, until it drops to 50% (equal to that in testing data).

Table 2 summarizes the sensitivity, specificity, precision, F1 score, and AUC of the PD detection model
across the varying number of hidden layers (1 to 5) and eight scenarios of cross-validation. 5 times repetitions
are performed on each setting, and thus, the sensitivity and specificity are the average of the repetitions. Here
are the observations based on the results:

(a) Sensitivity is larger than specificity. A major reason is related to the majority class (patient group),
where the model will take more advantage of the class. The PSO-optimized MKL-based kernel function
in DSVM can reduce the impact on the detection bias towards the majority class.

(b) The average deviation between sensitivity and specificity across all results is 0.595%. The bias towards
the majority class is significantly reduced using IGAN. The effectiveness of IGAN will be further
analyzed in Section 3.2.

(c) The best performance of the PD detection model is achieved with 3 hidden layers in HOCV90, HOCV80,
HOCV70, and HOCV50, and with 4 hidden layers in HOCV60, k5CV, k10CV, and LOSOCV. The best
performance in HOCV90, HOCV80, HOCV70, HOCV60, HOCV50, k5CV, k10CV, and LOSOCV are
(94.1, 93.4)%, (93.1, 92.5)%, (92.2, 91.8)%, (91.0, 90.7)%, (89.6, 88.9)%, (96.8, 96.2)%, (97.5, 97.1)%, and
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(97.6, 97.2)%, respectively. The results suggested that too few or too many hidden layers do not enhance
the detection performance.

The performance of the models in eight scenarios ranks in descending order: LOSOCV, k10CV, k5CV,
HOCV90, HOCV80, HOCV70, HOCV60, and HOCV50. HOCV performs a single split training and testing
which is more prone to overfitting the detection model. When fewer training samples are available, the
performance of the detection model deteriorates. kCV provides better cross-validation to reduce the impact
of model overfitting. LOSOCV is an extreme case of kCV where k equals the total number of training samples.
Although the performance of LOSOCV is generally better than that of kCV, a tradeoff in high computational
power is experienced. Given that additional data is generated via IGAN, the performance is considered
near-optimal in k10CV compared with LOSOCV.

Table 2: Performance of the CNN-DSVM model across the varying number of hidden layers and cross-validation
approaches

Number of
hidden layers

Sensitivity/Specificity/Precision/F1 Score/AUC (%)

HOCV90 HOCV80 HOCV70 HOCV60 HOCV50 k5CV k10CV LOSOCV

1 93.2/92.4/97.3/
95.2/90.4

92.2/91.6/97.0/
94.5/89.2

91.4/90.7/96.7/
94.0/88.2

89.5/89.1/96.0/
92.7/86.0

88.1/87.6/95.4/
91.6/84.9

94.8/94.3/98.0/
96.4/92.1

95.2/94.6/98.1/
96.6/92.4

95.4/94.9/98.2/
96.8/92.7

2 93.8/92.9/97.5/
95.6/90.9

92.9/92.1/97.2/
95.0/90.1

92.1/91.6/97.0/
94.5/89.5

90.2/89.8/96.3/
93.2/87.8

89.2/89.8/96.3/
92.6/87.6

95.4/95.0/98.3/
96.8/92.8

95.8/95.4/98.4/
97.1/93.1

95.9/96.3/98.7/
97.3/93.4

3 94.1/93.4/97.7/
95.9/91.1

93.1/92.5/97.3/
95.2/90.3

92.2/91.8/97.1/
94.6/89.7

90.8/90.3/96.5/
93.6/88.3

89.6/88.9/96.0/
92.7/87.9

96.5/96.0/98.6/
97.5/94.3

96.9/96.4/98.8/
97.8/94.6

97.0/96.6/98.8/
97.9/94.7

4 92.9/92.2/97.2/
95.0/90.2

92.3/91.9/97.1/
94.6/89.8

91.7/91.3/96.9/
94.2/89.3

91.0/90.7/96.6/
93.7/88.7

89.1/88.5/95.8/
92.3/87.5

96.8/96.2/98.7/
97.7/94.4

97.5/97.1/99.0/
98.3/95.4

97.6/97.3/99.1/
98.3/95.5

5 92.5/91.4/96.9/
94.7/89.5

91.4/90.8/96.7/
94.0/88.7

90.7/90.1/96.4/
93.5/88.1

89.8/89.1/96.0/
92.8/87.6

89.8/89.1/96.0/
92.8/87.5

96.2/95.7/98.5/
97.3/94.0

97.0/96.6/98.8/
97.9/94.7

97.1/96.8/98.9/
98.0/94.9

3.2 Comparison between the IGAN and Other Data Generation Algorithms
Since the IGAN is an optimally joined data generation algorithm from auxiliary classifier GANs

(acGANs) [33], InfoGANs [34], and conditional GANs [35], a comparison is made with these three
algorithms. To evaluate the data generation algorithm, all implementations are based on the architecture
with a CNN module and a PSO-optimized MKL-based DSVM module. Table 3 presents the best results
of the number of hidden layers across eight cross-validation scenarios. Quantitative measures (sensitivity,
specificity, precision, F1 score, and AUC) have been included across eight cross-validation approaches. In
view of the combinations of scenarios, the results of t-SNE are not fully reported. The generated data closely
resembles the true data distribution without deviating into regions of feature space where real samples do
not exist. The main observations are drawn:

(a) Similar to Section 3.1, the first and last observations are found across different data generation
algorithms. The algorithms share some common characteristics, particularly in generating reliable and
additional training data to reduce the impact of biased detection.

(b) The performance in terms of sensitivity and specificity ranks in descending order is IGAN (97.6/97.3)%,
acGAN+InfoGAN (94.2/93.1)%, acGAN+conditional GAN (94.0/92.9)%, InfoGAN+conditional
GAN (93.8/92.8)%, acGANs [33] (93.8/92.7)%, InfoGANs [34] (93.4/92.2)%, conditional GANs [35]
(93.2/91.9)%, and without GAN (88.1/84.3)%. Compared to hybrid GAN-based approaches, the
percentage improvement by IGAN in sensitivity and specificity are 3.61%–4.05% and 4.51%–4.85%,
respectively; likewise, compared to standalone GAN-based approaches, the improvements are 4.05%–
4.72% and 4.96%–5.86%, respectively.
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(c) The average deviations between sensitivity and specificity in ascending order are proposed IGAN
(0.537%), InfoGAN+conditional GAN (1.08%), acGAN+InfoGAN (1.18%), acGAN+conditional GAN
(1.19%), InfoGANs [34] (1.16%), conditional GANs [35] (1.25%), and acGANs [33] (1.27%). It reveals
that IGAN leverages each algorithm to mitigate bias towards the majority class further. Although the
sensitivity and specificity in conditional GANs are less than those in auxiliary classifier GANs and
InfoGANs, they perform better in reducing the bias.

Table 3: Comparison between IGAN and traditional data generation algorithms

Number of
hidden layers

Sensitivity/Specificity/Precision/F1 Score/AUC (%)

HOCV90 HOCV80 HOCV70 HOCV60 HOCV50 k5CV k10CV LOSOCV
IGAN

(Proposed)
94.1/93.4/97.7/

95.9/91.1
93.1/92.5/97.3/

95.2/90.3
92.2/91.8/97.1/

94.6/89.7
91.0/90.7/96.6/

93.7/88.7
89.6/88.9/96.0/

92.7/87.9
96.8/96.2/98.7/

97.7/94.4
97.5/97.1/99.0/

98.3/95.4
97.6/97.3/99.1/

98.3/95.5
acGAN +
InfoGAN

92.2/91.2/96.9/
94.5/89.5

91.3/90.0/96.4/
93.8/88.8

90.1/89.2/96.1/
93.0/87.5

89.5/88.5/95.8/
92.6/86.7

88.5/87.7/95.5/
91.9/85.9

93.3/92.1/97.2/
95.2/90.2

94.0/92.8/97.5/
96.0/90.7

94.2/93.1/97.6/
95.9/90.9

acGAN +
conditional

GAN

91.8/90.9/96.7/
94.2/89.0

90.6/89.9/96.3/
93.4/87.7

89.4/88.9/95.9/
92.6/86.9

88.6/87.9/95.6/
91.9/86.0

87.9/87.0/95.2/
91.4/85.2

92.8/91.7/97.1/
94.9/89.8

93.7/92.5/97.4/
95.5/90.7

94.0/92.9/97.5/
95.7/91.0

InfoGAN +
conditional

GAN

91.5/90.4/96.6/
94.0/88.7

90.3/89.2/96.1/
93.1/87.2

89.2/88.4/95.8/
92.3/86.5

88.4/87.3/95.3/
91.7/85.7

87.6/86.8/95.1/
91.2/84.9

92.5/91.3/96.5/
94.1/89.4

93.5/92.4/97.3/
96.2/90.5

93.8/92.8/97.5/
95.6/90.8

acGANs [33] 91.3/90.1/96.4/
93.8/88.4

90.1/89.0/96.0/
93.0/87.0

89.1/88.2/95.7/
92.3/86.3

88.3/87.0/95.2/
91.6/85.5

87.4/86.5/95.0/
91.0/84.6

92.4/91.1/96.8/
94.7/89.2

93.5/92.3/97.3/
95.4/90.4

93.8/92.7/97.4/
95.6/90.7

InfoGANs [34] 90.6/89.5/96.2/
93.3/87.8

89.7/88.8/95.9/
92.7/86.7

88.6/87.9/95.6/
91.9/85.6

87.8/86.6/95.1/
91.2/85.0

87.0/86.2/94.9/
90.8/84.1

92.1/90.6/96.6/
94.3/88.6

93.0/91.3/96.9/
94.9/89.7

93.4/92.2/97.2/
95.3/90.3

Conditional
GANs [35]

90.2/89.0/96.0/
93.0/87.3

89.1/88.2/95.7/
92.3/86.2

88.2/87.6/95.4/
91.7/85.1

87.4/86.4/95.0/
91.0/84.7

86.5/85.9/94.7/
90.4/83.6

91.9/90.2/96.5/
94.1/88.3

92.8/91.8/97.1/
94.9/89.8

93.2/91.9/97.1/
95.1/89.9

Without GAN 85.8/82.0/93.3/
89.4/81.8

85.0/81.3/93.0/
88.3/81.2

84.4/81.1/92.9/
88.5/80.8

83.8/80.6/92.7/
88.0/80.3

83.3/80.3/92.6/
87.7/79.8

86.9/82.6/93.6/
90.1/82.5

87.5/83.3/93.9/
90.6/83.2

88.1/84.3/94.3/
91.1/84.0

3.3 Comparison between Feature Extraction Using CNN and Other Approaches
To provide a relevant comparison, existing works [39–42] that rely on the same benchmark dataset

(Section 2.1) as in this research work are considered. These works utilize traditional feature extraction
approaches instead of automatic feature extraction. The extracted features are: Statistics of vocal fundamental
frequencies, variation in amplitude and fundamental frequency, noise-to-tonal-components ratio, non-
linear measures of fundamental frequency variation and dynamical complexity, and the signal fractal
scaling exponent [39]; Statistics of vocal fundamental frequencies, variation in amplitude and fundamental
frequency, noise-to-tonal-components ratio, non-linear measures of fundamental frequency variation and
dynamical complexity, and the signal fractal scaling exponent [40]; Tuneable Q-factor wavelet transform
coefficients, Mel-frequency cepstral coefficients and baseline features [41]; and 754 features from the raw
dataset [42]. Table 4 summarizes the performance of PD detection models using various CNN algorithms
(proposed, smoothed CNN, and multi-scale CNN) and other approaches [39–42]. It is worth noting that only
the feature extraction process was adopted in the existing works for comparison. The following observations
are presented:

(a) The alignment of first and last observations with Section 3.1. The average deviations between sensi-
tivity and specificity in ascending order are proposed IGAN (0.537%), (0.560%) [42], (0.725%) [41],
(0.762%) [39], (1.09%) [40], (1.11%) (multi-scale CNN), and (1.44%) (smoothed CNN).
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(b) The performance in terms of sensitivity and specificity ranks in descending order is proposed
(97.6/97.3)%, (93.8/93.4)% [39], (92.9/93.8)% (multi-scale CNN), (92.5/91.8)% [40], (92.0/93.5)%
(smoothed CNN), (91.7/91.1)% [41], (85.5/84.9)% [42]. The proposed work extracts hidden fea-
tures via CNN that can enhance performance by 4.05%–14.2% and 4.18%–14.6% in sensitivity and
specificity, respectively.

(c) The unprocessed raw data serving as a feature vector in [42] achieves the lowest sensitivity and
specificity among the five approaches. This could be the first step to implementing a machine learning
model in any application. Raw data is the basis that captures limited representative features. When
the model is performance-oriented, more representative features should be extracted based on feature
extraction techniques with domain knowledge and potentially automatic extraction via CNN without
domain knowledge.

Table 4: Comparison between CNN and other feature extraction algorithms

Work Sensitivity/Specificity/Precision/F1 Score/AUC (%)

HOCV90 HOCV80 HOCV70 HOCV60 HOCV50 k5CV k10CV LOSOCV
Ours 94.1/93.4/97.7/

95.9/91.1
93.1/92.5/97.3/

95.2/90.3
92.2/91.8/97.1/

94.6/89.7
91.0/90.7/96.6/

93.7/88.7
89.6/88.9/96.0/

92.7/87.9
96.8/96.2/98.7/

97.7/94.4
97.5/97.1/99.0/

98.3/95.4
97.6/97.3/99.1/

98.3/95.5
Smoothed

CNN
92.0/91.1/96.8/

94.3/89.3
91.0/90.3/96.5/

93.7/88.0
90.6/89.6/96.2/

93.3/87.3
90.0/88.7/95.9/

92.9/86.4
88.7/87.1/95.3/

91.9/84.2
91.4/93.1/97.5/

94.3/89.6
92.4/94.2/97.9/

95.1/90.9
92.0/93.5/97.7/

94.7/90.2
Multi-scale

CNN
91.8/90.7/96.7/

94.2/88.7
91.1/90.1/96.4/

93.7/88.1
90.2/89.3/96.1/

93.1/86.8
89.5/88.6/95.8/

92.6/85.9
88.2/86.9/95.2/

91.6/83.6
91.6/92.7/97.4/

94.4/89.7
92.7/93.5/97.7/

95.1/90.8
92.9/93.8/97.8/

95.3/91.1
[39] 92.2/91.7/97.0/

94.6/89.6
91.5/90.6/96.6/

94.0/89.0
90.7/90.0/96.4/

93.5/88.2
89.5/88.6/95.4/

92.6/87.7
88.9/87.8/95.5/

92.1/87.1
92.9/92.3/97.3/

95.0/90.0
93.4/93.0/97.5/

95.4/90.6
93.8/93.4/97.7/

95.7/91.1
[40] 90.2/89.7/96.3/

93.1/87.7
89.6/88.5/95.8/

92.6/86.4
89.0/87.7/95.2/

92.0/85.7
88.3/86.9/95.2/

91.6/84.8
87.6/86.2/94.9/

91.1/83.9
90.7/90.1/96.4/

93.5/89.0
91.2/90.4/96.5/

93.8/89.4
91.7/91.1/96.8/

94.2/89.9
[41] 91.1/90.4/96.4/

93.8/88.3
90.4/89.7/96.3/

93.2/88.4
89.8/89.2/96.1/

92.8/88.6
88.6/88.4/95.7/

92.0/85.3
88.1/86.9/95.2/

91.5/84.6
91.8/91.3/96.9/

94.3/90.1
92.1/91.5/97.0/

94.7/90.4
92.5/91.8/97.1/

94.7/90.7
[42] 84.3/83.8/93.9/

88.8/81.2
83.7/83.4/93.7/

88.4/80.6
83.0/82.6/93.3/

87.9/79.8
82.2/81.8/93.0/

87.3/78.8
81.5/81.1/92.7/

82.7/77.9
80.8/80.1/92.3/

86.2/77.0
85.0/84.6/94.2/

89.4/81.8
85.5/84.9/94.3/

89.7/82.1

3.4 Comparison between PSO-Optimized MKL and Typical Kernel Functions in DSVM
The optimal design of kernel functions in each SVM block in the DSVM architecture is important. PSO

is employed to solve the optimization problem. The proposed approach is compared with six standalone
kernel functions Klin(x1, x2), Ksig(x1, x2), Krbf (x1, x2), Kpoly(x1, x2), Klog(x1, x2), and Kpow(x1, x2). Table 5
summarizes the comparison of the seven kernel approaches. Key observations are discussed:

(a) The alignment of first and last observations with Section 3.1. The average deviations between sensitivity
and specificity in ascending order are proposed IGAN (0.537%), Klog(x1, x2) (1.06%), Krbf (x1, x2)
(1.08%), Ksig(x1, x2) (1.10%), Kpow(x1, x2) (1.14%), Kpoly(x1, x2) (1.16%), and Klin(x1, x2) (1.36%).

(b) The performance in terms of sensitivity and specificity ranks in descending order: Proposed
(94.6/94.3)%, Kpoly(x1, x2) (93.2/92.3)%, Krbf (x1, x2) (92.8/92.0)%, Klog(x1, x2) (90.8/89.9)%, Ksig(x1, x2)
(88.1/87.3)%, Kpow(x1, x2) (87.6/86.8)%, and Klin(x1, x2) (84.3/83.5)%. The proposed work enhances the
performance by 4.88–16.4% and 5.60–17.1% in sensitivity and specificity, respectively.

(c) The deviations between sensitivity and specificity in ascending order are proposed work (0.537%),
Krbf (x1, x2) (1.02%), Klog(x1, x2) (1.06%), Ksig(x1, x2) (1.10%), Kpow(x1, x2) (1.14%), Kpoly(x1, x2) (1.16%),
and Klin(x1, x2) (1.36%). A major reason is attributable to the customized kernel being designed to
reduce the impact of biased detection toward the majority class.
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Table 5: Comparison between PSO-optimized MKL-based kernel and traditional kernel functions

Work Sensitivity/Specificity/Precision/F1 Score/AUC (%)

HOCV90 HOCV80 HOCV70 HOCV60 HOCV50 k5CV k10CV LOSOCV
Ours 94.1/93.4/97.7/

95.9/91.1
93.1/92.5/97.3/

95.2/90.3
92.2/91.8/97.1/

94.6/89.7
91.0/90.7/96.6/

93.7/88.7
89.6/88.9/96.0/

92.7/87.9
96.8/96.2/98.7/

97.7/94.4
97.5/97.1/99.0/

98.3/95.4
97.6/97.3/99.1/

98.3/95.5
Klin(x1, x2) 83.2/82.1/93.2/

87.9/79.6
82.4/81.1/92.8/

87.3/78.7
81.3/80.2/92.3/

86.5/77.4
80.5/79.5/92.0/

85.9/76.4
79.8/78.4/91.6/

85.3/75.4
83.7/82.7/93.4/

88.3/80.4
83.9/83.0/93.6/

88.5/80.8
84.3/83.3/93.7/

88.8/81.3
Ksig (x1, x2) 86.7/85.6/94.7/

90.5/84.0
85.9/84.9/94.4/

89.9/82.9
85.2/84.2/94.1/

89.4/82.0
84.5/83.6/93.8/

88.9/81.1
83.8/83.0/93.5/

88.4/80.2
87.4/86.4/94.0/

90.6/84.9
87.8/87.0/95.2/

91.4/85.6
88.1/87.2/95.3/

91.6/86.1
Krbf (x1, x2) 91.4/90.5/96.5/

93.7/88.6
90.0/89.1/96.0/

92.9/88.5
89.1/87.9/95.6/

92.2/87.4
88.4/87.2/95.3/

91.7/86.5
87.6/86.7/95.1/

91.2/85.6
92.0/91.1/96.8/

94.3/89.2
92.6/91.7/97.0/

94.8/90.0
92.8/92.0/97.2/

94.9/90.5
Kpoly(x1, x2) 91.7/90.7/96.7/

94.1/88.5
90.4/89.6/97.2/

93.2/87.0
89.5/88.5/95.8/

92.6/85.7
88.7/87.4/95.4/

91.9/84.6
87.9/86.6/95.1/

91.4/83.7
92.4/91.5/97.0/

94.6/89.9
92.9/91.9/97.1/

95.0/90.8
93.2/92.2/97.4/

95.2/91.3
Klog (x1, x2) 89.2/88.3/95.7/

92.3/85.2
88.3/87.5/95.4/

91.7/84.1
87.4/86.6/95.0/

91.1/83.0
86.7/85.5/94.6/

90.5/82.1
85.8/84.9/94.4/

89.9/81.3
90.1/89.0/96.0/

93.0/87.1
90.5/89.7/96.3/

93.3/87.8
90.8/89.9/96.4/

93.5/88.4
Kpow(x1, x2) 86.1/85.1/94.4/

90.1/81.4
85.3/84.3/94.1/

89.5/80.5
84.5/83.4/93.7/

88.9/79.6
83.7/82.9/93.5/

88.3/78.8
82.8/81.9/93.1/

87.6/77.4
87.0/85.8/94.7/

90.7/82.8
87.3/86.5/95.0/

91.0/83.6
87.6/86.7/95.1/

91.2/84.2

3.5 Comparison between Proposed Work and Existing Works
A comparison is made between the proposed work and existing works from six perspectives, including

datasets, features, algorithms, cross-validation, sensitivity, and specificity. Table 6 summarizes the details.
Although various benchmark datasets were used in the literature, the results should not deviate too much
between datasets because the data is reliable voice data. The discussion is based on each perspective as follows:

(a) Datasets: All datasets collect voice signals from two groups of participants: the healthy group and the
PD group. Imbalanced datasets are observed in [12–14,16–19] and our work. The control group size is
larger than the PD group in [12,13,17]. In contrast, the PD group size is larger in [14,16,18,19] and our
work. Challenges may be experienced in the formulation of the PD detection model, where the model
is more prone to bias toward the majority class. This can be evaluated based on the deviations between
sensitivity and specificity.

(b) Features: Two types of feature extraction approaches were employed: (i) Traditional domain
knowledge-based features [12–14,17–19]; and (ii) Automatic feature extraction without domain knowl-
edge via CNN [15,16] (and our work).

(c) Algorithms: Traditional machine learning algorithms were employed with relatively low computational
requirements [12–14,17–19]. More computationally intensive deep learning-based algorithms were
used in [15–19] and our work. Deep learning algorithms do not guarantee better performance than
traditional machine learning algorithms.

(d) Cross-validation: Three types of cross-validation approaches were utilized in the literature (i)
HOCV [12]; (ii) kCV [14–17], and (iii) single-split (training and testing datasets) validation [13,18,19].
Our work provides further analysis of these types of cross-validation, as well as LOSOCV. It suggests
that LOSOCV will obtain a better, unbiased estimate of the PD detection model and, thus, generally
achieve the best sensitivity and specificity. Since the computational complexity is significantly higher
in LOSOCV, particularly in deep learning-based algorithms, k5CV and k10CV are good alternatives for
a reliable estimate given a sufficient sample size.

(e) Sensitivity: It is noted that [19] only shared the accuracy without the breakdown into sensitivity and
specificity. In the imbalanced datasets in [12,17,18] towards the PD group, biased detection is observed
with a larger sensitivity value than specificity. In [16], biased control group detection is observed (a
larger specificity value than sensitivity). On the other hand, biased detection is observed in the balanced
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dataset [15]. Our work utilizes IGAN, PSO-optimized MKL-based DSVM to reduce the impact of the
imbalanced dataset. Our work improves sensitivity by 1.24%–57.4% compared with existing work.

(f) Specificity: The specificity in works [15,16] is less than the sensitivity. Our work improves the specificity
by 1.04%–163% compared with existing works.

Table 6: Comparison between proposed work and existing works

Work Datasets Features Algorithms Cross-validation Sensitivity
(%)

Specificity
(%)

[12] 35 healthy and
64 PD

participants

Yaffe kNN, MLP,
OPF, and SVM

HOCV75 71.2 (best
with 1NN)

50.9 (best
with 1NN)

[13] 21 healthy and
16 PD

participants

MEL frequency
cepstral

coefficients and
gammatone
frequency
cepstral

coefficients

SVM, kNN,
and NN

No CV 90 (best
with SVM)

90 (best
with SVM)

[14] 64 healthy and
188 PD

participants

MEL frequency
cepstral

coefficients and
wavelet

transform-
based

features

LR, DT,
XGBoost,

SVM, kNN,
and RF

k10CV 96.4 (best
with SVM)

96.3 (best
with SVM)

[15] 20 healthy and
20 PD

participants

Automatic
feature

extraction
using CNN

CNN and SVM k5CV (40
subjects in the

training dataset
and 28 subjects
in the testing

dataset)

62 65

[16] 48 healthy and
147 PD

participants

Automatic
feature

extraction
using CNN

CNN k10CV 90 97

[17] 266 healthy and
160 PD

participants

Vocal features
using Voice

Analysis
Toolbox,

low-frequency
vocal tremor,

and
Parselmouth

SVM, kNN,
NB, and CNN

k10CV 69–75 37–87

[18] 8 healthy and
23 PD

participants

Amplitude-,
frequency-, and

noise-
dependent

features

kNN, DT, RF,
SVM, and MLP

No CV 92 (best
with MLP)

85 (best
with MLP)

[19] 64 healthy and
188 PD

participants

Pearson
coefficients

NB, LR, kNN,
RF, DT, SVM,
transformer,
GRU, LSTM,

RNN, and
CNN

No CV An
accuracy of
85% (best

with CNN)

(Continued)
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Table 6 (continued)

Work Datasets Features Algorithms Cross-validation Sensitivity
(%)

Specificity
(%)

[20] 37 healthy and
28 PD

participants

Stacked
autoencoder

DNN k5CV 94.9 Accuracy:
91.4;

precision:
95.8; F1

score: 95.4
[21] 41 healthy and

40 PD
participants

Shimmer, jitter,
and

mel-frequency
cepstral

coefficients

MLP, CNN,
and RNN

k5CV 92.5 AUC:
91.3%; F1

score:
91.1%;

Precision:
89.8%;

Accuracy:
91.1%

[22] 8 healthy and
23 PD

participants

21 ready-to-use
attributes

RNN k5CV 75 Accuracy:
87.2

F1 score: 77
[23] 36 healthy and

36 PD
participants

Cepstral
coefficients

DRN No CV 90.1 89.3
Accuracy:

89.8%
[24] 50 healthy and

50 PD
participants

CNN Federated
learning

No CV 75.1 69.4
Accuracy:

72.6
F1 score:

68.2
Proposed 64 healthy and

188 PD
participants

CNN extracted
features

IGAN; PSO;
MKL; DSVM

HOCV90;
HOCV80;
HOCV70;
HOCV60;
HOCV50;

k5CV; k10CV;
and LOSOCV

97.6 (best
with

LOSOCV)

97.3 (best
with

LOSOCV)

3.6 Statistical Significance between Proposed Work and Existing Works
A non-parametric Wilcoxon signed-rank test is selected to test the hypothesis that the proposed work

statistically outperforms the existing works (results of Sections 3.2 to 3.4). The best results of the configura-
tions (cross-validation type) are used in the analysis. Table 7 summarizes the results of the hypothesis testing.
The proposed algorithm statistically outperforms other approaches because the p-values of all hypotheses
were less than 0.05 (95% confidence interval).

Table 7: Results of hypotheses using the Wilcoxon signed-rank test

Scenario Hypotheses Results (p-value of 0.05)
Data generation

H0: IGAN = acGAN+InfoGAN
H1: IGAN > acGAN+InfoGAN

Reject H0

(Continued)
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Table 7 (continued)

Scenario Hypotheses Results (p-value of 0.05)
H0: IGAN = acGAN+conditional

GAN
H1: IGAN > acGAN+conditional

GAN

Reject H0

H0: IGAN = acGAN
H1: IGAN > acGAN

Reject H0

H0: IGAN = InfoGAN
H1: IGAN > InfoGAN

Reject H0

H0: IGAN = conditional GAN
H1: IGAN > conditional GAN

Reject H0

H0: IGAN = without GAN
H1: IGAN > without GAN

Reject H0

Feature extraction
H0: CNN with wavelet = Smoothed

CNN
H1: CNN with wavelet > Smoothed

CNN

Reject H0

H0: CNN with wavelet =
Multi-scale CNN

H1: CNN with wavelet >
Multi-scale CNN

Reject H0

H0: CNN with wavelet = [39]
H1: CNN with wavelet > [39]

Reject H0

H0: CNN with wavelet = [40]
H1: CNN with wavelet > [40]

Reject H0

H0: CNN with wavelet = [41]
H1: CNN with wavelet > [41]

Reject H0

H0: CNN with wavelet = [42]
H1: CNN with wavelet > [42]

Reject H0

Kernel function
H0: MKL = Klin(x1,x2)
H1: MKL > Klin(x1,x2)

Reject H0

H0: MKL = Ksig(x1,x2)
H1: MKL > Ksig(x1,x2)

Reject H0

H0: MKL = Krbf(x1,x2)
H1: MKL > Krbf(x1,x2)

Reject H0

H0: MKL = Kpoly(x1,x2)
H1: MKL > Kpoly(x1,x2)

Reject H0

H0: MKL = Klog(x1,x2)
H1: MKL > Klog(x1,x2)

Reject H0

(Continued)
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Table 7 (continued)

Scenario Hypotheses Results (p-value of 0.05)
H0: MKL = Kpow(x1,x2)
H1: MKL > Kpow(x1,x2)

Reject H0

4 Discussion
Recall the performance comparison between our work and existing works (Table 6), two of the existing

works demonstrated high-performing models. The work [14] was benchmarked using the identical dataset
as in our work, achieving a sensitivity of 96.4% and 96.3%, respectively. Another work was evaluated using a
smaller-sized dataset (37 healthy controls and 28 patients), achieving a sensitivity of 94.9% and an accuracy
of 91.4%. Our proposed work achieved a statistically better performance in PD detection and is believed to be
more flexible in handling applications with biomedical data. CNN with wavelet transform facilitated a better
extraction of representative features and DSVM with optimal kernel function via MKL with PSO tailored
a kernel for PD detection, and IGAN generates useful data to boost the model performance. However,
our research team acknowledged the key limitations that some of the deep learning processes are not
fully explainable (also being a typical issue in deep learning algorithms). For example, traditional features,
including vocal biomarkers, jitters, amplitude modulations, and temporal patterns, are explainable, but very
high-dimensional deep features are not. The team thus conducted extensive analyses, ablation experiments,
and comparisons to evaluate the performance of the proposed method.

The proposed CNN-DSVM model with IGAN represents a significant advancement in the early
screening of Parkinson’s disease, offering a low-cost, non-invasive, and scalable solution. From a technical
perspective, its integration into various systems can enhance clinical workflows and improve patient
outcomes. In clinical settings, the model could be embedded within telehealth platforms, enabling remote
consultations between general practitioners and patients. By utilizing common digital devices, such as
smartphones and tablets, the model can gather screening voice data in real-time. This would facilitate a
streamlined process where clinicians could efficiently assess risk factors through user-friendly interfaces,
thus allowing for timely referrals to specialists if needed. Moreover, the data generated from these screenings
can be collected and analyzed at scale, contributing to a richer dataset that can inform future research and
clinical practices. Additionally, the incorporation of the model into mobile health applications can empower
patients with self-monitoring capabilities. Users could regularly assess their symptoms and receive instant
feedback, leading to increased awareness and engagement in their health management. This feature could
potentially enhance the patient-provider relationship, as clinicians can track patient progress over time and
adjust treatments based on empirical data. As a decision-support tool, the model can improve the diagnostic
acumen of general practitioners. By analyzing patient data and identifying potential PD indicators, the
tool would provide evidence-based recommendations for referral to neurologists or movement disorder
specialists. This would ensure that patients receive comprehensive care without unnecessary delays, aligning
with current efforts towards personalized medicine. Integrating the proposed model into existing healthcare
systems highlights its potential to revolutionize early PD screening, ensuring more accessible, efficient, and
informed patient care. Its implementation could significantly reduce the burden on healthcare providers
while enhancing the patient experience.
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5 Conclusion
Diagnosing PD via voice signal becomes a promising solution that takes advantage of easy collection

and performance of machine learning models. This paper considers the limitations of existing works
in four aspects: imbalanced dataset, feature extraction, types of cross-validation, and accuracy. IGAN is
introduced to generate additional training data to minimize the impact of the imbalanced dataset in a biased
detection model towards the majority class. A CNN module is applied to automatically extract features that
feed to a PSO-optimized MKL-based DSVM module. Performance evaluation concludes (i) the proposed
work achieves sensitivity and specificity of 97.6% and 97.3%, respectively; (ii) proposed IGAN improves
the sensitivity and specificity by 4.05%–4.72% and 4.96%–5.86%, respectively, compared with other data
generation algorithms; (iii) automatic feature extraction via CNN improves the sensitivity and specificity by
4.05%–14.2% and 4.18%–14.6%, respectively, compared with traditional feature extraction approaches; (iv)
PSO-optimized MKL-based kernel function improves the sensitivity and specificity by 4.88%–16.4% and
5.60%–17.1%, respectively, compared with traditional kernel functions; and (v) proposed method improves
the sensitivity and specificity by 1.24%–57.4% and 1.04%–163%, respectively, compared with existing works.

To compare the deep learning-based PD detection with clinical diagnostic approaches, deep learning
takes two major advantages in (i) processing vast amounts of data and identifying complex patterns that may
be difficult for clinicians to discern. In contrast, traditional methods, which often rely on clinical assessments
and questionnaires, may lack the sensitivity needed to detect early-stage PD; and (ii) Traditional clinical
assessments can be influenced by a clinician’s experience and subjective judgment. A deep learning model,
once trained, offers a more objective analysis of patient data, potentially reducing the variability in diagnosis
among different clinicians.

While deep learning can enhance diagnostic capabilities, it must be integrated into existing clinical
workflows. Traditional approaches often rely on standard clinical procedures and guidelines. If the deep
learning model is to be adopted, it needs to align with these practices to ensure that it complements
rather than complicates clinical workflows. While deep learning models for PD detection promise enhanced
accuracy and objectivity, they must address deployment challenges, integrate well with clinical practices, and
demonstrate reliability in diverse settings to be considered a viable alternative or complement to traditional
diagnostic approaches. Understanding the clinical implications, especially regarding varying PD stages, is
vital for successful implementation.

Here are some potential future research directions to enhance the current research work. First,
combining multiple benchmarks and heterogeneous datasets could increase the amount of ground truth data
and thus benefit the data generation model. Second, collecting new voice data is feasible where region-wise
datasets can be built up. Research could be conducted to investigate the characteristics of different groups
of people.

Acknowledgement: Not applicable.

Funding Statement: The work described in this paper was fully supported by a grant from Hong Kong Metropolitan
University (RIF/2021/05).

Author Contributions: The authors confirm their contribution to the paper as follows: study conception and design:
Kwok Tai Chui, Brij B. Gupta; analysis and interpretation of results: Kwok Tai Chui, Varsha Arya, Brij B. Gupta, Miguel
Torres-Ruiz, Razaz Waheeb Attar; draft manuscript preparation: Kwok Tai Chui, Varsha Arya, Brij B. Gupta, Miguel
Torres-Ruiz, Razaz Waheeb Attar. All authors reviewed the results and approved the final version of the manuscript.



Comput Mater Contin. 2026;86(1) 21

Availability of Data and Materials: Parkinson’s Disease Classification Data Set [14] was used as a benchmark dataset
for performance evaluation and comparison of the PD detection models. The dataset can be accessed via: https://www.
kaggle.com/datasets/porinitahoque/parkinsons-disease-pd-data-analysis (accessed on 24 September 2025).

Ethics Approval: Not applicable.

Conflicts of Interest: The authors declare no conflicts of interest to report regarding the present study.

References
1. Marras C, Beck JC, Bower JH, Roberts E, Ritz B, Ross GW, et al. Prevalence of Parkinson’s disease across North

America. npj Parkinson’s Dis. 2018;4(1):1–7. doi:10.1038/s41531-018-0058-0.
2. World Health Organization. Aging and health. Geneva, Switzerland: World Health Organization; 2024 Oct 1 [cited

2025 Jul 31]. Available from: https://www.who.int/news-room/fact-sheets/detail/ageing-and-health.
3. Statista. Parkinson’s disease death rate in the U.S. from 1999 to 2021. Hamburg, Germany: Statista; 2024 Oct 4 [cited

2025 Jul 31]. Available from: https://www-statista-com.ezproxy.lib.hkmu.edu.hk/statistics/784319/parkinsons-
disease-death-rate-us/.

4. Statista. Death rate for Parkinson’s disease in Canada from 2002 to 2023. Hamburg, Germany: Statista; 2024 Dec 4
[cited 2025 May 3]. Available from: https://www-statista-com.ezproxy.lib.hkmu.edu.hk/statistics/434428/death-
rate-for-parkinson-s-disease-in-canada/.

5. Statista. Number of deaths from Parkinson’s disease in Spain between 2005 and 2018. Hamburg, Germany: Statista;
2019 Dec 30 [cited 2025 May 3]. Available from: https://www-statista-com.ezproxy.lib.hkmu.edu.hk/statistics/
753594/number-of-deaths-from-parkinson-in-spain/.

6. World Health Organization. Global strategy on human resources for health: Workforce 2030. Geneva, Switzerland:
World Health Organization; 2016 [cited 2025 May 3]. Available from: https://iris.who.int/bitstream/handle/10665/
250368/9789241511131-eng.pdf.

7. Contreras-Ruston F, Duggirala SX, Wingbermühle J, Navarra J, Kotz SA. Sensory feedback in parkinson disease
voice production: a systematic review. J Voice Early Access. 2025;20:e3001742. doi:10.1016/j.jvoice.2025.02.039.

8. Dudek M, Hemmerling D, Kaczmarska M, Stepien J, Daniol M, Wodzinski M, et al. Analysis of voice, speech, and
language biomarkers of parkinson’s disease collected in a mixed reality setting. Sensors. 2025;25(8):2405. doi:10.
3390/s25082405.

9. Rahmatallah Y, Kemp AS, Iyer A, Pillai L, Larson-Prior LJ, Virmani T, et al. Pre-trained convolutional neural
networks identify Parkinson’s disease from spectrogram images of voice samples. Sci Rep. 2025;15(1):7337. doi:10.
1038/s41598-025-92105-6.

10. Navas C, Wells L, Bartels SA, Walker M. Patient and provider perspectives on emergency department care experi-
ences among people with mental health concerns. Healthcare. 2022;10(7):1297. doi:10.3390/healthcare10071297.

11. Samartzis M, Talias MA. Assessing and improving the quality in mental health services. Int J Environ Res Public
Health. 2020;17(1):249. doi:10.3390/ijerph17010249.

12. Almeida JS, Pedro P, Filho R, Carneiro T, Wei W, Damaševičius R, et al. Detecting Parkinson’s disease with sustained
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