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Abstract

As a long-term and progressive neurodegenerative disease, Parkinson's disease (PD) is challenging to diagnose at premature stages.
Building machine learning models based on speech data for classifying PD objects has proven to be an effective approach. However, PD
speech data has highly correlated features, including noise and redundancy, which affect the performance of machine learning models.
Although dimensionality reduction algorithms (feature selection and feature extraction) can solve these issues to some extent, they have their
limitations. Feature selection algorithms select a subset of the original feature space, thereby losing substantial information by eliminating
the features. Feature extraction methods transform the features in a new feature space without reducing the number of features; However,
the algorithms suffer from the problem of high aliasing and instability while transforming the high-dimensional data. To address these
issues, we propose the HBD-SFDSB Model that leverages hybrid speech feature learning and dual-stage hierarchical Boosting approaches
Jfor Accurate PD diagnosis. The main goals of HBD-SFDSB are as follows: (1) constructing a deep chain-based sample space (DCS) by an
iterative extraction method. (2) developing a dual-stage feature learning by introducing a hybrid feature learning technique, and (3)
performing the dual-stage feature learning recurrently employing the AdaBoost technique to acquire high-quality speech features that
significantly enhance the classification accuracy of the machine learning model. The performance of the HBD-SFDSB was evaluated using
a self-collected and two publicly available speech datasets. The results show that HBD-SFDSB improves classification accuracy up to
38.71\% compared to available feature reduction and deep learning algorithms. Consequently, HBD-SFDSB may provide valuable insights
for future research in this field.

Index Terms— Parkinson's disease; dimensionality reduction; ensemble learning; hybrid feature learning.

I. INTRODUCTION preprocessing [4]. For instance, Rovini et al. [5] employed the P-
. . value approach for feature selection, whereas Sakar C and Kursun O.
HE ParkmSQn‘s dlseast? (PD) affects the ceptral nervous 6] built a hybrid approach by integrating FS with the SVM classifier,
.systefn, leading to a variety of symptoms, part1c1.11arly motor achieving 92\% classification accuracy. Peker et al. [7] utilized the
1mpa1@ents such as movement sloxivness,‘ stiffness, fmd Minimum Redundancy Maximum Relevance (mMRMR) method along
tremors. Additionally, non-motor symptoms, including depression, with Complex-Valued Artificial Neural Networks (CVANN) for
sleep disturbances, constipation, and dysarthria, also significantly selected attributes. Benba et al. [8] employed MDVP (Multi-
affect patients' quality of life as the disease progresses [1]. Detecting Dimensional Voice Program) for feature selection, followed by k-
PD in its early stages through speech data processing has become a nearest neighbors (KNN) and SVM for classification. Additionally,

key area of research, as it provides an effective tool for diagnosis and Shirvan et al. [9] investigated the combined impact of genetic
monitoring [2]. However, the PD speech datasets generally contain algorithm and KNN for FS

aliasing and noise, which complicates the analysis. A central
challenge in PD research is efficiently extracting meaningful features While FS methods have advantage of retaining only the most
from speech data. significant features for classification, they do not generate new high-
quality features and can result in the loss of potentially valuable
information due to feature elimination[10]. Feature transformation is
a technique that reduces the dimensionality of high-dimensional data
) it . ] while retaining the maximum possible information from the samples
These.technlques are generally divided 1nt.o two categories: 1) fgamre [11]. A method combining fuzzy K-Nearest Neighbors (KNN) with
selection (FS) and 2) feature transformation (FT) [3]. The FS is the Principal Component Analysis (PCA) for Parkinson's disease (PD)

process of s§lecting a subset of relevant features from j[he origi.nal classification was proposed by Chen H et al. [12], which achieved
high-dimensional dataset that best represents the data while reducing 96\% accuracy. Hariharan et al. [13] introduced an approach using

its complexity. There are three primary approaches for FS: embedded, PCA and LDA to recognize PD patients. While PCA and LDA
wrapper, and filter, which are commonly applied in data

Dimensionality reduction techniques aim to decrease the number of
features in high-dimensional datasets, creating a new, lower-
dimensional representation that retains the most critical information.
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perform well, they may not be suitable for real-world scenarios where
data is typically non-linear. PCA and LDA are linear approaches that
presume the data lie within a linear subspace, making them
inadequate for non-linear datasets [14]. To address this, non-linear
variants of these techniques, such as Kernel Principal Component
Analysis (KPCA) and Kernel Linear Discriminant Analysis (KLDA),
have been developed [15, 16]. However, choosing the appropriate
kernel function for data mapping remains a challenging task. An
alternative to kernel-based methods is manifold learning, which does
not require the selection of a kernel function. LPP is another form of
manifold learning that preserves the neighborhood structure of data
while minimizing distances between points with similar
neighborhood relationships[17, 18]. However, LPP's performance is
heavily reliant on the number of neighborhood data samples and faces
issues with small sample sizes. Various modifications to LPP have
been proposed to address these problems, although challenges
remain, such as instability during high-dimensional data mapping and
the focus on variance between classes rather than within classes.
Additionally, partitioning small datasets can introduce significant
randomness due to the differences between training and test data
distributions[15, 19-21].

Recent studies have focused on hybrid systems that combine FS and
FE techniques to enhance automatic PD detection[22]. Uzer M et al.
[23] built a hybrid system by integrating Sequential Forward
Selection (SFS) and PCA with a neural network classifier. Amin Ul
Haq et al. [24] used an ant-colony optimization algorithm combined
with the Relief filtering method to build a hybrid system, utilizing
SVM for classification and K-fold cross-validation. These
approaches highlight three primary categories of PD speech feature
learning: FS, FE, and a combination of both (FSFE or FEFS). Feature
selection centers on the correlation between the features, while
feature extraction emphasizes retaining critical information in data.
The combined FEFS approach often yields superior classification
results compared to using FS or FE alone.

Furthermore, enhancing the remote diagnosis of PD necessitates both
the extraction of high-quality features and the implementation of a
robust classification approach. Ensemble learning, a popular strategy
for enhancing classification performance, has been applied in various
bioinformatics domains, including PD diagnosis. Kadam V et al. [25]
employed a genetic algorithm for attribute selection and then
combined a bagging approach with SVM classifiers. Abuhasel et al.
[26] proposed a hybrid approach that combines the NEWFM classifier
with an adaptive boosting technique to enhance the accuracy of
Parkinson's disease diagnosis. Additionally, Yongming et al. [27]
introduced a decision tree-based FS method that combines ensemble
learning, RF, and SVM for classification.

Despite the insights from the analysis above, an approach often
overlooked in research involves combining hybrid feature ensemble
learning. Feature extraction techniques are effective in constructing
high-quality features, but they often fail to prioritize these features
based on their relevance. On the other hand, traditional feature
selection methods can prioritize features based on their relevance but
do not focus on generating high-quality features. These two
approaches to feature reduction (FR) may appear distinct, but could
complement each other. Therefore, it is essential to develop an FR

method that not only constructs high-quality features but also ensures
feature prioritization based on usefulness. While some studies have
made progress in this direction '[28, 29], several significant issues
remain unresolved. First, merely integrating feature selection and
feature extraction methods does not guarantee the generation of high-
quality features. This is because, without the use of Deep Chian-based
Sample-space (DCS) and ensemble learning, feature extraction and
selection are performed only once. Second, current approaches focus
solely on the characteristics of samples in the original space and fail to
consider the structural information of deeper instances. To address
these challenges, combining hybrid ensemble learning with hybrid
feature learning on top of DCS could significantly enhance detection
performance. The primary contributions of this HBD-SFDSB model
are summarized below:

¢ Development of a deep chain-based hierarchical sample space
(DCS) to enhance the model's generalization capabilities.

» Creation of a hybrid feature reduction approach by combining
manifold feature extraction techniques with nearest neighbor
feature selection methods.

* Formulation of a hybrid ensemble learning model by integrating
weighted-boosting with Bagging methods for effective model
training.

e An iterative dual-hybrid feature reduction process that extracts
high-quality features, leading to significant improvements in
classification accuracy.

The structure of this paper is as follows: Section II gives a

comprehensive explanation of the principles underlying the HBD-

SFDSB model; Section III details the methodology, experimental

setup, and results analysis; Section IV highlights the contributions

and constraints of this work.

II. MATERIALS AND METHODS
A. Datasets

This study utilized the following three distinct and representative
datasets to validate the excellence of the HBD-SFDSB method: the
PSDMTSR[30], a self-collected dataset SelfData, and PARKINSON
[31]. The PSDMTSR dataset consists of 20 normal participants and
20 Parkinson's disease (PD) patients. The PARKINSON dataset
includes 8 normal individuals and 23 patients. The SelfData dataset
was recorded by the Army Medical University, Chongqing, China. It
includes 21 healthy participants and 10 PD patients. A total of 13
samples were collected for each participant, and each sample
contained 26 features, leading to a data matrix of size 1170%26.

The PSDMTSR and PARKINSON datasets are publicly available and
accessible through the University of California, Irvine(UCI)
repository https://archive.ics.uci.edu/ ml/index.php. A summary of
these datasets is provided in Table I.

TABLE I

Characteristics of the datasets

Dataset Patients Normal People Samples Features Classes Reference
PARKINSON 23 8 195 23 2 [29]
PSDMTSR 20 20 1040 26 2 [28]
Self Data 36 54 1170 26 2
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B. Proposed Method

1. Symbol Description
In this paper, the data matrix is defined as:

(1)

X = [, 065505505 %]
= [XL. X X0 . XEE € RVAF
Where N represents the total number of data samples, F represents the

number of features, and C is the total number of classes in the dataset
X.

The labels of the samples are defined as:

y =Dy ys. . n]" €RY ()
The projection matrix is represented as:
M = (my,my,ms,...,m;) € R/ (3

After the projection, the data space RN is transformed into RV
where F>f, which is a lower-dimensional subspace.

2) Construction of Deep Chain-Based Sample Space

One of the key innovations in our research is the development of a hierarchical
sample space. In this framework, data samples within each sample space are
processed independently, allowing for the analysis of relationships across
these spaces, which enhances the generalization capability of the model.

In this mechanism, pj represents the set of data indices assigned to the
Jj- tiz cluster. The dataset is partitioned into & clusters, denoted as

[o)] j=1-To address the challenges posed by nonlinearly separable data,
we use aradial basis kernel function #.

The objective function can he renrkesented as follows:

E [[P;'];Zl} = Z Z 0Gx) — my | wia)

Jj=la=pj
where: a is the data sample that belongs to the cluster p; X; represents
the i - th data sample in the training dataset X4, w(a) is the
weighting factor for the sample x;, and m; is the center of the j - #h
cluster, given by:

(4

_ Zbiepw(B)D(x;)
m; =
Zniepc Wb
Where b is a data (a point) that belongs to a neighbor cluster pc. The
Euclidean distance between the cluster center n; and the data sample
# (xi) can be expanded as follows:
Joces - B0
|Pf|

= 0(x,). 0(x,)
@ Zx,.\-.ep:ﬁ(x; )@(xf)

(5

: ... (6)

el
286, D(%)B(x)
[Pl
The flowchart illustrating the Deep Chain-Based Sample Space
(DCS) mechanism is shown in Fig. 1. This mechanism combines a
mean-based clustering algorithm with a radial basis kernel function.
The steps are as follows:
e Theoriginal dataset is treated as the first sample space.
e  The DCS algorithm is applied to create the second sample space.
e  This procedure is recursively repeated to generate the third,
fourth, and subsequent hierarchical sample spaces, continuing
until the 7 - th sample space is formed.
Each new sample space contain P% of the samples from the previous
hierarchical (upper-level) sample space.

L

Fig. 1. Flowchart of the Deep Chain-Based Sample Space (DCS)

mechanism.

3) Dual-hybrid Feature Reduction Module

The primary goal of this module is to minimize the distance between
data points that belong to the same class while maximize the distance
that belong to distinct classes, all while maintaining the locality of the
data samples. Additionally, the module utilizes the weighted-boosting
technique to highlight misclassified samples, and ensemble learning
is subsequently applied to generate the final output using weight
coefficients.

For parameter tuning and model validation, hold-out cross-validation
isemployed.

This algorithm is designed to minimize within-class variance,
maximize between-class variance, and preserve neighborhood
relationships during feature transformation. The methodology
integrates feature reduction with a weighted hybrid-AdaBoost
classification approach, utilizing decision stumps and SVM as weak
and strong classifiers, respectively. The process is validated through
dataset segmentation, with detailed mathematical formulations and
pseudo-code provided.

4) Feature Extraction Process

A) Within-Class Variance Minimization

To make samples of the same class closest after mapping, the
algorithm minimizes the within-class variance matrix. The
mathematical formulation is expressed as follows:

¢ ) ()
i P T ant
min Z ["M xe—M xw,c” Léech
=
which can be rewritten as:
c y e ay T .. (8)
7rﬁ'nz [MT (xc - x(m) (xc - x,'”) M]x_ "
=1 e
orequivalently:
n}EnMTSWM" (9

— T' B m— s
Where S, = Zgzl(x; = x{,,.c) (xé = x{ﬂjc) represents the within-
class variance matrix —— yikme x!  describes the center of
anC 1= g

s x;v‘c
class cand Xie represents the 7 - 7z istance ot class.

B) Between-Class Variance Maximization

To make samples of the distinct classes far apart after mapping, the

algorithm increases the variance of the between-class scatter matrix.
The mathematical formulation is expressed as follows:
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e, ~.(10)
maxz [||MTx[,‘C -MTx;
M

2
(W
Xa,.cXa€X
c=1

c
_ . (1)
mg.x z [PT@ 7 xﬂ)(m B xﬂ)rp]x&c;aex
e=1
or equivalently:
mgxPT.S'HP L (12)

Where Sz = X, (xf. — %5 ) (Xl — ﬁ)Tis the inter-class
variance matrix.

C) Neigborhood Preservation

The neighborhood relationships among the data samples are
preserved in the process of mapping, which is expressed
mathematically as:

c N N s (13)
< (M7 x: . — M7
;;Z Q'] [ll Xic Xj " ]X:,;J;Exrmm
c Ne .. (14)
MT x; D (xf)T
N N
DX aa(x;)f) M
d=Li=t -"}—“:.rfxtrain
Or:
C ... (15)
T yr ’
Z[M XC (Dcij B QC)X{rﬂinM]Xéextmin
c=1
Or:
[ ...(16)
Z[MTXC'(D - Q)Xt‘minM]XéEX[mm
c=1
MXtrainZXg;‘ainM "'(17)
Where Z = D — Q is a Laplacian matrix, D¢;; = ¥; Qf;
Dl
shows the diagonal matrix, D = and Q =
DC
Q!
representes the affinity matrix determined as
QC
follows:
=yl ..(18
Heatkernel: Qf; = 19 o Jifx{ N (%) | €N, (%) )
0,otherwise
l,ifx,-‘Nk(xj) I ijN,,(xI-‘) ..(19)

Simple — minded: Qf; = [

0,otherwise

D) Objective Function

The goal is to minimize the local variance matrix of the similar class,
maximize the variance matrix of distinct classes, and preserve the
neighborhood formation. The objective function can be expressed as
follows:

minTr[M? Sy, M = M7SpM + XerainZX s qinM] .(20)
which can be expressed as a Lagrange multiplier:
L(M,2) = M7(Sy — A[uSp — Y(XerainZXirain) )M -..(21)

Taking the derivative with respect to M for the optional solution:

LMDl =0 (22)
_, {MT|Siy — AluSp — ¥ KerainZXiram)]]M} _
=0

amn
25wM — 22[uSgM — y (X erainZX frain)M] = 0 - (23)
SwM = A[uSp = Y(XorainZXE.ain)IM = 0 .(24)

Or

AM = MSW[.HSB - }’(XtrainZX;ain)]_l (25)

where 1 and vy are penalty factors tuned via a substitute approach.
E) Feature Selection Process

After mapping the data onto M, the algorithm ranks features
according to their ability to separate classes in local neighbors:

W(ti) (26)
=P(different value of f;| distinct class
- P (different value of fil same class)
which can be expressed as:
W(f)
_ P(x') = dif f[fix', M, ()] @7
- 1 — Plclass(x")] = mk "
B idiff[ﬁ,x’,H,-(x’)]
mk

=

where M;(x") describes neighborhood data samples of different
classes, H;(x") denotes neighborhood samples of the same class,
and dif f[f,,Mx "] is the variance between the M, and the data
sample x ' for feature f; . The weights are initialized as
W=(wy,wy, ..., w;)=(0,0,...,0). A sample x ' is randomly
selected from X{, ., and k nearest hits and misses are
computed based on distance. The weights are updated over m
iterations, and the top-rated features W(f;) rep(i = 1, ..., F) of

’ ]
X{rain are used for training.

F) Weighted Hybrid-AdaBoost Classification

A weighted hybrid-AdaBoost classification method uses decision
stumps and SVM as weak and strong classifiers, respectively. The
objective function is:

s
sign [Z Ps hs(x's)]
s=1

(28)
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The classifier weight for each data sample s is given by p; =

éln (I;ES) where €, represents the error rate of the classifier.
£

The initial weights are defined as w(x's,¥s)yer-1,1] = %,

fors=1...,5, where S is the total number of samples. The

algorithm generates a base learner h,(x';) : x';— y; using the

training dataset, after which h,(x’;) is validated using the

validation data Xy,. The weights are then updated as follows:

W1 (x5, 35). e P¥shs(x's) (29)
A
where Js is used as normalization parameter, ensuring the sum of all

weights is 1. The process iterates n time, producing classifiers
(classifiery, .....,classifier, ), with the final classifier.

ws(x's, y) =

Classifierpina

= a,classifier, (30)
+ ayclassifier,+, ..., +ayclassifien,
Subject to:
i =1 @31)

where o.1s calculated by grid search.
G. Workflow Description

Considering the previously mentioned details, the overall
methodology of the HBD-SFDSB method unfolds as follows:
Initially, the dataset (X) is split into the training set X, the testing set
X7, and the validation set Xjp. Moreover, Xg is then arbitrarily
partitioned into n sub-sets, each containing 80% of the total training
data. These subsets are denoted as X; 7, X;2,....Xim, corresponding to the
total number of networks n. Each subset X, is processed
independently through the proposed Deep Chain-Based Sample
Space (DCS) mechanism and subjected to the feature reduction
algorithm described earlier. The validation set Xv is used to evaluate
and validate each classifier trained on its respective X subset. After
all classifiers are trained and validated, their outputs are combined to
produce the final result. The integration is performed through a
weighted ensemble strategy that considers the performance of each
classifier. Figure 2 illustrates the overall flowchart of the proposed
method, while Figure 3 demonstrates the weight-boosting
mechanism used during classifier training. The corresponding
pseudocode is provided in Algorithm 1, which summarizes the full
training and evaluation procedure.

To summarize:
» Splitdataset X into training Xz, validation Xv, and testing X7sets.

* Apply the DCS mechanism to create multiple hierarchical sample
spaces (X7, X2, Xi») from XR.

* Independently process each X» through the proposed feature
reduction and hybrid classification procedure.

» Validate each resulting classifier using Xy

» Integrate all classifiers using a weighted ensemble to produce the
final prediction.

v v v

. y
5 4 Gre -

| Feature Learning | | Feature Learning ‘ Feature Learning

I
Classifier: Clussl;'fer)
!
A4 L ] L J

‘ Classifier_final = a: *Classifier: +a: *Classifierz+....+ an *Classifiern

o

A 4

Output the prediction lable

Fig. 2. Flowchart of the HBD-SFDSB model

III. RESULTS

This section provides a detailed evaluation of the HBD-SFDSB
method. All experiments were carried out on a Windows 11 (64-bit)
system with 16 GB of RAM. The proposed algorithm was
implemented and executed using MATLAB R2024a. Moreover, each
experiment was repeated 10 times to minimize the impact of
randomness and irregularities. Additionally, to get optimal
performance, the parameters were adjusted as outlined in Table II.

Feeature Learning
L1
S A
A J
| Feeature Transformation |

Feeature Selection

h 4

Model Training,

Calculate weights p; e Misclassified
~— samples -

\.\\(» et
!
Weighted-Boosting

Fig. 3. Cross-validation process of the proposed model
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Algorithm 1 Proposed HBD-SFDSB Framework

1: function MaIN(X, Y)

2: Split dataset X into Xp (train), Xp (test), and Xy, (validation)

3 ford=1tondo & n is the number of sample spaces
1 [ex, 3] + shape(Xg)

5 keaxP X

6: Define cluster space £ € R¥*E

¥ k ;

7 E{lil1 } = Dot Taep, w@lid(z:) — my)?

& Number of clusters

& Ik = i Zf:l aj & Cluster labels
9 XP = [Xr1, Xe2,- -+, Xrn]

10 end for

11: fori=1tondo

while ¢, < Threshold do
Sw =551 (2t — )" (ko — Zhoe)
Sp =T, (e — Fa) (Fuc — 2a)”
Z=D-Q
Solve for projection matrix M
Initialize W(f;) = 0 for all features
Compute intra-class difference diff(f;, z’, H_,(‘r'l
Compute inter-class difference diff] f;, ', M;(z")]
Compute weights W( f;) }
Select top-ranked f features out of F'
Assign equal weights w(zh, ys) = 1'_-

15:
16:
17:
18:
19
20
21

22:

23: Train model Model;
24 Validate model Model; on Xy
25: Identify misclassified samples

1—¢,

.m—%]n( =

26:

- " pansha(zl)
wa(ah, ya) = Lo=tiZube)s

Add misclassified samples to training set X,
end while

Apply hierarchical boosting: sign [2:71 ,..J._\(.:'L)]

aT:
28
29,
30:
31 end for

32 Ensemble Mapping:
33: Classifierpina = 31—,
34:  Subject to constraint: Y1 a; = 1
35 return Classifierpina

36: end function

a; - Classifier;

Symbols | Descrition Values
T Sample ratio 0.8
n Subspace 10
¥ Penalty factor of B (X80 ZXni ) B 10-4,10-%,....,109
A Pomlty factor of P (S8 — 5 (Nt 28 ) P7] [ 107,10 5100
4 Penalty factor of P*" S, P™ 10 1,10 3,...,100
T No. of [catures aller FR 5, 10, 15, 20, ...
& | sampling for the affinity Matrix A ] £
t Kernel parameter of A 1079, ]0—7{4 . .@1
o weight coefficient Calculated by grid search

A. Evaluation Criteria

A comprehensive evaluation of the proposed algorithm is essential,
and it requires well-established performance metrics. In this study,
four evaluation metrics were chosen to assess the performance of the
proposed algorithm: prediction accuracy (Acc), prediction
correctness (Pre), recall (Rec), and the G-mean value. These metrics
were derived from the confusion matrix presented in Table I1I, which
visually represents the performance of the algorithm[ 18, 32].

TABLE III
Conclusion matrix representation
Real label Prediction Labels
Positive (P) Negative (N)
Positive (P) TP FN
Nagative (N) FP TN
Accuracy (Acc): TN+TP
Acc= _ ——— 32
T FP+FEN+TP+IN (32)

Precision (Pre):

_TIr__

Pre =Tp+Fp (33)
Recall (Rec): Rec): P

Ace =Tp+FN (34
Specificity

(Spe): gy

Ace = TN EP @)

G-mean:
G —mean = /Rec * Spe = FJITP + FPT:UTN (36)

B. Benchmarking Against Representative Feature Processing
Methods

This section compares the performance of our proposed HBD-
SFDSB algorithm against various feature processing methods for the
classification of Parkinson's disease speech data. The results are
evaluated using the following assessment metrics: Accuracy (Acc),
Precision (Pre), Recall (Rec), and Geometric Mean (G-mean). We
analyzed the performance of the HBD-SFDSB algorithm with a
traditional classifier, support vector machine (SVM), feature
selection methods including mRMR, Pvalue, SVMRFE, and two
classical feature extraction methods, PCA and LDA. Since deep
learning acts as a feature extraction method, we also used its two
representative methods, the stacked encoder (SE) and deep belief
network (DBN).

Three feature selection methods, including mRMR, Pvalue, and
SVMRFE, were compared with our proposed HBD-SFDSB
algorithm. The results in the Table IV shows that HBD-SFREM (H),
applying the heat kernel approach, substantially outperformed all
three feature selection methods for all evaluation metrics. For the
Parkinson dataset, the HBD-SFDSB (H) method attained the highest
classification accuracy of 96.77%, which is significantly higher
compared to the best performance of SVMRFE (linear) with 82.26%.
Additionally, the HBD-SFDSB (H) also outperformed in precision,
recall, and G-mean, reaching 98\% recall and 100% precision,
indicating the robustness of the proposed method. Although
SVMRFE and mRMR presented good performance in terms of
precision and recall, the heat kernel-based HBD-SFDSB (H)
constantly offered superior overall classification performance.
Moreover, for other datasets, SelfData and PSDMTISR, the simple-
minded version of HBD-SFDSB (S) method also outperformed these
feature selection methods, showing its adaptability for different types
of'datasets.

For benchmarking against feature extraction methods, we selected
two classical and two deep learning-based methods. The results are in
the Table V indicates that the HBD-SFDSB (H) version constantly
shows superior performance, particularly for the Parkinson dataset.
The HBD-SFDSB (H) achieved an accuracy of 96.77%,
outperforming the best-performing feature extraction methods, PCA
(64.52%) and LDA (69.35%). Also, HBD-SFDSB (H) offered
exceptional results in recall and precision, with 98% recall and 100%
precision, indicating a strong capability to classify true positives
correctly. For the Self Data and PSDMTISR datasets, though
performance dropped marginally, HBD-SFDSB (B) yet
outperformed all other feature extraction algorithms in accuracy and
G-mean. These results demonstrate the substantial advantage of using
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HBD-SFDSB (Fig. 1) over existing feature-learning techniques for
complex feature handling and classification tasks.

This study also compares the performance of the HBD-SFDSB
method with several state-of-the-art existing methods, including
mRMR [3], Relief[33], a deep learning-based technique, LDA-NN-
GA T[34], ReliefF-FC-SVM [35], and SFFS-RF [36]. The results,
presented in Table 5, demonstrate that HBD-SFDSB consistently
outperforms the other algorithms. Notably, for the Parkinson datasets,
HBD-SFDSB achieved significant improvements in classification
accuracy, with an increase of 38.71%, underscoring its effectiveness.
Additionally, for the SelfData and PSDMTSR datasets, HBD-SFDSB
generally outperformed most of the other methods, with the largest
accuracy improvement of22.27%.

TABLE 1V
Performance comparison with other feature processing techniques

Dataset  Metric  Classifier Feature Selection Feature Extraction HBD-SFDSB
mRMR Pvalue SVMRFE PCA LDA DBN SE (S) (H)
o SVM (L) T2.58 B2.26 B0.65 64.52 69.35 6452 6774 9677 9516
SVM (RBF) T2.58 79.03 T2.58 61.29 75.81 6452 67.74 9355 9839
Pis SVM (L) 100.00 100.00 80.65 10000 9697 100.00 87.50 100.00 100.00
Parkis SVM (RBF) 100.00 93.02 7895 7600 10000 10000 S87.50 97.92 100,00
NE fina SVM (L) MO0 TRA2 10000 5600 6100 5600 70.00 9400 9800
SVM (RBF) 66.00 80.00 90.00 76.00 000 56.00 T0.00 9492  93.00
Gmean SYM(L) 8602 8832 0000 7483 050 748D 6300 0798 0695
SVM (RBF) 8124 7746 00.00 0000 8367 7483 6390 0283 0090
&S SVM (L) 4808 4647 52,56 57.06 4840 47.60 60.26 6122 6035
SVM (RBF) 5641 5641 55.77 5.73 5385 47.60 6426 60.26 6122
P SVM (L) 47.86 45.99 56.25 63.10 47.13 4627 6420 69.23 7257
PSDMTISR SVM (RBF) 62.82 59.00 57.38 58.27 B4.76 46.27 6420 6111 64.00
3 Rec SVM(L) 4205  40.38 23.08 3307 26328 2081 6415 40.38 5256
SVM (RBF) 3141 1166 11.87 744 4423 2081 6415 5641 5128
B SVM (L) 47.80 46.07 43.51 52,18 4305 4415 5828 5756 64.64
SVM (RBF) 5057 5445 54.00 5506 5208 4415 5858 60.13 0045
fen SVM (L) 4825 4476 61.14 4825 4545 4126 6154 6434 6154
SVM (RBF) 4755 4545 5176 4545 4545 4126 G154 5064 6043
Pee SVM (L 35.80 312 36.84 35.90 3587 3400 4286 53.85 4286
Self Data SVM (RBF) 35.80 34.52 33.36 388 3587  MO00 4286 40.74 70.00
Rac SVM (L) 53.85 55.77 13.46 5385 6346 6538 1T 133 173
SVM (RBF) 55.77 56.77 3269 57.69 6346 G538 1731 4231 13.15
e SVM (L) 48.25 44.76 60.14 48.25 4545 4238 3878 3546 38.76
SVM (RBF) 4925 4631 3118 1925 4724 4238 3876 5237 3608
IV. CONCLUSION

This study introduces the HBD-SFDSB, a novel feature
processing method that combines the strengths of the FS, FX,
and ensemble learning techniques. The HBD-SFDSB
effectively generates high-quality features, enhancing model
learning and enabling accurate diagnosis of PD. This is
attained by reducing intra-class variance, increasing inter-
class variance, preserving the neighborhood formation, and
eliminating correlated features that introduce noise and
aliasing during classification. This approach improves both
classification accuracy and stability, making it a valuable tool
for medical applications. Additionally, HBD-SFDSB is well-
suited for small and imbalanced datasets, addressing a
significant challenge in this domain. The evaluation of the
proposed HBD-SFDSB method demonstrates substantial

TABLE V
Performance Comparison of HBD-SFDSB with other state-of-the
art processing algorithms (%)

Methods \Dataset Cassif Parkinson | PSDMTSR | SeclfData
SVM (L) 96.77 61.22 6131
HBD-SFDSB (8) SVM (RBF) 93.55 60.26 56.64
SVM (L) 95.16 66.35 61.54
HEEESHORE (8} SVM (RBF) 98.39 61.22 66.43
2 SVM (L) 59.50 15.19 1755
Relief [31] SVM (RBF) 61.29 47.44 45.45
SVM (L) T2.58 15.08 1835
mBMR. [3] SVM (RBF) 95.71 56.41 48.25
LDA-NN-GA [32] NN 68.39 58.38 63.00
ReliefF-FC-SVM [33] | SVM (RBF) 80.83 61.38 60.00
SFFS-RF [34] RF 80.83 60.63 60.00

improvement in classification accuracy, outperforming
existing methods across multiple publicly available PD speech
datasets, as well as a dataset collected by the Army Medical
University, Chongqing, China. Notably, HBD-SFDSB
achieves up to 38.71% improvement in classification accuracy
over other feature processing algorithms.

For future research, there are several areas for improvement.
The integration of deep chain-based sample space and
ensemble learning increases the algorithm's processing time.
Therefore, future work will focus on optimizing the execution
time of the proposed HBD-SFDSB method. Additionally,
exploring the performance of the proposed method on larger
and more diverse datasets is crucial. Nevertheless, as a novel
framework, HBD-SFDSB distinguishes itself from other
algorithms, providing valuable insights into PD speech data
and setting the stage for future research advancements.
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