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ABSTRACT Parkinson’s disease (PD) is a progressive neurodegenerative disorder that affects both motor
and speech functions. Advances in machine learning and signal processing have enabled non-invasive PD
detection through voice analysis. This study proposes a comprehensive mathematical framework for PD
classification that integrates topological, statistical, and spectral representations of speech signals. The
framework combines topological descriptors derived from persistent homology, statistical measures based
on random matrix theory, and spectral features extracted from frequency-domain analysis to capture comple-
mentary information about vocal dynamics. A hybrid training strategy was employed, using synthetic speech
data generated from real recordings to train the models, while real samples were reserved exclusively for
evaluation. Experimental results demonstrate that spectral features, particularly when fused with statistical
descriptors, yield the highest discriminative power, achieving 98.00% accuracy and 97.98% F1-score with
a multi-layer perceptron classifier. In contrast, topological descriptors provided limited standalone perfor-
mance, serving instead as complementary components that enrich the overall representation. The findings
highlight the potential of combining diverse mathematical representations to improve speech-based PD
detection, especially in scenarios with limited access to clinically annotated data.

INDEX TERMS Parkinson’s disease, speech analysis, topological data analysis, random matrix theory,
spectral features, machine learning.

I. INTRODUCTION
Parkinson’s disease (PD) is a progressive neurodegenera-
tive disorder that affects motor and non-motor functions,
including speech production [1]. Speech impairments in PD,
collectively referred to as hypokinetic dysarthria, manifest as
reduced articulation precision, altered phonation, and varia-
tions in speech rate [4], [5].The early detection of PD through
non-invasive speech analysis has gained significant attention
as a cost-effective and accessible diagnostic tool [6], [36]. In
response, machine learning techniques have been widely ex-
plored to improve the accuracy and efficency of PD detection
based on speech features [9], [10].

Recent studies have investigated various machine learning
based approaches for PD classification using speech sig-
nals. For instance, [7] proposed a multiclass classification
framework leveraging diverse acoustic features extracted from
voice recordings to differentiate PD patients at various stages
of the disease and distinguish them from healthy controls.
The study evaluated various machine learning algorithms,
including support vector machines, k-nearest neighbors and
random forest, demonstrating that integrating heterogeneous
feature sets improves classification performance by effec-
tively capturing the complex vocal alterations associated with
PD.
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Another study in [8] investigates the classification of PD us-
ing acoustic features derived from multilingual speech tasks,
emphasizing the importance of utilizing diverse speech data
to improve the robustness of machine learning models for PD
detection. By incorporating acoustic features extracted from
sustained vowels, isolated words, and continuous speech, the
study captured a more comprehensive representation of PD-
related vocal impairments. Their results demonstrated that
integrating features from multiple speech tasks significantly
improved classification accuracy.

Similarly, [11] proposed a machine learning-based ap-
proach to classify PD stages and differentiate PD patients
from healthy controls by using digital biomarkers derived
from speech and motor evaluations. The integration of objec-
tive digital biomarkers significantly improved in classification
performance compared to conventional clinical assessments,
highlighting the potential of combining acoustic features with
sensor-based measurements for more accurate PD diagnosis
and monitoring.

In a multimodal approach, [10] combined acoustic and fa-
cial analysis for PD detection, focusing on hypomimia and
hypokinetic dysarthria. The study utilized speech and video
recordings from PD patients and healthy controls, extracting
both acoustic and facial features to train machine learn-
ing models, particularly XGBoost. The results demonstrated
that combining audio and video features significantly im-
proved diagnostic performance compared to single-modality
approaches, underscoring the potential of combining multi-
modal data for the PD detection.

Furthermore, [12] proposed a novel method for PD detec-
tion based on time-frequency representations generated using
the empirical wavelet transform and the Hilbert transform.
Energy and entropy features were extracted from these rep-
resentations, followed by feature selection using a genetic
algorithm and classification using a support vector machine.
The proposed approach outperformed traditional methods,
demonstrating the effectiveness of combining time-frequency
analysis for the classification of PD.

A. ADVANCED MATHEMATICAL REPRESENTATIONS FOR
SPEECH ANALYSIS
Beyond conventional acoustic features, recent research has
explored the potential of advanced mathematical frameworks
such as topological data analysis (TDA) and random ma-
trix theory (RMT) for speech signal characterization. TDA
provides a geometric and nonlinear approach to analyzing
complex speech patterns by capturing topological structures
within high-dimensional data [13]. Persistent homology, a
key TDA technique, extracts topological features such as
connected components, loops, and voids that persist across
multiple scales, offering novel insights into the geometric
complexity of speech signals [37], [19].

In parallel, RMT has been extensively used to analyze
covariance structures in complex datasets, offering statistical
insights into speech signal variability [26], [30], [31]. By char-
acterizing noise distributions and eigenvalue spectra, RMT

has demonstrated effectiveness in differentiating pathological
speech patterns from healthy controls [32]. Furthermore, spec-
tral features, particularly Mel-frequency cepstral coefficients
(MFCCs), have been widely recognized for their discrimina-
tive power in PD classifcation [34].

Despite advancements in feature extraction and machine
learning models, data scarcitiy remains a critical challenge
in PD detection. Synthetic data augmentation has been ex-
plored as a strategy to enhance model generalization in
biomedical applications [16]. However, studies investigat-
ing the impact of synthetic speech data augmentation for
PD clasification remain limited. A recent study [15] intro-
duced a novel approach employing generative adversarial
networks (GANs) to generate synthetic voice signals, increas-
ing the diversity and robustness of training datasets. The study
evaluated deep learning architectures, including residual net-
work (ResNet), long short-term memory - fully convolutional
network (LSTM-FCN), InceptionTime, and causal dilated
inception-like convolutional neural network (CDIL-CNN),
demonstrating that synthetic data augmentation significantly
improved classification performance. Nevertheless, even with
synthetic augmentation, the highest reported accuracy was
approximately 73%, suggesting limitations in the discrimina-
tive power of raw waveform features. Furthermore, the study
primarily focused on deep learning approaches without in-
tegrating heterogeneous feature representations, which could
further enhance classification accuracy.

B. CONTRIBUTIONS AND PROPOSED APPROACH
To address these limitations, this study proposes a machine
learning framework for PD detection based on speech signals,
systematically evaluating the effectiveness of TDA, RMT
and spectral features. Unlike previous studies that rely solely
on real speech data, we adopt a novel synthetic data-driven
approach, where synthetic speech data generated using Big-
VASAN [15] are employed for training and validation, while
real speech samples from the PC-GITA database [14] are used
exclusively for final testing. This ensures consistency between
training and evaluation conditions while assessing the gener-
alization capabilities of models trained on synthetic speech.

The main contributions of this work are summarized as
follows:
� A systematic comparison of topological, statistical, and

spectral features for PD classification using SVM and
multilayer perceptron models.

� An investigation into the generalization capability of
models trained exclusively on synthetic speech data and
evaluated on real speech recordings.

� An analysis of feature complementarity, with a specific
focus on the performance impact of integrating TDA,
RMT, and spectral descriptors.

The remainder of this paper is organized as follows. Sec-
tion II details the dataset, feature extraction techniques, and
classification models. Section III reports and discusses. Fi-
nally, Section IV provides conclusions and directions for
future research.
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II. METHODOLOGY
This study introduces a machine learning-based framework
for PD detection using speech signals. The proposed method-
ology consists of three main steps: (i) data acquisition and
preprocessing, (ii) feature extraction, and (iii) classification.

A. DATASET AND PREPROCESSING
The dataset employed in this study is the PC-GITA speech
corpus [14], which comprises speech recordings from 100
Colombian speakers (50 diagnosed with PD and 50 healthy
controls (HC)). Each participant performed a sustained phona-
tion task of the vowel /a/ repeated three times, yielding a total
of 300 speech signals (150 PD, 150 HC) [14]. The recordings
were acquired under controlled conditions with a sampling
rate of 44.1 kHz with 16-bit resolution. For consistency in fea-
ture extraction, all signals were subsequently downsampled to
24 kHz.

Additionally, a dataset of 2000 synthetic speech signals
was utilized separately for model training and validation. This
synthetic dataset consists of 1000 PD samples and 1000 HC
samples, generated in a previous study [15]. These synthetic
signals were leveraged to assess the impact of data augmen-
tation on classification performance. However, they were not
integrated with the real dataset during training. Instead, real
speech signals were exclusively used for final validation to
ensure an unbiased evaluation of model generalization. All
speech signals, both real and synthetic, underwent amplitude
normalization and were stored as csv files for further process-
ing.

B. TDA FEATURE EXTRACTION
Topological data analysis (TDA) provides a robust framework
for quantifying structural patterns in high-dimensional data.
To do this, it employs persistent homology, which captures
the evolution of topological features across multiple spatial
scales. Given the inherent complexity and dynamic nature
of speech signals, TDA is particularly suitable for identify-
ing geometric structures that emerge due to articulatory and
phonatory variations.

State-Space Reconstruction via Takens’ Embedding Theo-
rem: Takens’ embedding theorem [18] provides a method to
reconstruct the state space of a dynamical system from time
series data. Given a discrete speech signal x(t ) of length N ,
the embedding matrix X is constructed as

X =

⎛
⎜⎝

x1 . . . x1−(d−1)τ
...

. . .
...

xN−(d−1)τ . . . xN−(d−1)τ−(d−1)τ

⎞
⎟⎠

where, d is the embedding dimension, τ is the time delay,
and N is the length of the original signal. This transformation
unfolds the time series into a higher-dimensional space, facil-
itating the identification of meaningful topological structures.

Persistent Homology and Vietoris-Rips Complex Construc-
tion: Homology is a mathematical tool used to quantify the
shape of data by detecting connected components, loops,

FIGURE 1. Persistence diagram of a pathological PC-GITA speech signal.
Blue: H0 components; orange: H1 loops. Points above the diagonal
represent persistent features.

voids, and higher-dimensional analogs. In speech signal anal-
ysis, homology offers insights into the underlying structure
by tracking the emergence and dissolution of topological fea-
tures as a scale parameter varies. Specifically, 0-dimensional
homology classes correspond to connected components, while
1-dimensional classes correspond to loops or cycles. Higher-
dimensional homology classes capture voids or cavities,
1-dimensional homology (loops) is typically the most relevant
tool in the context of speech data.

For the embedded state space X , a Vietoris-Rips complex
is constructed by connecting points within a predefined pair-
wise distance threshold. As this threshold varies, a sequence
of nested simplicial complexes emerges, forming a filtration.
Persistent homology is then applied to track the birth and
death of topological features across this filtration, generating
persistence diagrams that encode the longevity of these fea-
tures [19].

Each persistence diagram consists of birth-death coordinate
pairs (bi, di ), where bi and di denote the scales on which a
topological feature appears and disappears, respectively. Fea-
tures that persist over a wide range of scales, reflected by
points farther from the diagonal, are considered structurally
significant, whereas features closer to the diagonal are typi-
cally interpreted as noise.

In general terms, a persistence diagram is a graphical
representation of the lifespan of topological features across
different scales. Each point (b, d ) in the diagram corresponds
to a feature that appears at b and disappears at d . The dif-
ference d − b defines the persistence of the feature, reflecting
its relevance to the underlying structure of the data. Features
closer to the diagonal are typically interpreted as noise, while
those farther away represent significant topological structures.
Fig. 1 shows an example of a persistence diagram derived
from speech data, illustrating the distribution of topological
feature birth and death times.

In this study, we focus on persistent 1-dimensional homol-
ogy (loops) because it has been shown to capture geometric
features relevant to speech signal dynamics, as evidenced in
previous studies [25]. The rationale behind this choice lies in
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FIGURE 2. Persistence landscape from Fig. 1. Each color denotes a
landscape function λk (t ) for k = 1, 2, 3.

the nature of speech signals, where cyclic patterns and peri-
odicity are critical for capturing articulatory and phonatory
characteristics.

Three types of TDA-based features were extracted from
persistence diagrams.

1) PERSISTENT LANDSCAPE
A persistent landscape (PL) transforms the persistence
diagram into a sequence of piecewise linear functions,
capturing the topological characteristics across multiple
scales [20], [21]. Mathematically, it is defined as λk (t ) =
max(b,d )∈D min(t − b, d − t ), where D represents the per-
sistence diagram, containing topological feature birth-death
pairs (b, d ), t is a real-valued parameter representing the
domain over which the landscape is defined, and k is the land-
scape level, indexing the sequence of functions that capture
different layers of topological persistence.

The function λk (t ) is piecewise linear and encodes the
prominence of topological features on different scales (see
Fig. 2). The PL is flattened into a vector representation, which
serves as an input feature for machine learning models.

2) PERSISTENT IMAGES
Persistent images (PIs) provide a structured representation of
persistence diagrams by mapping them onto a discrete grid
using a kernel density estimation approach [22]. This method
transforms topological features into a fixed-size numerical
representation, making them compatible with machine learn-
ing models [23].

Given a persistence diagram D, which consists of birth-
death pairs (b, d ) representing topological features, a Gaus-
sian kernel is applied to smooth the distribution of these

features as follows PI(x, y) = ∑
(b,d )∈D exp(− (x−b)2+(y−d )2

2σ 2 ),
where (x, y) represents the pixel coordinates in the persistence
image, and σ is the standard deviation controlling the spread
of the Gaussian function.

The resulting continuous function is discretized into a grid
of predefined resolution, allowing the persistence diagram to
be represented as a matrix of intensity values (see Fig. 3).
Unlike PL, which encode topological prominence through
piecewise linear functions, PI provide a dense representation

FIGURE 3. Persistence image from 1D homology (H1) of Fig. 1. Warmer
colors reflect longer-lived topological features.

by integrating topological features across the entire birth-
death space.

The final PI matrix is flattened into a vector representation
and used as input for machine learning models.

3) PERSISTENT ENTROPY
Persistent entropy (PE) quantifies the disorder of the per-
sistence diagram, serving as a measure of the topological
complexity [24]. It is defined as PE = −∑

pi log pi, pi =
ai∑

ai
, where ai = di − bi denotes the persistence of each fea-

ture. Higher PE values indicate greater structural complexity
within the speech signal.

C. RMT FEATURE EXTRACTION
RMT was employed to examine the eigenvalue-based char-
acteristics of the covariance matrix derived from the Takens’
embedding of the speech signal [26]. This methodological
framework can capture of statistical properties in high-
dimensional systems and has been successfully utilized in
signal processing and biological data analysis [27], [28].

Given an embedding matrix X constructed from a speech
signal, the covariance matrix C is defined as C = 1

N X T X,

where N is the number of embedded vectors, X T is the
transpose of X , and C characterizes the estimated correlation
structure of the signal.

The eigenvalues λi and eigenvectors vi of C are obtained
by solving the characteristic equation Cvi = λivi, where λi

are the eigenvalues that quantify the variance along the corre-
sponding eigenvector direction vi.

From the obtained eigenvalues, the following RMT-based
features were extracted:
� Largest Eigenvalue: The largest eigenvalue, λmax, re-

flects the dominant variance component of the covari-
ance matrix. It indicates the direction along which the
variance is maximized, providing insight into the most
significant variability pattern in the signal.

� Mean Eigenvalue: The mean eigenvalue, λ̄, represents
the average variance across all dimensions. This metric
provides a global assessment of the variance distribution
within the feature space offering insights into the overall
spread of the data.
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� Eigenvalue Entropy: The entropy of the eigenvalue dis-
tribution quantifies the disorder or randomness within
the spectral properties of the covariance matrix. It is
defined as S = −∑

pi log pi, with pi = λi∑
λ j

.

Higher entropy indicates a more uniform distribution,
whereas lower entropy indicates a concentration around
a few dominant eigenvalues, whereas a lower entropy
suggests that variance is concentrated in a few domi-
nant eigenvalues, reflecting structural regularities in the
speech signal.

� Inverse participation ratio: The inverse participation ra-
tio (IPR) measures the localization of the components of
the eigenvectors and is defined as IPRi = ∑N

j=1 |vi j |4,
where vi j is the j − th component of the i − th eigenvec-
tor. A higher IPR value indicates that fewer components
dominate the eigenvector structure implying stronger lo-
calization effects [29]. This metric is particularly useful
for detecting the underlying structural constraint in high-
dimensional speech representations.

D. SPECTRAL FEATURE EXTRACTION
Spectral features provide critical insights into the frequency
content and dynamic variations of a speech signal. In this
study, spectral features were computed using the Librosa
Python library [33], which offers efficient implementa-
tions of several frequency-domain descriptors. The extracted
spectral features include Mel-frequency cepstral coefficients
(MFCCs), this first-order derivatives (delta MFCCs), spec-
tral centroid, spectral bandwidth, spectral rolloff, and zero-
crossing rate. A detailed description of each feature is pro-
vided bellow.
� Mel-frequency cepstral coefficients (MFCCs) are widely

employed in speech processing as they efficiently repre-
sent the spectral envelope of short-term power spectra.
Their computation involves applying the discrete co-
sine transform to the logarithm of the magnitude of
the Mel spectogram, which reduces spectral correla-
tion while emphasizing perceptually relevant features.
The k-th MFCC coefficient is defined as MFCCk =∑N

n=1 Sn cos( πk(n−0.5)
N ), where Sn represent the log-

magnitude of the mel spectrogram at index n, N is the
number of mel frequency bands, and k is the coefficient
index.
In this study, 13 MFCC coefficients were extracted for
each speech signal. In addition, their mean and standard
deviation to capture statistical variability.
To model the temporal evolution of spectral features,
first-order time derivates (delta MFCCs) were also com-
puted. These derivates quantify the rate of change in
MFCCs over time, thereby capturing dynamic variations
in speech production.

� The spectral centroid (SC) characterizes the center of
mass of the spectral power distribution and is percep-
tually associated with the brightness of sound. It is

mathematically defined as SC =
∑

k fkSk∑
k Sk

, where fk rep-
resents the frequency in the k bin and Sk denotes the
spectral magnitude in that frequency bin.
A higher centroid value indicates in the signal a greater
proportion of high-frequency components, which can
differ significantly between pathological and healthy
speech in the signal. The mean and standard deviation
of the spectral centroid were computed as statistical de-
scriptors.

� Spectral bandwidth (SB) quantifies the dispersion of
frequency components around the spectral centroid by
capturing variations of the spread of the spectral energy.

It is expressed as SB =
√∑

k ( fk−SC)2Sk∑
k Sk

, where SC is the

spectral centroid.
This provides information on articulation patterns that
may exhibit altered frequency distributions in speech
affected by PD. The mean and standard deviation values
of the spectral bandwidth were extracted as statistical
descriptors.

� The spectral rolloff (SR) defines the frequency below
which a specified percentage (typically 85%) of the total
spectral energy is concentrated. It serves as an indicator
of the harmonic content of a signal and is computed as

SR = min{ fr :
∑r

k=1 Sk∑N
k=1 Sk

≥ 0.85}, where fr represents the

rolloff frequency, and Sk is the spectral magnitude at bin
k.
This feature is particularly useful for identifying vari-
ations in spectral energy distribution, which may be
characteristic of dysarthric speech in individuals with
PD.

� The zero-crossing rate (ZCR) quantifies the rate at which
the signal waveform changes sign, serving as an indica-
tor of high-frequency content. It is defined as: ZCR =

1
N−1

∑N−1
n=1 |sgn(xn) − sgn(xn−1)|, where xn is the signal

amplitude at time n, and sgn(·) denotes the sign function.
The ZCR provides insights into signal variability and
articulation differences, which are relevant for distin-
guishing between pathological and normal speech. As
with other spectral features, both the mean and standard
deviation of ZCR were calculated.

In total, 60 spectral features were derived, encompassing
the mean and standard deviation of 13 MFCC coefficients
and their delta derivatives, as well as the mean and standard
deviation for the spectral centroid, bandwidth, rolloff, and
zero-crossing rate.

E. MODEL TRAINING AND EXPERIMENTAL SETUP
The machine learning models were trained and evaluated
using both synthetic and real speech data. The synthetic
data were generated using the BigVSAN approach, derived
from the PC-GITA database [14]. Specifically, synthetic
data were exlusively employed for model training and val-
idation, whereas real speech recording from the PC-GITA
database were reserved for final testing to assess model
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generalizability. The synthetic dataset consisted of 1,000
signals per class (control and pathological), resulting in a bal-
anced training set of 2,000 samples. All available real speech
signals from the PC-GITA dataset were used as the test set.

Feature extraction. TDA features: The embedding dimen-
sion and time delay for Takens’ embedding were selected
through a grid search optimization procedure. A predefined
range of values was considered for the embedding dimen-
sion d ∈ {2, 3, 4, 5} and time delay τ ∈ {5, 10, 15, 20}. For
each parameter combination, the topological features were
extracted, classification models were trained, and the resulting
accuracy was recorded. The optimal configuration d = 5, τ =
20 was selected based on the highest classification accuracy
obtained during cross-validation. Using these parameters, per-
sistence images were computed with a pixel resolution of
30 × 30 and a pixel size of 0.1. Persistence landscapes were
generated with 50 evaluation points and three persistence lev-
els.

RMT features: eigenvalues were obtained from the covari-
ance matrix of the embedded signals. The following statistical
descriptors were computed: largest eigenvalue (λmax), mean
eigenvalue (λ̄), eigenvalue entropy (S), and inverse participa-
tion ratio (IPR).

Spectral feature: the spectral features extraction followed
a standardized procedure using the Librosa library [33], to
ensure consistency and reproducibility. The sampling rate of
all speech signals was set to 24 KHz. A total of 13 MFCCs
were computed using a frame length of 512 samples and
a hop length of 256 samples. The extracted spectral fea-
tures included MFCCs. The MFCCs were derived as the
discrete cosine transform of the log-magnitude mel spec-
trogram. To capture temporal dynamics, first-order derivates
(delta MFCCs), representing the rate of change over time.
Both MFCCs and delta coefficients were summarized by their
mean and standard deviation to capture overall tendencies and
variability.

Additional spectral descriptors: To further characterize the
frequency distribution and temporal structure of the signals,
the following features were computed: the spectral centroid
and spectral bandwidth (SB) both estimated using a fast
Fourier transform window of 512 samples; the spectral roll-off
(SR), determined at a threshold of 85%. The zero-crossing
rate (ZCR) was calculated by counting the number of times
the signal waveform changed sign within each analysis frame.
All spectral descriptors were summarized by computing their
mean and standard deviation over the entire signal duration.

Feature normalization: Prior to combining the different
representations of characteristics, each feature vector was
standardized to ensure balanced contributions from all de-
scriptors. This step is particularly important when merging
heterogeneous feature spaces, such as topological, statistical,
and spectral features, which may differ significantly in scale
and distribution.

Model training and evaluation: Two machine learning
models were implemented for classification: support vector
machine (SVM) and multi-layer perceptron (MLP). A linear

kernel was selected as the SVM as it is effective in high-
dimensional feature spaces. A feedforward neural network
with one hidden layer and ReLU activation function was em-
ployed as the MLP.

Model performance was assessed using stratified 5-fold
cross-validation. The following performance metrics were
computed: Accuracy = T P+T N

T P+T N+FP+FN , Sensitivity =
T P

T P+FN , Specificity = T N
T N+FP ,F1 = 2×T P

2×T P+FP+FN , where
T P (true positives) denotes correctly classified pathological
speech cases, T N (true negatives) corresponds to correctly
classified control speech cases, FP (false positives) represents
control cases misclassified as pathological, and FN (false
negatives) are pathological cases misclassified as controls.

All experiments were conducted on a computer sys-
tem equipped with an Intel Core Ultra 5 125H processor
(3.60 GHz) and 8 GB RAM.

III. RESULTS AND DISCUSSION
This study systematically evaluated the effectiveness of topo-
logical, statistical and spectral features in PD classification
using machine learning models trained on synthetic data and
tested on real data. The experimental design aimed to assess
the generalizability of models trained exclusively on artifi-
cially generated signals derived from the PC-GITA database,
while ensuring that real speech signals were reserved solely
for model evaluation. The classification performance across
different feature sets and machine learning architectures is
summarized in Table 1.

A. CLASSIFICATION PERFORMANCE ACROSS FEATURE
SETS
The experimental results indicate that the spectral features
consistently achieved the highest classification performance
across both SVM and MLP models. Notably, the MLP clas-
sifier reached an accuracy of 98.00% with an F1-score of
97.95%, demonstrating the high discriminative capacity of
spectral descriptors in distinguishing between control and
pathological speech. Similarly, the combination of RMT
and spectral features yielded comparable results, with MLP
achieving an accuracy of 98.00% and an F1-score of 97.98%,
highlighting the robstness of spectral representations when
supplemented with statistical descriptors.

The superior performance of spectral-based features aligns
with previous findings that underscore their efficacy as
biomarkers for neurodegenerative speech impairments [6],
[34]. These results can be attributed to the well-documented
alterations in articulation and phonation observed in PD pa-
tients, which manifest prominently in the spectral domain [5],
[36].

Conversely, the classification performance of topological
features (TDA) was significantly lower, with the highest ac-
curacy reaching 62.00% when using MLP and 58.67% with
SVM. These findings suggest that topological descriptors
alone do not effectively capture the vocal alterations associ-
ated with PD. Moreover, the combination of TDA and RMT
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TABLE 1. Classification Performance With Synthetic Training and Real Testing

did not yield substantial improvements in classification ac-
curacy, indicating a lack of complementarity between these
feature sets within this specific classification task.

RMT-based features alone exhibited moderate classifica-
tion performance, achieving an accuracy of 65.67% with MLP
and 58.67% with SVM. Interestingly, the relatively stable
performance of RMT-based features across different models
suggests that these statistical descriptors capture relevant pat-
terns in speech variability that are less sensitive to distortions
introduced by synthetic data.

B. SYNERGISTIC EFFECTS OF FEATURE COMBINATIONS
In addition to the primary accuracy results, a more detailed
analysis of the performance metrics reveals important in-
sights into the behavior of the model and feature utility. The
integration of RMT and spectral features consistently outper-
formed individual feature sets, demonstrating the advantages
of leveraging both covariance structure analysis and spectral
representations. This hybrid approach effectively captures a
broader range of speech characteristics affected by PD, con-
tributing to improved classification performance.

The combination of topological, statistical, and spectral
features (TDA+RMT+spectral) provided intermediate results,
achieving 74.67% accuracy with MLP and 70.33% with SVM.
However, this feature fusion did not surpass the performance
of spectral or RMT+spectral sets.

Focusing on the RMT feature set alone, the SVM model
exhibited a sensitivity of only 48.67%, whereas specificity
reached 68.67%. This asymmetry suggests that RMT-based
representations may be more effective in capturing variability
in speech patterns of healthy controls compared to patients
with PD. Although the MLP model improved sensitivity to
60.67%, a significant imbalance persisted, indicating that
RMT features alone are insufficient to achieve balanced clas-
sification performance.

When comparing the performance of SVM and MLP, the
results indicate that MLP generally achieves higher accuracy,
particularly when multiple feature sets are combined. For
example, although the fusion of topological and statistical

features (TDA+RMT) resulted in relatively low overall per-
formance, the MLP still outperformed the SVM, achieving
an accuracy of 61.33% compared to 58.00%. More notably,
in the combined TDA+RMT+spectral configuration, the MLP
achieved 74.67% accuracy, surpassing the SVM’s 70.33%.
This performance gap suggests that neural architectures more
effectively integrate heterogeneous feature representations,
especially when spectral information is incorporated.

Furthermore, the combination of RMT and spectral features
yielded identical sensitivity and specificity values (82.00%)
for the SVM, indicating balanced performance between
classes. In contrast, the MLP achieved a sensitivity of 97.33%
and a specificity of 98.67%, reflecting a slight bias towards
the correct classification of healthy controls. This consistently
strong performance across both metrics highlights the robust-
ness of this hybrid representation when employed with neural
network models.

Another important aspect is the variability in model per-
formance. The MLP consistently exhibited lower standard
deviations in most configurations, indicating more stable pre-
dictions. For example, when using spectral features, the SVM
achieved an accuracy of 82.00% ± 3.40%, while the MLP
reached 98.00% ± 1.63%. A similar trend was observed
for the TDA+RMT+spectral combination, where the MLP
demonstrated reduced variability (±3.40%) compared to the
SVM (±5.21%). These findings support the notion that neural
models not only outperform traditional classifiers in terms of
average accuracy, but also provide more consistent classifica-
tion performance across cross-validation folds.

To further investigate the limited synergy observed among
the TDA, RMT, and Spectral feature families, we conducted
a redundancy and fusion analysis aimed at quantifying the re-
lationships, complementarity, and discriminative contribution
of each descriptor domain.

A redundancy analysis combining cross-correlation and
principal component analysis (PCA) was first performed to
examine the degree of linear dependency and scaling dispar-
ity among feature groups. The correlations between the first
principal components of TDA, RMT, and spectral features
were consistently low (rTDA,RMT = −0.17, rTDA,SPEC = 0.29,
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FIGURE 4. PCA-based feature space analysis. (a) The first 24 components
explain 95.08% of the total variance in the fused space (TDA, RMT, and
spectral descriptors). (b) The 3D loading plot shows spectral features
forming a compact, high-variance cluster, whereas RMT and TDA occupy
orthogonal regions, providing complementary but unevenly weighted
information.

TABLE 2. Feature Breakdown and Dimensionality by Descriptor Family

rRMT,SPEC = −0.42), suggesting that each descriptor family
captures distinct and complementary aspects of the speech
signal rather than redundant information.

A global PCA applied to the fused feature space—
comprising 1051 TDA, 6 RMT, and 60 Spectral features
for a total of 1117 descriptors—revealed that 24 principal
components were required to explain 95.08% of the total
variance (Fig. 4(a) and Table 2). This finding indicates a
high-dimensional representation that is not dominated by any
single feature type, and that most redundancy arises within
individual descriptor blocks, rather than from cross-feature
overlap.

The three-dimensional PCA projection (Fig. 4(b)) further
clarifies the internal organization of the fused feature space.
Spectral descriptors (red) form a dense, axis-aligned clus-
ter, suggesting that the largest share of global variance is
concentrated within this domain. In contrast, TDA features
(blue) exhibit a broader and partially orthogonal dispersion,
capturing complementary geometric properties that are not
aligned with the dominant spectral directions. RMT features
(green) occupy an intermediate region, bridging the statistical
and structural representations of the signals.

This spatial organization confirms that the three feature
families encode distinct yet partially overlapping information,
explaining why hybrid models yield only limited performance
gains.

To explore alternative integration strategies, a weighted fea-
ture fusion analysis was performed, in which each feature
block contributed to the composite representation according
to a tunable set of weights. The highest accuracy (0.81) was
achieved when the Spectral block predominated, correspond-
ing to optimal weights of [wTDA,wRMT,wSPEC] = [0.0, 0.0,
0.25]. This configuration indicates that the discriminative vari-
ance is largely concentrated in the Spectral domain, while
TDA and RMT features contribute secondary but comple-
mentary information that does not substantially alter decision
boundaries.

Overall, these results demonstrate that the limited syn-
ergy among feature families stems primarily from scaling
disparities and the dominant variance contribution of spec-
tral descriptors, rather than from intrinsic redundancy. The
joint PCA and fusion analyses provide a clear explanation
of why hybrid representations yield only marginal improve-
ments, while highlighting the structural complementarity of
topological and statistical features that could be further ex-
ploited through nonlinear or attention-based fusion strategies
in future work.

C. STATISTICAL VALIDATION OF MODEL AND FEATURE
DIFFERENCES
To assess whether the observed performance variations across
classifiers and feature representations were statistically and
practically significant, we conducted a series of parametric
tests on cross-validation results, including paired t-tests, one-
way ANOVA, and Tukey’s HSD post-hoc analyses.

Paired t-tests comparing MLP and SVM classifiers revealed
statistically significant improvements in both accuracy and
F1-score for the Spectral (p < 10−9) and RMT + Spectral
(p < 10−3) feature sets, confirming the superior discrimina-
tive capacity of MLP models under these representations. In
contrast, no significant differences were observed for purely
topological (TDA) or hybrid topological–statistical combi-
nations (p > 0.1), suggesting that the advantages of neural
architectures emerge primarily when spectral information is
present.

The one-way ANOVA results further indicated substan-
tial performance disparities across feature sets for all models
(p < 10−9). Subsequent Tukey’s HSD post-hoc comparisons
showed that both Spectral and RMT + Spectral features
achieved significantly higher accuracy and F1-scores than
TDA-based or mixed feature sets (p < 0.001). These findings
demonstrate that spectral descriptors play a dominant role in
capturing discriminative information, while topological de-
scriptors alone provide limited predictive power.

To complement statistical significance with a measure of
practical relevance, we computed effect size indices, including
Cohen’s d for t-tests and η2 for ANOVA. Both measures indi-
cated large effect magnitudes (Cohen’s d > 0.8; η2 > 0.14),
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TABLE 3. Statistical Significance and Effect Size Across Classifiers and Feature Sets

TABLE 4. Confusion Matrix for the Best-Performing Configuration (MLP
Trained on RMT + Spectral Features)

confirming that the observed improvements are not only sta-
tistically significant but also practically meaningful. Overall,
these findings confirm the dominant role of spectral repre-
sentations and the limited standalone contribution of TDA
descriptors when not supported by spectral information. A
summary of the statistical analyses is provided in Table 3,
highlighting how feature selection, model architecture, and
metric stability jointly shape the performance of synthetic-
data-based PD detection systems.

D. ERROR ANALYSIS
To complement the main performance evaluation, we con-
ducted an error analysis aimed at characterizing the distri-
bution of misclassifications and assessing the robustness and
fairness of the proposed model. This analysis was designed
to identify any systematic bias or asymmetric error patterns
between Parkinson’s disease (PD) and control samples, which
could comprise the model’s reability in practial applications.

The best-performing configuration—an MLP trained on
the RMT+Spectral feature set—was used for this assessment.
Table 4 presents the aggregated confusion matrix, obtained
by summing predictions across all cross-validation folds. This
configuration achieved an overall accuracy of 98.0%, with a
sensitivity of 97.3% and a specificity of 98.7%. The macro-
averaged precision, recall, and F1-score across folds were
consistently balanced between the two classes (PD vs. con-
trol), yielding a macro F1-score of 0.98.

The small number of off-diagonal entries in the confusion
matrix confirms that misclassifiations are rare and sym-
metrically distributed, indicating that the model generalizes
effectively without systematic bias towards either class.

Furthermore, according to Pah et al. [38], participants
in the PC-GITA dataset are clinically homogeneous across
both demographic and disease-related variables. No statis-
tically significant differences were reported between male
and female subjects in age (p = 0.966), unified Parkinson’s

disease rating scale (UPDRS) scores (p = 0.760), or Hoehn
& Yahr (H&Y) stages (p = 0.927), with mean H&Y values
of 2.30 ± 0.94 for males and 2.28 ± 0.54 for females. Like-
wise, the disease duration did not differ significantly between
groups (p = 0.157).

This balanced demographic and clinical composition en-
sures that the model’s performance reflects genuine patho-
logical voice differences rather than confounding effects
associated with age, gender, or disease severity. Consequently,
the observed accuracy of 98% can be interpreted as robust and
unbiased within a clinically controlled and statistically com-
parable cohort, reinforcing the reliability and geneeralizability
of the proposed approach.

E. DOMAIN SHIFT ANALYSIS BETWEEN SYNTHETIC AND
REAL SPEECH DATA
To quantitatively and visually assess the degree of align-
ment between synthetic and real speech data, a domain shift
analysis was conducted. This evaluation aimed to determine
whether the distribution of features derived from synthetic
signals faithfully reproduces the statistical structure of real
recordings, ensuring that models trained on synthetic data can
generalize effectively to real-world conditions.

A maximum mean discrepancy (MMD) test was first ap-
plied to measure the statistical divergence between the tow
domains. The analysis employed a radial basis function
(RBF) kernel with a width parameter of γ = 0.5. The result-
ing MMD statistic was 0.00649, with a permutation-based
p-value of 0.0010, indicating a small yet statistically sig-
nificant difference between the distribution of synthetic an
real samples. This outcome suggests that, although synthetic
speech is not identical to natural recordings, their overall sta-
tistical structure remains highly consistent.

To complement the quantitative assessment, a t-distributed
stochastic neighbor embedding (t-SNE) visualization was
generated using the RMT + spectral feature embeddings
(Fig. 5). The resulting projection revealed a substantial over-
lap between synthetic (blue) and real (red) samples, forming a
continuous manifold without distinct cluster separation. This
overlap indicates that the generative process successfully pre-
served the acoustic and structural characteristics of the orig-
inal PC-GITA dataset, producing synthetic samples that are
statistically and geometrically aligned with real speech data.
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FIGURE 5. t-SNE projection of the RMT+Spectral feature embeddings
comparing synthetic (blue) and real (red) speech samples. The substantial
overlap between the two distributions indicates that synthetic data
effectively capture the statistical and structural characteristics of real
speech, suggesting a minimal domain shift.

TABLE 5. Comparative Accuracy of Methodologies Applied to the PC-GITA
Dataset Reported in Recent Studies

The combination of a low MMD value and overlapping
t-SNE embeddings demonstrates that the proposed generative
approach effectively captures the essential variability of the
target domain, resulting in minimal domain shift and strong
generalization capacity for classifiers trained exclusively on
synthetic data.

Nevertheless, to further mitigate residual discrepancies, fu-
ture work could explore adaptive learning strategies such as
adversarial domain adaptation, transfer learning, or instance
weighting. These techniques could enhance robustness to
linguistic variability, recording conditions, and other envi-
ronmental factors, thereby improving the scalability of the
proposed framework to more diverse real-world scenarios.

F. COMPARATIVE ANALYSIS WITH PREVIOUS STUDIES
To contextualize the results of this study, Table 5 provides a
comparative summary of recent works that have employed the
PC-GITA dataset for the classification of PD. The proposed

approach, which utilizes synthetic data for training and real
data for evaluation, achieved an accuracy of 98.00%, demon-
strating its competitiveness with existing methods that rely
solely on real speech recordings.

This outcome supports the feasibility of using synthetic
data for training effective PD classifiers, particularly when
combined with spectral and statistical features. The ob-
served performance exceeds that of several state-of-the-art
approaches based on traditional spectral and cepstral fea-
tures [39], empirical mode decomposition [40], and deep
learning architectures [44], [47]. These results highlight the
potential of synthetic data, when properly generated and
paired with informative feature representations, to support the
development of robust PD detection models. In contrast to
previous studies, the present work demonstrates that synthetic
speech data can generalize effectively to real-world scenarios,
particularly when enriched with statistically and spectrally
informative features. Moreover, the integration of RMT with
spectral features appears to enhance robustness by capturing
complementary aspects of speech variability.

The findings of this study suggest that synthetic data aug-
mentation, coupled with informed feature selection, may serve
as a viable alternative in scenarios where real data availability
is constrained. This is particularly relevant in clinical appli-
cations, where the collection of large-scale annotated speech
datasets is often limited by practical constraints, including
time, cost, and privacy considerations. Overall, the results
highlight the potential of synthetic training in biomedical
voice analysis and the value of combining diverse signal rep-
resentations to enhance diagnostic performance. Future work
should integrate synthetic and real data within deep learning
frameworks to improve the generalizability and robustness of
PD classification.

IV. CONCLUSION
This work introduced a machine learning framework for the
detection of Parkinson’s disease from speech signals, empha-
sizing the integration of hybrid mathematical features and
the role of synthetic data in model development. The results
demonstrated that the combination of spectral and statistical
descriptors provides the most discriminative representation of
PD-related speech alterations, achieving 98.0% accuracy and
an F1-score of 97.98% with a multi-layer perceptron classifier.
In contrast, topological descriptors exhibited limited sensitiv-
ity to pathological variation, confirming their usefulness as
auxiliary rather than primary features.

Beyond achieving state-of-the-art performance on the PC-
GITA dataset, the analysis also showed a strong alignment
between synthetic and real speech domains, validating the
effectiveness of the generative process in preserving essential
acoustic and structural properties. These findings reinforce the
potential of synthetic data generation as a viable strategy to
alleviate data scarcity in biomedical speech analysis.

Nevertheless, the current study is limited to a single dataset
and linguistic domain, and the generative approach relied
on a single synthesis technique. Future work will extend
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the framework to multilingual and cross-corpus evaluations,
incorporate multiple data augmentation pipelines, and in-
tegrate interpretability-driven analyses to better understand
the interplay between topological, statistical, and spectral
representations within the learned feature space. Such de-
velopments will enhance the scalability, transparency, and
clinical reliability of speech-based diagnostic systems for
Parkinson’s disease.
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