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ABSTRACT: Early detection of Parkinson’s disease can facilitate timely intervention.
Speech is a noninvasive and cost-effective biomarker for Parkinson’s disease detection. In
this study, a subject-independent speech-based pipeline was developed using acoustic and
nonlinear speech features. To avoid subject-level information leakage, a strict fivefold
subject-independent cross-validation procedure was performed. Eight machine-learning
classifiers were evaluated using five speech feature representations: acoustic, spectral,
nonlinear, hybrid, and standardized minimal acoustic features. Among these, the
combination of standardized minimal acoustic features and logistic regression achieved
the highest accuracy of 86.49%, with a sensitivity of 75.00% and a specificity of 95.24%.
The hybrid feature representation achieved an accuracy of 83.78% and the highest area
under the receiver operating characteristic curve (AUROC) of 0.8958. The nonlinear
feature sets combined with tree-based and instance-based classifiers achieved accuracies
of up to 81.08%. Error analysis showed that probabilistic classifiers produced more false-
negative predictions, which is an important consideration for Parkinson’s disease
screening. The findings indicate that the proposed pipeline provides a noninvasive and
interpretable approach for Parkinson’s disease screening, with potential applications in

remote speech-based assessment.

Parkinson’s disease (PD) is a neurodegenerative illness that progressively affects the ability to control movements which lead

to various symptoms such as tremors, bradykinesia and postural instability. Moreover, with respect to classical motor symptoms,

the involvement of speech, referred to collectively as hypokinetic dysarthria, affects approximately 90% of individuals with PD

and frequently appears during the early stages of the disease [1]. These voice changes usually present as decreased volume,

breathy or hoarsely vocal quality and reduced clarity of articulation.

Conventional clinical diagnosis depends on the Unified Parkinson’s Disease Rating Scale (UPDRS) score and expert

observation. However, these assessments are subjective and often not available to patients in rural or resource-poor areas [2].

Therefore, there is increasing interest in developing objective, noninvasive and automatic screening methods to detect the

presence of PD at eatly stages via acoustic analysis of speech [3].
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One of the core issues to be addressed in automated PD prediction is the reliability and generalizability of machine learning
models. Many existing works follow a segment-level evaluation protocol, which is likely to cause data leakage as speech segments
of the same subject can be found in both training and testing. Such a practice can result in overoptimistic performance
estimation that does not generalize to novel subjects [4], [5]. To overcome this problem, the current study embraces a strict

subject-level diagnostic paradigm with a subject-independent evaluation protocol.

Here, we explore the discriminative power of a heterogeneous set of vocal attributes including traditional acoustic feature bases
and advanced nonlinear speech characterizers. Specifically, the following five feature sets are considered: Conventional
Acoustic and Spectral Speech Features (CASSF), Statistically Pooled acoustic and Dynamic Speech Features (SP-ADSF),
Hybrid Correlation and Nonlinear Acoustic Features (HCNAF), Hybrid Acoustic and Dynamical Nonlinear Speech Features
(HADNSF) while comparing with extended Geneva Minimalistic acoustic parameter Set (eGeMAPS) [6], [35]. These features
are systematically benchmarked under eight machine learning classifiers covering MLP, SVM and ensemble-based voting
classifiers to identify feature classifiers, which may be appropriate for robust clinical screening.

The main novelty of this work is the complete comparative study performed under challenging subject-independent evaluation
conditions. In contrast to most previous studies validating on a per-segment basis, the approach guarantees that subject

identities are cleanly separated for performance evaluation to be trustworthy and clinically useful.

Additionally, this effort combines various acoustic and nonlinear speech feature descriptors and employs a cycle of
consolidated statistical validation of binary-level as well as aggregate-level performance metrics. By focusing on clinically
significant misclassification patterns, namely false-negative errors, the proposed approach enhances the credibility of speech-
based PD screening,.

2. RELATED WORK
2.1 Speech-based Parkinson’s disease detection

Speech abnormalities are among the common manifestations of Parkinson’s disease (PD), making speech analysis a promising
noninvasive and cost-effective approach for disease screening and monitoring. Consequently, automatic PD detection using
speech has received considerable attention in the research community. Eatly studies primarily focused on sustained vowel
phonation and prosodic characteristics, demonstrating the potential of vocal features to distinguish individuals with PD from
healthy controls because speech abnormalities are associated with motor and articulatory impairments [7]. With the increasing
availability of public speech datasets, subsequent studies expanded the analysis to continuous speech and task-independent
recordings and incorporated more advanced signal-processing and machine-learning techniques. These developments have
enabled the extraction of diverse acoustic, spectral, and nonlinear characteristics from speech signals. However, reported
performance varies considerably across studies because of differences in datasets, speech tasks, feature-extraction procedures,
validation strategies, and classifier configurations [9]. In particular, the use of recordings from the same subjects across training
and testing partitions can lead to subject-level information leakage and may result in overly optimistic performance estimates.
Therefore, the generalization of speech-based PD detection models to previously unseen subjects remains an important
challenge.[8], [9] These limitations highlight the need for systematic evaluation using subject-independent validation and diverse

speech feature representations.
2.2 Acoustic and nonlinear feature representations

Various acoustic feature representations have been explored for PD speech analysis. Historically, low-level features such as
MFCCs, jitter, shimmer, and the harmonic-to-noise ratio continue to be popular choices not only because of their
interpretability but also because they are effective in tracking the spectral, prosodic and phonatory deviations associated with
PD [10]. However, such features capture only linear and short-term spectral aspects and may not account for the complex

phonatory instabilities that are present in hypokinetic dysarthria [11].

To overcome these shortcomings, enriched and standardized feature sets have been developed. Among the latter, a set of
acoustic voice features known as the extended Geneva Minimalistic Acoustic Parameter Set (eGeMAPS) has been widely used
for its clinical relevance [12]. Concurrently, nonlinear and dynamic characteristics, that is, entropy inspired measures,
complexity-based indices and fractal type descriptors have been utilized to simulate erratic and chaotic vocal cord vibrations

occurring in neurodegenerative diseases.
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Recent research has shown that both acoustic and nonlinear characteristics are different aspects of a speech signal degradation.
However, most studies evaluate particular sets of either acoustic or nonlinear features while ignoring the information contained
in the other category by not combining them in a hybrid feature space [13].

2.3 Classification Models for PD Detection

A variety of machine learning models have been employed for speech-based PD detection, such as support vector machines,
random forests, k-nearest neighbors, logistic regression, neural networks, ensembles and probability methods. Although
sophisticated models, such as deep neural networks and ensemble classifiers, may achieve strong performance, they are often
sensitive to feature type, feature selection, data amount, and experimental design [14], [15].

On the other hand, there are various studies reporting competitive or even better performance with simpler probabilistic and
linear classifiers for cases where features are easy to separate and have clinical relevance. At the same time, however, a direct
comparison is often lacking in terms of more than one classifier per study using the same subject-level evaluation protocol,
thereby hindering confidence in the robustness of a specific classifier and its practical relevance for routine clinical practice [16],
[17],[18].

2.4 Methodological challenges and motivation

Despite the great achievements, there are still some limitations and challenges in PD speech analysis, which need to be addressed
by further research. Firstly, most of the existing methods are trained at the recording or segment level with randomly divided
partitions, which contain independent segments. This approach risks producing subject-level data leakage if multiple segments
from one subject are included in either training or test sets. As a result, models can capture speaker-specific characteristics
unrelated to the disease state and show inflated performance on such data, providing little generalization power to new
records[19],[20].

Second, most studies focused on only acoustic or nonlinear features and did not investigate the discriminative power of their
combination in a systematic way by means of hybrid feature engineering. Third, there is little or no statistical validation of

classifier differences, undermining confidence in performance improvement for PD diagnosis [20, 21].

Inspired by these concerns, the current work strictly follows a subject-level-style evaluation paradigm in which group K-fold
cross-validation is performed to ensure the full dissociation of subjects between the training and test folds [21]. Moreover,
five diverse types of feature sets—CASSF, SP-ADSF, HCNAF, HADNSF and eGeMAPS—have been systematically tested
on vatious machine learning classifiers. By utilizing hybrid acoustic and nonlinear traits and employing stringent statistical
testing, this study was designed to generate a clinically accurate and methodologically rigorous analysis of speech-based PD
detection systems. The proposed method is described in the following section.

3. METHODOLOGY

The entire experimental pipeline of the dataset creation, feature extraction, subject-level evaluation and statistical validation will
be described in this section. The experimental pipeline in Figure 1 includes speech processing transformation, feature extraction,

training the classifiers, aggregation and statistical analysis at the participant level.

Parkinson's Diseass Detection Methodology
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Figure 1: Overview of the Subject-Level PD Detection Framework
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3.1 Dataset Description

In this study, we utilized the MDVR-KCL dataset, a public PD speech corpus available on Zenodo. The recordings were made
in September 2017 at King’s College London (KCL) Hospital and were voice data for 37 participants, 16 with PD and 21
healthy controls (HC) [34]. All the participants read a standardized passage for a read speech task, “The North Wind and the
Sun”, commonly used in speech pathology studies which encourages a consistent phonetic and linguistic experience among
speakers. Clinical experts annotated each recording. Annotation was carried out using standard clinical rating scales, including
the Hoehn and Yahr scale (H&Y), the UPDRS 1II part 5, and the UPDRS-III part 18. These rating scales are characterized by
their consistency in measuring disease severity and motor impairment. The voice was recorded using a Motorola Moto G4
smartphone. That audio was captured uncompressed from a device microphone, with a sample rate of the recordings at 44.1
kHz and recorded with a resolution of 16 bits. The audio files were saved in wave format on the storage of the handset. This
configuration yielded good quality speech recordings, suitable for acoustic and pathological speech evaluation.

3.2 Speech Preprocessing

To obtain a uniform signal before feature extraction, all the recordings were downmixed to mono and resampled to 16 kHz.
Selective silencing removal was subsequently performed to attenuate the effect of uninformative regions and to retain the

natural speech structure [22].

Suppose that x(n) represents a discrete-time speech signal. The short-term root mean square (RMS) energy was calculated for

B = 25V, x2(n) M

where N is the length of the frame (approximately 30 ms). All frames with RMS energies lower than a threshold value were

every frame k as:

considered silent. Silent frames were not cut altogether, but only those with continuous silence longer than 500 ms were
removed. To prevent speech regions from being fragmented by sudden silence boundaries, the time-frequency mask of silence

was smoothed with morphology.

After silence filtering, each cleaned recording was split into 10 equal nonoverlapping segments of the same length. Based on
the 37 original recordings, we obtained a total of 370 labels speech segments. The class label (PD or HC) of the corresponding
subject was assigned to each segment. Data augmentation was not used. This preprocessing continued with the aim of

providing a standardized repetition that would form the basis for further feature extraction and classification.
3.3 Feature Extraction

To capture Parkinsonian speech, five mutually orthogonal representations of features were generated. These parameters

represent the acoustic, dynamic, dysphonia-related and nonlinear characteristics of speech signals.
3.3.1 Conventional Acoustic—Spectral Speech Features (CASSF)

The CASSF feature set is taken as an input acoustic vector of speech in all systems. It comprises time-domain energy features
like the zero-crossing rate (ZCR) and RMS energy; spectral attributes encompassing the spectral centroid, spectral bandwidth
and spectral roll-off, mel-frequency cepstral coefficients (MFCCs 1-13), and harmonic chromatic features (Chroma 1-12) [23]
. In total, CASSF consists of 30 features and represents a benchmark for comparing advanced feature representations.

3.3.2 Statistically Pooled Acoustic—Dynamic Speech Features (SP-ADSF)

The SP-ADSF representation highlights the temporal dynamics of speech with statistical summarization. Features Static
MFCCs and their first order delta (A) and second-order delta-delta (AA) derivatives were computed and summarized with
mean/standard-deviation statistics [24],[25]. For a featute at frame-level f, we calculate pooled statistics as:

Ur :% {=1ft @
Of = ’%Z?:l(ft - #f)z ©)
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where T'is the number of frames in the segment. The other pooled features are chroma descriptors, the fundamental frequency
(FO), the RMS energy and the ZCR. The final form of the SP-ADSF vector contains 108 features, and is representative of both

dynamic articulation and prosodic variation.
3.3.3 Hybrid correlation—nonlinear acoustic features (HCNAFs)

The HCNAF feature set was developed to model interfeature dependencies and nonlinear dynamics that characterize
neuromotor deficits. The linear-correlation-based features are MECC—pitch coupling, energy—pitch correlations, and pairwise
inter-MFCC correlations [10]. The correlation coefficients were computed as

_ cov(x,y)
pay = 222 @
The nonlinear indices used are the Hurst exponent, sample entropy, permutation entropy and detrended fluctuation analysis
(DFA) as well as measures from recurrence quantification analysis (RQA). The HCNAF consists of 99 features and is designed

to model complex relationships due to impaired neuromotor control.
3.3.4 Hybrid acoustic—dysphonia—nonlinear speech features (HADNSF)

We propose hybrid set of features called HADNSF, composed of acoustic, dysphonia related and nonlinear parameters. They
comprise Mel cepstral coefficients and their first and second order temporal detivatives, energy and its temporal detivative,
spectral moments and Chroma features. Furthermore, we included dysphonia features extracted using Praat software and a
shortened set of nonlinear features [26],[27]. In total, there are 118 features in the proposed set. We aimed to obtain features
that are clinically interpretable while being able to capture the nonlinear characteristics of the speech signals of persons with

PD.
3.3.5 Extended Geneva Minimalistic Acoustic Parameter Set (eGeMAPS)

The eGeMAPS feature set is a clinically validated baseline for the analysis of pathological speech. It includes pitch-based
features, formant and spectral shape descriptors, voice quality acoustical measures and energy statistics in the time domain
resulting in 88 features. All eGeMAPS features were extracted via openSMILE and were used as an acoustic representation of

reference for comparison [12].
3.4 Feature normalization

Prior to classification, all feature vectors were standardized via z score normalization (28], [29]:

z="F 5)

where p and o denote the mean and standard deviation computed from the training data only. The same normalization

parameters were applied to the test data to prevent information leakage.
3.5 Classification models

After training the classifier, the we performed the prediction step independently for each subject to evaluate performance at
the individual level. Because the speech input was segmented, the initial predictions took the form of individual segment
predictions. The posterior probabilities of each segment were then averaged across all subjects. Overall, averaging reduces the
variance between subjects, which can occur because of variations in demographics or other factors during data collection. In
doing so, the procedure enhances the accuracy and reliability of the prediction results while maintaining clinical relevance.
Lastly, the classification was performed for each individual subject through the application of a fixed decision threshold to the
averaged probabilities.

The ensemble probability was computed as:

1
pi =Y i p™ ©
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3.6 Subject-level evaluation protocol

For independent performance testing, predictions were assessed at the subject level after classifier training. Since speech signals
were segmented, initial predictions were obtained for each segment. Posterior probabilities were then aggregated across
segments for each subject. Mean probability aggregation was used to minimize subject-level bias. This step also improved the
clinical relevance of the findings. Final subject-level decisions are made by applying a fixed decision threshold to the aggregated
probabilities.

All the experiments were conducted via strict subject-wise cross-validation. All speech segments from a given speaker were
assigned exclusively to either the training or the testing fold in each trial. This evaluation strategy prevents record-linkage
leakage. It also provides an accurate estimate of the generalization performance on unseen subjects.

4. RESULTS AND DISCUSSION

In this section, we present the results for all eight of our classifiers for machine learning for Parkinson’s detection using various
features sets that contain acoustic features. All of our experiments were performed at the subject level to ensure that there is
no leakage in the tests and trainings sets. For all the experiments, the classification performance was measured in terms of
accuracy, precision, sensitivity, specificity, F1-score, and ROC-AUC. We believe that all the classification performance measures
are important for biomedical signal screening since the metrics account for both the magnitude of correct outcomes and the
discriminatory performance of the resulting model. All the feature sets used in the experiments were CASSF, SP-ADSF,
HCNAF, HADNSF, and eGeMAPS. The used classifiers were MLP, SVM, RF, LR, KNN, DT, NB, and Voting Ensemble
Classifier.

4.1 Performance comparison across feature sets

The best performing classifiers for each feature set according to the accuracy, F1 score, and ROC-AUC metrics are summarized
in the Table 1 below. From the results, it is evident that Naive Bayes showed its robustness and efficiency for most of the tested
feature sets including CASSF and HADNSF. In the contrary, the eGeMAPS feature set allows one to build linear classification

models with the highest accuracy, logistic regression being the most accurate algorithm for this feature set.

Table 1: Best Classifier Performance for Each Feature Set

Feature Set | Best Classifier Accuracy | F1-Score ROC-AUC
CASSF Naive Bayes 0.8378 0.8000 0.8750
SP-ADSF | Naive Bayes 0.7838 0.7333 0.8810
HCNAF Random Forest / KNN | 0.8108 0.7407 / 0.7586 | 0.8646
HADNSF | Naive Bayes 0.8378 0.8125 0.8958
eGeMAPS | Logistic Regression 0.8649 0.8276 0.8661

4.2 Classifier Wise Comparative Analysis

In order to judge the impact of feature selection process on the results independently, in Table 2 the best obtained subject level
accuracy for each classifier is presented. Even though the accuracies achieved by the ensemble and nonlinear classifiers are
indeed competitive, the probabilistic approaches were not consistently outperformed. Thus, the contribution of the selected
features plays a more significant role in comparison to the choice of the classifier itself.

Table 2: Overall Best Performance of Each Classifier

Classifier Best Accuracy | Best F1-Score | Best ROC-AUC | Feature Set
MLP 0.7838 0.7143 0.8363 eGeMAPS
SVM 0.8108 0.7879 0.8423 HADNSF
Random Forest 0.8378 0.8000 0.8571 eGeMAPS
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Logistic Regression | 0.8649 0.8276 0.86061 eGeMAPS
KNN 0.8108 0.7586 0.8646 HCNAF
Decision Tree 0.7568 0.7429 0.8631 HCNAF
Naive Bayes 0.8378 0.8125 0.8958 HADNSF
Voting Ensemble 0.8108 0.7586 0.8780 eGeMAPS

4.3 Statistical significance analysis
4.3.1 Wilcoxon signed-rank test

To judge the statistical significance of the observed differences in performance of the methods, the nonparametric statistical
tests were applied at the 5% significance level (« = 0.05) that is common for biomedical classification studies with small sample
sizes [30]. Specifically, to compare classifiers on the same feature set under similar experimental conditions, paired ROC-AUC
values between classifiers were evaluated using the Wilcoxon signed-rank test [31]. Despite the higher average ROC-AUC values
in different feature representations of the data, the Naive Bayes classifier did not show significant improvement over random
in any of the pairwise comparisons (p > 0.05 for all tests). This is possibly due to the relatively small number of pairwise
comparisons made (five feature sets) and the conservative nature of nonparametric statistical testing, both of which decrease
the statistical power. However, the observed trends are ranked the Naive Bayes classifier first in all the feature sets, surpassing
Decision Tree, k-Nearest Neighbors and Logistic Regression classifiers. This indicates that despite the lack of statistical
significance, Naive Bayes performed consistently against multiple classifiers using various feature representations. Its selection
as the best classifier is thus based on global indicators of the model performance, such as the ROC-AUC and F1-score rather
than on individual statistical significance. The p-values of the Wilcoxon signed-rank test are shown in Table 3 with naive Bayes
as the baseline classifier. All comparisons were done under a single experimental condition. Although no statistically significant
improvement was observed, the consistently superior performance of Naive Bayes across all feature sets supports the feasibility

and potential usefulness of this particular classifier.

Table 3: Wilcoxon signed-rank test results (ROC-AUC)

Reference Classifier | Compared Classifier | p-value (ROC-AUC)
Naive Bayes MLP 0.1562
Naive Bayes SVM 0.1562
Naive Bayes Random Forest 0.3125
Naive Bayes Logistic Regression | 0.0938
Naive Bayes KNN 0.0938
Naive Bayes Decision Tree 0.0938
Naive Bayes Voting 0.1562

4.3.2 McNemat’s test

We checked our prediction results with the HADNSF feature set using the McNemar's test for possible misclassification
discrepancies at an individual level [32]. The differences between naive Bayes and k-Nearest Neighbors (p = 0.0074) and
between Naive Bayes and Multilayer Perceptron (p = 0.0312) were found to be statistically significant. These results mean that
Naive Bayes leads to a significantly smaller number of misclassifications on the same subjects as compared to the other
classifiers. In particular, it prevents a higher number of false-negative errors, which is vital for identifying patients suffering
from PD who may need timely clinical attention. Comparisons with Logistic Regression were almost significant (p = 0.0625).
Random Forest, Decision Tree and voting ensemble classifiers, on the other hand, showed no statistically significant difference.
It is important to note that the decision boundaries of these models are not the same, but that their prediction distributions
overlap to some extent. Table 4 summarizes the results of the McNemar's test of the HADNSF feature set for subject-level
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predictions with Naive Bayes as reference classifier. Values that differ significantly (p<0.05) are identified as such and marked
in bold. Overall, the findings indicate that Naive Bayes exhibited a distinct misclassification pattern compared with kNN and
MLP, with fewer false-negative predictions observed in the evaluated subjects.

Table 4: McNemar’s test results for subject-level classifier comparisons using the HADNSF feature set.

Reference Classifier | Compared Classifier NB correct / | NB  wrong /| p-value
Other wrong Other correct
Naive Bayes KNN 13 2 0.0074
Naive Bayes MLP 6 0 0.0312
Naive Bayes Logistic Regression 5 0 0.0625
Naive Bayes Decision Tree 8 3 0.2266
Naive Bayes Voting 4 1 0.3750
Naive Bayes SVM 2 1 1.0000
Naive Bayes Random Forest 2 1 1.0000

5. CONCLUSION

In this study, we performed a comprehensive evaluation of different machine learning classifiers for detecting PD using various
acoustic feature representations on a subject-wise basis. As a result, it was found that both the feature engineering and the
choice of the classifier play a vital role in determining the accuracy of diagnosis. It was observed that Naive Bayes was the most
consistent and the highest performing algorithm across all the feature sets with an accuracy of 83.78%, an F1-score of 0.8125,
and the highest overall ROC-AUC value of 0.8958. However, the application of the Naive Bayes algorithm showed good
discriminative power for most of the considered feature sets. Therefore, for actual screening, when the feature set is not fully
predetermined, the second model could be more relevant. Considering all the calculations, it is possible to propose several
recommendations regarding the choice of the best classifier, configuration with accuracy-oriented considerations, and
generalizable approach for the case under consideration. Thus, the best-performing classifier was Naive Bayes, while the most
accuracy-oriented configuration was Logistic Regression with eGeMAPS features. Finally, the most generalizable solution was
Naive Bayes with HADNSF features. Based on the obtained results and detailed statistical analysis, it is possible to conclude
that the careful consideration of acoustic features along with the application of less complex algorithms could provide more
reliable and accurate results than advanced configurations of probabilistic models. Moreover, the current research demonstrated
that the Naive Bayes approach could be a suitable and computationally efficient method for the initial screening of PD. Finally,
the results of the study prove that the subject-oriented approach to the feature selection could be successfully applied in
subsequent studies of speech analysis.

6. LIMITATIONS AND CLINICAL RELEVANCE
6.1 Limitations

The results are good so far, at the same time it is important to report the following issues. For one, we used a small set of public
data which may not represent the large and very diverse clinical population. Also, we did not pay special attention to language
variables and differences in recording settings and microphone quality which may have played a role in the results. Also the
study looked at binary classification only and did not look at the degree of disease or the disease’s progression over time. Also,
we did not look into deep learning methods which may have improved results above what we got with tailored features.

6.2 Clinical relevance

From a clinical perspective, it is of great importance that PD be detected early and accurately, which in turn improves patient
care [33]. We put forward an approach which focuses on high sensitivity which at the same time maintains an acceptable level
of specific performance thus greatly reduce false negatives which is a great need in a screening setting. Also, the Naive Bayes
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classifier’s probability based and, easy to interpret features improve clinical transparency and trust which in turn makes it very
much a fit for use in clinical decision support systems. We put forth a method which is also very efficient from a computation
point of view and at the same time very robust which makes it a perfect fit for telemedicine platforms, mobile health apps and
low-income settings. That said the system is not to be used for a clinical diagnosis but to serve as a prescreen which will help

clinicians to identify which individuals require more in depth neurologic work up.
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