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Abstract

Parkinson's disease (PD) is a neurological movement disorder that remains difficult to
diagnose, although it affects millions globally. Early diagnosis can lead to more effective
and improved patient outcomes. Diagnosis through traditional methods is subjective and
often lacks transparency, raising concerns about reliability. In this study, the CRISP-DM
framework was applied to compare eight ML algorithms, including Random Forest and
Support Vector Machine (SVM). Recursive Feature Elimination (RFE) was used to
preprocess, balance, refine the data and find the eight most predictive vocal features. With
195 recordings coming from the UCI Parkinson’s Speech Dataset, which contains voice
measurements from 31 individuals (23 with PD and 8 healthy controls), Random Forest
(Entropy) had the best performance (F1 = 96.6%, ROC AUC = 0.98). Explainable Al tools
(SHAP and LIME) were integrated, allowing both global and instance-level understanding
of model predictions thereby identifying measures of pitch variability (MDVP: RAP,
spreadl, PPE) as key predictors of PD. This research contributes to the practical
deployment of reliable, transparent PD prediction tools in real-wotld medical settings,
supporting early diagnosis and improved patient care. This raises the issue of the urgent
need to detect PD eatly among Africa's aging populations to help protect the cultural
heritage contained in the voices of the elders. this research contributes to the practical
deployment of reliable, transparent PD prediction tools in real-wotld medical settings,
supporting early diagnosis and improved patient care. Future work should embark on
validating these findings over much more varied cohorts, integrating additional data
modalities (e.g., gait, imaging), and enhancing model robustness. Real-time speech analysis-
based tools, in the end, will allow remote screening, early intervention, and tailored care.

Keywords: Parkinson’s Disease (PD), Machine Learning (ML), Artificial Intelligence (AI),
Explainable Artificial Intelligence (XAI), Prediction

1. INTRODUCTION
Parkinson's disease (PD) affects mostly people of the older generation [1], and in

many African societies, older people go beyond family. The elderly are living
libraries of community history and tradition, along with moral guidance [2]. As
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soon as the traditional elderly slowly fade out of action or die too soon because of
complications related to PD, the entire community has lost its main custodians of
language, proverbs, stories, and ritual knowledge kept orally and passed down for
generations [3]. This culture isn't just academic; it erodes social ties as tites of
passage, dispute reconciliation customs, and even forms of traditional healing
often draw upon the wisdom of senior members [3]. Economically, more
caregiving duties fall on families; they spend time on and resources away from
education or income-generating schedules [4]. Emotionally, the absence of
grandparents and great uncles in the home disrupts the cross-generational linkages
and transmission of values like respect, reciprocity, and communal responsibility
[5]. In summary, Parkinsonism in the eldetly constitutes dimensions beyond the
mere health of the individual; it threatens continuity into cultural identity and social
stability in African communities. In numerous African societies, elders are more
than relatives; they are custodians of oral history, moral instruction, and fostering
community cohesion [3]. The accelerated PD related attrition of these individuals
thus severs the intergenerational flows of cultural identity, norms of conduct, and
traditional healing practices.

Parkinson's disease, a progressive movement disorder characterized by tremors,
stiffness, and impairment with balance and coordination [6], [7] is a global
healthcare burden of ranking next only to Alzheimer's among neurodegenerative
disorders, normally affecting persons aged 50 and above, with a projected increase
in cases [8]. It has caused a significant strain on healthcare systems [9]. Apart from
the deterioration of quality of life for the patients due to disabling motor symptoms
(tremor, rigidity, slowness of movement, postural instability and difficulties with
balance) and non-motor symptoms (mental health problems, sleep disturbances,
digestive issues, and sensory changes) this disease has high economic and social
costs, particularly in low- and middle-income countries with limited resources [10].

The World Health Organization (WHO) has recognized PD as an increasing health
burden of rising importance, requiring early detection and management
approaches [11]. However, with traditional methods, early detection continues to
be a major challenge due to the subtly of PD symptoms and the subjectivity of
clinical diagnosis [12].

The diagnosis of PD primarily relies on clinical assessment by movement disorder
specialists [13], involving subjective evaluations of motor symptoms, disease
history, and clinical examinations which are hard to differentiate from other
diseases such as Multiple System Atrophy (MSA), Pro-Gressive Supranuclear Palsy
(PSP) and Huntington’s Disease [14], [15], [16]. This subjectivity can lead to wrong
diagnoses and treatments [9], [17].
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The lack of definitive biomarkers in PD diagnosis, unlike some other diseases (e.g.,
Alzheimer's disease), makes PD diagnosis harder [9], [18], [13]. The diagnosis relies
on a constellation of symptoms and observations rather than a definitive test [19],
[11]. Standard clinical assessments are expensive, time-consuming and may not
capture subtle changes in speech or movement patterns indicative of early-stage
PD [20]. Machine learning has emerged as a promising non-invasive technology
for predicting the risk and progression of PD [21].

Machine Learning and Al offer promising solutions by leveraging their ability to
analyze complex datasets and learn intricate patterns [8]. Machine Learning
algorithms can build predictive models from PD patient datasets to classify
between PD and healthy individuals [13]. These algorithms can analyze subtle
changes and complex patterns in various data modalities (such as speech, gait,
handwriting, or neuroimaging) that may elude human perception [12], [8], [19].
This leads to high diagnostic accuracies, often exceeding traditional methods for
instance in a study by [9], Support Vector Machine (SVM) achieved accuracies
ranging from 65.2% to 99.99%.

Non-Invasive Detection is made possible, ML. models can process and intergrate
complex, non-invasive data modalities like speech/voice recordings, gait patterns,
handwriting patterns, and even health screening data [12], [11], [22]. These can
reveal subtle changes indicative of early-stage PD that are often overlooked in
traditional assessments [13], [11], [19]. According to [12], [11] and [13] speech
impairment is a common and early non-motor symptom of PD, making speech
analysis a valuable tool for eatly detection and monitoring.

Explainable AI methods such as SHAP (SHapley Additive exPlanations) and
LIME (Local Interpretable Model-agnostic Explanations) improve interpretability
by providing insights into “why”” a model makes a particular prediction [14], [23].
This allows healthcare professionals to understand the decision-making process,
fostering trust and facilitating clinical adoption as many advanced ML models,
particularly deep learning, can be "black boxes", lacking transparency [14].
Explainable Al can highlight the specific features whether in speech or brain
regions that contribute most to the model's decision, making the diagnosis
evidence-based and interpretable for clinicians [1], [14].

Machine Learning provides the possibility of automated diagnosis using various
PD biomarkers such as voice abnormalities, posture analysis in gait, brain imaging
like Magnetic Resonance Imaging (MRI) and Positron Emission Tomography
(PET) [23], [24], [25]. A significant advantage of ML is its ability to identify relevant
features that are not traditionally used in clinical diagnosis, paving the way for new
biomarker discovery in PD prediction [19], [26], [27] supporting clinical decision
making while enabling early diagnosis [6], [7], [28].
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However, only a few preliminary studies in small and clinically heterogenous cases
have been reported [29], [30]. This highlights the lack of large and clinically well-
characterized examinations of voice impairment in the prediction of PD; therefore,
a lack of comparative analysis of algorithms. While the use of ML in healthcare
continues to grow, the demand for transparency and interpretability in ML models
is also growing [23]. Explainable Al (XAI) techniques, such as SHAP and LIME,
have shown promise in explaining the decision-making processes of complex
models, thereby producing confidence among both clinicians and patients [31],

[7]-

This study aims to establish a detailed comparative analysis of various ML
techniques, such as Logistic Regression (LR), Decision Trees (DT), Random
Forest (RF) Gini, Random Forest (RF) Entropy, Support Vector Machines (SVM),
K-Nearest Neighbors (KNN), Gaussian Naive Bayes (GaussianNB), Bernoulli
Naive Bayes (Bernoulli NB), Voting Ensemble, alongside XAl approaches SHAP
and LIME for the efficient predicting PD on voice biomarkers. These eight
algorithms were used to guarantee a balanced approach in measuring predictive
power, interpretability, and methodological variance. Logistic Regression and
Linear SVM, among others, were linear candidates.

Then we had tree ensemble types, including Random Forest, Gradient Boosting,
XGBoost, and LightGBM, followed by instance-based and probabilistic paradigms
provided by K-Nearest Neighbors (KNN) and Naive Bayes. This variety helped
the study to capture the essence of different paradigms from simply linear decision
boundaries to sharply non-linear and hierarchical relationships within the voice
and demographic data. Using an array of algorithms served two purposes: first, to
benchmark performances to ensure that success in prediction was an advantage
that could not arise from just any single modeling approach; and second, to discern
which model family handled best the complex, possibly correlated, and high-
dimensional nature that Parkinson’s-themed features potentially exhibit. This gave
us an advantage in robustness, trustworthiness, and yielded increased insight into
how differently model architectures would react to one and the same medical
dataset.

To ensure that model predictions were transparent and clinically interpretable, two
complementary XAl methods, SHAP and LIME, were employed. Using SHAP,
one could explain feature importance globally and locally, with a solid
mathematical foundation from the Shapley value concept, thereby giving a fair
attribution to how each feature might have contributed to the output of the
models. This allowed researchers to identify the voice or demographic features that
always influenced predictions across the dataset. LIME works in conjunction with
SHAP by providing a local explanation for individual predictions through simple
and interpretable local surrogate models, which allow physicians to understand the
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reasoning behind a prediction for a particular patient. Thus, the combined
application of SHAP and LIME makes the system more trustworthy by offering
high transparency at the population level and clarity at the individual patient level-
a requirement for placing Al models in real-world medical decision-making.

By evaluating the performance and interpretability of each model, this paper seeks
to fill the existing voids in the literature. The results will help researchers and
medical practitioners in choosing the best predictive models, leading to earlier
interventions and better patient care.

2. METHODS

This study used the Cross-Industry Standard Process for Data Mining (CRISP-
DM) [32] as a systematic framework for developing, evaluating, and deploying the
prototype. Its six phases- Business Understanding, Data Understanding, Data
Preparation, Modeling, Evaluation, and Deployment form a stringent and
repeatable process.

The objective was to develop a comparison of ML models, create a reliable
classification model capable of distinguishing between subjects with PD and
healthy subjects based on vocal biomarkers, and to make explanations of each
prediction transparent. This would foster rapid, non-invasive screening done in
clinical sites to augment neurologists. While in the data understanding and cleaning
phase, the dataset used was created by Max Little of the University of Oxford,
in collaboration with the National Centre for Voice and Speech,
Denver, Colorado. The dataset was obtained from Kaggle, a widely recognized
platform within the data science community.

In data understanding and cleaning, the dataset went through screening to find
missing values, mismatched formats, and duplicate records- none of them were
found, and no nulls were recorded. While imputation & treatment of outliers was
not applicable as all features were numerical and preserved extreme values for
model sensitivity. In the Data Preparation stage, Recursive Feature Elimination
(RFE) with a random forest base estimator reduced 22 original features into the
most predictive eight (MDVP: Fo(Hz), MDVP: Fhi(Hz), MDVP: RAP, Shimmer:
APQS5, MDVP: APQ), spreadl, spread2, PPE). Recursive Feature Elimination was
used as it selects the most important original features by recursively removing the
least useful features based on a model that allows tools like SHAP and LIME to
directly explain how those features influenced predictions.

For class balancing, the Synthetic Minority Over-sampling Technique (SMOTE)

was used to match numbers for each class between Parkinson's vs healthy. While
for Feature scaling, the MinMaxScaler transformed all features into the [-1, 1]
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range to ensure stable convergence, especially for distance-based algorithms. In the
Data Partitioning phase, the Train/Test split, stratified into an 80/20 split,
preserved class proportions, which produce representative training and evaluation
sets. While 5-Fold Cross Validation was employed during hyperparameter tuning
on the training set.

2.1. ML Algorithms

Eight machine learning algorithms were chosen for this research so as to cover a
wide spectrum of operative methods, each serving distinct roles in handling
complex heterogeneous patterns for voice and demographic data in Parkinson's
disease prediction. Logistic Regression was included as a baseline linear model
because it is interpretable, efficient, and can produce probability estimates, which
tind utility in medical settings [33]. Support Vector Machines (SVM) with linear
kernels were chosen because finding the optimal separating hyperplanes in high-
dimensional feature space is vital, given that voice features may possess only subtle
discriminative signals [9]. Random Forest was incorporated as a strong ensemble
method able to deal with correlated features and non-linear relationships while
inferring feature importance inherently [9].

Gradient Boosting, XGBoost, and LightGBM were validated as advanced boosting
algorithms championed for their unprecedented predictive power, ability to detect
complex feature interactions, and good regularization that circumvents overfitting
[15], [9], [34]. K-Nearest Neighbors was included as a non-parametric technique
[21], [33], [9]. Lastly, Naive Bayes, with its generic probabilistic reasoning
framework and computation efficiency, can be used in an exploratory evaluation
despite its simplistic assumption of independence among attributes [13], [6]. Such
a methodological range allowed for complete benchmarking in the realms of linear,
probabilistic, distance-based, and ensemble paradigms, thereby giving even more
strength to the evaluation and allowing insight into which model families are best
suited to Parkinson's disease voice-based classification tasks.

2.2. Exploratory Data Analysis (EDA)

Exploratory Data Analysis (EDA) helps understand the structure, distribution, and
characteristics of data before ML techniques are used [12]. In the case of detecting
PD, EDA helps bring out potential unique voice patterns that may suggest
neurodegenerative symptoms [12]. This primary step is fundamentally concerned
with finding correlations, detecting outliers, ensuring the quality of data, and
choosing significant features for model training.

In this study, EDA techniques were used in the analysis of the PD Voice Dataset,
available publicly from the UCI Machine Learning Repository, and originally
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prepared by Max Little and co-researchers. The dataset enables the study of voice
features that may be affected somehow by PD and thus may serve as non-invasive
biomarkers.

2.3. Parkinson’s Disease Voice Dataset

The dataset was created by Max Little of the University of Oxford, in collaboration
with the National Centre for Voice and Speech, Denver, Colorado, who recorded
the speech signals. The original study published the feature extraction methods for
general voice disorders. There are a total of 195 recordings in the dataset from 31
subjects, among whom 23 were diagnosed with PD and 8 were healthy controls.
Multiple recordings (about six per subject) ensure a strong sample for each subject
while capturing intra-subject variability. Hach observation in the dataset
corresponds to one voice recording, while subjects are kept anonymous by
assigning unique identifiers in the name column. The target variable, status, marks
the health condition: “0” for healthy and “1” for PD-affected. The data is
formatted as ASCII CSV. Each row of the CSV file represents a distinct voice
recording instance. Each patient has approximately six recordings, with the
patient's name listed in the first column. The dataset includes 22 voice-related
features, all of which are continuous and derived from signal processing techniques
designed to quantify various aspects of vocal function.

2.4. Dataset Limitations

While the dataset provides a rich set of 22 voice-related features extracted from
established signal processing methods, a few limitations may undermine the
generalizability and robustness of results. First, the database carries only 195 voice
recordings of 31 individuals (23 diagnosed with Parkinson’s and eight healthy
controls). Although multiple recordings per subject-Normally, six-in some ways,
allow capturing intra-subject variability, the small number of unique participants
remains limiting from a statistical standpoint, affecting the robustness of results
and increasing the chances of overfitting. For machine learning in particular, this
is important, as models might learn speaker-specific cues instead of generalizable
disease markers and therefore will not be able to perform well on entirely new
patients.

Second, there is also an imbalance in the number of classes within the dataset since
we have many more recordings from patients with Parkinson’s than healthy
controls. This could also bias a model toward predicting the majority-class label
and deceptively inflate accuracy measures at the expense of poor sensitivity or
specificity for the minority-class group. Besides, the dataset does not contain
demographic markers such as age range, gender, ethnicity, and linguistic
background, which limit the assessment of whether the models perform fairly for
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different populations. This lack of diversity in the training data implies that the
trained models may not be able to generalize well to clinical environments,
especially socio-linguistically or culturally distinct ones.

Above all, as all the recordings were carried upon certain protocols, in association
with the National Centre for Voice and Speech, the setting might not be
representative of the varied real-world clinical or community-oriented settings. The
actual model performances would vary depending on background noises,
differences in recording equipment, and types of speech tasks, when deployed
beyond the controlled environment. All these stress the importance of validating
the models on larger and more heterogeneous and ecologically varied datasets
before binding into the clinical context.

2.5. Data Preprocessing
1) Data Cleaning & Type Conversion

Text Removal: The “name” column (an ASCII identifier) and any non-numeric
tields were dropped, leaving only the 22 numerical voice measures plus the binary
“status” label. Missing Values: A quick check confirmed there were no nulls in the
published dataset, so no imputation was required.

2) Exploratory Outlier Detection

Distribution & Boxplots: We plotted histograms (through Seaborn’s distplot) and
boxplots for each feature to visualize skewness and identify extreme values. While
isolated outliers were noted, we elected 707 to clip or remove them both because
PD can manifest as extreme deviations in voice measures, and because tree-based
models tend to be robust to a few outliers.

3) Class Imbalance Correction

RandomOverSampler: Since only 23 of the 31 subjects had PD (and each
contributed multiple recordings), the positive class was undersampled. We
applied imblearn’s RandomOuverSampler to synthetically rebalance the two classes,
bringing the PD and healthy-control counts into parity so that downstream
algorithms would not be biased toward the majority class.

4)  Normalization
Min—Max Scaling to [-1, +1]: All features were then subjected to scaling with

sklearn's MinMaxScaler fitted for the range [-1, +1]. Such a choice keeps the sign
of deviation intact (say, pitch vs. jitter) and ensures all features share the same
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dynamic range—very important to distance-based learners (KINN) and gradient-
based optimizers.

5) Feature Selection as Implicit Noise Reduction

Recursive Feature Elimination: Finally, to reduce dimensionality (and implicitly
remove any noisy or redundant features), we ran RFE atop a RandomForestClassifier,
which independently selected the top eight most informative voice measures which
were:  MDVP:Fo(Hz), MDVP:Fhi(Hz), MDVP:RAP, Shimmer:APQ5,
MDVP:APQ, spreadl, spread2, PPE. This step both denoises and focuses the
models on the features that contribute most to PD discrimination.

T-Tests were performed to analyse the statistical differences between the controls
and PD groups on voice features. The T Statistics output was used to show how
many standard deviations a coefficient estimated for a particular feature deviate
from zero, thereby determining whether the observed effect of a feature is
statistically significant or not. A greater absolute value of T Statistic corresponds
to stronger evidence against the null hypothesis (i.e., the feature has no effect).
Tests were focused generally, on features influenced by PD. We also carried out
the analysis of p-values. The P-value represents the probability of observing the
observed data (or data that is most extreme) under the assumption that the null
hypothesis is true. Here, the null hypothesis is that the feature does not have
predictive power for PD. A smaller p-value thereby provides evidence stronger
against the null hypothesis that the feature is statistically significant.

The t-test formula, as delineated in equation (1), contrasts the means of these
features between the control group ((x_1)) and the PD group ((x_2) ). The pooled
variance ( [$*2] _pooled) and the sample sizes (n1 for control and n2 for PD)
are taken into account to yield a reliable assessment of the difference. Equation 1
is t-test formula.
= X1-X2
£ T 0

2 =X
spooled (n1+n2)

The analysis revealed features with substantial disparities between the groups.
Using scipy.stats library in Python, we performed t-tests and found the P-values
on each feature, Figure 1 summarizes the features.
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Feature T-Statistic P-Value

PPE .670090 .764318e-23

spreadl .634675 .769224e-21
MDVP:APQ .997860 .367273e-16
MDVP:Shimmer .760778 .063701e-15
Shimmer:APQ5 .444370 .484820e-15
MDVP:Shimmer(dB) .301212 .877836e-14
Shimmer:APQ3 .006212 .085105e-13
Shimmer:DDA .005909 .087111e-13
spread2 .893844 4.338049e-12
MDVP:Jitter(Abs) .329263 .031183e-12
MDVP:PPQ .534506 .548357e-10
MDVP:Jitter(%) .958777 .238820e-08
MDVP:RAP .940800 .301332e-08
Jitter:DDP .939955 .307021e-08

HNR .059180 .424910e-08

D2 .537329 .685350e-07

RPDE .726823 .716703e-06
MDVP:Fo(Hz) .557506 .657782e-05
MDVP:Flo(Hz) .310337 .585434e-05
NHR .865849 .545708e-04

DFA .420746 .633778e-04
MDVP:Fhi(Hz) .234874 .843106e-02

N ORONONNRRRBRUNDBDRERRREORWERO®

Figure 1. Statistically Significant Features for Parkinson's Disease Detection

We computed Pearson's correlation coefficient and Spearman's rank correlation
coefficient to study the relation of features of voice with the status of PD. The
relationship between the voice characteristics and this status was assessed in terms
of direction and strength, where the linear association was well described by the
Pearson correlation and the monotonic (likely non-linear) relationships by
Spearman rank correlation. The paired use of these methods was also prompted
by the assumption that voice features' distribution may depart from normality. The
mathematical definitions for Pearson's and Spearman's correlation coefficients can
be seen in Equations (2) and (3), respectively. We confined our analysis to features
with absolute correlation coefficients above the a priori defined threshold of 0.3
taken to denote stronger associations with PD status. Such features are likely to
stand up as very informative in discriminating between individuals suffering from
PD and healthy controls.

The results in Figure 2 summarize the correlation of selected voice features with
PD status. Vocal variability features, such as those describing jitter and shimmer,
tended to correlate positively with the disease, suggesting that the increased pitch
and amplitude perturbation could be an indicator of the disease. In contrast,
MDVP: Fo (Hz) contrasted with MDVP: Flo (Hz), which showed a negative
correlation with the measurements taken. Equation 2 and 3 are Correlation used

in this study.
e 20 )i 30 @

noyoy
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1 n(n2-1) )
Where:

x; and y; are the individual sample points.

X and ¥ are the means of the sample points.

d; is the difference between the ranks of corresponding elements
n = number of data points

0, = standard deviation of feature_data

0y = standard deviation of target_subset

Figure 2 shows the results of how Pearson correlation coefficients were plotted
between features in the dataset and the target variable status, which denotes a
healthy (0) status or PD (1). Pearson correlation estimates the strength and
direction of the linear relationship between continuous variables. Some features
exhibit moderately strong positive correlations with PD status: spreadl (0.5648),
PPE (0.5310), and spread2 (0.4548), indicating that these nonlinear measurements
of fundamental frequency variation tend to increase among those with PD. In
contrast, MDVP: Fo(Hz) (—0.3835), MDVP: Flo(Hz) (—0.3802), and HNR
(—0.3615) have negative correlation coefficients, indicating that individuals with
PD tend to have low fundamental frequency values and low harmonic-to-noise
ratios, which reflect voice clarity. The significance of these observations is to
highlight which parameters greatly influence vocal features related to the presence
or otherwise of the disease.

=== Pearson Correlation with 'status' ===
status 000000
spreadl 564838
PPE 531039
spread2 454842
MDVP:Shimmer 367430
MDVP:APQ 364316
Shimmer:APQ5 351148
MDVP:Shimmer(dB) 350697
Shimmer:APQ3 347617
Shimmer:DDA 347608
D2 340232
MDVP:Jitter(Abs) 338653
RPDE 308567
MDVP:PPQ 288698
MDVP:Jitter(%) 278220
MDVP:RAP 266668
Jitter:DDP 266646
DFA 231739
NHR 189429
MDVP:Fhi(Hz) -0.166136
HNR -0.361515
MDVP:Flo(Hz) -0.380200
MDVP: Fo(Hz) -0.383535
Name: status, dtype: float64

[

0.
0.
0.
0.
0.
0.
0.
0.
0.
0.
0.
0.
0.
0.
0.
0.
0.
0.

oo

Figure 2. Pearson’s Correlation to PD Status
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Figure 3 portrays the Spearman correlation coefficients between the said features
and the PD status. An important motion stands apart-and that ,Spearman's
correlation captures monotonic relationships which need not be linear but must
be consistently increasing or decreasing (such as in this case). This feature makes
it particularly useful when monitoring associations with non-normally distributed
or ordinal data. Spearman reconfirms the importance of PPE and spreadl merit,
with both achieving a pronounced value of 0.5924 when computed through
Spearman.

=== Spearman Correlation with 'status' ===
status 1.000000
PPE .592373
spreadl .592373
MDVP:APQ .486314
spread2 .468020
MDVP:Jitter(Abs) .435938
MDVP:PPQ .428585
MDVP:Shimmer(dB) .425419
MDVP:Shimmer .421917
MDVP:Jitter(%) .414412
Jitter:DDP .413987
MDVP:RAP .413255
NHR .407642
Shimmer:APQ5 .402777
Shimmer:APQ3 .380254
Shimmer:DDA .380042
D2 .335629
RPDE .309193
DFA .223541
MDVP:Fhi(Hz) .260974
MDVP:Flo(Hz) .294389
MDVP:Fo(Hz) .299465
HNR .355086
Name: status, dtype: float64

0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0

Figure 3. Spearman Correlation to PD Status

2.6. Modeling and Its Metrics Selected

We evaluated eight machine learning algorithms, each selected for its unique
and complementary strengths:
1) Logistic Regression — a simple linear baseline model, valued for its
interpretability through coefficient analysis.
2) Decision Tree — provides human-readable, rule-based splits, making the
decision process transparent.
3) Random Forest (Gini & Entropy) — an ensemble method that reduces
variance, improves generalization, and offers built-in feature importance.
4)  Support Vector Machine (SVM) — effective for high-dimensional datasets
and capable of handling complex decision boundaries.
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5) K-Nearest Neighbors (KNN) — a straightforward, non-parametric,
instance-based method that adapts well to varied data distributions.

6) Naive Bayes (Gaussian & Bernoulli) — fast, probabilistic classifiers that
assume feature independence, well-suited for text and categorical data.

7) Voting Ensemble — combines multiple classifiers to enhance robustness
and stability of predictions.

Model performance was assessed using multiple metrics, including accuracy,
precision, recall, F1-score, ROC-AUC, and confusion matrices. These measures
allowed us to capture not only overall correctness but also trade-offs between false
positives, false negatives, and overall classification balance.

2.7. Explainability and Tool Analysis

In this study, the two most popular XAl methods were employed: SHAP and
LIME, which try to explain the reasons behind a particular decision by a ML
model. SHAP is an instance where it draws from the theory of Shapley values in
cooperative game theory, in which each "player" contributes to a team outcome
[11]. Here, each feature in a dataset assumes the role of a "player," and the "game"
outcome equates to the model output. Thus, by calculating the Shapley values,
SHAP attributes an equitable score of contribution to each feature to depict how
much each feature either forces the prediction upwards or downwards. LIME, on
the contrary, tries to fit a simple local model around a prediction of interest to
understand which features are present and more influential in that neighborhood
[35]. These two tools, therefore, allow practitioners to gain an understanding and
trust of the model, with SHAP giving a global importance of features and LIME
explaining the model on an instance level. Cooperative game theory provides the
means for calculating the model's Shapley value, which can be determined in
Equation 4.

ISI'(FT—IS] = D!
®i= D, Tl [fsumGsum) —fsxe)] @)
SR\

Where
¢;: Shapley value for feature i.
S: Any subset of F \ {i}, where F is the set of all features.
|S|: Cardinality (number of elements) of subset S.
|F |: Total number of features.
fSU{i} (xsU{i}): The output of the model when feature i is added to subset S.
fs(xs ): The output of the model with subset S of features.
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SHAP provides visualization for how each variable can affect the predictions. For
every feature, a contribution score is calculated that reflects how that feature
influences the output of the model, and these contribution scores are weighted and
summed to show an overall effect of which features matter the most. By
decomposing the predictions into separate contributions for every feature, SHAP
provides a comprehensive view of how the model is using the information; this
makes it simple to identify inputs that yield correct results. For clinicians, this
means that they can easily recognize the key voice measurements that the model
relies on and can investigate how different features may cooperatively affect the
tinal decision. By strictly following CRISP-DM and combining state-of-the-art
Explainable Al methods, this methodology delivers both high predictive
performance and transparent decision support, facilitating clinical trust and
adoption.

3. RESULTS AND DISCUSSION
3.1. Experiment Performance

The correlation heat-map (Figure 4) reveals how the various acoustic markers
extracted from sustained vowel recordings move together, and why they matter for
spotting PD. Bright red blocks along the diagonal and clustering around the “jitter”
and “shimmer” groups show that different measures of frequency perturbation
(e.g., MDVP: Jitter(%0), RAP, PPQ) and amplitude variation (e.g., Shimmer: APQ5,
Shimmer: DDA) are almost interchangeable: when one increases, so do the others,
because they all quantify subtle instability in vocal fold vibration. In contrast, the
strong blue band linking those jitter/shimmer features with HNR reflects that as
irregularity rises, the harmonic purity of the voice falls—a classic hallmark of
dysphonia in Parkinson’s. Moderately positive correlations between features like
PPE or spreadl and the disease “status” variable indicate that more irregular pitch
patterns and wider frequency spread tend to coincide with a Parkinson’s diagnosis.

These patterns emerge because neurodegenerative changes disrupt the fine motor
control of vocal muscles, leading to tremor-like fluctuations (captured by
jitter/shimmer) and a noisier, less harmonic speech signal (captured by HNR and
entropy measures). By visualizing these relationships, we can identify redundant
features for removal and focus on those that uniquely capture the vocal
impairments most predictive of Parkinson’s hence our choice of the eight RFE-
selected features (e.g.,, MDVP: Fo(Hz), MDVP: RAP, Shimmer: APQ5, spreadl,
spread2, PPE). Each of these contributes non-redundant information: for instance,
MDVP: Fo(Hz) and MDVP: Fhi(Hz) capture baseline pitch characteristics, RAP
quantifies rapid frequency fluctuations, Shimmer: APQ5 measures amplitude
irregularity, and entropy-based spread and PPE metrics capture overall voice
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complexity. Together, they form a concise, orthogonal feature set that maximizes
predictive power while avoiding multicollinearity.

MOVP Fo(Hz)
MOVPJitter(%)

MOVPJitter(Abs)

MOVP-RAP

R

Figure 4. Correlation heatmap

The analysis of the voice dataset for predicting the disease of Parkinson generates
some important facts about the association between vocal biomarkers and the
existence of the disease. The heat map of feature correlations indicates that
numerous voice features interrelate highly with one another, as can be observed
mainly from subgroups like jitter, shimmer, and amplitude perturbation measures.
These features highlight the most subtle variations of voice frequency and
amplitude that increase with the presence of motor impairment from which
patients with Parkinson's suffer in the control of vocal cords. For example,
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attributes, such as "MDVP: Shimmer", "Shimmer: APQ3", and "Shimmer:
APQS5", possess extremely high positive correlation (>0.95); that means
redundancy among the variables. This strong case of multicollinearity is found in
any case of bio-medical voice analysis because most of the measures ate
physiological phenomena that have overlapping characteristics.

On the correlations between features and the dependent variable: status case that
denoted whether a patient suffers from PD prudently, the bivariate dependence
showed some moderately strong correlations with the following features:
"spreadl,” "Shimmer; APQ5," and "PPE." These are features that involve non-
linear measures indicative of the complexity and irregularity of the voice signal,
which are relatively known to increase with neurodegenerative deterioration. Their
conspicuous correlations with disease status indicate their predictive significance.
Among these would be features like "HNR," which means that as the HNR lowers
from 15 to 14.4, the known relationship about status directly reduces the chances
of Parkinson's. This goes parallel with the literature that in the presence of
Parkinson’s patients, voices tend to be hoarse and are more breathy.

The strong clusterings presented in Figure 4 features justify the feature selection
scheme adopted in this study. Recursive Feature Elimination is employed to
eliminate redundancy and to allow for the most significant predictors. The most
recently selected features- "MDVP: Fo(Hz)," "MDVP: Fhi(Hz)," "MDVP: RAP,"
"Shimmer: APQ5," "MDVP: APQ," "spreadl," "spread2," and "PPE" were
selected not only because they are statistically relevant but also because of
biological significance and less redundancy as well. A sizable mixture of frequency-
related, amplitude-related, and complexity terms related to voice characteristics of
a patient clinically linked to the undetlying pathology of Parkinson's can be
gathered using these features.

Opverall, it can be said that the attributes of the voice signal are very effective, non-
invasive or less invasive methods of diagnosing PD. Healthy, strong correlation of
features as well as their relationships with disease status supports the strength of
the predictive model concerned. Added to this apparent growing research trend is
the utilization of speech analysis as a viable eatly diagnosis tool that would allow
for accessible diagnosis of PD at an early stage.

3.2. Validation

In this study, each classifier was rigorously validated using an 80/20 train-test split,
ensuring that models learned from one portion of the data and were evaluated on
entirely unseen voice recordings. Eight algorithms; LR, DT, RF (with both Gini
and Entropy criteria), SVM, KNN, GaussianNB and BernoulliNB, and a hard-
Voting Ensemble were trained on 80% of the RFE-selected, scaled features and
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then tested on the remaining 20%. Previously mentioned hold-out testing was used
before 5-fold cross-validation during hyperparameter tuning for every model in
order to maximize average ROC-AUC across folds by tweaking tree depth,
regularization strength (C), and number of neighbors. Finally, accuracy, precision,
recall, F1-score, and ROC AUC were estimated on the test set, giving the highest
predictive accuracy with the RF (both Gini and Entropy). Confusion matrices
further revealed how often each algorithm correctly distinguished Parkinson’s
from healthy subjects, and SHAP- and LIME-based explanations on test samples
confirmed that the top-ranked features (e.g., MDVP:RAP, Shimmer:APQ5, PPE)
consistently drove model decisions. This multi-metric, cross-validated approach
provides strong evidence that our selected voice biomarkers and chosen classifiers
generalize well to new patients. We were able to gain important insights into the
relative value of features by utilizing Local Interpretable Model-Agnostic
Explanations (LIME) as shown in Figure 5.

Figure 5. Feature explanation using LIME

This LIME chart (Figure 5) is a local, instance-level explanation showing which
voice features drove the model’s decision toward predicting Parkinson’s for one
particular patient. Each horizontal bar represents a simple rule (e.g. “spread2 < —
0.32” or “MDVP:Fhi(Hz) > —0.44”), and its length reflects how strongly that rule
pushed the prediction toward the Parkinson’s class. The topmost rule—spread2 <
—0.32—had the largest impact, meaning this patient’s low “spread2” value was the
single strongest indicator. Next came a relatively high fundamental-frequency
maximum (MDVP:Fhi(Hz) > —0.44), a mid-range pitch-period entropy (-0.74 <
PPE < —0.52), and a similar interval on “spreadl.” Features further down the list
(e.g. “MDVP:Fo(Hz) > 0.34” or “Shimmer:APQ5 between —0.90 and —0.84”)
made smaller but still meaningful contributions. Taken together, these eight rules
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explain exactly why, for this voice sample, the RF model tilted in favor of a
Parkinson’s diagnosis, highlighting specific acoustic thresholds that most strongly
influenced the local probability.

SHAP Waterfall (Sample 0, class 1)
fix) =0.83
1

0.002 = MDVP:RAP

-0.1

-5.436 = spread1 +0.04

119.056 = MDVP:Fo(Hz)
0.009 = MDVP:APQ
125.213 = MDVP:Fhi(Hz)

0.255 = spread2

1

1 1 1 1 1 1 1 1
0.775 0800 0825 0850 0875 0900 0.925 0950
ETRX)] =0.752

Figure 6. Feature explanation using SHAP!

The SHAP waterfall plot (Figure 6) depicts a scenario in which the contributions
of each feature were analyzed for the model’s prediction of a specific sample
(Sample 0) that has been classified as class 1, that is, a human with PD. The baseline
value, which is the averaged model output for all samples, E[f(x)], approaches
approximately 0.752. This averaged outcome represents the posterior probability
of PD across the dataset. For this individual, the model assigned a probability of
0.83, thus supporting that the individual is highly likely to have PD. The features
in the plot served to either reduce or augment this prediction contrastively to the
baseline.

Red indicates the positive contributions to the prediction; that is, these features
pushed the prediction closer to class 1 (PD). For instance, PPE, spreadl, and D2
contributed collectively +0.04 to the final prediction, thus proving to be important
for the diagnosis of PD in this sample. The features MDVP:Fo(Hz) and
MDVP:Fhi(Hz) were also pushing the prediction; however, the effect was rather
smaller. Blue features pushed the prediction away from PD. The highest negative
contribution was of MDVP:RAP with —0.10, showing that this particular value of
RAP was more in line with a healthy voice pattern, while MDVP:APQ imposed
some negative contribution of —0.03.
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3.3. Evaluation

The classification performance metrics affect the efficacy of the classification
models. Such metrics are therefore essential in judging the performance of a model,
allowing for different models' comparison to find out which one does better on
certain conditions. The most widely used evaluation metrics include confusion
matrix, precision, recall, F1 score, and accuracy [45]. Out of these, confusion
matrix is the easiest and most intuitive method for visually displaying a model's
prediction performance. In this study, the classification performance in the PD
speech dataset was assessed by means of statistical measures, including accuracy,
precision, recall, and F1 score. The equations for the different classification
outputs were defined in Equations (5) through (8). Here, the correctly predicted
instances were denoted as True Positive (TP) and True Negative (TN). In contrast,
the incorrect predictions are marked as False Positives (FP) and False Negatives
(FN).

Once our ML models have been trained on the RFE selected voice features, the
next critical step is to objectively assess their performance, a phase known as model
evaluation. This process goes beyond simply reporting accuracy on the training
data; it examines how well each classifier generalizes to unseen samples, meets
clinical thresholds, and balances trade-offs such as sensitivity versus specificity. By
applying our final, tuned models to the held-out test set, we compute key metrics;
including accuracy, precision, recall, Fl1-score, and area under the ROC curve that
together paint a comprehensive picture of each algorithm’s strengths and
weaknesses. We also inspect confusion matrices to understand the types of errors
made (false positives versus false negatives), since in a medical screening context,
missing a true Parkinson’s case can have very different consequences than
misclassifying a healthy individual. Finally, by plotting and comparing ROC curves
across all eight classifiers, we visually gauge which models offer the best
discrimination power at various decision thresholds, guiding both model selection
and the design of any decision-support interface for clinicians. Figure 7 shows the
ROC curve for eight different classifiers to compare their performance.

The ROC plot in Figure 7 represents a two-dimensional graph of true positive rate
vs. false positive rate for each classifier, revealing how well each does at
discriminating Parkinson’s from healthy voices at all possible decision thresholds.
Several conclusions are drawn. Both RF (Gini and Entropy) appear to have almost
perfect curves that hug the top-left corner with AUCs of 0.999, meaning that they
have almost correctly identified all true Parkinson’s cases with virtually nil false
alarms. KINN performed excellently with an AUC of 0.991, in that it also separates
the two classes quite cleanly. Support Vector Machine (AUC = 0.982) and
BernoulliNB (AUC = 0.952) are very close to each other, both achieving high
sensitivity with not much sacrifice on specificity.
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Figure 7. ROC Curve for all models.

GaussianNB (AUC = 0.936) and DT (AUC = 0.932) are still strong, although
slightly less robust as they are more trade-off as the thresholds change. Logistic
Regression yields this group’s lowest AUC (0.908); it still classifies well above
chance, but its curve rises slowly, suggesting that, for the same true-positive rate,
it induces more false positives than the tree-based and neighbot-based models. In
conclusion, these ROC cutves confirm that with the potential of voice-based
biomarkers, when introduced to powerful ensemble and non-parametric learners,
they can exhibit very high discrimination in the screening for PD, with RF as the
winning classifier.

1) Time complexities for optimal analysis of the model performances

To properly analyze the performance of a model, various types of time
complexities have to be considered as shown in Table 1. These may differ with
selected evaluation metrics, the implementation of the models, the size of the data,
and the efficiency of the algorithms. Furthermore, for circumspect analysis of
performance, other factors like feature extraction, preprocessing, and time to train
the model should also come into consideration.
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Table 1. Time complexities for the models.

Train
. .. F1 ROC Confusion
Model ngle Precision Recall Score AUC Matrix
Logistic 0001788 0750000 0.724138 0736842 0906897 42> 7l
Regression 8, 21]]
Decision 0001486 0962063  0.896552 0928571 0931600 122 1I»
Tree [3, 20]]
Random 129, 1],
Forest 0.065445 0.964286  0.931034 0947368 0987931  [2, 27]]
(Gini)
Random 129, 1]
Forest 0.050795 0965517  0.965517 0.965517 0.984483 i 58]]’
(Entropy) ’
Support (128, 21,
Vector 0.020809 0.925926  0.862069 0.892857 0.981609  [4, 25]]
Machine
129, 1],
KNearest ) 100254 0962063 0896552 0.928571 0.977011  [3, 26]]
Neighbors
. (128, 21,
GaussianNB  0.000268 0916667  0.758621 0.830189  0.929885 7. 521
BernoulliNB 0826087 0.655172 0730769 0873563 11204l
erno 0.000630 ' ! ! [10, 19]]
Voting 0104671 0961538  0.862069 0909091 0981609 2% 1],
Ensemble [4, 25]]

Table 1 is a holistic and thorough compatison of PD's predictions by eight
machine-learning models with various performance metrics being considered,
including precision, recall, F1 score, ROC AUC, training times, and confusion
matrices. RF (Entropy) and Voting Ensemble are the best performers with the
highest F1 scores (0.96 and ~0.90) and ROC AUC (~0.98), implying the greatest
accuracy and best class-discrimination ability. Decision Tree and KNN have
competitive precision (~0.96) but slightly lower recall and F1 scores. Logistic
Regression, the fastest to train (0.001788s), trades-off some accuracy for speed,
while the Voting Ensemble was slower (0.104671s) but provided a better spread
of performance across the metrics. Naive Bayes variants (GaussianNB,
BernoulliNB) tend to underperform, probably because of independence
assumptions, with BernoulliNB having the least recall of 0.655. Thus, in medical
applications, models with high recall are considered more important (RF
(Entropy)) to reduce false negatives (missed diagnoses). If the speed of execution
is sensitive, then LR or DT might suffice, but for robust and well-balanced
performance, one could settle for RF (Entropy) or Voting Ensemble. Such insights
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can guide the selection of models in the trade-off between accuracy, computational
efficiency, and clinical requirements.

2) Classification reports of the classifiers
Classification reports give a full view of a machine-learning classifier's workings.
They offer precise recall, Fl-score, and support metrics for every class in the

classification task.

Table 2. Classification report for Logistic Regression.

precision recall fl-score support
Healthy 0.742 0.767 0.754 30
Parkinson's 0.750 0.724 0.737 29
Accuracy 0.746 59
macro avg 0.746 0.745 0.745 59
weighted avg 0.746 0.746 0.746 59

In assessing the Parkinson's cases, the Logistic Regression class, as shown in Table
2, scored 75.0% precision, calling it moderate performance for the classification of
Parkinson's. However, the model's recall stands at 72.4%; while in some instances,
there are probably some actual cases it has missed. Hence, the accuracy stands at
74.6% after the precision and recall of the model remained balanced for the
"Healthy" set up at 74.2% and 76.7%. However, while the model performs
reasonably, and it would have helped its clinical usefulness had there been more
recall for Parkinson, which is key for minimizing undiagnosed cases.

Table 3. Classification report for K-Nearest Neighbors & Gaussian Naive Bayes

K-Nearest Neighbors
precision recall f1-score support
Healthy 0.906 0.967 0.935 30
Parkinson's 0.963 0.897 0.929 29
accuracy 0.932 59
macro avg 0.935 0.932 0.932 59
Weighted avg 0.934 0.932 0.932 59
Gaussian Naive Bayes
Healthy 0.800 0.933 0.862 30
Parkinson's 0.917 0.759 0.830 29
accuracy 0.847 59
macro avg 0.858 0.846 0.846 59
weighted avg 0.857 0.847 0.846 59
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Table 3 shows the KNN model’s strong performance in classifying PD, achieving
high precision (0.906-0.963), recall (0.967-0.897), and F1-scores (0.935-0.929) for
both "Healthy" and "Parkinson’s" classes, with an overall accuracy of 93.2%.
Contrarily, GaussianNB achieves feebler results; while the precision for
"Parkinson’s" is somewhat decent (0.917 ), its recall for this class is too low (0.759
), missing many diagnoses. The accuracy of GaussianNB is 84.7%, which is also
lower as well as the Fl-score. KNN, capable of balancing precision and recall, is
more effective than GaussianNB, especially when it is vital for nullifying false
negatives in PD’s detection.

Table 4. Classification report for Decision Tree & Random Forest (Gini)
Classification Report: Decision Tree

precision recall fl-score  support
Healthy 0.906 0.967 0.935 30
Parkinson's 0.963 0.897 0.929 29
accuracy 0.932 59
macro avg 0.935 0.932 0.932 59
weighted avg 0.934 0.932 0.932 59

Classification Report: Random Forest (Gini)

precision recall fl-score  support
Healthy 0.935 0.967 0.951 30
Parkinson's 0.964 0.931 0.947 29
accuracy 0.949 59
macro avg 0.950 0.949 0.949 59
weighted avg 0.950 0.949 0.949 59

Table 4 shows the classification report for the Decision Tree & Random Forest
(Gini) models. The Decision Tree model had very good performance with the
classification of PD, producing very high precision (0.906-0.963) and recall
(0.967-0.897) on two class labels, with a 93.2% accuracy. However, the RF (Gini)
model had better performance with higher precision (0.935-0.964), recall (0.967—
0.931), F1-score (0.951-0.947) and superior accuracy of 94.9%. Both models treat
this slightly imbalanced dataset (30 Healthy versus 29 Parkinson’s cases) well, with
the RF (Gini) maintaining a better balance between precision and recall and
decreasing the false negatives for PD’s detection , a most important consideration
in clinical settings.

Table 5. Classification report for Bernoulli Naive Bayes & Voting Ensemble
Classification Report: BernoulliNB
precision recall f1-score support
Healthy 0.722 0.867 0.788 30
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Parkinson's 0.826 0.655 0.731 29
accuracy 0.763 59
macro avg 0.774 0.761 0.759 59
weighted avg 0.773 0.763 0.760 59

Classification Report: Voting Ensemble

precision recall fl-score  support
Healthy 0.879 0.967 0.921 30
Parkinson's 0.962 0.862 0.909 29
accuracy 0.915 59
macro avg 0.920 0.914 0.915 59
weighted avg 0.919 0.915 0.915 59

Table 5 shows the classification report for the Bernoulli Naive Bayes & Voting
Ensemble models. The BernoulliNB is moderately good at classifying PD, showing
a precision of 0.826 for Parkinson's but very low recall (0.655), suggesting missed
diagnoses. With an accuracy of 76.3%, this model presents imbalanced metrics in
favor of "Healthy" cases. On the contrary, the Voting Ensemble far outperforms
BernoulliNB, with the highest precision (0.962), recall (0.862) for PD, and an
almost perfect secondary accuracy (91.5%). The ensemble maintains a balance
between precision and recall, minimizing false negatives, which is the very
advantage needed in the eatly detection of PD. While BernoulliNB is not able to
handle the imbalance well, the Voting Ensemble exhibits considerable strength,
proving to be a better diagnostic reliability than combining multiple models.

Table 6. Classification report for Random Forest (Entropy) & Support Vector

Machine
Classification Report: Random Forest (Entropy)
precision recall f1-score support
Healthy 0.967 0.967 0.967 30
Parkinson's 0.966 0.966 0.966 29
accuracy 0.966 59
macro avg 0.966 0.966 0.966 59
weighted avg 0.966 0.966 0.966 59
Classification Report: Support Vector Machine
precision recall f1-score support
Healthy 0.875 0.933 0.903 30
Parkinson's 0.926 0.862 0.893 29
accuracy 0.898 59
macro avg 0.900 0.898 0.898 59
weighted avg 0.900 0.898 0.898 59
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Table 6 shows the classification report for the Random Forest (Entropy) &
Support Vector Machine models. Random Forest (Entropy) is a good performer
for the classification of Parkinson's disease with almost perfect precision (0.967—
0.9606), recall (0.967-0.966), and Fl-scores (0.967-0.9606) for both the "Healthy"
and "Parkinson’s" classes at 96.6% accuracy. In contrast, the SVM underperforms
with a little less precision (0.875-0.926), recall (0.933-0.862 ), and Fl-scores
(0.903-0.893) compared with 89.8% accuracy. Since the RF is well-balanced in
terms of metrics and generates very few false negatives and false positives, it would
yield the most reliable results for the identification of PD, whereas the SVM suffers
from an imbalance of classes (30 Healthy vs. 29 Parkinson’s cases).

3.4. Discussion

The present study utilized a dataset of biomedical voice measurements from 31
individuals (23 with PD and 8 healthy controls), comprising 195 voice recordings,
to evaluate the efficacy of ML models for the classification of PD. Of the eight
models tested, RF (Entropy) was by far the most successful, meeting or exceeding
the 98.3% accuracy, 96.6% Fl-score, and near-perfect ROC AUC of 0.984.
Beyond tree-based algorithms, applications with simple ML models as SVM with
93.2% accuracy, KNN with 93.2%, and Naive Bayes illumination at 81.4%, are
revealing limitations. This reinforces the strength of tree-based ensemble methods
when working with well-structured voice datasets. These new findings match the
work in prior studies using vocal biomarkers, such as [8], where LightGBM
performed with 96% accuracy; [11] also provided the result of 96.6% accuracy with
XGBoost. However, the dataset’s limited size (31 participants, 195 samples)
contrasts with larger cohorts in studies like [21] (584 subjects) and [30]
(PPMI/PDBP cohorts), potentially constraining generalizability.

The study's single-modality focus (voice) matches work by [11] and [9], whereas
the multimodal approaches integrating imaging, genetic, or gait data (for example,
[36] and [1] reported greater AUC (89.72%) from more complex data fusion. It is
noteworthy that the RF model achieved success against deep-learning (DL) models
being established by [14] VGG19-INC (98.45% accuracy on hand-drawn spirals)
and [37] PD-ResNet (95.51% accuracy on gait data), underscoring how effective
traditional ML methods are for structured voice features. Among its strengths is
the application of SMOTE to mitigate the effects of class imbalance and to focus
on precision-recall metrics reflecting balance (for example, 96.6% recall for PD),
which undoubtedly would be critical to the clinical trust. In contrast, the studies
done in [15] faced a hard time with an indirect PD labeling mechanism through
health records with AUC of 0.779.

In the literature, Random Forest (RF) has oftentimes demonstrated strong
predictive power in detecting Parkinson’s disease, especially with acoustic voice
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datasets. For example, [6] declared that RF came up with a 97.10% accuracy on a
small number datasets, while [30] considered RF superior for voice recordings yet
with a note of precaution on the limitations in the study (small sample sizes, issues
with data reporting and reproducibility, over-reliance on accuracy as the primary
performance metric, and a lack of external validation and clinical translation for
the proposed models) . Random Forest tends to dominate when feature spaces are
large and non-linear relationships are explored and is least hindered by overfitting
since it works by ensemble averaging [30], [0], [38]. These are some reasons why
voice data-laden with complex, interacting acoustic markers for Parkinson’s-
searches well with RF. It ranks features in determining their importance, thereby
improving the model interpretability, which is a good feature in the medical field.
Nonetheless, some other studies [13], [11], [8] have discovered that RF performs
worse than specialized gradient-boosting or kernel-based methodologies,
whenever these methods are carefully tuned to fit Parkinson’s disease data. In a
study by [8] it is reported that LightGBM performs with 96% accuracy and AUC,
which is better than RF and other ensemble methods in their study.

Because it models such nuanced vocal feature alterations efficiently, LightGBM
maintains a balanced F1 score that reflects a good sensitivity and precision [8]. In
the same vein, [11], [34] have shown that using the XGBoost classifier can reach
accuracies of up to 96.61%, which are better than those produced by the RF in
their experiments. According to [11], a mixture of methods-SMOTE with SVM to
treat for class imbalance, RFE with XGBoost for the best feature selection, and
SHAP for interpretability was combining to increase accuracy and robustness. In
some cases, even Support Vector Machines (SVMs) have managed to outperform
the RF: [19] has reported perfect 100% accuracies in a few of the binary
classification problems, and [6] recorded results of up to 99 % in accuracy using
L1- Norm SVM on the Oxford voice data. These results indicate that while RF has
been highly competent for PD detection, it is not always the dominating one.
Preferred implementations begin to swing towards those algorithms that advance
the data set with an emphasis on optimal sample strategies, optimized feature
selection, and gradient-boosting architectures.

The canonical voice PD dataset used in this research contains 195 recordings for
31 subjects (6 recordings per subject; 23 PD, 8 controls) a useful but small and
fairly homogeneous sample. A small number of unique subjects means models can
exploit speaker-specific idiosyncrasies (recording environment, microphone,
habitual voice characteristics) that would not appear in the disease-general voice
marker; inflated within-sample accuracy results from this, whereas external validity
will suffer. Class imbalance as well as single-site collection and limited demographic
metadata seem to further elevate the possibility that high reported
sensitivity/accuracy arise from dataset bias rather than from a clinically
generalizable detection. These issues also interact with algorithms differently:
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ensemble trees can mask overfitting by averaging many trees, thereby yielding an
extremely high in-sample performance; boosting methods fit residual structure
perhaps more tightly and sometimes overfit if not properly regularized and
validated: SVMs seem to generalize well in small samples where data processing is
done meticulously but cannot transfer without external validation. Systematic
reviews of ML on PD voice data [30], [19], [10] state average study sample sizes
are small whereas reported top accuracies vary considerably with preprocessing
and evaluation protocols so that methodological differences rather than algorithm
choice determine performance.

One feature that substantiates this study is the integration of explainability
methods to improve model transparency. SHAP (SHapley Additive exPlanations)
gauged significant voice variations (e.g., shimmer, jitter) in triggering predictions
of PD, while LIME (Local Interpretable Model-agnostic Explanations) conveyed
instance-level intelligibility. This twin-pronged approach fills the void left by eatlier
research:

1) Study by [11] relied solely on SHAP for feature importance without local
explanations.

2) Study by [14] employed LIME for DL interpretations but did not rank
features globally.

3) Study by [36] and [l]demonstrated weak explainability via statistical
associations and attention heatmaps, short of implementing modern XAI
tools.

4) Studies like [8] and [12] left explainability unaddressed altogether.

This study combines global (SHAP) and local (LIME) interpretability to close the
gap between high accuracy and clinical trust. Beyond clinical metrics, our findings
have deep cultural implications. In sub-Saharan communities, elders are central to
village councils, moral arbitration, and the upkeep of ancestral traditions [39], [40].
Reliable, early detection of PD in this demographic can help preserve these vital
societal roles by enabling timely treatment and community-based support, and we
can extend elders’ capacity to fulfill their cultural stewardship.

The addition of other modalities, like gait or handwriting kinetics, would be used
together with voice biomarkers to represent individual differences in levodopa-
induced changes where the voice is concerned, not just within the vocal tract, thus
allowing for greater heterogeneity within the disease. Furthermore, extending the
corpus of data with more speakers that are age, gender, and language diverse would
enhance generalizability to different models while also ensuring that predictions
disfavor any subtle cultural or physiological variations in speech. Thirdly,
augmentation of the feature set with time-series analysis, such as changes in jitter
and shimmer across multiple recordings, can throw light on progression patterns
while enhancing early sensitivity. Fourth, applying advanced feature-selection
methods that take into account non-linear interactions, such as mutual information
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or embedded techniques in gradient-boosting frameworks, could discover novel
orthogonal predictors. Fifth, respective longitudinal validation which tests the
constructed model on follow-up recordings of the same individuals, would
evaluate temporal stability and clinical reliability. Finally, it should also include a
continuous learning pipeline, through which new patient data can add new rooms
with time, thereby maintaining the system advancements concerning emerging
voice patterns and treatment effects, which would enhance both accuracy and trust
in real-world clinical use.

With regards to healthcare institutions, some improvements can be made and these
are: First, clinics should use standardized procedures to collect high-quality voice
recordings routinely under fixed distances from the microphone, quiet rooms, and
consistent prompts from a person when minimizing external noise and ensuring
that measurements for jitter, shimmer, and entropy are derived reliably. Second,
telemedicine platforms should incorporate voice analysis for remote patient
monitoring of speech over time, with the early signs of deterioration flagged for
timely intervention. Moreover, culturally adapted outreach through local chiefs,
storytellers and elder councils should accompany technological deployment to
ensure both clinical uptake and the safeguarding of intangible cultural heritage.
Third, a multidisciplinary team consisting of neurologists, speech therapists, and
data scientists would be able to contribute to model explanations such as those
provided by SHAP and LIME outputs in the context of the unique clinical profile
for every patient, thus increasing the confidence with which diagnosis is performed
and also individualizing treatment planning.

Fourth, health systems should invest in multimodal data collection, combining
vocal biomarkers with portable gait sensors or handwriting tablets to capture the
entire range of motor and non-motor symptoms, which increases the accuracy of
prediction. Fifth, institutions should establish continuous-learning pipelines that
would keep re-training the model with fresh patient data (and clinician feedback)
to be adaptable to shifting populations, differing language variations, and
therapeutic effects. Last, for the sake of building trust and encouraging uptake,
hospitals should provide clinicians with dashboards that surface risk scores on the
patient level, coupled with clear attributions of the features driving these scores so
that each recommendation would be transparent, clinically actionable, and
grounded in each individual's unique voice profile.

4. CONCLUSION

The primary goal of this study was to identify and validate vocal biomarkers that
reliably distinguish PD patients from healthy controls, and to develop transparent,
high-performance ML tools for clinical decision support. Through exhaustive
correlation analysis and RFE, we distilled twenty-two raw voice metrics down to
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eight orthogonal features, such as Rapid Pitch Fluctuations -RAP, amplitude
irregularity (Shimmer: APQ5), and PPE, each of which showed a clear relationship
to disease status. The strong positive correlations among jitter/shimmer measures
and their negative relationships with Harmonic Purity -HNR, underscore how
neurodegeneration disrupts fine motor control of the vocal apparatus, producing
the tremor-like instabilities our models exploit. When we compared eight
individual classifiers plus a voting ensemble on a held-out test set, tree-based
methods emerged as the most accurate and balanced: RF with the entropy criterion
achieved 96.6% accuracy, with 96.6% precision and recall for PD predictions,
while also maintaining near-perfect specificity for healthy voices. The voting
ensemble delivered nearly 92% accuracy, confirming that combining multiple
learners further stabilizes performance.

Our study’s foremost limitation is its reliance on a small, homogeneous dataset -
195 recordings from just 31 individuals recruited at a single site under standardized
conditions, which likely amplifies idiosyncratic vocal traits and constrains the
model’s applicability to the broader Parkinson’s population. Focusing exclusively
on eight speech-based biomarkers overlooks other hallmark PD manifestations
such as gait disturbances, fine-motor impairments, and neuroimaging changes that
could complement vocal features. Moreover, while tools like SHAP and LIME
provide insight into model reasoning, their sometimes-conflicting attributions have
yet to be validated against clinical expertise, and the model remains susceptible to
overfitting despite stratified hold-out testing and k-fold cross-validation.
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