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Parkinson’s disease (PD) is progressive neurological disorder. The early 

detection is critical for symptoms reduction. Though early diagnosis is a 

challenging task even for trained doctors, as studies reported around 25% 

of Parkinson patients were mistakenly diagnosed in their early stages. So, 

this study proposes an ensemble machine learning model that trained on 

240 voice samples. The 240 audio samples were a mix between sick and 

healthy 80 persons. The subject-level splitting with Group K-Fold across 

validation was the first approach, while the other was an advanced feature 

aggregation. The performance of the models with the stacked of ensemble 

of Logistic Regression (LR), Random Forest (RF), Support Vector 

Machine (SVM), and Multi-Layer Perceptron (MLP) is greatly improved 

by the aggregation which obtained the highest level of accuracy (88.75%) 

and F1-score (88.88%). This aggregation method increased robustness by 

lowering intra-subject variability, while ensemble learning used 

complementary model to improve classification. The results showed that 

the meta classifier’s complementary capabilities enable it to exploit 

various decision boundaries, resulting in enhanced generalization and 

higher diagnostic performance in detecting PD.  
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1. INTRODUCTION  

              Humans suffer from some neurodegenerative diseases that result from gradual damage to nerve tissue 

in the Central Nervous System (CNS) and Peripheral Nervous Systems (PNS), causing disability and 

potentially threatening patients' lives. The primary cause of all these diseases can be the accumulation of 

damaged or altered proteins. This pathological effect is the result of insufficient or ineffective protein quality 

control systems that aim to eliminate damaged or unnecessary proteins. Alzheimer's disease, Parkinson's 

Disease (PD), Huntington's disease, and amyotrophic lateral sclerosis have been classified as 

neurodegenerative diseases. One of the most important neurodegenerative diseases is Parkinson's disease, 

which is caused by the loss of dopaminergic neurons and the deposition of Lewy bodies in the substantia nigra. 

It is a common neurodegenerative disease, and its incidence rate increases annually. It has been shown that 

certain genes contribute significantly to their development [1][2]. PD is considered an important topic as it 

affects the quality of life; it includes several symptoms, such as cognitive decline, especially mild cognitive 

impairment [3][4]. It is the second most popular neurological disease that affects persons aged 65 years or 

greater by 2%-3%, and it is estimated to affect approximately 10 million people worldwide, with about 3% 

among people over 80 years old [5], so the biggest influencing factors are the age of the individual and possible 

associations with various air pollutants. The main features of PD are slowness of movement with tremor or 

stiffness at rest, which are defined by the International Parkinson and Movement Disorder Society (MDS) [6]-
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[7]. People with Parkinson's disease experience several symptoms, some of which are related to movement, 

such as slowness of movement, tremors, and rigidity. Others are non-motor symptoms, including cognitive 

impairment, sleep disturbances, and pain [8][9]. Early detection of PD is necessary to aid doctors in disease 

diagnosis and prescribe timely treatment. Currently, there are no validated biomarkers for effective early 

diagnosis of PD. Therefore, there is an urgent need for the healthcare sector to utilize Artificial Intelligence 

(AI) technologies to diagnose Parkinson's disease earlier and more accurately. Many methods to detect PD 

earlier and all approaches use machine learning methods which are effective in diagnosis, like the using of 

handwriting analysis which can be used to specify the symptoms of this disease, several types of handwriting 

like spiral and wave drawings used as input for the systems of machine learning methods [10][11]. Another 

approach depends on sequence of sentences to help in the assessment of writing development over time 

[12][13]. The wide range of studies explored the outcomes of AI with clinical applications; one of these papers 

found how AI improved diagnosis by treatment planning, medical image analysis, and synthetic data 

generation; it also improved medical education, healthcare marketing, and financial workflows [14]. So, studies 

proved that AI could have a big role in Parkinson treatment planning, monitoring and diagnosing especially in 

its early stages [15]. 

 

In another hand, researchers study the audio information/features based diagnostic method to identify 

PD patient’s using their voice only. Despite the high potential benefit, there are no public datasets that is enough 

in size and high quality so the researchers can build high performance models in diagnosing PD patients using 

their voice recordings yet [16]. However, researchers deployed AI, ML and data preprocessing techniques to 

overcome such limitations. These techniques provide non-traditional methods in extracting more 

distinguishable and effective voice features to detect illness cases. For this reason, a lot of research has adopted 

AI techniques with many diagnostic methods relied on sound. So, Varela-Arellano et al. [17] addressed an 

early PD identification by utilizing ML algorithms which were applied to acoustic variables in speech 

recordings. Voice abnormality is one of the first signs of this disease; the researchers used the PD Vocal dataset 

with Multiple Audio Recordings to train and evaluate multiple machine learning models; including Random 

Forest (RF), boosting, and bagging. The Boosting classifier exceeded the others by demonstrating the use of 

voice-based signals in early Parkinson's disease recognition. Another exploration focused on the role of feature 

selection to increase classifier performance; therefore, it chose Support Vector Machine (SVM) as the most 

effective model, and offered a low-cost alternative to traditional advanced diagnostic procedures [18].  

Das et al. [19] introduced SEFRON, a Spiking Neural Network model trained on the Parkinson 

Dataset with Replicated Acoustic Features, SEFRON achieved an average accuracy of 91.94%, outperforming 

MLP, RBF, RNN, and LSTM models. Nevertheless, the study treated the replicated recordings as independent 

samples and did not apply subject-level validation, which means that results are not reliable due to data leakage 

between training and testing sets. Audio features can be enough for remote medical diagnosis and telemedicine, 

the study that was produced by Govindu and Palwe [20] explored various classifiers, and it concluded that K-

Nearest Neighbors (KNN) and RF are the most effective. The strategy focused on audio as a non-invasive 

biomarker and providing a practical and effective option for early detection, especially for people with mobility 

difficulties. Because of some data are random, another study by Thakur et al.[21] tried various types of ML 

algorithms with this disease diagnosis, like SVM, RFC, DTC, and Extra Trees Classifier. Then, it compared 

these models, but it discovered that the Extra Trees Classifier is the best when combined with entropy-based 

feature selection, with higher performance accuracy. Also, researchers have studied the enhancement that could 

be achieved by using a combination of ML algorithms and models such as KNN, SVM, and neural networks. 

The ensemble machine learning techniques in general contribute to PD diagnosing. Besides, all studies that 

used speech data needed further feature engineering and data pre-processing such as feature selection, data 

balancing, and model tuning; the study combined classifiers to increase accuracy.  

By focusing solely on voice, a rapid, inexpensive, and non-invasive biomarker, a new study aimed to 

replace traditional diagnostic techniques for providing early detection and opening the way to the broader 

applications in the diagnosis of neurological disorders [22]. Again, the study was by Du et al.[23] utilized the 

strong points of MFCS, SVM, and HKNN to produce a creative machine learning approach called LCCB when 

it condensed on class boundaries and then measured the hyper distance to limit the labels. So, this new 

technique produced a powerful interpretation to address the hard decision boundaries very well. The results 

revealed that LCCB outperforms several advanced models, particularly when enhanced with MFCS 

preprocessing. One of the notable studies demonstrated that combining a wide range of machine learning 

models can achieve high performance PD classifier by integrating multiple data modalities. The employed 

models included LR, RF, AdaBoost, SVM, MLP and K-Nearest Neighbors. These models were trained using 

various data types, including demographic, genomic, and clinical measures, to improve the early prediction 

performance [24]. Similarly, another different study used a combination between a deep and machine learning 

techniques for Parkinson's disease classification; it used the diversity of data sources; including audio 
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recordings, MRI, EHRs, and CT scans. It utilized Wolf Search Optimization (WSO) to find the best feature 

subsets in the data, which are subsequently tuned with a sparse auto encoder to improve model performance.  

In general, prior studies confirm using vocal features to build ML models with reasonable 

classification performance, although still enhancement in working with small size and replicated samples have 

a potential for further improvement [25]. For thus, this study investigates the effect of building ensemble and 

individual machine learning models that relied on subject-level aggregation of replicated voice recording 

features with very limited dataset. To evaluate the improvement, the proposed approach was compared to same 

models trained on row recording. 

              The rest of the paper is organized as follows: Section 2 introduces the data considered for this study, 

section 3 explains the methodology followed in the paper, section 4 shows experiments and results, section 5 

elaborates a discussion about findings reported in the study, and finally, section 6 presents the conclusions 

derived from this work. 

 

2. METHODOLOGY 

The study methodology starts first with dataset exploring, preprocessing, splitting and then models 

development and selection. Finally, details of how experiments are conducted and evaluation metrics used. 

2.1 Dataset and Pre-processing Methods 

               In this paper we aimed to find the best algorithm that can build an acceptable detection model using a 

small dataset such as Replicated Acoustic Features Parkinson Dataset [26]. Diagnose Parkinson’s disease at 

early stages used acoustic features (voice recordings) were derived from sustained vowel phonations. The new 

dataset used the Replicated Acoustic Features Parkinson Dataset, which comprised 240 recordings from 80 

individuals (40 with Parkinson’s, 40 healthy), with three voice samples per subject. The primary goal was to 

evaluate the impact of different data preparation strategies, raw instance-level modeling where each voice 

record was treated as single data point versus subject-level where feature aggregation method applied to the 
three records of the same person. These two data preparations methods applied to see their effectiveness on 

classification performance of various machine learning models. 

2.2 Data Sampling and Preparation 

 

 
Figure 1. Data Preparation Steps 

In the first approach, we used all 240 voice samples as independent instances. However, to avoid data 

leakage due to repeated samples from the same subject, we implemented subject-level splitting using Group 

K-Fold cross-validation, where the ID of each subject was used as the grouping factor. This data sampling 

method ensured that voice samples from the same individual are not used in learning and testing in the same 

time, as such incidents consider as data leakage which is critical issue that can cause unreliable performance 

results. 

In the second approach, we applied advanced feature aggregation to summarize the three recordings 

per subject into a single instance. For each acoustic feature, we computed several statistical descriptors 

including mean, standard deviation, minimum, maximum, median, and Inter Quartile Range (IQR). This 

transformation yielded a dataset of 80 aggregated instances, each corresponding to a unique subject, thus 

allowing the models to learn from consolidated, subject-level profiles. Such aggregation methods may result 

in some data pattern loss, besides reducing data samples from 240 to 80. Generally, we cannot be certain 

whether it will contribute to enhancing or reducing models’ performances until applying the learning process 

and comparing results.  
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2.3. Feature Normalization 

        All features in both approaches were standardized using z-score normalization to ensure a common scale, 

which is critical for distance-based and regularized models like SVM, KNN, and Multi-Layer Perceptron 

(MLP). The scale was fitted only on the training folds and applied to the test folds during cross-validation to 

prevent information leakage. 

2.4. Model Selection and Evaluation 

         In the next stage, we evaluated a diverse set of supervised classification models, like Logistic Regression 

(LR), SVM, RF, KNN, MLP, and XGBoost. Additionally, we implemented a stacked ensemble classifier that 

combines the predictions of LR, SVM, RF, and MLP as base learners, with a logistic regression meta-classifier. 

These models belong to different learning mechanisms which can make comparisons become more effective. 

 
 

Figure 2. Block Diagram of Proposed Model 

             Each of the selected models belongs to a different family so each of them can capture different types 

of patterns and decision boundaries. For example, a linear model such as LR can detect linear patterns that are 

interpretable relationships. While RF, which is a bagging ensemble method, was fine at handling non-linearity 

and feature interactions. In another hand, SVM and MLP both could handle complex patterns. The models were 

aggregated using a stacking ensemble method, in which meta-model learns how to combine them to improve 

overall predictive performance.  

 

Table 1. Models’ hyper-parameters settings. 

Model Hyperparameters 

Logistic Regression solver = saga; penalty = elasticnet; C = 0.01; l1_ratio = 0.1; max_iter = 1000 

Random Forest n_estimators = 50; max_depth = None; min_samples_leaf = 4; min_samples_split = 3; 

SVM kernel = sigmoid; C = 0.1; gamma = 10; probability = True 

MLP 

hidden_layers = (64, 16); activation = logistic; solver = adam; alpha = 0.0001; 

learning_rate = constant; max_iter = 300;  

Stacking Ensemble base learners = LR, RF, SVM, MLP; meta-classifier = Logistic Regression 

 

The models in this study were built based on a predefined set of hyperparameters selected to optimize models’ 

performance. To enable the reproducibility of the experiments and allow results replicating, Table 1 

summarizes the hyperparameter configurations of all classifiers, including the base learners and the stacking 

ensemble. 
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Cross-validation is a widely used technique for evaluating the performance and generalization ability of 

machine learning models. Instead of relying on a single train/test split, it partitions the data into multiple folds, 

trains the model on a subset of the folds, and tests it on the remaining fold. Evaluation results are result of 5-

fold cross-validation, one difference for non-aggregated data points we used specifically group K fold with 

subject IDs to avoid data leakage. The proposed models and data preprocessing settings evaluated using 

accuracy, precision, recall and F1-score to determine the best combination. To determine whether there was a 

significant difference between the raw and aggregated methods, a paired t-test on all evaluation metrics. 

 

3. RESULTS AND DISCUSSION 

           Table 2 presents the classification models’ evaluation metrics obtained using different datasets 

preprocessing and sampling methods. Using raw recordings, LR shows the highest performance model 

according to F1 score (79.81%) and accuracy (79.58%). However, this performance was significantly 

outperformed when aggregation methods applied 80 rows instead of 240; the stacked classifier achieved 

88.88% F1-score, 90.00% recall, and 88.75% accuracy. 

         Interestingly, all models demonstrated enhanced performance when aggregations techniques were 

employed. For example, SVM improved from 78.28% to 87.97% F1-score, while KNN improved from 78.80% 

to 86.19%. This indicates that the aggregation methods helped reduce noise and outlier values in the data and 

improved its overall quality, and this reflected the overall performance enhancement on all models deployed 

the enhanced aggregated method. 

 

Table 2. The evaluation metrics by apply the different classification models. 
Model Accuracy Precision Recall F1 

Score 

Setting 

Stacked Classifier 0.8875 0.8933 0.9000 0.8888 Enhanced Aggregated Method 

SVM 0.8750 0.8778 0.9000 0.8797 Enhanced Aggregated Method 

KNN 0.8625 0.8788 0.8750 0.8619 Enhanced Aggregated Method 

MLP 0.8625 0.9056 0.8250 0.8595 Enhanced Aggregated Method 

Logistic Regression 0.8500 0.8605 0.8750 0.8571 Enhanced Aggregated Method 

Random Forest 0.8500 0.8760 0.8500 0.8510 Enhanced Aggregated Method 

XGBoost 0.8250 0.8566 0.8250 0.8231 Enhanced Aggregated Method 

Logistic Regression 0.7958 0.8140 0.8000 0.7981 Raw Recordings + Group K folds 

Random Forest 0.8000 0.8379 0.7667 0.7940 Raw Recordings + Group K folds 

KNN 0.7958 0.8110 0.7833 0.7880 Raw Recordings + Group K folds 

SVM 0.7750 0.7765 0.8167 0.7828 Raw Recordings + Group K folds 

Stacked Classifier 0.7667 0.7942 0.7583 0.7664 Raw Recordings + Group K folds 

MLP 0.7500 0.7966 0.6917 0.7355 Raw Recordings + Group K folds 

XGBoost 0.7292 0.7625 0.6833 0.7137 Raw Recordings + Group K folds 

            In this study, various combinations of base learners were explored to optimize overall performance. The 

highest achieved performance was composed of (LR, RF, SVM and MLP) F1-score (0.8888), the highest recall 

(0.90), and a strong accuracy (0.8875). The heterogeneity of model mechanisms is an effective factor to enhance 

performance. Since each model has different capabilities in features extractions which lead to each model 

complementing the other. The meta-classifier to get overwhelmed view for decisions leading to improved 

generalization power. 
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Figure (3): Bar chart demonstrates F1 Score values of two classification methods with many different 

algorithms 

          Our stacked model composed of models that have different patterns in their performance as SVM and 

LR show high recall as they could catch most positive Parkinson patients but their precision lower. In the other 

hand, MLP and RF have missed more Parkinson cases, but their positive decision is more likely true positive. 

Combining those two groups of models aimed to produce more balanced models in terms of precision and 

recall so that it becomes reliable and trusted in medical tasks. 

          In addition to stacked model, results (Table 2) show clear enhancements due to preprocessing 

(aggregations) applied to the dataset. Results show that advanced aggregation (mean, std, min, max, median, 

and IQR) methods applied to recordings have enabled models to generalize better and capture more informative 

features associated with PD symptoms. So, in general, the enhancement does not only rely on the ensemble 

stacked model, but also aggregation of the three patient’s records contributes in reducing the sound diffusion, 

noise and giving clearer stable and coherent acoustic features to better express patient’s sound features. 

 

Table 3. Statistical Tests. 

 
Metric Raw Mean Aggregated Mean t-statistic p-value 

Accuracy 0.7688 0.8531 8.94 <0.001 

Precision 0.7967 0.8761 8.51 0.0001 

Recall 0.7479 0.8562 10.87 <0.001 

F1 Score 0.7621 0.8531 9.68 <0.001 

             To prove the enhancement in results, paired t-tests were applied to all metrics across all models. As 

Table 3 shows, the t-test revealed that the performance differences between raw sound recordings and our 

enhanced aggregated method were statistically significant (p < 0.001) for all metrics. This validates the benefit 

of subject-level feature samples aggregation in the context of sound datasets. Results show that supervised 

machine learning models can detect early signs of Parkinson’s disease using voice records only biomarkers, 

specifically when multiple voice recordings preprocessed and aggregated. Such aggregations not only enhance 

model’s performance but also align with real-world clinical protocol as decisions are made per patient, not per 

recording. 

Table 4 shows a comparison between our proposed model with prior relevant studies using same 

dataset as we used in our study. As the dataset documentation warns that dataset contains three replications 

belonging to the same patient, so data sampling should avoid separating a patient into training and testing. For 

thus, we add this note to the comparison table whether the study explicitly mention how data sampling done to 

avoid data leakage. The proposed method employs subject-aware cross-validation, ensuring that all replications 

of a given subject remain entirely within either the training or the testing set to prevent any data leakage. 

Besides, our proposed ensemble model shows high performance comparable to relevant previous studies. 
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Table 4. Studies Performance Comparison. 

Study (Year) Method Data leakage prevention Accuracy F1-score 

Naranjo et al. (2016) [27] Subject-based Bayesian approach Yes ~75.2% — 

Naranjo et al. / Two-stage 

(2017) [28] 

Two-stage variable + sample 

selection + LASSO 
Yes 86.20% — 

Ghaheri et al. (2024) [29] SHAP + Hard Voting Ensemble Not stated 85.42% 84.94% 

Wang/Das et al. / SEFRON 

(2024) [19] 
Spiking Neural Network 

No (treated the 240 

recordings as 

independent) 

88.89% 88.5% 

Proposed Study Stacking Ensemble Yes (Group K-fold) 88.75% 88.88% 

 

4. CONCLUSION 

          The experimental results revealed the machine learning efficiency for early Parkinson’s disease detection 

by using patient voice recordings. Two approaches were considered: the first utilized all 240 speech samples 

with subject-aware cross-validation to ensure the confidentiality, while the audio combining across subjects via 

statistical attributes such as mean, standard deviation, median, minimum, maximum or interquartile range was 

the second strategy. The outcomes confirmed that the aggregation method achieved the highest accuracy 

(88.75%) and F1-score (88.88%) with the algorithms Stacked Classifier, SVM, KNN, MLP, Logistic 

Regression, Random Forest, and XGBoost. The aggregation ways could improve the durability by minimizing 

the intra-subject variation, while the effectiveness of the ensemble approach could enhance the classification. 

In conclusion, the complete work must merge the two approaches, feature aggregation, and ensemble strategy 

for more reliability with the early detection of PD. As future work, we aim to build a multi-modal detection 

systems that use several and multi-source data types such as voice recordings, handwriting and medical tests. 
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