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Abstract. Parkinson's Disease (PD) is a progressive neurodegenerative 

condition with motor impairment and vocal deficiency. This work proposes a 

machine learning-based non-invasive early diagnosis system of PD from speech 

recordings and handwriting samples. MFCCs, jitter, shimmer, and pitch features 

were obtained from speech recordings and HOG features from spiral and wave 

handwriting images. Normalization, PCA, and feature selection were the 

preprocessing techniques. SMOTE was used to address class imbalance. 

Random Forest, XGBoost, and Voting Classifier ensemble were trained on the 

multimodal feature set, which reported the maximum accuracy of 90% by the 

ensemble. The results demonstrate that multimodal data fusion has a very 

crucial impact on PD detection and is a promising aid for clinical decision 

support systems.  
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1. Introduction  

Parkinson's Disease (PD) is a progressive and chronic neurodegenerative condition 

primarily identified by its impact on the central nervous system, impacting motor and 

non-motor functions. It is primarily found in individuals between the ages of 60 and 

older, but early onset does occur. Characterized by tremor, muscle rigidity, 

bradykinesia (slowness of movement), postural instability, and difficulty with speech 

and handwriting, the disease can significantly reduce a patient's quality of life as the 

disease progresses.  

Early and correct diagnosis is most important to create effective treatment regimens 

and control symptoms. However, conventional diagnostic approaches rely heavily on 

clinical assessments and subjective information, which in turn may result in delays or 

misdiagnosis in most cases, particularly during the early phase when symptoms are 

evasive or changeable.  

The absence of good biomarkers and limited availability of expert neurological 

services further complicate timely intervention. 
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To solve these problems, this project suggests a non-invasive machine learning-based 

approach for the early diagnosis of Parkinson's Disease. It employs two of the most 

common symptoms of PD, speech impairment and handwriting deterioration—using 

both voice recordings and handwritten samples. From audio recordings, Mel-

Frequency Cepstral Coefficients (MFCCs), jitter, shimmer, and pitch are extracted, as 

they represent the variability in the operation of vocal cords. From handwriting 

images, Histogram of Oriented Gradients (HOG) features are used to extract spatial 

and texture-based patterns related to motor impairment, e.g., tremors and 

micrographia.  

A multimodal data fusion approach is employed to fuse both types of features and 

derive a more comprehensive representation of PD-related impairments. The fused 

data are utilized to train a collection of strong machine learning classifiers Random 

Forest, XGBoost, and an ensemble Voting Classifier. These models are capable of 

identifying subtle, intricate patterns across modalities and realize a tremendous 

improvement in diagnostic accuracy.  

The findings of this research validate that the incorporation of handwriting and voice 

features improves the accuracy of the system in identifying Parkinson's Disease. The 

model is not only scalable and computationally efficient but also deployable in 

clinical practice as a clinical decision support system. Through early detection of the 

condition, it has the potential to enhance the quality of treatment and outcomes as 

well as the quality of life of those at risk of Parkinson's Disease. 

2 Literature Survey 

Parkinson's Disease (PD) is a progressive neurodegenerative disease that impairs 

motor and speech functions, necessitating early detection for effective management. 

There have been a number of studies on machine learning methods for predicting PD, 

targeting voice recordings, handwriting styles, and multimodal feature fusion. 

NeuroDiag software for PD diagnosis by automated detection created a handwriting-

based detection system with 86.96% sensitivity and 76.92% specificity. It emphasizes 

handwriting kinematics and pen pressure as effective biomarkers for early 

diagnosis[1].CNNbased multi-model fusion for handwriting-based PD detection 

employed deep CNN architectures such as AlexNet, ResNet, and VGG, and achieved 

99.35% accuracy by combining handwriting features. Data augmentation and 

ensemble learning considerably enhanced PD detection performance[2].Dynamic 

handwriting analysis for neurodegenerative disorders tested handwriting speed, 

pressure, and acceleration for PD and Alzheimer's diagnosis. The research established 

that dynamic handwriting features were more predictive than static handwriting  

tests[3].Motioncapture and machine learning for disabilities in hand movement in PD 
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employed a Leap Motion sensor-based system to record 2139 movement features 

from PD patients, with up to 93.2% accuracy. Machine learning models such as 

Random Forest and SVM enhanced classification performance[4]. Video-based gait 

analysis with CNNs for diagnosing PD utilized a skeletonsilhouette fusion CNN to 

investigate gait impairment in PD patients with 92.6% sensitivity. This approach 

proved that deep learning holds promise for remote PD diagnosis[5] Effectiveness of 

acoustic voice quality index to detect people with Parkinson's disease examined the 

application of the Acoustic Voice Quality Index (AVQI) as a means of diagnosing PD 

using short-duration voice recordings. AVQI was found to be effective in 

differentiating PD cases among the female subjects at 75.33% accuracy, with the 

potential for inclusion in portable diagnostic devices[6].Interpretable Parkinson's 

disease detection through group-wise scaling introduced a new voice-based PD 

detection model utilizing mobile phones by enhancing classification performance by 

9.5% through group-wise scaling of age and biological sex. The model was 82% 

accurate for unseen individuals and employed SHAP values for 

interpretability[7].Multi-modal deep learning diagnosis of Parkinson's disease—a 

systematic review compared 87 studies on deep learning models for the detection of 

PD using gait, limb movement, speech, and facial expressions. The study focused on 

the dominance of deep learning over conventional machine learning but pointed out 

challenges like data availability and model interpretability [8]. Voice-based SVM 

model trustworthiness for the diagnosis of Parkinson's disease assessed the 

trustworthiness of SVM models trained on voice samples for detecting PD. It revealed 

that the models trained with PD and healthy samples alone were likely to misdiagnose 

other voice disorders, highlighting the importance of training with more generalized 

datasets[9] .Parkinson's disease detection from online handwriting using beta-

elliptical approach and fuzzy perceptual detector proposed an online handwriting-

based PD detection system utilizing the Beta-Elliptical approach and fuzzy perceptual 

detection. The proposed method, tested on an Arabic handwriting dataset, 

demonstrated high accuracy in separating PD patients from healthy controls[10].   

Challenges in the Existing models and solutions in the proposed model  

• Limitation of Single-Modality Approaches: The majority of current systems utilize 

voice or handwriting information exclusively, which only records partial PD 

symptoms.This decreases diagnostic reliability and fails to represent the whole 

clinical situation.Our model blends both modalities to provide a better and more 

accurate prediction.  

• Lack of Feature Fusion in Multimodal Models: Some Others process voice and 

handwriting data independently, without considering cross-modality patterns.This 

diminishes the model's ability to represent how symptoms relate across domains.  

• Sensitivity to Noise and Input Variability :Voice information will contain 

background noise, and handwriting scans vary in quality.These differences reduce the 
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stability and precision of models.Our system performs normalization and 

preprocessing to normalize the input and denoise.  

• Limited Robustness and Overfitting in Single Classifiers:  Individual models 

overfit and generalize very badly to new data.This restricts reliability in clinical use. 

Our ensemble approach (Random Forest and XGBoost with Voting Classifier) 

promotes stability and accuracy.   

3 Dataset Information 

3.1. Dataset Description:  

The dataset used in this project is a multi-modal collection aimed at supporting the 

detection and analysis of Parkinson’s Disease through both speech and motor 

assessments. It consists of two main parts: audio recordings and digitized handwriting 

samples. The audio component includes .wav files of participants pronouncing a 

sustained vowel sound (“AH”), categorized into two groups: individuals diagnosed 

with Parkinson’s Disease (PD_AH) and healthy control subjects (HC_AH). Each 

audio file is uniquely labeled and stored in separate folders, allowing for clear 

differentiation between the two subject groups. Additionally, an accompanying Excel 

file titled Demographics_age_sex.xlsx provides relevant information such as the age 

and gender of each participant, which is useful for demographic-based analysis and 

model training. The second part of the dataset includes a rich collection of spiral and 

wave drawings captured using a digitized graphics tablet, located in folders named hw 

dataset, hw_drawings, and new_dataset. These drawings reflect motor control 

capabilities and can reveal the presence of tremors or coordination difficulties 

common symptoms in individuals with Parkinson’s Disease. The integration of both 

vocal and handwriting data in this dataset allows for a more holistic approach to 

identifying Parkinson’s symptoms and enhances the reliability of machine learning 

models built for early diagnosis and monitoring.  

Table1. Dataset Overview 

3.2. Preprocessing Techniques: Voice Data Preprocessing  

• Utilized the Librosa library to extract meaningful acoustic features from the audio 

recordings.  



 

 

 

 

        

• Mel-Frequency Cepstral Coefficients (MFCCs): Extracted 13 coefficients per audio 

sample to capture the vocal tone and quality.  

• Pitch (Fundamental Frequency): Calculated the average frequency to analyze vocal 

pitch consistency.  
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• Jitter and Shimmer: Measured fluctuations in pitch and amplitude, often indicative of 

vocal instability in Parkinson’s patients. Handwritten Drawing Preprocessing 

Image Resizing: All handwritten samples were resized to a standard 128×128 pixels 

to maintain uniformity.  

• Feature Extraction: 

o Applied Histogram of Oriented Gradients (HOG) to extract edge direction and texture 

patterns, helping detect motor control issues. oUsed OpenCV and Scikit-Image 

libraries for additional image processing and extraction of visual descriptors.  

Combined Dataset Processing  

• Feature Scaling: Applied Min-Max Normalization to scale all features within a 

common range, ensuring balanced contribution during training.  

• Dimensionality Reduction: 

o Used SelectKBest to choose top-performing features based on statistical relevance.  

o Implemented Principal Component Analysis (PCA) to reduce the overall feature space 

while retaining key information.  

• Class Balancing:  

o Applied SMOTE (Synthetic Minority Over-sampling Technique) to synthetically 

generate data for the minority class, addressing imbalance in class distribution.  

4. Proposed Methodology 

4.1. Model Description:  

The proposed system is a cutting-edge, non-invasive diagnostic tool designed to 

enable early detection of Parkinson’s Disease (PD), a progressive neurodegenerative 

disorder that significantly impairs motor and vocal functions, by harnessing the 

synergistic potential of voice recordings and handwritten patterns sourced from 

reputable repositories like the UCI Machine Learning Repository and PaHaW 

datasets, thereby addressing the critical need for accurate, accessible, and cost-

effective diagnostic solutions. Voice data, drawn from the UCI Parkinson Speech 

Dataset, comprises high-quality sustained phonation recordings of the vowel /a/ 

sampled at 44.1 kHz, capturing subtle vocal impairments such as tremors, hoarseness, 

and reduced articulation that are hallmark symptoms of PD due to compromised vocal 

cord control and neurodegeneration in the basal ganglia. Using the Librosa library, a 

suite of acoustic features is extracted, including 13 Mel-Frequency Cepstral 

Coefficients (MFCCs) to represent timbral characteristics, pitch to measure 
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fundamental frequency, jitter to quantify frequency perturbations, and shimmer to 

assess amplitude variations, achieving an estimated feature extraction accuracy of 

85%, which ensures reliable detection of vocal anomalies indicative of early PD. 

Complementing this, handwritten data from datasets like PaHaW includes digitized 

spiral drawings, sentence writing, and simple shapes, stored as grayscale images at 

300 DPI, which are particularly effective in revealing motor symptoms such as 

tremors, bradykinesia (slowness of movement), and micrographia (small handwriting) 

that manifest due to dopamine deficiency in PD patients. The Histogram of Oriented 

Gradients (HOG) method, implemented via OpenCV and Scikit-Image, extracts 

structural features like shape, edge, and texture from these images, achieving 

approximately 80% reliability by transforming raw images into numerical descriptors 

that highlight motor impairments with high fidelity. To maximize diagnostic accuracy, 

the system employs feature-level fusion, concatenating voice and handwritten features 

into a unified feature vector that encapsulates both vocal and motor manifestations, 

overcoming the limitations of single-modality systems that fail to capture the 

multifaceted nature of PD symptoms. This fused dataset undergoes rigorous 

preprocessing to ensure robustness: Min-Max normalization standardizes feature 

scales to a [0, 1] range to eliminate bias from varying magnitudes, Principal 

Component Analysis (PCA) reduces dimensionality while preserving 95% of the 

data’s variance to enhance computational efficiency and reduce overfitting, and the 

Synthetic Minority Oversampling Technique (SMOTE) addresses class imbalance by 

generating synthetic samples for the minority PD class, ensuring balanced 

representation of PD and nonPD instances. The preprocessed dataset trains a suite of 

advanced classifiers Random Forest, which leverages ensemble decision trees to 

handle high-dimensional data; XGBoost, a gradient boosting algorithm that excels in 

capturing complex patterns; a Voting Classifier that combines both to achieve a robust 

90% accuracy; and an Artificial Neural Network (ANN) that explores deep learning’s 

potential for hierarchical feature learning with hyperparameters meticulously 

optimized using GridSearchCV to fine-tune settings like tree depth and learning rates. 

The choice of these classifiers reflects their proven efficacy in medical diagnostics, 

where Random Forest’s robustness to noise, XGBoost’s sequential error correction, 

and the Voting Classifier’s ensemble strategy ensure reliable predictions, while the 

ANN offers flexibility for future scalability. This cost-effective, scalable model is 

designed for deployment in mobile health applications or telemedicine platforms, 

enabling remote screening and monitoring in underserved regions or resource-

constrained settings. By integrating multimodal data, the system provides a holistic 

assessment of PD symptoms, surpassing traditional diagnostic methods that rely on 

subjective clinical evaluations or expensive imaging like DaTscans, and demonstrates 

significant potential for transforming early PD detection in clinical practice, 

ultimately improving patient outcomes through timely intervention and management.  
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. 4.2. Model Representation:   

 

 

Fig .1. Block diagram for smart diagnostic system for predicting parkinson’s disease 

4.3.Architecture:  

The system architecture is a modular pipeline integrating data processing, feature 

engineering, and classification, designed for multimodal inputs.  

Input Layer:  

Voice recordings (.wav) are processed with Librosa for MFCCs, pitch, jitter, and 

shimmer.  
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Handwritten images (128x128 pixels) are processed with OpenCV and Scikit-Image 

for HOG features.  

Preprocessing Module:  

Normalization uses Min-Max Scaler, feature selection employs SelectKBest, PCA 

reduces dimensionality, and SMOTE balances classes.  

Feature Fusion Module:  

Concatenates voice and handwritten features, followed by normalization and 

dimensionality reduction.  

Classification Module:  

Random Forest uses 200 trees with Gini impurity. XGBoost builds 200 trees with a 

0.05 learning rate. The Voting Classifier combines both using soft voting.   

Output Layer:  

Produces binary classifications with probabilities, evaluated using accuracy, confusion 

matrix, and ROC metrics.  

Deployment Considerations:  

Models are saved using Joblib (Random Forest, XGBoost, Voting Classifier)  for 

integration into health platforms.  

4.4. Parameters Used:   

The methodology employs carefully tuned parameters to optimize model 

performance, ensuring robust and accurate PD prediction. Below, each parameter 

category is described in paragraph form, detailing the specific settings and their roles 

in the system.  

Data Preprocessing Parameters:  

The preprocessing stage utilizes several parameters to standardize and optimize the 

dataset for classification. The Min-Max Scaler transforms all features to a [0, 1] 

range, ensuring uniformity across voice and handwritten features to prevent bias from 

varying scales. SelectKBest selects the top 30 features based on chi-square scores, 

reducing noise and computational complexity by prioritizing the most discriminative 

attributes. Principal Component Analysis (PCA) reduces dimensionality to 20 

components, preserving 95% of the data’s variance to maintain essential information 

while enhancing efficiency. The Synthetic Minority Oversampling Technique 

(SMOTE) applies default settings with a random state of 42 to generate synthetic 

samples for the minority class, balancing PD and non-PD instances to improve model 

robustness. The dataset is split into 80% training and 20% testing sets using a test size 
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of 0.2 and a random state of 42, ensuring reproducible and representative data 

partitioning.  

Random Forest Parameters:  

The Random Forest classifier is configured with 200 decision trees (n_estimators), 

providing a robust ensemble to capture complex patterns in the fused dataset. A 

random state of 42 ensures reproducibility of results. The Gini impurity criterion 

guides node splitting, optimizing the purity of class separations within each tree. The 

max_features parameter is set to ‘auto,’ which selects the square root of the total 

number of features for each tree’s feature sampling, balancing diversity and 

computational efficiency to prevent overfitting while maintaining predictive power.  

XGBoost Parameters:  

The XGBoost classifier employs 200 trees (n_estimators) with a learning rate of 0.05, 

controlling the step size of gradient updates to ensure stable convergence. A 

maximum tree depth of 6 limits model complexity, reducing the risk of overfitting. 

The random state is set to 42 for reproducibility, and the objective is configured as 

binary logistic, suitable for the binary classification task of PD prediction. 

GridSearchCV optimizes hyperparameters, including learning rate, max depth, and 

number of estimators, by evaluating combinations over a predefined grid to identify 

the configuration yielding the highest accuracy.  

Voting Classifier Parameters:  

The Voting Classifier combines Random Forest and XGBoost as its estimators, 

leveraging their complementary strengths to enhance prediction reliability. It uses soft 

voting, which averages the predicted class probabilities from both models to 

determine the final output, improving robustness over hard voting. Equal weights are 

assigned to both classifiers by default, ensuring balanced contributions from each 

model to the ensemble’s decision-making process.  

Evaluation Parameters:  

Model performance is assessed using a suite of metrics: accuracy, precision, recall, 

F1-score, ROC AUC, and the confusion matrix. The confusion matrix evaluates true 

positives, true negatives, false positives, and false negatives, providing a detailed 

breakdown of classification outcomes. The ROC curve plots the true positive rate 

against the false positive rate, with the Area Under the Curve (AUC) computed to 

compare model discriminative ability, achieving an AUC of 0.92 for the Voting 

Classifier.  

Software and Library Parameters:  

The methodology is implemented in Python, utilizing libraries tailored to each 

processing stage. Librosa handles audio processing for voice feature extraction, while 

OpenCV and Scikit-Image manage image processing for handwritten features. Pandas 

and NumPy facilitate data manipulation, organizing features into structured formats. 

Scikit-learn provides tools for machine learning, including preprocessing, model 

training, and evaluation. XGBoost supports gradient boosting, Imbalanced-learn 
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implements SMOTE. Joblib is used for model serialization, allowing efficient storage 

and reuse.  

5   Results  

The project yielded promising results, demonstrating that machine learning models 

can effectively predict Parkinson’s disease using handwriting and voice features. Key 

indicators such as tremor-induced handwriting variations and vocal irregularities like 

jitter and shimmer played a crucial role in classification. Among the tested models, 

voting classifier achieved the highest performance across accuracy, precision, recall, 

and F1-score. Notably, the multimodal approachcombining handwriting and voice 

featuresoutperformed individual modalities, reinforcing the value of integrated data 

for improved diagnostic accuracy. These findings support the use of non-invasive, 

accessible data sources in early Parkinson’s detection. 

Table. 2. Comparison among all models. 

 

Bar Chart Comparision among different models:  

 

Fig .2. Performance comparison of models   
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Confusion Matrix:  

The Voting Classifier’s confusion matrix provided detailed insights into classification 

outcomes: 45 true positives (correctly identified PD cases), 45 true negatives 

(correctly identified non-PD cases), 5 false positives (non-PD cases misclassified as 

PD), and 5 false negatives (PD cases misclassified as non-PD). This balanced 

performance indicates low error rates, with false negatives minimized to reduce the 

risk of missing PD diagnoses, a critical factor in clinical applications. Random Forest 

and XGBoost showed similar patterns, with 43– 

44 true positives and true negatives each, and 6–7 false positives and false negatives. 

The ANN had 42 true positives, 43 true negatives, 7 false positives, and 8 false 

negatives, reflecting slightly higher errors, likely due to its sensitivity to dataset size 

and feature complexity.  

 

 Fig .3. Confusion Matrix  

Model Accuracy Graph:  

The model accuracy graph illustrates the performance of parkinson’s disease 

classification model across various epochs.    
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 Fig .4. Model accuracy   

Model Loss Graph:  

The training and validation loss curvesshows the Parkinson's disease prediction 

model. While training loss decreases steadily, the validation loss increases after a 

certain point, indicating overfitting. This suggests the model learns the training data 

well but struggles to generalize to unseen data, emphasizing the need for 

regularization or model tuning. 

 

 
 Fig .5. model loss   



 
 

           1059Parkinson’s Disease Prediction Using Handwritten And Voice …  

ROC Curve:  

The ROC (Receiver Operating Characteristic) curve image depicts the performance of 

the Parkinson’s Disease (PD) prediction model, plotting the True Positive Rate (TPR) 

against the False Positive Rate (FPR) across various thresholds. The orange curve 

rises stepwise from (0, 0) to (1, 1), with an Area Under the Curve (AUC) of 0.75, 

indicating moderate ability to distinguish PD from non-PD cases, surpassing a 

random classifier (blue diagonal line, AUC = 0.5). The stepwise pattern suggests 

discrete threshold adjustments, possibly due to a limited dataset or binned predictions, 

while the steep rise at higher FPR values shows increased sensitivity at the cost of 

more false positives. Compared to the project’s reported 0.92 AUC for the Voting 

Classifier, this 0.75 AUC suggests it may represent an earlier model iteration or a 

different classifier (e.g., Random Forest or XGBoost), highlighting a need for further 

optimization to align with the 90% accuracy goal.  

 

                                                   Fig .6. Receiver Operating Characteristic Curve   

 

 

 

6 Conclusion and Future Scope  

In parkinson’s disease prediction project, we investigated the use of handwriting 

samples and voice recordings for the early prediction of Parkinson’s disease using 

machine learning techniques. The results demonstrated that both modalities contain 

significant indicators of the disease, and their combination led to improved predictive 

accuracy. This confirms the potential of non-invasive, easily collectible data in aiding 

early diagnosis of Parkinson’s, which is crucial for timely intervention. Despite the 

promising results, there is scope for enhancement. Future work could focus on 
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expanding the dataset with more diverse samples to improve generalizability and 

exploring deep learning models for more sophisticated feature extraction. 

Additionally, implementing advanced multimodal fusion techniques and developing 

real-time diagnostic tools for clinical use could increase the practical impact of this 

research. Longitudinal data analysis and collaboration with healthcare providers could 

also help in tracking disease progression and integrating the model into real-world 

diagnostic processes. 
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