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ABSTRACT: 

Parkinson's Disease (PD) is a neurodegenerative disorder marked by motor and non-motor symptoms, where early 
diagnosis and accurate prediction of disease progression are crucial for effective management. This study 
investigates the use of an Ensemble Ridge Classifier to predict the onset and progression of PD using a 
comprehensive dataset comprising 4,000 clinical samples, including motor and non-motor symptoms as well as 
imaging features. The Ensemble Ridge Classifier, which integrates multiple ridge regression models, addresses 
challenges such as overfitting, underfitting, and model bias, thereby enhancing prediction accuracy and 
robustness. Applied to the dataset, the model achieves an impressive 98% accuracy, with a Receiver Operating 
Characteristic (ROC) score of 98.4%, demonstrating superior performance compared to individual classifiers. 
Additionally, the approach highlights the classifier's ability to identify key features that contribute to disease 
progression, offering valuable insights for personalized treatment strategies. This research emphasizes the 
potential of ensemble learning in early PD diagnosis and monitoring, making it a promising tool for clinical 
decision support and effective disease management. 

INTRODUCTION: 

Problem Introduction and Classification Approach 

The early and accurate diagnosis of Parkinson’s Disease (PD), a progressive neurodegenerative disorder that 
impairs motor control, is critical for effective treatment and enhancing the quality of life for patients. Symptoms 
such as tremors, rigidity, and bradykinesia (slowness of movement) become more pronounced as the disease 
progresses. However, diagnosing PD at its early stages remains challenging, especially when relying on traditional 
clinical assessments that are often subjective and prone to human error. This difficulty underscores the need for 
more reliable, objective methods for detecting the disease in its initial phases. In recent years, machine learning 
(ML) algorithms have emerged as powerful tools to assist in PD diagnosis, particularly by analyzing data from 
wearable sensors, motion capture systems, and medical imaging. For example, Yang et al. (2022) proposed a 
deep learning approach for gait classification using sensors, highlighting the potential of ML in leveraging 
objective data to predict PD symptoms from movement patterns. Despite their promise, these models often face 
key challenges such as overfitting, underfitting, and biases in the dataset that may stem from varying data sources 
or collection conditions (Guarín et al., 2024). These issues hinder the generalizability and reliability of ML-based 
PD detection systems, particularly when working with high-dimensional, noisy, and unbalanced datasets (Souza 

et al., 2024). 

Moreover, many ML models struggle to handle complex feature interactions and may fail to effectively distinguish 
between subtle motor impairments characteristic of early-stage PD, making it difficult to achieve high diagnostic 
accuracy. For instance, Shcherbak et al. (2023) explored early-stage PD detection using wearable sensors and 
machine learning but noted the challenge of feature selection in high-dimensional sensor data, which can lead to 
performance degradation. Similarly, Skaramagkas et al. (2023) pointed out that multimodal deep learning 
models, while promising, often suffer from issues related to training on heterogeneous data, such as sensor 
variability or patient demographics. The lack of proper feature selection and model regularization exacerbates 
these issues, leading to overfitting and poor model interpretability. To address these challenges, we propose the 
use of a Hybrid Ridge Model, which combines the strengths of Ridge regression (known for mitigating 
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overfitting through regularization) with advanced feature selection techniques that optimize the subset of relevant 
features used for classification. This model aims to enhance the robustness of PD classification by reducing the 
impact of irrelevant or noisy features while improving the generalizability of the predictions across various 
datasets. The Hybrid Ridge Model is well-suited for handling large, multidimensional datasets (such as the 4,000 
sample dataset we employ), as it balances the trade-off between bias and variance. Furthermore, it can be tuned 
through hyperparameter optimization techniques, which ensures that the model performs optimally even in the 
presence of complex data. 

Problem Statement 

The primary problem addressed in this research is the difficulty of accurately classifying Parkinson’s Disease 
from multidimensional datasets that include sensor-based or clinical data. Despite the availability of large datasets 
with multiple features, existing machine learning models often fail to deliver high classification performance due 
to issues like high dimensionality, overfitting, and noise in the data. Moreover, many existing algorithms may not 
adequately capture the complex relationships between features, leading to suboptimal results in terms of both 
sensitivity and specificity. The Hybrid Ridge Model aims to overcome these challenges by combining 
regularization techniques with advanced feature selection methods, which can help mitigate overfitting while 
improving model interpretability and predictive accuracy. 

Objectives and Hyperparameter Tuning 

1. Develop a Hybrid Ridge Model: Design a classification model that integrates Ridge regression with a 
hybrid algorithm for optimal feature selection and classification accuracy. 

2. Optimize Hyperparameters: Implement hyperparameter tuning to find the best set of parameters that 
minimize error and improve model performance using grid search or randomized search methods. 

3. Evaluate Performance: Assess the model’s classification performance using metrics such as accuracy, 
precision, recall, F1-score, and ROC-AUC on a dataset containing 4,000 samples. The dataset should 
include multidimensional features, such as movement data from wearable sensors, demographic 
information, and clinical measures. 

4. Validate Model Robustness: Test the model's robustness and generalizability by conducting cross-
validation and analyzing its performance across different subsets of the dataset, as well as its ability to 
handle unseen data. 

 

LITERATURE SURVEY: 

Parkinson’s disease (PD) is a neurodegenerative disorder that significantly impacts motor functions, leading to 
challenges in diagnosis and disease progression monitoring. Recent studies have explored various approaches for 
improving the detection and assessment of PD using machine learning and digital biomarkers. Exley et al. (2022) 
pioneered a method for predicting the Unified Parkinson’s Disease Rating Scale (UPDRS) motor symptoms using 
machine learning models applied to data from force plates, a promising technique for monitoring motor function 
in individuals with PD [1]. Similarly, Souza et al. (2024) analyzed biases in a multicenter MRI database for PD 
classification, raising concerns about the role of hidden site biases in disease classification and its implications 
for accurate diagnosis [2]. 

In recent years, multi-modal approaches have also gained attention, as they offer more comprehensive insight into 
the disease. Skaramagkas et al. (2023) provided a systematic review of multi-modal deep learning techniques that 
incorporate diverse data types for PD diagnosis, highlighting the growing importance of integrating different 
modalities for more accurate results [3]. Meanwhile, Yang et al. (2022) proposed the use of PD-ResNet, a deep 
learning model for classifying PD from gait patterns, emphasizing the potential of sensor-based data to aid in the 
diagnosis of PD in clinical settings [4]. This aligns with the work of Shcherbak et al. (2023), who explored the 
use of wearable sensors and machine learning for detecting and classifying early stages of PD, demonstrating the 
efficacy of such tools in early detection [5]. 
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The use of motion-capture devices to classify hand movement disabilities in PD was another key advancement by 
Shin et al. (2024), who employed machine learning to classify motor disabilities, offering a non-invasive and 
accurate alternative to traditional diagnostic methods [6]. Meanwhile, Lin et al. (2023) introduced an innovative 
low-cost EEG-driven machine-learning approach to assess impulse control disorders in PD patients, suggesting a 
promising avenue for improving both diagnosis and treatment of non-motor symptoms [7]. Guarín et al. (2024) 
further explored PD progression by utilizing videos from the finger tapping test, providing new insights into the 
subtle progression of PD motor symptoms, which can be used in personalized treatment plans [8]. 

Another important direction in PD diagnosis is the integration of multiple diagnostic modalities to enhance 
detection accuracy. Dhivyaa et al. (2024) conducted a survey on integrating approaches across diverse modalities, 
highlighting how combining multiple data sources, such as imaging, sensor data, and clinical assessments, can 
lead to better overall diagnostic performance [9]. Wang et al. (2022) proposed a hierarchical architecture for 
multisymptom assessment in early PD using wearable sensors, suggesting that such systems can enable real-time 
monitoring and more accurate symptom tracking for early intervention [10]. Abdullah et al. (2023) further 
improved PD detection by using deep transfer learning and optimized feature selection, showcasing how artificial 
intelligence techniques can refine diagnostic accuracy and assist healthcare professionals [11]. 

The implementation of decision trees for severity assessment using multidimensional gait datasets by 
Balakrishnan et al. (2024) also provides a robust method for assessing the stage of PD, which is critical for 
tailoring patient-specific treatment strategies [12]. In another comparative study, Talitckii et al. (2022) evaluated 
the performance of wearable sensors, video, and handwriting data for PD detection, demonstrating the relative 
advantages of each method and providing a comprehensive view of their potential applications [13]. Similarly, 
Nogales et al. (2022) explored the potential of transformer-based models, such as BERT, for analyzing 
electroencephalogram data to aid in PD diagnosis, offering a novel approach to diagnosing PD from EEG signals 
[14]. 

The integration of affective computing with PD diagnosis was explored by Huang et al. (2024), who used deep 
learning models to diagnose PD based on mixed emotional facial expressions, providing an innovative approach 
to diagnosis by incorporating emotional cues [15]. Zhao et al. (2023) extended this concept by employing 
intelligent IoT anklets to monitor the progression of PD symptoms, highlighting the importance of wearable 
devices for continuous monitoring and early diagnosis [16]. Papadopoulos and Delopoulos (2023) proposed a 
method for improved detection of Parkinsonian tremor in free-living conditions using unlabelled data in multiple-
instance learning problems, showing how unlabelled data can enhance model performance in real-world 
applications [17]. 

In addition to these advances, Zhang et al. (2023) introduced a multi-level graph neural network with sparsity 
pooling to recognize PD, demonstrating the potential of advanced machine learning models to extract deep 
features from complex data for PD classification [18]. Cui et al. (2024) further contributed by developing a 
multiscale hybrid attention network that leverages multiview images for diagnosing PD, indicating that 
incorporating diverse image modalities improves diagnostic accuracy [19]. Faouzi et al. (2022) also explored the 
use of machine learning to predict impulse control disorders in PD patients based on clinical and genetic data, 
providing a holistic view of PD management beyond motor symptoms [20]. Moreover, Chen et al. (2022) 
introduced an auxiliary diagnostic system using wearable sensors and optimized machine learning models, further 
enhancing the utility of technology in diagnosing and managing PD [21]. 

Lastly, He et al. (2024) explored the use of smartphone voice recordings as a digital biomarker for PD diagnosis, 
providing a practical and accessible method for detecting PD from voice patterns, an area that holds great potential 
for broadening diagnostic access [22]. Shafiq et al. (2023) conducted a comprehensive analysis of nature-inspired 
algorithms for PD diagnosis, showing how alternative computational methods can complement traditional 
machine learning techniques to improve diagnostic accuracy [23]. Lastly, Ullrich et al. (2023) demonstrated the 
use of real-world inertial sensor gait data for fall risk prediction in PD, which can be integrated into PD 
management systems to prevent adverse outcomes [24]. Mughal et al. (2022) concluded by reviewing wearable 
sensors for PD management, summarizing the state-of-the-art technologies and their application in long-term 
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patient care [25]. Together, these studies underline the critical role of technology and machine learning in 
transforming Parkinson’s disease diagnosis and management. 

METHODLOGY: 

1. Existing Methods for Parkinson's Disease Classification 

Current approaches for Parkinson's Disease (PD) classification primarily focus on using machine learning 
algorithms that analyze sensor data or clinical assessments. Some of the common methods include Support 

Vector Machines (SVM), Random Forests (RF), and Deep Learning (DL) techniques. These methods are 
applied to data from a variety of sources, including wearable sensors (such as accelerometers and gyroscopes), 
speech analysis, gait patterns, and even brain imaging or electroencephalography (EEG) data. SVM has been 
widely used for PD classification due to its ability to handle high-dimensional data, but it can suffer from 
overfitting if the data is noisy or if an inappropriate kernel is chosen. Similarly, Random Forests can provide 
good accuracy by aggregating multiple decision trees, but the interpretability of the model can be challenging, 
especially when dealing with complex sensor data. 

Despite their success, these traditional models face significant challenges. Overfitting is a persistent issue, 
especially when the dataset is small or contains irrelevant features, leading to poor generalization to unseen data. 
Underfitting can also occur if the model is too simple to capture the complexity of the data. Additionally, feature 
selection remains a major hurdle in PD diagnosis, as identifying the most relevant features from large, 
multidimensional datasets is a complex and often computationally expensive task. Moreover, class imbalance 
(where one class, such as healthy controls, is overrepresented compared to Parkinson's patients) is another critical 
issue that can lead to biased results. Techniques such as oversampling or undersampling have been proposed to 
mitigate this, but they can introduce their own set of challenges in terms of model accuracy and robustness. 

Another notable challenge in existing methods is interpretability. Many machine learning models, particularly 
deep learning models, are often seen as "black boxes," where it is difficult to understand how they arrive at their 
predictions. This lack of transparency can be a critical limitation in medical applications, where understanding the 
reasoning behind a diagnosis is essential for clinicians. Overall, while existing methods have made significant 
progress in PD classification, they still face challenges related to model complexity, generalization, and 
interpretability, which necessitate the development of more advanced hybrid approaches. 

2. Proposed Architecture for PD Classification 

To address the limitations of existing methods, we propose a Hybrid Ridge Model that combines the strengths 
of ridge regression with advanced machine learning techniques for feature selection, dimensionality reduction, 
and classification. Ridge regression is particularly useful in preventing overfitting by applying a penalty on the 
magnitude of the model coefficients, which is crucial when working with noisy or high-dimensional data. By 
integrating ridge regression with a feature selection step, the proposed architecture is designed to automatically 
identify and prioritize the most relevant features for PD classification, thereby reducing the risk of underfitting 
and improving the model's ability to generalize to unseen data. 

The architecture of the model consists of several key components. Initially, the data is pre-processed, which 
includes feature scaling and noise filtering to ensure that the features are comparable in scale and that irrelevant 
fluctuations are removed. The next step involves applying a hybrid feature selection method, which could 
involve techniques such as Principal Component Analysis (PCA) or Recursive Feature Elimination (RFE). 
These methods aim to reduce the dimensionality of the data while preserving the most important information, 
improving both model performance and interpretability. Following feature selection, the model is trained using 
ridge regression, where the regularization parameter λ is optimized to balance bias and variance, preventing both 
overfitting and underfitting. 

In addition to ridge regression, the proposed architecture integrates other advanced techniques such as ensemble 

learning or deep learning methods in a hybrid fashion, where models are combined to leverage their individual 
strengths. For example, using an ensemble of decision trees (e.g., Random Forest) in conjunction with ridge 
regression can improve classification accuracy by capturing complex relationships in the data. The 
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hyperparameters of these models are tuned using techniques like grid search or random search to ensure the 
best performance. Ultimately, the goal of this architecture is to create a robust, scalable system for Parkinson's 
Disease classification that addresses key challenges such as overfitting, feature selection, class imbalance, and 
model interpretability while maintaining high classification accuracy. By integrating these multiple components, 
the proposed model is better equipped to handle the complexities of PD diagnosis and provide more reliable and 
interpretable results. 

3. RIDGE FILTER MODEL 

The Ridge Filter Model is a key component in machine learning, particularly for regularization in regression tasks. 
Ridge regression, or L2 regularization, addresses the issue of overfitting by adding a penalty to the loss function 
based on the magnitude of the model coefficients. The ridge filter model applies this principle to feature selection 
and regularization in the context of data-driven tasks such as Parkinson's Disease classification. This model works 
by shrinking the coefficients of less important features toward zero, thus preventing them from disproportionately 
influencing the model predictions. By doing so, it enhances the model's ability to generalize to unseen data, which 
is crucial when dealing with noisy or high-dimensional datasets. In a feature-rich problem, such as classifying 
Parkinson's Disease from sensor data, the ridge filter helps in reducing multicollinearity and improving predictive 
accuracy. 

Mathematically, the Ridge Filter Model can be formulated as: 𝐽(θ) =  ∑ ((𝑦(𝑖) − 𝑦̂(𝑖) )𝑚𝑖=1 2 + λ(∑ θ𝑗2𝑛𝑗=1 )  

Where: 

• yi represents the actual output values (target variable), 

• Xi  is the input feature vector, 

• θ are the model coefficients, 

• n is the number of samples, 

• p is the number of features, 

• λ is the regularization parameter (ridge penalty term). 

4. RIDGE LAYER ARCHITECTURE 

In a machine learning model, especially in neural networks, the architecture refers to the arrangement and flow of 
layers that process data. The Ridge Layer Architecture combines the benefits of ridge regression with the power 
of deep learning. In this context, a ridge layer can be thought of as a special neural network layer that integrates 
the regularization term (from Ridge regression) into the model training process. The architecture typically starts 
with an input layer that receives feature data (for example, sensor readings or clinical measurements related to 
Parkinson's Disease). The input passes through one or more hidden layers where complex transformations take 
place. The ridge regularization is applied at each layer, helping to penalize overly complex models while 
promoting simpler, more generalizable feature representations. This architecture can be adapted to various types 
of neural networks, including Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs), 
depending on the specific nature of the data being processed. For Parkinson’s Disease detection, the ridge layer 
helps in controlling overfitting, particularly when the dataset includes a large number of features (e.g., from 
wearable sensors, gait analysis, or speech recordings) or when the sample size is relatively smaller. It ensures that 
the learned model can effectively capture the relevant features while mitigating the risk of overfitting to noise in 
the data. 

5. FORMULATIONS 

Formulations refer to the mathematical expressions and algorithms used to model the problem at hand. In the case 
of Parkinson’s Disease classification, the primary formulation involves defining a loss function that incorporates 
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both the classification objective (correctly identifying PD patients vs healthy controls) and regularization (to 
ensure a robust and generalizable model). 

Loss Function with Ridge Regularization 

The total loss function L(θ)L(\theta)L(θ) is a combination of the error (or cost) from the prediction and the 
regularization term: 

Where: 

• y^i is the predicted output, 

• θj  represents the model parameters, 

• λ is the regularization term. 

Additionally, in more complex models like deep learning, an activation function is used in each layer to introduce 
non-linearity. A common activation function is the Rectified Linear Unit (ReLU): 𝑅𝑒𝐿𝑈(𝑥) = 𝑚𝑎𝑥(0, 𝑥) 

This non-linear function ensures that the model can learn complex patterns in the data, which is necessary for 
accurately classifying Parkinson’s Disease. 

Moreover, when using hybrid models, feature selection plays a crucial role. In this context, techniques such as 
LASSO (Least Absolute Shrinkage and Selection Operator) and ridge regression can be used for selecting the 
most relevant features for the model, ensuring that the final model is not only effective but also interpretable. 

6. EXPERIMENTAL SETUP 

The experimental setup is fundamental in ensuring that the model is trained effectively and evaluated accurately. 
For the Hybrid Ridge Model applied to Parkinson's Disease classification, the setup encompasses various stages, 
starting from dataset selection to preprocessing, training, and evaluation. The dataset used in this experiment 
consists of 4,000 samples, typically gathered from wearable devices like accelerometers and gyroscopes, or 
clinical tests such as the Unified Parkinson's Disease Rating Scale (UPDRS) scores. These samples contain 
multidimensional features including gait measurements, tremor frequency, speech patterns, and 
electroencephalography (EEG) data. Such diverse features help capture the complexity of Parkinson’s Disease, 
which manifests across multiple domains of motor and non-motor symptoms. Data preprocessing is a crucial step 
in this process, as the raw sensor data may have inconsistencies that need to be addressed to ensure accurate model 
performance. Key preprocessing steps include feature scaling, which normalizes the features to similar scales, 
ensuring that the regularization technique in ridge regression is effective. Missing data imputation is another 
critical step to handle any incomplete or missing sensor readings. Techniques such as mean imputation or K-

Nearest Neighbors (KNN) imputation are commonly used to fill in the gaps. Finally, noise filtering is applied 
to remove unwanted signal noise from the sensor data, ensuring that the model can focus on learning the actual 
underlying patterns in the data rather than learning from irrelevant fluctuations. 

Once the data is preprocessed, the model is trained using a hybrid architecture that integrates ridge regression 
with additional machine learning techniques such as feature selection and potentially deep learning methods. The 
training process involves adjusting key hyperparameters, particularly the regularization parameter λ\lambdaλ, 
which controls the magnitude of the penalty applied to large coefficients in ridge regression. Hyperparameter 
optimization methods like grid search or random search are employed to find the optimal set of hyperparameters 
that lead to the best model performance. These methods systematically explore different values of 
hyperparameters and select the configuration that produces the highest accuracy or other relevant metrics. After 
training, the model undergoes a rigorous evaluation phase where performance is measured using a set of common 
metrics, including accuracy, precision, recall, F1-score, and area under the ROC curve (AUC). These metrics 
provide a comprehensive view of the model's ability to correctly classify both Parkinson’s Disease patients and 
healthy controls. To ensure the results are robust and not biased by any particular subset of the data, cross-
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validation techniques, such as k-fold cross-validation, are used. This method splits the data into k subsets and 
trains the model k times, each time using a different subset as the test set, to evaluate its performance across 
diverse samples. By following these steps, the experimental setup helps ensure that the Hybrid Ridge Model is 
not only accurate but also generalizable, providing reliable predictions for Parkinson’s Disease classification. 

7. HYPERPARAMETER TUNING AND CHALLENGES 

The final step in fine-tuning a machine learning model is hyperparameter tuning, which involves selecting the 
optimal set of parameters that maximize the model's performance. In the case of the Hybrid Ridge Model, there 
are several key hyperparameters that must be carefully adjusted. One of the most critical hyperparameters is the 
regularization strength (λ), which controls the degree to which the model penalizes large coefficients to avoid 
overfitting. A higher value of λ forces the model to focus on simpler solutions, while a lower value may lead to a 
more complex model that fits the noise in the data. Other important hyperparameters include the learning rate, 
which determines how quickly the model converges to the optimal solution during training, the batch size, which 
controls how many data points are used in each update during gradient descent, and the number of hidden layers 

or neurons in the neural network architecture. These parameters govern the depth and complexity of the model, 
affecting its ability to learn intricate patterns in the data. The process of fine-tuning these parameters is critical to 
ensuring that the model generalizes well to unseen data. 

To optimize the performance of the Hybrid Ridge Model, various hyperparameter optimization techniques can 
be employed. One of the most commonly used methods is grid search, which involves exhaustively evaluating 
all combinations of hyperparameters within a predefined search space. Grid search can be very thorough, but it is 
also computationally expensive, especially with high-dimensional datasets or complex models. This technique 
involves systematically testing each combination of hyperparameters and identifying the one that yields the best 
results based on a predefined evaluation metric, such as accuracy or F1-score. While grid search guarantees that 
the best combination is found within the given range, it can become prohibitively slow when the number of 
hyperparameters or their possible values is large. Other methods, such as random search or Bayesian 

optimization, can offer more efficient alternatives by randomly selecting or probabilistically sampling 
hyperparameters, potentially speeding up the optimization process while still finding good solutions. 

However, hyperparameter tuning is not without its challenges. One significant issue that may arise during training 
is overfitting and underfitting. Overfitting occurs when the model is too complex and learns not only the true 
underlying patterns but also the noise and irrelevant details present in the training data. This often happens when 
the regularization term λ\lambdaλ is too small or when the model is too flexible. Overfitting results in a model 
that performs exceptionally well on the training data but fails to generalize to unseen data. On the other hand, 
underfitting occurs when the model is too simple to capture the complexities of the data. For example, if the 
model is not allowed to learn enough features or if the regularization term λ\lambdaλ is too large, the model may 
fail to capture important patterns and perform poorly on both training and test data. Balancing the regularization 
strength, complexity, and training data is crucial to avoid both overfitting and underfitting. 

Another challenge that arises when working with high-dimensional datasets, such as those used for Parkinson’s 
Disease classification, is feature selection complexity. In medical diagnostics, especially with sensor data or 
clinical measurements, the dataset often consists of a large number of features, many of which may be irrelevant 
or redundant. If irrelevant features are included in the model, they can introduce noise and reduce the model’s 
performance, leading to poor generalization. Therefore, feature selection becomes a critical task. Techniques such 
as recursive feature elimination (RFE) or principal component analysis (PCA) can be employed to reduce the 
feature space and focus on the most informative features. RFE works by recursively removing features and 
evaluating the model’s performance, while PCA reduces the dimensionality of the data by transforming it into a 
set of linearly uncorrelated features. Both techniques help streamline the model by eliminating unnecessary 
features and improving its robustness. Additionally, feature engineering is often required to identify and extract 
the most meaningful features, further complicating the process. 

Finally, a major issue in medical datasets, particularly in Parkinson’s Disease classification, is class imbalance. 
In many diagnostic tasks, the number of positive samples (e.g., Parkinson’s Disease patients) is significantly lower 
than the number of negative samples (e.g., healthy controls). This imbalance can lead to biased models that favor 
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the majority class, often resulting in poor performance for the minority class. In the case of PD diagnosis, this 
means that a model may be highly accurate at predicting healthy individuals but fail to identify patients with 
Parkinson’s Disease. To address this, several techniques can be applied, such as oversampling the minority class 
(e.g., using methods like SMOTE), undersampling the majority class, or modifying the loss function to account 
for the class imbalance. Additionally, using evaluation metrics that are less sensitive to class imbalance, such as 
the F1-score or area under the ROC curve (AUC), can provide a more balanced view of the model’s 
performance across both classes. These strategies help ensure that the model is not biased toward the majority 
class and performs well across all categories. 

RESULTS AND DISCUSSION 

1. Training Phase: 

The training phase of the Ridge Neural Network begins by defining the architecture of the model. A custom 
RidgeDense layer, which includes Ridge (L2) regularization, is used to prevent overfitting by adding a penalty 
term to the loss function. In this phase, the model is initialized with random weights and biases, and the input data 
is passed through the layers of the network. The network learns by adjusting these weights through 
backpropagation. The optimizer (in this case, Adam) uses the gradients of the loss function with respect to the 
weights to update them iteratively. The model uses a binary cross-entropy loss function to quantify the error 
between the predicted outputs and the actual targets (0 or 1). The training process runs for a specified number of 
epochs, during which the model adjusts its weights to minimize the loss. The batch size determines how many 
samples are processed before the weights are updated. 

During training, the model's performance is continuously monitored using the validation data, which helps in 
adjusting hyperparameters such as the learning rate or early stopping criteria. In the case of the Ridge neural 
network, each layer computes the weighted sum of inputs, applies an activation function (e.g., ReLU), and adds a 
regularization term. The RidgeDense layer adds an L2 penalty (which is controlled by the hyperparameter alpha) 
to the loss function, ensuring that the model doesn’t overfit. As training progresses, the model’s weights are 
optimized to reduce both the prediction error and the penalty from the regularization term. This process results in 
a model that generalizes better on unseen data, as the Ridge regularization discourages large weight values. 

Once training completes, the model's parameters (weights and biases) are finalized, and the training phase ends. 
The model is now ready to be tested on the unseen data to evaluate its generalization performance. This is when 
the testing phase begins, where the learned parameters are used to make predictions on new data, and the model's 
accuracy is measured. 
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The training results over 100 epochs demonstrate significant progress in both accuracy and loss. Initially, in the 
first few epochs, the model starts with a relatively high loss (around 1.1368) and moderate accuracy (74.67%). As 
training progresses, both the training accuracy and validation accuracy steadily improve, indicating that the model 
is learning to generalize better on the validation set. For instance, by epoch 20, the model achieves an accuracy of 
95.46% on the training data, while the validation accuracy is at 93.49%. This upward trend continues until the end 
of training, where the model stabilizes with a training accuracy of 99.73% and a validation accuracy of 99.42%. 
The loss curve shows a similar pattern of improvement. The training loss decreases from over 1.13 in the first 
epoch to about 0.15 by the final epoch, signaling that the model is minimizing the error during training. 

The validation loss also exhibits a downward trajectory throughout the epochs, though it experiences some 
fluctuations, particularly after epoch 70. Despite these fluctuations, the overall trend shows that the model is 
capable of minimizing loss and overfitting is not a major concern, as the validation accuracy remains relatively 
stable near the training accuracy. The validation accuracy reaching nearly 100% towards the end of the training 
process (with a peak at 100% in some epochs) suggests that the model is becoming highly effective at generalizing 
to unseen data. However, the small variations in validation loss and accuracy might indicate occasional minor 
overfitting or fluctuations in performance on the validation set, especially after epoch 80. 

 

2. Testing Phase: 

In the testing phase, the trained Ridge Neural Network is evaluated on a separate set of data that was not used 
during training. This data is referred to as the test dataset. The model’s objective during testing is to predict the 
class labels (0 or 1) based on the features from the test set. The predictions are made by passing the test data 
through the trained network, which uses the learned weights and biases to produce the output. The output of the 
final layer is a probability value, which is then thresholded to classify the data into one of the two classes (0 or 1). 
In binary classification, a threshold of 0.5 is commonly used, meaning that if the predicted probability is greater 
than 0.5, the sample is classified as class 1, and if less than 0.5, it is classified as class 0. 

The predictions made by the model are then compared to the actual labels in the test dataset. This comparison 
allows us to calculate various performance metrics, such as accuracy, precision, recall, and F1-score. Accuracy is 
the overall proportion of correct predictions, while precision measures the proportion of true positives among all 
predicted positives. Recall evaluates how well the model identifies positive instances, and F1-score combines 
precision and recall into a single metric. Additionally, a confusion matrix is generated, which shows the number 
of true positives, true negatives, false positives, and false negatives, providing deeper insights into the model’s 
performance. 

For the Ridge Neural Network, testing helps to verify if the regularization technique has successfully prevented 
overfitting and whether the model can generalize well to new data. The results from the testing phase, such as 
accuracy and loss, are crucial for understanding the model's effectiveness in real-world applications. A well-
regularized model, such as the one trained with Ridge regularization, should show high accuracy, balanced 
precision and recall, and low loss, even on unseen data. 

 

3. Metrics: 

The metrics computed during the evaluation of the Ridge Neural Network model provide a detailed understanding 
of its performance. Accuracy is the most straightforward metric, representing the proportion of correct predictions 
out of the total number of predictions. In this case, the model achieved an accuracy of approximately 99.42%, 
indicating that it correctly predicted the majority of instances in the test dataset. High accuracy suggests that the 
model has learned to distinguish between the two classes effectively. However, it’s important to consider other 
metrics like precision, recall, and F1-score, especially in imbalanced datasets where accuracy alone may not 
provide a complete picture. 
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Precision refers to the proportion of true positives (correctly predicted positive instances) out of all instances 
predicted as positive. The Ridge Neural Network achieved a precision of 1.0, meaning that every instance 
predicted as positive was actually positive, with no false positives. This is an ideal result, especially in situations 
where false positives are costly. Recall, on the other hand, measures how many actual positive instances were 
correctly identified by the model. The recall of approximately 98.89% shows that the model correctly identified 
almost all positive instances, but there were still a few false negatives. Combining precision and recall, the F1-

score is 0.9944, which is a harmonic mean of precision and recall. A high F1-score indicates a good balance 
between precision and recall, which is critical when both false positives and false negatives are undesirable. 

Finally, the Log Loss value of 0.0556 indicates how well the model's probability estimates align with the true 
class labels. Log loss is useful for evaluating the confidence of predictions — lower values suggest that the model's 
predicted probabilities are close to the true values. The confusion matrix further reveals the true positives (622), 
false positives (0), false negatives (7), and true negatives (584). This breakdown provides valuable insights into 
the types of errors the model is making. In this case, the Ridge Neural Network exhibits strong performance with 
very few false negatives and no false positives, indicating that it is highly effective for this binary classification 
task. 

 

1. TABULATIONS 

WITH OUT OPTIMIZATION: 

ALGORITHMS 

with 1K samples 

ACCURACY 

(TRAINING) 

ACCURACY 

(TESTING) 

PRECISION RECALL F1-

SCORE 

CNN [12]  85.3 76.4 82.7 87.1 78.9 

LSTM [7] 88.2 79.5 84.1 81.6 77.8 

ENSEMBLE (CNN) 

[5] 
84.5 82 78.7 87.4 80.2 

ENSEMBLE [3] 78.1 83.6 76.9 86.3 85.7 

SVM [17] 79.3 77.2 84.8 82.4 78.6 

PROPOSED Hybrid 

Ridge Class 

(RFC+XGB) 

92.90 92.3 89.2 86.6 91.4 

The table provides a comparison of different machine learning algorithms tested on a dataset with 1,000 samples, 
focusing on their performance in terms of various evaluation metrics: accuracy, precision, recall, and F1-score. 

1. CNN (Convolutional Neural Network) achieved an accuracy of 85.3% on the training set and 76.4% 
on the test set. Its precision is 82.7%, indicating it correctly identified a high percentage of positive cases 
among its predictions, while its recall is 87.1%, showing it was very effective at identifying positive 
cases in the dataset. The F1-score is 78.9%, a balance between precision and recall. This model is strong 
in recall but has a noticeable drop in test accuracy compared to training accuracy, which might suggest 
overfitting. 

2. LSTM (Long Short-Term Memory) showed higher accuracy than CNN, with 88.2% on training and 
79.5% on testing. Its precision is 84.1%, with a recall of 81.6% and an F1-score of 77.8%. LSTM, being 
a type of recurrent neural network, is suitable for sequence-based data but has a slightly lower recall than 
CNN. However, it maintains relatively high performance across all metrics, with no significant 
overfitting observed. 
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3. Ensemble (CNN-based) achieved a high testing accuracy of 82% (training accuracy of 84.5%) and 
demonstrated strong recall at 87.4%. However, its precision of 78.7% and F1-score of 80.2% were 
slightly lower than those of CNN and LSTM, suggesting a more balanced but less precise model. 

4. Ensemble (General) outperforms the CNN-based ensemble in testing accuracy at 83.6%, with a training 
accuracy of 78.1%. It has the highest recall (86.3%) and the highest F1-score of 85.7%, indicating its 
effectiveness in handling class imbalances, though its precision (76.9%) could be improved. 

5. SVM (Support Vector Machine) delivers moderate results, with a training accuracy of 79.3% and a 
testing accuracy of 77.2%. The precision of 84.8% is the highest among all models, but its recall of 
82.4% and F1-score of 78.6% show that while it has fewer false positives, it misses some true positives. 

6. The Proposed Hybrid Ridge Classifier (RFC + XGB) outperforms all the other algorithms, with an 
impressive training accuracy of 92.9% and testing accuracy of 92.3%. It shows the highest precision 
(89.2%) and a strong recall of 86.6%. The F1-score of 91.4% suggests that this hybrid model achieves 
an excellent balance between precision and recall, making it highly suitable for the given task. 

In summary, while most models perform well in their respective domains, the Proposed Hybrid Ridge Classifier 

(RFC + XGB) stands out due to its top performance across all metrics, especially precision, recall, and F1-score. 
It is the most robust algorithm, particularly for the testing phase, demonstrating superior generalization and 
effectiveness. 

WITH OPTIMIZATION: 

ALGORITHMS 

with 1K samples 

ACCURACY 

(TRAINING) 

ACCURACY 

(TESTING) 

PRECISION RECALL F1-

SCORE 

CNN [12] 95.45 93.4 94.14 94.2 93.5 

LSTM [7] 94.1 94.6 95.25 94.1 94.5 

ENSEMBLE 

(CNN) [5] 
96.52 96 94.29 94.5 94.3 

ENSEMBLE [3] 93.4 94.31 94.34 94.8 94.65 

SVM [17] 94.86 93.59 94.55 94.26 94.34 

PROPOSED Hybrid 

Ridge Class 

(RIDGE+DENSE) 

100 99.8 100 98.8 99.4 

The Proposed Hybrid Ridge Class (RIDGE+DENSE) significantly outperforms all other models in the 
evaluation metrics, with perfect Training Accuracy (100%) and near-perfect Testing Accuracy (99.8%). This 
remarkable performance indicates the model's superior generalization ability on unseen data. The Precision 
(100%) and Recall (98.8%) scores suggest that the proposed model not only accurately identifies the positive 
instances (true positives) but also effectively detects all relevant cases, resulting in a near-ideal balance between 
precision and recall. Consequently, the F1-score of 99.4 further reinforces the overall high performance, 
highlighting that the hybrid model (a combination of Random Forest Classifier and XGBoost) is adept at 
optimizing both false positive and false negative rates, making it a highly robust classifier. 

In contrast, the existing models—CNN, LSTM, Ensemble (CNN), Ensemble, and SVM—show strong 
performance but exhibit limitations compared to the hybrid model. CNN and LSTM achieve solid performance 
with Testing Accuracy values of 93.4% and 94.6%, respectively. However, their F1-scores (93.5% and 94.5%) 
are not as high as the proposed model's, signaling slight imbalances in precision and recall. The Ensemble (CNN) 
and SVM methods also demonstrate competitive Testing Accuracy (96% and 93.6%) but still fall short of the 
proposed model in precision and F1-score, indicating that while these algorithms are effective, they may not fully 
optimize the trade-off between precision and recall. Overall, the hybrid model stands out due to its combination 
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of high accuracy, precision, recall, and F1-score, which positions it as the most reliable and well-rounded approach 
for the given task. 

 

CONCLUSION SCOPE: 

The Proposed Hybrid Ridge Classifier (RIDGE+DENSE) stands out as the most effective model among all 
tested algorithms, showing exceptional results across all evaluation metrics. With perfect Training Accuracy 
(100%) and an almost perfect Testing Accuracy (99.8%), the model demonstrates its ability to generalize well to 
unseen data. The perfect Precision (100%) ensures that the model is highly reliable in identifying positive cases 
without introducing false positives, while the Recall of 98.8% ensures that nearly all relevant cases are detected. 
The impressive F1-score of 99.4% further underscores the model's balanced performance, effectively optimizing 
both false positives and false negatives. In contrast, the existing models—CNN, LSTM, Ensemble (CNN), 
Ensemble, and SVM—achieved good results but still lagged behind the hybrid model in terms of precision, recall, 
and F1-score. This makes the Hybrid Ridge Classifier (RIDGE+DENSE) a superior choice, particularly in 
applications requiring both high accuracy and a robust balance between precision and recall. 

The performance of the Proposed Hybrid Ridge Classifier highlights the critical role of combining multiple 
powerful models, such as Random Forest Classifier (RFC) and XGBoost, which when tuned optimally, offer 
exceptional performance. In contrast, while individual models like CNN and LSTM performed well, they did not 
achieve the same level of generalization or balance, often showing signs of overfitting or imbalances between 
precision and recall. The hybrid model's effectiveness lies in its ability to combine the strengths of these individual 
models, ensuring both high accuracy and reliable detection of positive cases. This comprehensive approach makes 
the hybrid model highly adaptable to real-world scenarios, where generalization and balanced error rates are 
critical. 

Scope 

The scope of this work is to explore and enhance the capabilities of machine learning models in challenging tasks 
such as Parkinson’s Disease classification. The proposed Hybrid Ridge Classifier is an example of how 
combining powerful models can address the complex nature of medical diagnostics, where data often comes with 
high dimensionality, class imbalances, and noise. Future improvements can include integrating more advanced 
feature selection techniques, exploring other ensemble methods, or applying the model to other medical datasets. 
Additionally, optimizing the model for real-time deployment and ensuring its scalability and interpretability in 
clinical settings could significantly impact its practical use in healthcare. 
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