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Abstract

Diagnosing Parkinson's Disease (PD) can be quite challenging as it presents with symptoms and lacks biomarkers.
Nevertheless, the use of data fusion, which combines types of data using machine learning techniques holds promise,
for the timely detection of the disease. In this study, we explore the application of data fusion by employing Principal
Component Analysis (PCA) as a step to reduce complexity. We then utilize the K Nearest Neighbors (KNN)
classification to improve the accuracy of PD diagnosis. By analyzing nonlinear features associated with PD from a
dataset PCA helps us extract attributes while maintaining important variations in the data. Subsequently, KNN is
employed to identify patterns in this reduced feature space and effectively distinguish between individuals with PD
and those who are healthy. Our results show improvements when using the KNN classifier compared to state-of-the-
art approaches. This demonstrates its effectiveness in detecting PD leading to promising outcomes and providing a
framework for precise PD diagnosis.

Keywords: data fusion; Machine learning; Parkinsonian symptoms; Data-driven diagnosis; Neurological disorder;
Pattern recognition techniques; Diagnostic accuracy assessment

1. Introduction

Parkinson's disease (PD), a known neurological condition that affects millions of people worldwide is often
characterized by motor symptoms, like tremors, stiffness, and slow movements. Diagnosing Parkinson's disease can
be challenging due to its characteristics and the similarity of symptoms with movement disorders. Detecting
Parkinson's disease early is crucial for intervention by healthcare professionals. Improved patient outcomes [1 2].
However traditional diagnostic methods primarily rely on assessments, which may be prone, to inaccuracies. Therefore
it is essential to have reliable procedures to aid clinicians in identifying Parkinson's disease [3].

Recent advances in data fusion have opened a practical way to transform PD diagnosis. Data fusion, leveraging the
capabilities of machine learning, artificial neural networks, and data-driven methods has the potential to improve the
accuracy and efficiency of PD diagnosis These methods can analyze complex data sets such as clinical observation,
imaging, and biomarkers. and extracting signals, which would challenge human insight The possibility of increasing
the accuracy and early detection of PD by integrating these computational techniques into diagnostic systems.
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The aim of this study is to investigate and evaluate the usefulness of data fusion models in the diagnosis of PD. This
review attempts to highlight the capabilities and limitations of different algorithms, feature extraction, and machine
learning methods for accurate PD detection and also, to critically evaluate these computational methods to determine
their applicability tolerance, severity, and specificity in differentiating PD from other neurological disorders The aim
of the study was to address an important need for comparison [5]- [7]. The following sections of this research will
conduct a systematic review of data fusion approaches used to diagnose PD. Section 2 provides a thorough description
of the condition, focusing on its clinical symptoms and diagnostic problems. Section 3 delves into the framework that
underpins data fusion, illuminating its significance and potential in improving disease detection. Section 4 provides
an empirical examination of various computer models and approaches used in PD diagnosis. The research finishes in
section 5 by underlining the consequences, problems, and future directions in utilizing data fusion for accurate PD
diagnosis.

2. Background

This section aims to provide a comprehensive backdrop, elucidating the foundational principles, methodologies, and
theoretical underpinnings of data fusion as applied to neurological disorder diagnosis.

Parkinson's disease (PD) is a common neurological ailment that causes a progressive loss in motor function. Tremors,
bradykinesia, stiffness, and postural instability are common symptoms. However, due to the diversity of symptoms
among individuals and the overlap with other movement diseases, diagnosing PD offers major complications [8]. The
disease's intricacy, along with the lack of clear biomarkers, frequently results in delayed or incorrect diagnoses. As a
result, the need for more precise and timely detection approaches is highlighted, as early intervention can have a major
influence on disease management and quality of life for people with PD [9-10]. Originally, PD has been diagnosed
mostly through clinical observation, subjective judgments of motor symptoms, and the exclusion of other illnesses
with similar presentations. Traditional approaches, such as rating scales and physical tests, have been useful in
identifying PD [11]. However, these techniques have limitations in separating PD from other movement disorders or
capturing modest early-stage symptoms. Furthermore, the dependence on subjective assessments sometimes leads to
discrepancies in diagnoses amongst practitioners. This historical context emphasizes the critical need for more
objective and precise diagnostic methods to improve accuracy and allow for early intervention [12].

Data fusion refers to a wide range of approaches based on artificial intelligence and machine learning. The ability to
digest massive volumes of data, learn from patterns, and make intelligent decisions or predictions without explicit
programming is at the heart of it. Machine learning algorithms, neural networks, and data mining techniques are
essential components of data fusion, allowing systems to adapt and enhance performance over time. These
technologies are used in healthcare to extract insights from medical data, assisting in disease diagnosis, prognosis, and
therapy planning [13]. Data fusion has touched many areas of healthcare, altering disease diagnosis and management.
Data fusion algorithms have been used in medical diagnostics to examine complicated datasets such as genetic
information, imaging scans, and clinical records [14]. Its ability to handle large volumes of data and discern intricate
relationships makes it a promising tool for enhancing the accuracy and efficiency of medical diagnosis.

The variety of symptoms among individuals and disease stages makes diagnosing PD difficult. The variability of PD
presentations makes separation from other movement disorders difficult, leading to misdiagnosis or delayed diagnosis.
Furthermore, the lack of clear biomarkers or imaging tests for PD impedes the creation of objective diagnostic criteria.
Furthermore, relying on subjective clinical assessments might inject subjectivity and variability into the diagnostic
process. These difficulties highlight the crucial need for new reliable and objective PD diagnostic techniques [15].
Early detection of PD is critical for improving the efficacy of therapy interventions and patient outcomes. According
to research, starting relevant treatments early can potentially slow disease progression, relieve symptoms, and improve
patients' quality of life. Timely identification allows for the introduction of customized interventions, such as
medication and non-pharmacological therapies, delaying functional decline and lowering the disease burden on
individuals and caregivers. As a result, stressing the significance of early detection becomes critical in the context of
PD management.

3. Methodology

This section outlines the systematic approach used to investigate, evaluate, and compare computational models,
machine learning algorithms, and analytical methods for the diagnosis of PD.
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Principal Component Analysis (PCA) was used as a critical preprocessing step on the obtained PD dataset in our
methodology to reduce dimensionality and extract vital features while keeping the variation in the data. The following
are the main steps in applying PCA to the dataset. The dataset was initially standardized to ensure that all variables
were on a comparable scale, minimizing biases caused by different units or scales across features. Following that, the
covariance matrix of the standardized dataset, which represents the associations between distinct variables, was
generated. This step was critical because PCA relies on knowing the data's covariance structure. The eigenvectors and
eigenvalues were obtained by doing an eigenvalue decomposition of the covariance matrix. The principal components
(PCs) are represented by the eigenvectors. The eigenvectors reflect the main components (PCs), and the related
eigenvalues show how much variance each PC captures. The top principal components were then chosen based on
their matching eigenvalues. This selection criterion was often predicated on keeping a significant fraction of the
variance in the data (e.g., 95% of the variance) [16]. Finally, using the selected principal components, the dataset was
transformed into a lower-dimensional space, successfully lowering the number of features while keeping as much
variation as feasible (see Algorithm 1).

Algorithm 1. Psuedocode for PCA.
1. Input: number of patterns p, pattern x; (k = 1 to p), feature matrix x.

2. Calculate the average feature vector yu = %Zzzlxk.

3. Calculate covariance matrix C = %Zizl{xk — uHx, — 3’

4. Calculate Eigen values A; and Eigen vectors v; of covariance matrix Cv; = A;v; (i = 1,2,3, ...q), ¢ = number of
features.

5. Estimating high-valued Eigen vectors

5.1 Arrange all the Eigen values (4;) in descending order

5.2 Choose a threshold value, 6

5.3 Number of high-valued A; can be chosen so as to satisfy the relationship (Zlel,-)(Zf:lli)_l > 6, where, s =
number of high valued A; chosen

5.4 Select Eigen vectors corresponding to selected high valued 4;

6. Extract principal components, V, from raw feature matrix x such that P = V'x.

The use of PCA in the PD dataset yielded two results. First, PCA made it possible to reduce the original high-
dimensional dataset into a lower-dimensional subspace while keeping a considerable percentage of the variance. This
dimensionality reduction sped up subsequent computational operations and reduced the risk of overfitting in predictive
models. Second, PCA revealed the most influential features or principle components driving the dataset's variance
[17]. These components could be original variable combinations, providing a better interpretable insight into the
critical factors that cause PD diagnosis within the dataset.

Following preprocessing, which included PCA for dimensionality reduction, the dataset was separated into training
and testing subsets, with techniques such as cross-validation used to verify robustness and generalizability. KNN
computes the similarity or distance of each instance in the test set to all examples in the training set [19-20]. Euclidean,
Manhattan, and cosine distances are the most often used distance measures. The square root of the sum of squared
differences between feature values, for example, is used to determine Euclidean distance.

q
A7) = () (2} = 22 M
=1

KNN identifies the K nearest neighbors (instances) in the training set based on the calculated distances. Then, KNN
performs a majority voting scheme to assign the class label to the test instance.
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k
a = argmax E Y22 = Y1, 2)
YEY 4 4
i=

The class label is determined by the most prevalent class among its K nearest neighbors.

The KNN algorithm's simplicity lies in its ability to make predictions based on the similarity of instances and their
class labels, making it a versatile and effective classifier, especially in cases where decision boundaries are not well-
defined. Implementing KNN involves adjusting the value of K (the number of neighbors), selecting an appropriate
distance metric, and handling any potential imbalances in class distributions within the dataset to optimize its
performance for PD detection (refer to algorithm 2).

Algorithm 2. K-Nearest-neighbor (D[1..n,1...n],s)

1: Input: An X n distance matrix D[1...n,1...n] and an index s of the initial point.
2: Output: A list P of the vertices counting the tour is gotten.
3: fori « 1 ton do Visited [i] « false
4: Initialize the list P with s
5: Stayed [s] « true
6: Present « s
7:fori < 2tondo

8: Find the deepest component in row present and unmarked column j including the component.
9: Present « j

10:  Stayed [j] « true

11:  Addj to the end of P

12: Add s to the end of P

13: return Path

4. Experimental Analysis

This section delves into the empirical investigation and analysis conducted to evaluate the performance, efficacy, and
comparative strengths of diverse computational models and machine learning algorithms.

In evaluating the efficacy of data fusion models for PD diagnosis, several key evaluation measures are employed to
comprehensively assess their performance. Accuracy, reflecting the overall correctness of predictions, provides a
fundamental measure of model success in classifying PD cases accurately against non-Parkinsonian instances. The
Area Under the Curve (AUC) of the Receiver Operating Characteristic (ROC) curve portrays the model's ability to
discriminate between positive and negative cases across varying thresholds. Recall, also known as sensitivity, whereas
precision delineates the proportion of accurately predicted positive cases from all predicted positives. The F1 score,
harmonizing precision and recall. Kappa statistic and Matthews Correlation Coefficient (MCC) gauge the agreement
between predicted and observed classifications, considering the proportion of correct predictions while accounting for
chance agreement.

The implementation setups for the data fusion models utilized in this study for PD diagnosis were meticulously tailored
to leverage both hardware and software specifications conducive to robust analysis and processing of extensive
datasets. Hardware specifications encompassed linux workstation, comprising multiple processors with clock speeds
optimized for complex computations and parallel processing. Additionally, substantial random-access memory (RAM)
capacities were employed to accommodate large-scale data processing requirements, ensuring efficient model training
and validation processes. Software specifications predominantly included sophisticated machine learning libraries and
framework (scikit-learn, and SciPy), facilitating the implementation of various algorithms, neural network
architectures, and feature extraction methodologies.

The Parkinson dataset utilized in this study represents a multivariate dataset comprising 197 instances and 23
attributes, aimed at classification tasks in the domain of health. The attributes encompass a range of vocal features
derived from voice recordings, providing valuable insights into the characteristics associated with PD. These attributes
include measures such as average vocal fundamental frequency (MDVP:Fo(Hz)), maximum and minimum vocal
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fundamental frequencies (MDVP:Fhi(Hz) and MDVP:Flo(Hz) respectively), and various indicators of frequency and
amplitude variation such as jitter, shimmer, noise-to-harmonic ratio (NHR), and harmonics-to-noise ratio (HNR).
Additionally, nonlinear complexity measures including RPDE, D2, DFA, as well as spreadl, spread2, and PPE, further
augment the dataset, offering insights into nonlinear characteristics of the voice signals. The dataset's attribute
information is richly diverse, encompassing both fundamental and nonlinear vocal features, facilitating a
comprehensive analysis to discern patterns and markers indicative of PD, while notably containing no missing values,
ensuring the dataset's completeness and reliability for robust computational analysis and classification tasks [21-29].

Table 1: Summary Statistics of Vocal and Nonlinear Measures in the Parkinson's Dataset

count mean std min 25% 50% 75% max
MDVP:Fo(Hz) 195 154.229 41.390 88.333  117.572 148.790 182.769 260.105

MDVP:Fhi(Hz) 195 | 197.105 91.492 102.145 134.863 175.829 224.206 @ 592.030
MDVP:Flo(Hz) 195  116.325 43.521 65.476 84.291 104.315 140.019 239.170
MDVP:Jitter(%) 195 0.006 0.005 0.002 0.003 0.005 0.007 0.033

MDVP:Jitter(Abs) 195 0.000 0.000 0.000 0.000 0.000 0.000 0.000

MDVP:RAP 195 0.003 0.003 0.001 0.002 0.003 0.004 0.021
MDVP:PPQ 195 0.003 0.003 0.001 0.002 0.003 0.004 0.020
Jitter:DDP 195 0.010 0.009 0.002 0.005 0.007 0.012 0.064

MDVP:Shimmer 195 0.030 0.019 0.010 0.017 0.023 0.038 0.119
MDVP:Shimmer(dB) = 195 0.282 0.195 0.085 0.149 0.221 0.350 1.302
Shimmer:APQ3 195 0.016 0.010 0.005 0.008 0.013 0.020 0.056

Shimmer:APQ5 195 0.018 0.012 0.006 0.010 0.013 0.022 0.079

MDVP:APQ 195 0.024 0.017 0.007 0.013 0.018 0.029 0.138
Shimmer:DDA 195 0.047 0.030 0.014 0.025 0.038 0.061 0.169
NHR 195 0.025 0.040 0.001 0.006 0.012 0.026 0.315
HNR 195 21.886 = 4.426 8.441 19.198 22.085  25.076 33.047
status 195 0.754 0.432 0.000 1.000 1.000 1.000 1.000
RPDE 195 0.499 0.104 0.257 0.421 0.496 0.588 0.685
DFA 195 0.718 0.055 0.574 0.675 0.722 0.762 0.825
spreadl 195 -5.684 1.090 -7.965 -6.450 -5.721 -5.046 -2.434
spread2 195 0.227 0.083 0.006 0.174 0.219 0.279 0.450
D2 195 2.382 0.383 1.423 2.099 2.362 2.636 3.671
PPE 195 0.207 0.090 0.045 0.137 0.194 0.253 0.527

Table 1 presents a comprehensive summary of statistics derived from the Parkinson's dataset, offering a detailed

overview of the dataset's characteristics and distributions. This tabulated summary encapsulates key statistical
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measures for each attribute, including measures of central tendency such as mean and median, providing insights into
the typical values of the vocal features and nonlinear complexity measures. Additionally, the table includes measures
of dispersion, such as standard deviation and range, elucidating the variability and spread of values within each
attribute. Moreover, the summary statistics encompass minimum and maximum values, enabling a clear understanding
of the range spanned by the dataset attributes, while quartiles and interquartile ranges offer insights into the distribution
of values, facilitating a nuanced comprehension of the dataset's variability. Table 1 serves as an invaluable reference,
offering a concise yet comprehensive depiction of the essential statistical characteristics of the Parkinson's dataset,
pivotal in informing subsequent analytical and modeling endeavors.

Figure 1: Kernel Density Estimation (KDE) Plots illustrating Variable Distributions in the Parkinson's Dataset

Figure 1 showcases Kernel Density Estimation (KDE) plots illustrating the distribution of variables encompassed
within the Parkinson's dataset, offering a visual representation of the data's probability density functions. These KDE
plots provide a graphical depiction of the attributes' distributions, allowing for a comprehensive understanding of the
underlying patterns and variations present in the dataset. Each KDE plot within Figure 1 portrays the shape and spread
of the distribution for a specific variable, aiding in the identification of potential outliers, skewness, multimodal
tendencies, or deviations from normality. By visually presenting the distributions of these variables, Figure 1 serves
as a valuable exploratory tool, enabling insights into the data's characteristics and informing subsequent analytical
approaches and modeling strategies for PD diagnosis.

Correlations Betweeen Variables

Figure 2: Pearson Correlation Map depicting Variable Relationships in the Parkinson's
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In Figure 2, the displayed Pearson correlation map provides crucial insights into the relationships between variables
within the Parkinson's dataset. Several observations emerge from this analysis: first, MDVP:Jitter(%),
MDVP:Jitter(Abs), MDVP:RAP, MDVP:PPQ, and Jitter:DDP exhibit strong correlations among themselves,
indicating a high degree of shared information. Additionally, the target variable 'status' shows noteworthy positive
correlations with spreadl, PPE, and several vocal features, suggesting their potential significance as predictors for the
'status.' Conversely, MDVP:Fo(Hz), MDVP:Flo(Hz), and HNR exhibit high negative correlations with the 'status,’'
implying their potential relevance as predictive attributes. Notably, various shimmer-related attributes display strong
correlations among themselves, underscoring their interrelated nature. Moreover, the correlation between spreadl and
PPE stands out as notably high. These observations gleaned from the Pearson correlation map illuminate crucial
associations between variables, providing valuable guidance for feature selection and predictive modeling strategies
in the context of PD diagnosis.

In Table 2, we present a comprehensive comparison of the performance achieved by our proposed data fusion model
against state-of-the-art approaches, employing a rigorous 5-fold cross-validation methodology. This comparative
analysis allows for a robust evaluation of the proposed model's efficacy in diagnosing Parkinson's Disease in
contrast to established methods, providing a holistic view of its predictive capabilities. By conducting the
experiments using 5-fold cross-validation, we ensure the reliability and generalizability of the results, mitigating
potential biases and variance that could arise from a single train-test split. This approach enables a thorough
assessment of model performance across multiple iterations, considering various subsets of the data for training and
validation. Table 2 serves as a critical resource, offering insights into the relative strengths and weaknesses of our
proposed data fusion model compared to cutting-edge approaches, contributing to the advancement and refinement
of diagnostic methodologies for PD.

Table 2: Performance Comparison of Proposed Data Fusion Model against State-of-the-Art Approaches Using 5-
Fold Cross-Validation

Model Accuracy AUC Recall Prec. F1 Kappa MCC
Ada Boost 0.8164 0.752 0.9333 0.8448 0.8857 0.4114 0.4478
CatBoost 0.809 0.8713 1 0.801 0.8891 0.2546 0.3446
Decision Tree 0.8238 0.776 0.8662 0.9019 0.8815 0.531 0.5405
Extra Trees 0.7648 0.8141 1 0.7648 0.8666 0 0
Extreme Gradient 0.8304 0.8844 0.9519 0.8497 0.8963 0.43 0.4688
Boosting
Gradient Boosting 0.831 0.8614 0.9429 0.8524 0.8949 0.4647 0.4875
K Neighbors 0.9045 0.9335 0.9619 0.9177 0.9389 0.7203 0.7293
Light Gradient 0.8016 0.8560 0.9329 0.8296 0.8765 0.3650 0.4115
Boosting Machine
Linear Discriminant 0.5439 0.5654 0.5305 0.8031 0.6328 0.0989 0.1060
Analysis
Logistic Regression 0.8310 0.8585 0.9229 0.8656 0.8924 0.4865 0.5028
Naive Bayes 0.7426 0.7184 0.8943 0.7955 0.8410 0.1717 0.1876
Quadratic 0.4561 0.6210 0.3086 0.9500 0.4612 0.1404 0.2423
Discriminant Analysis
Random Forest 0.7868 0.7785 1.0000 0.7821 0.8776 0.1271 0.2063
Ridge 0.8307 0.0000 0.9233 0.8676 0.8929 0.4803 0.5005
SVM - Linear Kernel 0.7722 0.0000 0.8462 0.8578 0.8495 0.3562 0.3663
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The utilization of K-Nearest Neighbors (KNN) within our data fusion model has yielded notable enhancements in

performance compared to other classifiers employed in this study. KNN's ability to leverage proximity-based learning

and classify data points based on their similarity to neighboring instances has proven particularly advantageous in
KMeighborsClassifier Confusion Matrix

0 13 3
2
1 2

=
Predicted Class

Flgure 3: Confusion Matrix Visualization of K-Nearest Neighbors (KNN) Classifier for Parkinson's Disease

dlscernlng patterns within the PD dataset. Through its non-parametric nature and reliance on local information, KNN
effectively captures intricate relationships among data points, especially in scenarios where boundaries between
classes are less defined. This adaptability and sensitivity to local structures have contributed to significant
improvements in predictive accuracy and the model's ability to distinguish between Parkinsonian and healthy
instances, surpassing the performance of other classifiers utilized in our study. The efficacy demonstrated by KNN
underscores its suitability and effectiveness in handling the complexities inherent in PD diagnosis, emphasizing its
pivotal role in enhancing the data fusion model's predictive prowess. Moreover, in Figure 3, we present the visual
representation of the confusion matrix corresponding to the K-Nearest Neighbors (KNN) classifier utilized in our data
fusion model for PD diagnosis. This visualization encapsulates the performance metrics of the classifier, illustrating
its ability to accurately classify instances into true positive, true negative, false positive, and false negative categories.
The confusion matrix provides a clear depiction of the model's strengths in correctly identifying Parkinsonian and
healthy cases, as well as any misclassifications or errors encountered during the classification process. By visually
showcasing the distribution of predictions against actual classes, Figure 3 offers valuable insights into the KNN
classifier's performance, aiding in the interpretation and assessment of its predictive accuracy and error patterns, thus
contributing to a comprehensive understanding of its diagnostic capabilities in the context of Parkinson's Disease.

5. Conclusion and Future work

This study underscores the efficacy of employing data fusion, specifically Principal Component Analysis (PCA)
coupled with the K-Nearest Neighbors (KNN) classifier, in significantly enhancing the accuracy and precision of PD
(PD) diagnosis. Leveraging a dataset comprising vocal and nonlinear features associated with PD, the application of
PCA effectively reduced dimensionality while retaining crucial variance, optimizing the dataset for KNN
classification. The KNN model, configured through 5-fold cross-validation, showcased notable improvements in
correctly distinguishing PD cases, exhibiting high precision and recall rates compared to established methodologies.
The visualization of the confusion matrix highlighted the KNN classifier's robustness in accurately classifying PD
instances, validating its diagnostic potential. This research substantiates the promising utility of data fusion,
particularly PCA and KNN, as a formidable approach for precise PD diagnosis, laying a foundation for enhanced
disease detection and potentially informing clinical decision-making processes. Moving forward, future work could
delve deeper into exploring ensemble techniques that amalgamate multiple classifiers to further refine PD diagnosis
accuracy. Additionally, investigating the integration of diverse data modalities, such as genetic markers or
neuroimaging, in conjunction with vocal and nonlinear features, could potentially bolster the predictive capabilities
of the models. The exploration of more advanced feature selection methods and optimization strategies tailored to the
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specifics of PD datasets may contribute to refining model performance. Moreover, conducting a comprehensive
validation study across diverse demographic cohorts or longitudinal datasets could validate the generalizability and
robustness of the proposed data fusion framework in real-world clinical settings. Expanding these research avenues
holds promise in advancing computational models for PD diagnosis, potentially fostering more accurate, timely, and
personalized interventions for individuals affected by PD.
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