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Parkinson’s Disease (PD) is projected to impact an increasing number 
of individuals due to the anticipated growth of the global elderly 
population. While there is currently no cure, early diagnosis remains 
crucial for extending the quality of life for individuals with PD. Machine 
Learning (ML) techniques have been found to be effective in facilitating 
remote monitoring and enabling early diagnosis of PD. ML algorithms 
have shown to be able to achieve higher accuracy diagnostics compared 
to experts, and there is still room for improvement. This paper aims to 
provide a comprehensive overview of recent developments in 
diagnosing PD using ML. The study investigates eight of the most widely 
used ML algorithms, namely Support Vector Machines (SVMs), Neural 
Networks (NNs), Ensemble Learning, K Nearest Neighbours, Logistic 
Regression, Decision Trees, Naive Bayes and Discriminant Analysis, to 
provide a thorough analysis of their applicability and effectiveness in 
PD diagnosis. This paper will focus on these algorithms as they are the 
basis of many other variants, and they are most popularly researched 
and used. The paper discusses the strengths and weaknesses of each 
algorithm, presents examples of their usage, and highlights their 
efficacy with different PD indicators. Moreover, this paper reviews 
some of the most influential works in recent years, identifying the most 
significant challenges in the field of PD diagnosis. It highlights how 
researchers have attempted to address them and outlines directions for 
future research. First, this paper reviews the ML techniques used in 
diagnosis of PD. Then, we discuss the ML models’ shortcomings and 
strength. Finally, we discuss the challenges and future directions in 
research of this field. Notably, the study shows that SVMs and NNs 
emerge as popular choices due to their efficacy with commonly used 
datasets in PD diagnosis. 
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1. Introduction 
Since its first documentation in 1817 by British physician James Parkinson, Parkinson’s Disease (PD) has been a 
focal point of extensive scientific research and advancement. PD, a rapidly progressing neurological disorder 
currently without a cure, affects over 10 million individuals globally [1]. It is projected that approximately 572 out 
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of every 10,000 individuals aged 45 and above will develop PD [2], [3]. Consequently, with the anticipated growth 
in the elderly population, the societal burden of PD is expected to increase [4].  

The disease is caused by a deficit of dopamine, impairing intercellular communication in the brain [5]. 
Dopamine is an important neurotransmitter which allows neurons to send signals across the synapse to facilitate 
normal movement and response. A lack of dopamine will hinder communication between brain neurons, 
preventing brain commands from reaching motor neurons, hence impairing movement and control.  This lack of 
dopamine in PD patients is illustrated in Fig. 1. This impairment manifests as a variety of symptoms, including 
tremors, stiffness in the arms, legs, and trunk, slowed movement, poor balance and coordination, and speech 
difficulties [6]. If left untreated, PD can lead to further complications such as depression, speech dysfunction, 
urinary incontinence, sleep disorders, swallowing difficulties, and sexual dysfunction [7].  

 

 

Fig. 1 Comparison of the dopamine levels produced in the synapse of brain neurons between a normal person (a); 
and a PD patient (b), whereby significantly less dopamine is produced in the latter 

 
The precise cause of the death of dopamine-producing brain cells remains elusive. However, it is more 

prevalent among older individuals and is likely influenced by environmental factors. Although PD is irreversible, 
its progression can be slowed by mitigating the loss of dopamine-producing neurons. Therefore, early detection 
of PD is crucial to enhance the patient’s quality of life [8].  

Interestingly, it has been discovered that PD patients often exhibit non-motor symptoms, such as olfactory 
loss or sleep disturbances, which precede motor symptoms [9]. Traditionally, PD is diagnosed based on tremors 
observed by clinicians and a questionnaire called the Movement Disorder Society Unified Parkinson’s Disease 
Rating Scale (MDS-UPDRS). However, this can be challenging as movements are sometimes subtle and therefore 
difficult to classify [10]. Moreover, the MDS-UPDRS is semisubjective and cannot capture tiny changes in patient 
status [11]. These early non-motor symptoms of PD may be difficult to detect by a human practitioner. 

Fortunately, techniques that observe potential patients’ daily activities, such as installed respiratory monitors 
and smartphone-based monitoring systems, can identify subtle indicators such as nocturnal respiration patterns 
or changes in gait in the early stages [11], [12].  

These indicators can then be autonomously evaluated by ML models, providing a promising approach for 
early detection and intervention in PD.  ML methods have significantly enhanced our ability to accurately classify 
patients as either healthy or having PD based on early symptoms [10]. For example, Neural Networks and Support 
Vector Machines are capable of classifying PD from voice recordings, which is the earliest motor impairment in a 
PD patient [10], [13]. Furthermore, ML methods have also shown promise in distinguishing between PD and other 
neurological diseases that exhibit similar symptoms under favourable circumstances [9]. For example, ML 

(a) 

(b) 
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techniques generally cannot distinguish between PD and other degenerative parkinsonism, since the nigral 
pathology is common to these diseases. However, magnetic resonance diffusion tensor imaging techniques allow 
the accurate differentiation of PD based on a more widespread tissue integrity change in patients with multiple 
system atrophy or progressive supranuclear palsy [9].  

In this review, papers were identified and examined, via IEEE Xplore, PubMed, and Google Scholar. A total of 
34 studies published up to March 2023 were examined. Table 1 compares the Key Findings, Objectives, and other 
features of the papers we have reviewed.  We discuss in detail the reasoning behind choosing certain models over 
others depending on the situation. Few papers manage to verify theoretically why Neural Networks and Support 
Vector Machines are the most popular ML models. Furthermore, this review also discusses the data modalities 
that work best with these models and the reason they work well. Statistics may provide evidence for a good 
performing model, but the intuition and logical reasoning for using these models ought to be known by 
researchers to more correctly utilize the models they work with.     

Table 1 Overview on the objectives and key findings of the relevant literatures 

Ref. Objectives Key Findings Year 
[10] Large scale general review of all studies 

using ML in PD diagnosis up to Year 2020 
• Adaptation of novel biomarkers may 

enable easier early diagnosis of PD. 
2021 

[43] Study that focuses on diagnosing PD in the 
context of MRI brain imaging techniques. It 
also identifies the main challenges of 
adopting ML techniques into the real world. 

• It is important to adopt a multi-
disciplinary approach. 

• More extensive data preparation and 
clinical validation are required, to 
enhance the accuracy and optimization 
of the ML models. 

2023 

[14] To identify the most advanced Deep 
Learning (DL) methods used for the 
diagnosis of PD, to study the applications of 
DL in unconventional PD-related 
diagnostics, to study the fusion of multiple 
modalities for more accurate diagnosis and 
to study the currently available sensory 
equipment. This focused on gait, upper limb 
movement, speech and facial expression-
related information as data modalities. 

• There is a lack of research using facial 
movement, as well as fusions of multiple 
data modalities for the diagnosis of PD.  

• Fusion of data modalities allow for more 
complex diagnostic goals such as 
disease severity.  

• Usage of metrics other than specificity 
and sensitivity may provide deeper 
insights for experts diagnosing PD.  
  

2023 

[15] To summarize and assess the state of AI 
algorithms, data acquisition methods, 
applications of AI in the diagnosis of 
subjective diseases and challenges. 

• Lack of multimodality datasets hinder 
the progression of research. 

• Lack of clinical validation. 
• Wearable sensors should record more 

than just gait data. 

2022 

[45] Aims at describing machine learning 
algorithms as they have been variably 
applied to different aspects of Parkinson’s 
disease diagnosis and characterization 

• Identifying indicators for PD can be 
categorized into a few main classes, that 
is “Gait Analysis - Motor Evaluation”, 
“Upper Limb Motor and Tremor 
Evaluation”, “Handwriting and typing 
evaluation”, “Speech and Phonation 
evaluation”, “Neuroimaging and Nuclear 
Medicine evaluation”, “Metabolomics 
application” 

2021 

Our 
paper 

To introduce this field of research to reader 
with no background in the field, and to 
promptly assess the state of the research 
and future directions. 

• The present review finds that SVMs and 
NNs have good compatibility with voice 
data. 

• There is a lack of validation studies for 
clinical applications.  

• An effort to collect multimodal data 
should be made. 

2024 
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This paper is organised as follows: Section 2 provides an extensive overview of the ML techniques such as the 
models and indicators utilized in diagnosing PD. In Section 3, we justify the usage of models under different 
circumstances by providing examples with an emphasis on SVMs and NNs when classifying from voice samples. 
In Section 4, we discuss the biggest challenges faced as well as solutions and future work in this field. Finally, we 
conclude the paper in Section 5.  

2. Adoption of Machine Learning Techniques in Parkinson’s Disease Diagnosis 
ML is the use of computer systems to model and predict outcomes by analyzing and extrapolating and/or 
interpolating existing data. For example, in the case of PD, we let an ML algorithm look at the indicators of existing 
patients whose PD infliction status is known, and the ML algorithm “memorizes” the indicators that are generally 
correlated with PD. To elaborate further, most individuals with PD might display tremors in handwriting, whereas 
those without may not, and so the next time the algorithm looks at an individual with tremors, it will be able to 
make an educated guess that this individual is inflicted with PD. Of course, ML algorithms can capture correlations 
within multiple indicators as well, enabling it to make more accurate diagnoses. This type of ML task is known as 
a classification task, as we classify individual datapoints into a category. Since the diagnosis of PD is a classification 
task, all models discussed here are of the classification type, where given data on a patient, it predicts if that patient 
has PD, or how likely that patient has PD. 

In the context of diagnosing PD, a range of ML algorithms has been utilized. These include Support Vector 
Machines and variants, Neural Networks, Ensemble Learning, K-Nearest neighbor methods and their variants, 
Logistic Regression, Decision Trees, Naive Bayes, and Discriminant Analysis. These diverse models contribute to 
enhancing the accuracy of PD diagnosis and hold potential for improving patient care and outcomes [10].  

There exist multiple indicators of PD that can be collected and used for ML model training, including 
handwritten patterns, movement patterns, neuroimaging results, voice characteristics, cerebrospinal fluid 
analysis, cardiac scintigraphy data, serum information, optical data, and optical coherence tomography findings 
[10]. The main techniques used in the diagnosis of PD with ML algorithms are data collection, hyperparameter 
tuning, and model evaluation.  

PD is a long-term disease, and indicators of PD may be in the form of time-series data. Data collection 
techniques such as the installment of nocturnal breathing monitors [11] or gait monitors via smartphone [12] are 
crucial for collecting data for long periods to train ML models on. Furthermore, clustering models - another type 
of ML algorithm which clusters similar datapoints together – hold potential in large scale collection of training 
data for ML model training by labeling unlabeled data.  

Hyperparameter tuning is another important technique in properly utilizing ML algorithms. Most ML 
algorithms have parameters which can be tuned to optimize the performance of the model. For example, the 
number of hidden layers in a NN; the higher the number of hidden layers, the higher the capability to capture more 
complicated patterns in the data, but the more likely overfitting will occur, which is when a model learns its 
training data too well and cannot generalize to unseen data as effectively.  

In the context of diagnosing PD, a classification problem, several key metrics are commonly employed for 
model evaluation. These metrics include accuracy, sensitivity (recall), specificity, area under the curve (AUC), 
precision, and the F1 score. Typically, these metrics are used in combination to assess the performance of 
diagnostic models. To understand these metrics, we first must know what True Positive (TP), True Negative (TN), 
False Positive (FP), and False Negative (FN) are. In the context of PD diagnosis, TP refers to the number of patients 
that were correctly classified as having PD, whereas TN are the number of patients correct classified as not having 
PD. The false counterparts are simply the incorrectly classified patients [16].  

Accuracy provides a comprehensive metric of the model’s correct predictions across the entire dataset: 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴  =  
𝑇𝑇𝑇𝑇  +  𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹   . (1) 

However, this metric can misleadingly hide large classification errors especially in imbalanced datasets, hence 
the need for other metrics that can reveal more hidden information about a diagnostics test. Precision indicates 
the level of trust we can place in the model when it identifies someone as positive: 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃  =  
𝑇𝑇𝑇𝑇 

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹   ; (2) 

whereas recall measures the ability of the model to find all the positive patients in the dataset, as given by: 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅  =  
𝑇𝑇𝑇𝑇 

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹   . (3) 

On the other hand, specificity is the counterpart of recall, which instead measures the ability to find negative 
patients: 
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𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆  =  
𝑇𝑇𝑇𝑇 

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹   . (4) 

The F1-score can be interpreted as a harmonic mean of Precision and Recall, achieving its optimal value at 1 
and its lowest value at 0: 

𝐹𝐹1− 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠  = 2  �
1 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 +
1

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃
�   . (5) 

Finally, AUC measures how well a model can differentiate between the positive and negative classes. It is the 
area under the Receiver Operating Characteristics (ROC) curve, which plots the True positive rate to False positive 
rate at different classification thresholds. The higher the AUC, the better the model’s ability to discriminate 
between classes.     

Among them, accuracy stands out as the most frequently utilized, reflecting the proportion of correct 
predictions in the classification task [16]. However, reporting of a more comprehensive metric like the confusion 
matrix which includes precision, recall, and F1-score is recommended to avoid the Bayesian trap. This is when 
accuracy of a model is high but only because it is an imbalanced dataset. In addition, evaluating the model on 
unseen data is important for unbiased model evaluation. This is why conducting a train-test split is crucial during 
model training, where the dataset is split into a training set and a testing set. The testing set is set aside for the 
entirety of model training, and then used for model evaluation for accurate reporting of true model capability on 
unseen data. 

3. Machine Learning Algorithms and Their Indicators 
Multiple ML algorithms and indicators have been used in the field of diagnosis of PD. Here, we discuss the most 
popular algorithms and indicators that are being researched and used today. Amongst the indicators of PD in 
patients, the most popular indicators to research currently are voice recordings, movement and MRI data, 
summary is depicted in Table 2 [10]. Based on our survey, voice recordings are the most promising indicator for 
machine learning training. This might be due to readily available datasets for model training from the UC Irvine 
(UCI) ML repository, PhysioNet database and PPMI database corresponding to voice recordings, movement data, 
and MRI data respectively. Furthermore, the ease of access to voice recordings or movement data from PD patients 
is attractive for the possibility of low-cost diagnosis or passive monitoring of PD. Moreover, studies show that 
voice changes are early indicators of PD, and they can serve as a diagnostic or progression biomarker [13].  

Table 2 Summary of the performances of different PD indicators [10] 

Indicator Number of 
Studies 

Average 
Accuracy (%) Best Performing Models 

Voice Recordings 55 90.9 (8.6) SVM (39.7%), Neural Network (27.6%), 
Ensemble Learning (12.1%) 

Movement Data 51 89.1 (8.3) SVM (41.5%), Ensemble Learning (24.5%), 
Neural Network (17.0%) 

MRI 36 87.5 (8.0) SVM (58.3%), Neural Network (22.2%), 
Discriminant Analysis (8.3%) 

Handwriting Patterns 16 87.0 (6.3) Neural Network (37.5%), SVM (31.3%), 
Ensemble Learning (25.0%) 

SPECT 14 94.4 (4.2) SVM (71.4%), Neural Network (21.4%), 
Regression (7.1%) 

PET 4 85.6 (6.6) SVM (50.0%), Neural Network (50.0%) 

CSF 5 AUC = 0.8 (0.1) SVM, Ensemble Learning, Regression 

Other Types of Data 10 91.9 (6.4) SVM (50.0%), Ensemble Learning (30.0%), 
Decision Tree (10.0%) 

Combination of Data 
Types 

18 92.6 (6.1) Ensemble Learning (33.3%), Neural 
Network (27.8%), SVM (22.2%) 
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The choice of indicator will heavily impact the type of ML algorithm used, each ML algorithm will have its 
benefits and drawbacks. Table 3 discusses the advantages and disadvantages of each algorithm. Based on our 
survey, SVMs and NNs are the best performing models in many cases. The efficacy of voice data with SVMs and 
NNs are explored further in section 3.9. From references [11], [12], [17], [18], [19], [20], [21], [22], we can see that 
different algorithms are suited to different data structures and types.  

There are multiple data types one can obtain from a patient to use as training data for classifying PD. This 
includes Nominal data, such as gender; Ordinal data, such as educational level; Discrete data, such as age or clinical 
test results; Continuous data, which in this specific field, usually is Time-series data such as voice recordings or 
nocturnal breathing.  

In general, we have found that different data types will lead to the usage of different ML algorithms. For 
example, data with high complexity and potentially hidden patterns are often handled by NNs because of their 
ability to discriminate from non-linear and complex boundaries. Whereas data with multiple features but not 
many samples are handled mostly by SVMs. This type of high dimensionality data with few samples is typically 
the type of data collected for research today, such as nocturnal breathing signals [11] and daily movement [12], 
thus making SVMs and NNs one of the most popular algorithms for diagnosis of PD [10]. However, this does not 
mean that we can simply apply these models every time, Ensemble models might handle mixed data better, and 
DTs might provide more transparency in the decision-making process. In conclusion, despite there being a general 
trend of data to model-used relation (as depicted in Fig. 2), it might be best to test multiple algorithms regardless. 

3.1 Support Vector Machine 
SVMs are a powerful class of supervised ML algorithms used for classification and regression tasks. They excel in 
high-dimensional spaces, even when dimensions outnumber samples, and they are versatile due to customizable 
kernel functions. However, SVMs do not provide probability estimates for classification and it instead must be 
calculated using expensive cross validation [23]. 

Table 3 Summary of the advantages, disadvantages, and average accuracy of different ML algorithms 
adopted in PD diagnosis [10] 

Ref. ML 
Algorithm  Advantages   Disadvantages  Average 

Accuracy (%) 

[23] SVM Performs well for high 
dimensionality data.  

Expensive probability estimates  89.78 

[24] NN Learns complex patterns well.  Needs a lot of training data.  
Low interpretability.  

92.90 
 

[25] EL Improved accuracy.  Increased complexity.  90.56 
 

[26] KNN Simple.  
Interpretable.  

Computationally expensive.  
Suffers from noise.  
Struggles with imbalanced 
datasets.  

93.10 
 

[27] LR Does not assume distribution of 
explanatory variables.  

Requires large sample data.  70.00 

[28] DTs Can handle mixed data types.  
Interpretable.  

Limited ability to extrapolate.  96.80 
 

[29] NB Simple, efficient.  
Works well even on small 
sample size with high 
dimensionality.  

Notorious as a bad estimator.  80.18 
 

[30] DA computationally efficient.  Assumes a Gaussian 
distribution.  

- 
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Parisi et al. [18] used a Langrangian SVM for diagnosing PD from vocal parameters obtained from the UCI ML 
repository [31]. SVM was selected because they are computationally efficient and generalize well. The Lagrangian 
variant specifically was selected for this study because it optimizes the geometric margin maximization for 
classification further. This model achieves an accuracy, sensitivity and specificity of 100%; as well as an AUC of 1. 

3.2 Neural Networks 
NNs, drawing inspiration from the human brain, are a category of ML algorithms employed for diverse tasks such 
as classification, regression, and pattern recognition. They learn a function, which accepts X features as input and 
predicts a y label output. NNs are useful because of its versatility, high accuracy, and ability to learn complex 
patterns. On the other hand, their black box nature impedes its application in situations where interpretability is 
crucial, like in diagnosis of diseases such as PD [24].  

Yang et al. [11] employs a custom NN that achieves as high as an AUC ROC curve of 0.906 with a sensitivity of 
86.23% and specificity of 82.83% when trained on time series data stemming from PSG sleep studies, in 
conjunction to Hoehn and Yahr scores, and MDS-UPDRS. The NN was tested against baseline ML models such as 
SVM and a basic NN architecture that combines ResNet and LSTM. The custom model achieved an AUC ROC of as 
high as 0.9, whereas the baseline ResNet + LSTM and SVM achieved an AUC ROC of 0.55 and 0.52 respectively. 
Furthermore, the custom NN far surpassed the baseline models in Pearson correlation of PD severity prediction 
and MDS-UPDRS, where the custom NN achieved a Pearson correlation of 0.94 and the baseline models both 
achieve <0.1. 

The model is a NN that mainly consists of a breathing encoder, a PD encoder, a PD classifier and a PD severity 
predictor. They tested the model on a large dataset of 7,671 individuals from various hospitals in the United States 
and public datasets. The AI model achieved a high accuracy of 0.90 on held-out data and 0.85 on external test data 
for detecting PD. 

Additionally, the AI model could estimate the severity and progression of PD based on the MDS-UPDRS, 
showing a strong correlation (R = 0.94). Moreover, the study also tests the ability of the model to distinguish 
between PD and Alzheimer’s disease and achieves an AUC of 0.895 with a sensitivity of 80.70% and specificity of 
78.02%. What's unique is that the model can assess PD in a noninvasive, at-home setting by analyzing breathing 
patterns from radio waves bouncing off a person's body during sleep. This research suggests the potential for 
objective, noninvasive, at-home PD assessment and early risk assessment before clinical diagnosis. 

Wan et al. [12] uses a Deep Multi-Layer Perceptron Classifier (DMLP), which is a feedforward artificial NN. 
The DMLP is demonstrated to achieve the best performance out of KNN, Random Forests (RF), Linear Regression 
and M5P regression tree classifiers when trained on data from voice recordings obtained from the UCI ML 
repository [32] and daily movement activities. Additionally, Wan et al. [12] discusses the challenge of early 
detection and assessment of PD and proposes a solution using a DMLP classifier. The goal is to estimate PD 
progression by analyzing behavior patterns, including speech and movement, recorded with a smartphone 
accelerometer throughout the day. The study compares various ML classification algorithms, including LR, RFs, 
KNN, M5P, and DMLP, using two datasets. The results indicate that DMLP outperforms the other models in 
accurately classifying patients as Parkinson's positive or negative in both datasets. 

Parisi et al. [18] utilized a multi-layer perceptron (MLP), a type of artificial NN, for intrinsic feature selection 
on vocal parameters, which was then passed on to a LSVM for classification. This demonstrates the versatility and 
reliability of NNs in a wide range of tasks. Parisi et al.  innovated employing intrinsic feature selection to enhance 
early PD diagnosis using speech-related data. It explores the use of a novel hybrid Artificial Intelligence-based 

 

Fig. 2 Tree mapping depicting the general trend of data to model-used relation 
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classifier to aid in the early diagnosis of PD. The researchers gathered data from 68 subjects, including dysphonic 
measures and clinical scores. They employed a MLP to select important features and used a Lagrangian SVM for 
classification. The hybrid algorithm, MLP-LSVM, achieved a 100% classification accuracy and demonstrated 
potential for early PD diagnosis in a clinical context, outperforming other software and classifiers used in similar 
studies. 

3.3 Ensemble Learning 
The word ensemble is synonymous to “group”. EL algorithms refer to a group of typically diverse ML models, 
trained on the same data, and tasked to predict an output given the same data input. There are also non-diverse 
ensembles such as the RF model, which is an ensemble of multiple DTs. This output will slightly vary from the 
individual learners in the ensemble, so given a classification task, the ensemble might “vote” on what the 
prediction should be, and given a regression task, the ensemble would take the mean of all the individual outputs 
[25]. 

Ensemble algorithms are used because they typically have reduced error compared to any individual learner 
(also known as base learners). This is because every ML algorithm will have its own bias. For example, by intuition, 
linear regression models are biased towards linear data. Most ML algorithm have their own bias, and thus 
averaging out the predicted outputs from multiple models help to mitigate these biases. On the other hand, 
Ensemble learners introduce more complexity and are more computationally expensive.  

W. R. Adams [17] used an ensemble of 8 ML algorithms to classify PD using keystroke data in the form of 
ordered pairs. The reason for using an ensemble was that the accuracy increased as the models were combined 
into a meta-classifier. The ensemble was able to classify early-PD subjects with a sensitivity of 92 to 100%, a 
specificity of 95 to 100%, and an AUC of between 0.97 and 1.00. The model encompassed 8 separate models, 
namely: SVM, MLP, LR model, RF, Nu-Support Vector Classification, DT classifier, KNN and Quadratic DA (QDA). 
The rationale behind this decision was that combining the models into a meta-classifier resulted in improved 
accuracy. The research showed that PD affects various aspects of hand and finger movement, and this can be 
detected. This method successfully discriminated between early-PD subjects and controls with 96% sensitivity, 
97% specificity, and an AUC of 0.98. Importantly, this technique doesn't require specialized equipment or medical 
supervision and is not dependent on the practitioner’s experience. However, it currently doesn't differentiate PD 
from other movement-related disorders with similar symptoms. 

3.4 K Nearest Neighbours 
KNN is a supervised ML algorithm that can be used for both classification and regression problems. It works by 
finding “K” most similar instances in the training data for a new input and uses their labels to make a prediction. 
The similarity between instances is usually measured by some distance metric, such as Euclidean, Manhattan or 
Hamming distance. KNN is a lazy learner, meaning that it does not learn any model parameters from the training 
data, but rather stores the entire data set and performs the computation at the time of prediction. This makes KNN 
easy to implement and interpret, but also computationally expensive, sensitive to noise and irrelevant features, 
and performs weak on imbalanced datasets [26].    

Bougea et al. [20] utilized KNN classification model with an accuracy 91.2% of overall cases based on 15 best 
clinical and cognitive scores achieving 96.42% sensitivity and 81% specificity on discriminating between PD 
dementia and dementia with Lewy bodies. The model was trained on non-invasively and easily in-the-clinic and 
neuropsychological tests. Data such as gender, age, education, hand dominance, Disease duration (years) and 
levodopa equivalent daily dose were collected. Out of Binomial LR, SVM, NB, an Ensemble model and KNN, KNN 
performed the best for this study. 

3.5 Logistic Regression 
LR is like linear regression but for classification tasks. Linear regression works by finding a best fit line to predict 
a y target value given X features. On the other hand, LR fits a sigmoid curve to the data, which in turn allows for 
probabilistic classification. LR makes no assumptions about the X features, but it requires large sample sizes to 
get a good fit [27].  

Ortelli et al. [21] tested LR against 14 other models to discriminate three different classes: normal cognition 
(NC), mild cognitive impairment (MCI), and impaired cognition (IC) from patient data. LR was not the best 
performing model overall, but it achieved the highest AUC of 0.7861 (source: supplementary e-table 6). The rest 
of the performance results: Accuracy of 0.6018, Recall of 0.5305, Precision of 0.5171 and F1-score of 0.5373. 

3.6 Decision Trees 
A DT is a supervised learning algorithm that aims to model Y target label using simple decision rules from X feature 
data. It is a popular algorithm to use because of its interpretability and simplicity. DTs can be visualized easily and 
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comprehended simply compared to an algorithm like a NN. However, DTs can only infer patterns from the training 
data, and therefore is weaker at extrapolation. In addition, DTs do not perform well on unbalanced datasets [28].  

Byeon et al. [22] compared DTs and RFs, which are an ensemble of randomly learned DTs, in their ability to 
discriminate PD patients with mild cognition impairment and NC. From data of health behaviors, environmental 
factors, medical history, physical functions, depression, and cognitive functions using the Parkinson’s Dementia 
Clinical Epidemiology Data (a national survey conducted by the Korea Centers for Disease Control and 
Prevention), the classification tree achieved an overall accuracy of 67.7%, sensitivity of 51.1% and specificity of 
82.4%; Whereas the RF achieved an overall accuracy of 65.6%, sensitivity of 70.6% and specificity of 60.0%. In 
medical diagnosis, a higher sensitivity is arguably preferable so that no patient with the disease is misdiagnosed. 

3.7 Naïve Bayes 
NB classifiers are a group of classifiers that work based on Bayes’ theorem. It is “Naïve” because of the assumption 
that no two features are correlated to each other. Even though they are naïve, they work famously well in the real 
world for applications such as spam filtering.  In addition, NB classifiers are fast and work well on small number 
of samples with high dimensionality. However, although it is a decent classifier it is notorious as a bad 
estimator[29], [33]. 

In the comparison between models conducted by Bougea et al. [20], A model created on NB classification had 
82.05% accuracy on 15 best features, scoring 93.10% sensitivity and 74.41% specificity on discriminating 
between PD dementia and dementia with Lewy bodies. The model was trained on non-invasively and easily in-
the-clinic and neuropsychological tests. Data such as gender, age, education, hand dominance, Disease duration 
(years) and levodopa equivalent daily dose were collected. 

3.8 Discriminant Analysis 
There are two classical types of DA models used, Linear Discriminant Analysis (LDA) and QDA. The benefits of 
these classifiers are they provide closed-form solutions that can be easily computed, are inherently multiclass, 
have proven to work well in practice, and have no hyperparameters to tune [30]. LDA works by projecting n-
dimensional data into lower dimensions by using a linear combination of features. It does this while 
simultaneously maximizing the distance of a class's central points and minimizing the spread of the classes. This 
effectively clusters similar points in a lower dimension and works well for classification, but it is most often used 
for reducing dimensionality for later classification. 

‘The curse of dimensionality’ was likely for the dataset used by W. R. Adams [17], thus LDA was utilized to 
prevent overfitting the training data. LDA can also be used for classification tasks. Yang S et al. [19] utilized a LDA 
variant, Fisher’s Linear DA, which doesn’t assume normal distributions or equal class covariances, for the 
classification of PD patients from healthy controls. The FLDA provides a linear classification with an accuracy of 
79%, sensitivity of 0.857, specificity of 0.583, and an area of 0.83 under ROC curve from voice measurements.  

QDA is also used for classification tasks, and because it can learn quadratic boundaries, it is therefore more 
flexible. Ortelli et al. [21] tested QDA against 14 other models to discriminate three different classes: NC, MCI, and 
IC from patient data. QDA performed the best overall and achieved micro-average ROC curve, AUC = 0.81; and AUC 
= 0.85 for NC, 0.67 for MCI, and 0.83 for IC.  

3.9 Efficacy of NNs and SVMs in Classifying PD from Voice Data 
We have established that voice data is the most popular indicator for early diagnosis of PD, and that NNs and SVMs 
are of the most popular models used for classification [10]. In this section, we would like to dive deeper into the 
interaction between these models and voice data, to further justify their popularity.  

Many studies use the voice data obtained from the UCI ML repository, so we will be looking into the data from 
here too. There are two popularly used datasets from the repository. First, Oxford PD Telemonitoring Dataset [34]. 
The data consists of subject age, subject gender, time interval from baseline recruitment date, motor MDS-UPDRS, 
total MDS-UPDRS, and 16 biomedical voice measures aimed at extracting distinct characteristics of the speech 
signals from 5875 voice recordings. Thus, resulting in a 5875 × 16 feature matrix. The voice measures result in a 
single number; therefore, this dataset only has integer and real data types.  As voice measures were taken over 
time, this data is of the time-series data type. However, the biomedical voice measures are closely correlated, and 
many correlated features serve only to complicate the model, while providing not much new information [35]. 
This is why feature selection methods should be applied to this dataset before model training. The authors of this 
dataset suggest in their paper [35] that least absolute shrinkage and selection operator (LASSO) regression, which 
reduces prediction error whilst reducing the number of input features, is a good choice for this. 

Second, Parkinson Speech Dataset with Multiple Types of Sound Recordings [36]. The data collected belongs 
to 20 People with Parkinsonism (6 female, 14 male) and 20 healthy individuals (10 female, 10 male). From all 
subjects, 26 voice samples including sustained vowels, numbers, words, and short sentences were recorded. 
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Furthermore, MDS-UPDRS score and presence of PD were also recorded. In total, there were 1040 instances of 
data recorded, resulting in a 1040 x 29 data matrix for training.   

SVMs work by projecting data into higher dimensional space and finding an optimal separating hyperplane. 
The optimal separating hyperplane is found by maximizing the distance between the boundaries of the closest 
points of the groups of data, these points are also called support vectors. The distance between the separating 
hyperplane and the closest support vector is called the margin. However, this alone is ineffective in creating the 
optimal separating hyperplane as it is greatly affected by outliers or misclassified points in the training data. 
Therefore, SVMs allow some misclassification of data by allowing a specific number of datapoints inside the 
margin [37]. This is a famous problem that plagues all ML algorithms called the bias-variance tradeoff [38]. By 
allowing some amount of misclassification, SVMs allow better generalization to new data. SVMs can also achieve 
different separating hyperplanes through mathematical functions known as kernel.  Linear, polynomial, radial 
basis function, sigmoid, etc., are the different kernel functions used in SVM classifier [39]. 

NNs are composed of layers: an input layer, one or more hidden layers, and an output layer. Each layer is 
comprised of neurons, or nodes, that perform crucial computations. Neurons receive input data from the previous 
layer and apply activation functions to introduce non-linearity. This step is crucial for learning complex 
relationships within the data. Neurons also conduct weighted sums of the inputs, adjusting their influence through 
weights and adding bias terms to account for offsets. The weights and biases are adaptable and evolve during 
training through a technique called backpropagation. A loss or cost function quantifies the disparity between the 
predictions and the actual target values, and backpropagation guides the adjustment of weights and biases using 
optimization algorithms like stochastic gradient descent to minimize the loss function. NNs have better 
performance compared to traditional ML methods especially when learning from large datasets [39].  

Both SVMs and NNs benefit from feature engineering techniques such as principal component analysis (PCA), 
LASSO or feature selection [35]. This is to help the models learn patterns more efficiently. In addition, 
normalization is also beneficial for the training of these models, as it improves the performance of models that 
utilize distance metrics like the separating hyperplane of SVMs, and it also allows for more efficient gradient 
descent for NNs. 

Since multiple recordings of the same subject are recorded, instead of using each recording independently, it 
has been found that taking the mean and standard deviation of the vocal features as a summarizing representation 
is an efficient method for model training and provides better results [40]. This is because summarizing the voice 
samples of subjects decreases the effect of variations between voice samples of a subject. As for validation of the 
models, using conventional methods such as boot strapping or leave-one-out results in biased predictive models 
as some samples of an individual will be split between training and testing sets, resulting in a leak between 
training and testing sets [40]. In response, most studies use leave-one-subject-out validation scheme in which all 
the voice samples of one individual are left out for testing. This effectively circumvents the leaking problem 
mentioned. SVMs performed better than KNN classifiers when using summarized (taking of mean and standard 
deviation as representative) leave-one-out methods, producing the highest accuracy of 77.50% [40]. Furthermore, 
using summarized leave-one-out methods extend feature dimension whilst shortening sample space, this plays to 
the strengths of SVMs, hence the massive popularity of SVMs in this field [40].  

In a different comparative study focusing on dimension reduction techniques such as PCA and kernel principal 
component analysis (KPCA) which still used the dataset from the UCI ML Repository, Deep NNs were compared 
to other prominent ML algorithms [41]. Deep NNs produced a second-highest accuracy of 92.91% from PCA 
dimension reduction and fourth-highest accuracy of 89.624% from KPCA dimension reduction, whilst reducing 
the features used in training through both PCA and KPCA [41].  

4. Challenges in Early Diagnosis of Parkinson’s Disease 

4.1 Technological Challenges  
Although analyzing biomarkers such as cerebrospinal fluid, blood biochemical, and neuroimaging are effective 
and accurate in diagnosis of PD, they are neither cheap nor scalable for large scale usage [11], [42]. There is no 
conclusive test currently available for diagnosis, so the identification of the disease relies solely on clinical and 
observational criteria [17]. Furthermore, differences between laboratory and daily-life conditions present 
challenges for the implementation of reliable detection systems [46]. Despite having an abundance of research 
and new methods proposed, there is a lack of research that validates and verifies these new studies [10]. 
Researchers should expand their scope of validation for new methods and models in diagnosis, to enable quicker 
and safer adoption in hospitals. Much of the data used for training currently collects only one indicator from each 
sample. However, there are multiple biomarkers for PD. This makes collection of high-quality multimodal training 
data difficult [43]. More effort should be directed to the collection and preparation of data used in model training. 
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4.2 Disease Challenges 
PD is hard to differentiate from other diseases that display the same symptoms (atypical parkinsonian disorders), 
especially in the early stages [44][10]. In response to this difficulty, ML methods have been applied for differential 
diagnosis with promisingly high accuracy [9]. It is difficult to differentiate symptoms caused by aging and other 
comorbidities from those of PD, resulting in a complicated identification of a set of control and diseased subjects, 
as well as trouble controlling experiment variables due to unknown effects of comorbidities on PD development 
[43]. To mitigate the effects of comorbidities, researchers often employ a large dataset to account for the 
variability in the population and disease [43]. PD progresses very slowly, with a period of 20 years before the 
clinical phase and patients surviving up to 20 years in the clinical phase. This makes studies on patients difficult 
as they are prone to drop out of the studies. Moreover, assumed control subjects can contract PD later into the 
studies, leading to ascertainment bias [43]. Researchers can utilize at-home monitoring technologies, reducing the 
needs for in-person visits [43]. 

4.3 Patient Challenges  
Patients who suffer from PD are typically elderly, have difficulty travelling, and spread geographically. Therefore, 
they cannot easily receive care that is concentrated in urban areas [11]. Individuals afflicted with PD typically 
don’t realize they have PD until the later stages when more serious symptoms show. PD detection should be more 
widespread and common for elderly even if they do not show symptoms. A PD detection model could be 
implemented in a governmental health app to monitor gait or speech to detect the disease earlier. Table 4 
summarizes the key challenges associated with the early diagnosis of PD, which are categorized in terms of 
technological, disease-related, and patient-specific barriers, along with their possible mitigating alternatives. 

5. Conclusions  
In conclusion, PD is hard to diagnose early and accurately traditionally. However, ML techniques can be used to 
overcome this issue. From our literature review, we have found that SVMs and NNs are especially suited to the 
task of PD diagnosis. Moving forward, future research in this field should focus on conducting large-scale 
validation studies to confirm the effectiveness of ML algorithms in real-world clinical settings. Ultimately, the 
application of ML in PD diagnosis holds great promise, and continued research in this area has the potential to 
significantly impact patient care and outcomes.  

Table 4 Summary of the challenges and possible solutions in early diagnosis of PD 

Category Challenges Possible Solutions 

Technological 
Challenges 

• Biomarker analysis is accurate but 
expensive and not scalable. 

• No conclusive test exists; diagnosis is 
based on clinical observation. 

• Differences between lab and real-world 
conditions hinder detection system 
implementation. 

• Lack of validation for new diagnostic 
methods.  

• Difficulty in collecting high-quality 
multimodal training data. 

• Expand validation studies for new 
methods. 

• Improve data collection for model 
training. 

 

Disease 
Challenges 

• Hard to differentiate from atypical 
parkinsonian disorders.  

• Aging and comorbidities complicate 
diagnosis.  

• Slow progression leads to patient 
dropout and ascertainment bias. 

• Use ML for differential diagnosis. 
• Employ large datasets to account for 

variability. 
• Utilize at-home monitoring to reduce in-

person visits. 

Patient 
Challenges 

• Elderly patients struggle with travel and 
access to urban healthcare.  

• Many patients realize they have PD only 
in later stages. 

• Implement widespread early screening, 
even for asymptomatic elderly. 

• Use government health apps to monitor 
gait or speech for early detection. 
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