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ABSTRACT  
 

Parkinson Disease (PD) is a neurodegenerative progressive disorder that denotes motor 

deficits like tremor, rigidity, and bradykinesia and non-motor deficits like impaired speech 

and cognitive deterioration. Data mining approaches have attracted considerable interest 

in the recent years towards early diagnosis, severity, and progression monitoring of PD in 

the light of their capability to identify discriminative patterns in high-dimensional and 

heterogeneous biomedical data. This survey is a systematic review of data mining-based 

methods used to analyse PD among various data modalities, and these are: clinical records, 

voice signals, handwriting dynamics, gait parameters, neuroimaging data. SVM methods, 

random forests, k-nearest neighbors and neural networks are the most commonly used 

forms of supervised learning, which have been used to classify PD with impressive 

diagnostic accuracy on benchmark datasets. The methods of clustering and association rule 

mining that have been applied unsupervised have been used to discover latent symptom 

patterns, disease subtypes. Dimensionality reduction techniques (e.g. Principal 

Component Analysis) and feature selection techniques (e.g. mutual information and 

evolutionary optimization) are important to improve the generalization and interpretation 

of the models. Recent works are growing to combine deep learning with data mining 

pipelines to create feature extraction and model intricate temporal dependencies 

automation. Though such developments are made, there are issues with data imbalance, 

interpretability, inadequate longitudinal data, and clinical generalizability. This survey 

identifies the up-to-date trends, comparative, and open research issues, which will serve 

as a unified source of future research based on data mining on PD. 

 

 

Introduction 

Parkinson disease (PD) is considered to be one of the most common chronic neurodegenerative 

disorders; the disease is mostly associated with the motor system, as a result of progression in 

the destruction of dopaminergic neurons in the substantia nigra. PD has motor symptoms of 

resting tremor, muscular rigidity, postural instability and bradykinesia, but also non-motor 

symptoms of speech disorder, sleep disturbances, depression and impaired cognitive functions. 

The diagnosis is also complicated at the initial stages as the early symptoms are not always 

obvious and are subjective and overlap with other neurological disorders. As a result, the need 

to have computationally basis diagnostic frameworks, which will guide clinicians in making 

objective decisions based on facts, is on the increase [1]. 

Conventional PD diagnosis is based on clinical observation and neurological experience, thus, 

making it subjective and inter-observer [2]. Furthermore, modern sensing and monitoring 

http://www.thebioscan.com/
mailto:gayathrimca93@gmail.com
mailto:rsankarprofessor@gmail.com


              20(4): 1703-1712, 2025                 www.thebioscan.com 

 
1704 

 

technologies create biomedical data that is complex, non-linear and of high dimensions, and 

thus difficult to manage using conventional statistical techniques [3]. In this respect, data 

mining has become an influential paradigm to unveil obscure patterns, correlations and 

predictive information of huge medical data. The data mining will allow predicting Pd on a 

larger scale, identifying its severity, and forecasting outcomes of the disease with a higher 

degree of accuracy and scalability by utilizing machine learning, pattern recognition, and 

knowledge discovery methods. 

The presence of different PD-related datasets has greatly boosted the data mining studies in 

this field. These data are voice records that record dysphonia, handwriting and spiral drawing 

records that indicate motor control impairments, gait sensor records, which indicate postural 

instability and neuroimaging records that indicate structural and functional brain abnormalities. 

Data mining methods especially are very successful in combing these heterogeneous data 

sources to create strong predictive models. The main part is played by feature engineering in 

which statistical, spectral, temporal, and nonlinear features are obtained to describe disease-

specific biomarkers. 

The use of supervised classification algorithms prevails in the field of PD diagnostics as labeled 

datasets are present. Support Vector Machines, Decision Trees, Random Forests, Naive Bayes 

and Artificial Neural Networks are some of the techniques that have been shown to perform 

well in distinguishing PD patients and healthy controls. These techniques are normally used 

along with feature selection techniques to minimize redundancy, overfitting, and enhance 

computation efficiency [4]. Filter-based, wrapper-based and hybrid feature selection methods 

are used commonly, often with evolutionary and swarm intelligence methods to optimize them. 

Uncontrolled forms of data mining can also be used in PD research through facilitation of 

exploratory analysis in the absence of initial classes [5]. The clustering methods are used to 

determine disease subtypes, stages in disease progression, and groups of patients which are 

useful in planning individualized treatment. The association rule mining is applied to reveal 

co-occurring pattern of symptoms and associations between clinical characteristics. This 

knowledge discovery means that the interpretability of such discoveries is augmented and that 

the ultimate results are not only classification results [6]. 

Over the past few years, there is a trend of using deep learning in conjunction with data mining 

pipelines in the analysis of PD. Deep architectures, such as Convolutional Neural Networks 

and Recurrent Neural Networks, enable automatic learning of features via raw signal inputs, 

e.g. speech waveforms, sensor time-series data, etc. Deep learning models enhance the power 

of representation and maintain the flexibility of analysis when applied together with traditional 

data mining methods [7]. These models, however, have associated issues that are connected 

with data demands, the cost of computation, and explainability that are important factors in 

health care. 

Although great progress has been made, there are still a number of challenges that are present 

in data mining-based PD research [8]. The factors that influence the model generalization 

include limited sample sizes, imbalance in classes, noise, and variability in datasets. 

Comparative analysis is further complicated by the fact that there are no standardized 

evaluation procedures and clinically verified benchmarks. Besides, most of the studies are done 

on binary classification with insufficient consideration of disease staging or longitudinal 
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disease progression modeling. The interpretability and reliability of the data mining models 

have been noted to be necessary to make them clinical, which requires transparent and 

explainable frameworks [9]. 

To conclude, data mining has been embraced as a pillar of the computational research on the 

study of Parkinsonism, and it provides appropriate tools to aid in diagnosis, prognosis, and 

knowledge discovery. Data mining methods can be used to find solutions to complex 

biomedical challenges with scalability, objectivity, and reproducibility, adding to clinical 

expertise. This introduction provides motivation, scope and importance of the data mining 

techniques in PD analysis and provides the basis of more sophisticated methodological 

development and translational research in intelligent healthcare systems [10]. 

Related Works 

Parkinson's disease (PD) is a progressive neurodegenerative condition that entails motor 

deficits including tremor, rigidity, bradykinesia and postural instability as well as non-motor 

symptoms, with a broad spectrum, comprising speech impairment, cognitive, sleep disorders, 

and affective disorders. The high rate of PD cases across the world has grown over time owing 

to aging of population, thus the need to ensure that PD is detected in early stages and followed 

throughout is essential to prevent clinical complications. The traditional methods of diagnosis 

however are mostly based on clinical observation and rating scales including the Unified 

Parkinson’s Disease Rating Scale (UPDRS), which are subjective and tend to miss some subtle 

disease patterns at earlier stages. This shortcoming has inspired the incorporation of 

computational intelligence into the PD diagnosis and analysis. 

Over the past few years, data mining has become a central computational paradigm to infer 

clinically relevant patterns of large-scale and heterogeneous biomedical data related to 

Parkinson disease. The innovative capabilities of sensing technologies and digital health 

platforms have allowed the generation of a wide range of modalities of PD, such as voice 

recordings, gait and foot-pressure, handwriting, wearable sensor streams, neuroimaging, and 

electronic health records. The data mining methods namely classification, clustering, feature 

selection, and pattern discovery are especially useful in processing high-dimensional, noisy, 

and non-linear data, thus, automated detection of diseases, estimation of their severity and 

motor subtyping. It has been shown that machine learning and hybrid data mining models can 

attain high diagnostic accuracy by being able to identify discriminative biomarkers that cannot 

be easily identified using conventional statistical methods. 

Furthermore, feature selection, ensemble learning, and optimization-based data mining 

approaches have been combined to enhance the robustness, interpretability and cross dataset 

generalization of models. Recent developments also point to the increased use of deep learning-

supported data mining pipelines in order to model more intricate temporal and spatial 

relationships in PD data. These developments notwithstanding, issues like imbalance in the 

data, shortage of longitudinal datasets, cross cohort variability and clinical interpretability 

prevail. The systematic analysis of data mining-based strategies is thus necessary to organize 

the current knowledge base, recognize gaps in methods and directions of future research to 

develop credible, scalable and clinically implementable systems to diagnose Parkinson 

diseases. 
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Table 1. Summary of Data Mining–Based Parkinson’s Disease Literature 

Ref. Authors 

(Year) 

Data Modality Data Mining / 

ML 

Technique 

Key 

Contribution 

Limitations 

[11] Jiao et al. 

(2025) 

Dynamic foot 

pressure 

Clustering + 

Feature 

Selection + 

Classifiers 

Improved PD 

classification 

using pressure 

distribution 

patterns 

Limited 

generalization 

across cohorts 

[12] da Silva et 

al. (2025) 

Multi-dataset 

clinical data 

ML models 

with EDA 

Web-based 

exploratory and 

classification 

framework 

Lacks 

advanced 

optimization 

[13] Hussain et 

al. (2023) 

Voice signals Ensemble 

classifiers + 

Data 

augmentation 

Enhanced 

robustness 

against data 

scarcity 

Increased 

computational 

overhead 

[14] Chandru et 

al. (2025) 

Multi-modal 

biomedical 

data 

Artificial 

Intelligence 

survey 

Comprehensive 

overview of AI in 

PD and AD 

No quantitative 

comparison 

[15] Hema et al. 

(2023) 

UCI PD 

dataset 

Multiple 

feature 

selection + 

classifiers 

Demonstrated 

impact of feature 

selection on 

accuracy 

Binary 

classification 

focus 

[16] Petit et al. 

(2025) 

Administrative 

health records 

Data mining 

risk analysis 

Large-scale 

population-level 

PD risk 

assessment 

Limited clinical 

biomarkers 

[17] Haroon & 

Padma 

(2024) 

Behavioral and 

clinical data 

Ensemble 

learning + 

PCA 

Improved 

diagnostic 

accuracy via 

dimensionality 

reduction 

PCA reduces 

interpretability 

[18] Raza et al. 

(2024) 

Behavioral 

data 

Rough set–

based hybrid 

mining 

Effective 

handling of 

uncertainty and 

incompleteness 

Sensitive to 

parameter 

tuning 

[19] Martinez-

Eguiluz et 

al. (2023) 

Non-motor 

symptom data 

ML classifiers Highlighted 

importance of 

non-motor 

features 

Excludes motor 

signals 

[20] Yadav et 

al. (2023) 

Clinical 

attributes 

Supervised 

ML 

algorithms 

Comparative 

analysis of 

classifiers 

Small dataset 

size 

[21] Srinivasan 

et al. 

(2024) 

Multi-class 

clinical data 

Multi-class 

ML 

framework 

Disease stage–

aware 

classification 

Limited 

longitudinal 

modeling 
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[22] Hosseini et 

al. (2025) 

Neuroimaging 

(Radiomics) 

Relationship-

based feature 

mining 

Motor subtype 

identification 

High 

computational 

complexity 

[23] Dawood 

(2023) 

Brain disease 

datasets 

ANN-based 

data mining 

Generalized 

framework for 

neurological 

disorders 

PD-specific 

tuning absent 

[24] Eliwa & 

Abd El-

Hafeez 

(2025) 

Clinical PD 

data 

PSO-

optimized 

classifiers 

Improved 

prediction 

through 

optimization 

Convergence 

instability 

[25] Allayith et 

al. (2024) 

Multi-source 

PD data 

Data mining 

survey 

Consolidated PD 

mining 

techniques 

Lacks future 

modeling 

insights 

[26] Majed et 

al. (2023) 

Voice and 

clinical data 

Comparative 

DM models 

Performance 

benchmarking 

No hybrid 

framework 

[27] Velu & 

Jaisankar 

(2025) 

Clinical and 

signal data 

Early 

prediction ML 

model 

Focus on early-

stage PD 

detection 

Dataset 

imbalance 

[28] Peng et al. 

(2025) 

Short-term 

motor tasks 

Multi-scale 

feature mining 

Captured fine-

grained motor 

variations 

Requires 

controlled data 

acquisition 

[29] Ambhika 

et al. 

(2024) 

High-

dimensional 

data 

Hybrid feature 

selection 

Reduced 

dimensionality 

with accuracy 

gain 

Not PD-

specific 

[30] Zhang et 

al. (2025) 

Sensor time-

series 

Multi-task 

deep mining 

(TCN) 

Joint task 

learning for PD 

recognition 

Limited 

explainability 

[31] Huang et 

al. (2025) 

Incomplete 

multi-view 

data 

Adaptive 

embedding 

mining 

Robust PD 

diagnosis under 

missing data 

High training 

complexity 

Although there has been massive advancement in the application of data mining techniques in 

the diagnosis and analysis of Parkinson disease (PD), a number of research gaps have been 

identified by the available literature. The primary weakness is a great focus on binary 

classification between PD patient and healthy control groups whereas such clinically important 

processes as disease staging, motor subtyping, and longitudinal progression modeling get 

relatively little attention. The majority of existing research is based on cross-sectional datasets, 

which makes it harder to get the dynamics of disease progression and response to treatment, 

and thus limits the extrapolation of their data mining models to clinical applications across the 

board. 

One more interesting gap is in the small generalizability and strength of suggested models. 

Most studies have found high classification accuracy on benchmarks but these have not 

transferred to other cohorts because of differences in data acquisition protocols, demographics 

of the population and sensor configurations. This is further worsened by the lack of 

standardized assessment models and multi-center validation on the data. Therefore, the current 

implementation of the data mining-based PD systems in the actual clinical settings is limited. 
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Methodologically, feature selection and optimization methods have been adopted in large 

numbers, but little has been done with model interpretability. Many studies focus on predictive 

performance, instead of explainability, especially in data mining systems that are supported by 

deep learning. This non-transparency undermines clinical trust and reduces the embracement 

by the healthcare professionals. Additionally, the vast majority of feature engineering pipelines 

are also modality specific and the extensive scope of existing research has not explored unified 

multi-modal data mining approaches capable of effectively combining motor, non-motor and 

neuroimaging features. 

Lastly, the research on the lack of data imbalance, absence of data, and uncertainty-aware 

mining frameworks in the analysis of PD is scarce. Although current research has only started 

to investigate incomplete multi-view learning and ensemble approaches, there are no in-depth 

solutions that place the uncertainty modeling, adaptive learning, and personalized prediction 

together. These gaps are critical to filling in order to take the research of data mining-based 

Parkinson’s disease towards scalable, interpretable, and clinically reliable decision-support 

systems. 

Challenges and Limitations in Data Mining–Based Parkinson’s Disease Research 

Although significant progress has been made with regard to data mining-based methods of 

diagnosing and analyzing Parkinson’s disease (PD), a number of underlying issues still restrict 

their effectiveness, scalability and clinical usefulness. Among the most noticeable challenges, 

one may identify data heterogeneity, caused by the heterogeneity of the sources of PD-related 

data. These involve voice and speech records, gait and wearable sensor records, handwriting 

dynamics, neuroimaging records and standardized clinical records. The different modalities 

have different statistical properties, dimensions, noise, and frequency of sampling, and 

therefore, it is not an easy task to have a unified data representation and integration. The 

available literature usually dwells on a single modality thus limiting the comprehensive 

perspective of manifestations of the diseases. 

The other severe constraint is the lack of big and well-labeled datasets, especially to use early-

stage PD and longitudinal disease surveillance. The majority of publicly accessible datasets are 

small, imbalanced, and gathered in a controlled, experimental setting, therefore, restricting the 

extrapolation of trained models to a real-world clinical environment. Inequality between 

classes, i.e. having a PD sample massively outnumbering healthy controls or vice versa, is 

another bias in terms of classification results and inflated reported performance measures. 

Although resampling and data augmentation are used, the approaches can cause synthetic bias 

and lower the clinical realism. 

Another methodological issue is model overfitting and absence of cross-cohort validation. 

Most data mining projects test model performance on one dataset where the model is cross-

validated on different dataset without external validation. This practice impedes a dependable 

evaluation of the model robustness to population, device and protocol variations. In addition, 

due to lack of standard benchmarking systems, it is not easy to have objective comparison of 

the studies which results in the field being fragmented. 

Computationally, the growing use of complex ensemble and deep learning-assisted data mining 

models brings with it the issues of computational cost, energy use, and feasibility of 

deployment. These types of models can be very demanding on hyperparameter optimization 
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and computation, potentially unfeasible in real-time or resource-bounded healthcare. 

Moreover, the vast majority of deep models act as black-boxes that can be used to provide a 

limited understanding of the decision-making process. 

 

Lack of interpretability and explainability is perhaps the most significant weakness which 

prevents clinical adoption. Clinicians need to have transparency in their reasoning, relevance 

of features, and estimation of uncertainty to trust automated diagnostic systems. Nevertheless, 

most available data mining systems can put more emphasis on accuracy than in interpretability, 

which gives them minimal explanation of how certain features influence diagnostic results. 

This loophole inhibits regulatory consent and inclusion in clinical practices. 

Future Research Directions and Open Issues 

To surmount the current drawbacks, further studies will have to shift the paradigm of individual 

diagnostic assignments to all-encompassing, progression-sensitive data mining models. As an 

improvement, the advanced models need to include disease staging, motor subtyping, and 

progression prediction, in addition to binary PD detection. The longitudinal data mining 

algorithms, such as temporal pattern mining, sequential learning, and survival analysis are 

necessary to understand disease progression and treatment reaction over time. 

Multi-modal and multi-view data mining is another potential line of study, as the analysis of 

heterogeneous data sources is performed together with the use of highly sophisticated fusion 

techniques. It should be systematically investigated whether there are complementary types of 

information that can be utilized by feature-level, decision-level, and representations level 

fusion techniques between motor, non-motor, imaging and sensor-based modalities. Scalable 

and modality-agnostic fusion frameworks are an open issue to develop. 

Elucible and plausible information mining is a paramount open study problem. The inclusion 

of explainable artificial intelligence (XAI) methods, including rule extraction, feature 

attribution, attention visualization, and counterfactual analysis can augment model 

transparency to a large degree. The systems of the future must be able to make clinically 

interpretable output, such as scores of symptom relevance, confidence intervals, predictions 

that are not supportable by uncertainty, so that health care professionals can make informed 

decisions. 

Another necessary research direction is to solve real-world data problems. PD datasets are 

frequently incomplete with missing data, artificially noisy signals and erratic sampling as a 

result of sensor failure or patient non-cooperation. Real-time monitoring and home-based 

assessment need robust data mining systems that can deal with incomplete, uncertain, and 

streaming data. The methods of transfer learning and domain adaptation are also promising to 

enhance cross-dataset generalization. 

Moreover, the necessity of standardized evaluation procedures and multi-centre data of large 

scale is increasing. Reproducibility and equitable comparison of algorithms can be 

encouraged with help of collaborative data sharing efforts and open benchmarking platforms. 

In the future, the system design should also consider ethical aspects, data privacy and security 

especially where sensitive medical information is involved. 

Conclusion 
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Data mining has become a paradigm shift in computational research in the field of Parkinson 

disease and provides potent tools of automated diagnosis, pattern discovery, and predictive 

modeling of complex biomedical data. The reviewed literature evidence that machine learning, 

feature selection, optimization and hybrid data mining frameworks are applicable in extracting 

discriminative biomarkers, using various modalities of PD-related data. These methods are 

much superior to the conventional statistical methods, in working with high-dimensional, 

nonlinear and heterogeneous data. 

Nonetheless, in spite of these developments, the existing data mining-based studies of PD are 

limited by unavailable datasets, inability to generalize, inadequate explanations, and little 

attention to longitudinal disease modeling. Most of the available systems have controlled 

experimental assumptions that are not fully applicable in real life clinical conditions. To close 

the divide between algorithmic performance and a clinical usability paradigm, a paradigm shift 

to strong, interpretable, and progression-aware data mining systems is needed. 

Future studies are needed to focus on the multi-modes of integration, explainability, uncertainty 

modeling, and validation on the large population. These obstacles can be overcome to develop 

data mining-based methods into high-quality clinical decision-support systems not limited to 

experimental prototypes. However, in the long run, these developments can considerably 

improve the early detection and individualized therapy, as well as the extended care of the 

Parkinson disease, which will become an important part of the intelligent and data-driven 

health systems. 
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