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Information sources or data: A systematic search was conducted in PubMed, Scopus,
ScienceDirect, and Magiran databases for studies published between 2010 and 2025.

Selection methods for study: This study was conducted based on the PRISMA 2020
guidelines. After removing duplicate studies, the titles, abstracts, and full texts of articles
were screened according to the inclusion and exclusion criteria, and finally, 44 studies were
included in the analysis. Study quality was assessed using the Joanna Briggs Institute check-
list, and data synthesis was performed using a qualitative narrative approach.

Combine content and results: The findings showed that data mining was most frequently
applied to the prediction and diagnosis of cardiovascular diseases, diabetes, kidney diseases,
cancers, and other chronic conditions. The data used mainly consisted of structured clinical
data and electronic health records. Commonly used algorithms included decision trees, Naive
Bayes, support vector machines, neural networks, and random forests. More recent studies, in
addition to predictive accuracy, focused on model interpretability, feature selection, and the
clinical applicability of results using methods such as SHAP and LIME. Furthermore, no sin-
gle algorithm demonstrated absolute superiority across all problems, and model performance
depended on disease type, data quality, and preprocessing methods.

Conclusion: The results of this systematic review showed that data mining can play an
effective role in early disease diagnosis and clinical decision-making support. However, chal-

Key Words: lenges such as data heterogeneity, information quality, and limitations in clinical implementa-
Data  Mining, Data|| tion still remain. The development of data infrastructures, standardization of health informa-
Analysis, Healthcare, | tion, and greater attention to model interpretability are essential for the effective use of data
Disease Prediction. mining in healthcare systems.
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Extended Abstract
Introduction:

he rapid growth of electronic health

records [EHRs] and clinical databases

has generated large volumes of health-
care data with significant potential for improving
disease prediction and diagnosis. However, the
complexity and heterogeneity of these data limit
the effectiveness of traditional analytical methods.
Data mining, as a major branch of artificial intel-
ligence and machine learning, provides techniques
for extracting meaningful patterns and predictive
knowledge from large-scale healthcare datasets.

In recent years, data mining methods have been
widely applied to support early disease detection,
clinical decision-making, and risk assessment
across various medical domains. Applications have
been reported for cardiovascular diseases, diabetes,
chronic kidney disease, cancers, and other chronic
conditions, demonstrating the growing role of these
techniques in healthcare. Despite this expansion,
the existing literature is highly diverse in terms of
disease focus, data sources, algorithms, and evalu-
ation approaches, which makes it difficult to draw
general conclusions or identify dominant method-
ological trends.

Most previous review studies have addressed
specific diseases or individual algorithms, rather
than providing a comprehensive overview of data
mining applications for disease prediction and di-
agnosis using clinical and EHR-based data. There-
fore, the aim of this study was to systematically re-
view published research on the use of data mining
techniques in healthcare, with a particular focus on
disease prediction and diagnosis. This review aims
to summarize current applications, highlight meth-
odological developments, and identify research
gaps to guide future investigations in this field.

Methods:

This study was conducted as a systematic re-
view in accordance with the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses
[PRISMA] guidelines. A comprehensive literature
search was performed in four electronic databases,
including PubMed, Scopus, Science Direct, and
Magiran, to identify relevant studies published be-
tween 2010 and March 2025. The search strategy

was developed using a combination of controlled
vocabulary terms and free-text keywords related
to data mining, machine learning, disease predic-
tion, disease diagnosis, clinical data, and electronic
health records. Boolean operators were applied to
appropriately combine search terms.

Original research articles were eligible for inclu-
sion if they applied data mining or machine learn-
ing techniques to predict or diagnose diseases using
clinical data, electronic health records, demograph-
ic information, or patient registries. Studies focus-
ing exclusively on medical imaging, genomic data,
signal processing, or non-clinical settings were ex-
cluded. Only studies published in English or Per-
sian with accessible full texts were considered.

After removing duplicate records, titles and ab-
stracts were independently screened by two review-
ers based on predefined inclusion and exclusion
criteria. Full-text screening was subsequently con-
ducted to determine final eligibility. Any disagree-
ments between reviewers were resolved through
discussion or consultation with a third reviewer.
Data extraction was performed using a standard-
ized checklist capturing study characteristics, data
sources, disease domains, algorithms used, and
performance evaluation metrics. Study quality was
assessed using the Joanna Briggs Institute critical
appraisal checklist. Due to heterogeneity across
studies, findings were synthesized using a qualita-
tive narrative approach rather than meta-analysis.

Results:

A total of 1,264 records were initially identified
through database searching. After removing du-
plicates and completing the screening process, 44
studies met the inclusion criteria and were included
in the final analysis. The number of published stud-
ies increased notably over time, with a marked rise
observed after 2020, reflecting growing interest in
the application of data mining and machine learn-
ing in healthcare.

The findings indicated that data mining tech-
niques were most frequently applied to the predic-
tion and diagnosis of cardiovascular diseases, fol-
lowed by diabetes, chronic kidney disease, cancers,
and other chronic conditions. Most studies relied on
structured clinical data and electronic health records,
while fewer studies incorporated demographic or
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population-based health survey data. Sample sizes
varied substantially, ranging from several hundred
patients to large-scale datasets involving hundreds
of thousands or millions of records.

Q

Commonly used data mining and machine learn-
ing algorithms included decision trees, Naive
Bayes, support vector machines, artificial neural
networks, random forests, and logistic regression.
More recent studies increasingly adopted advanced
ensemble and gradient boosting methods, such
as XGBoost and LightGBM. From 2021 onward,
several studies emphasized model interpretability
and clinical applicability, employing explainable
artificial intelligence techniques, including SHAP
and LIME, to identify influential predictors and en-
hance transparency.

Across the reviewed studies, no single algorithm
consistently outperformed others across all disease
domains. Model performance was strongly influ-
enced by disease type, data quality, feature selec-
tion, and preprocessing strategies. Overall, most
studies reported moderate to high predictive perfor-
mance, supporting the potential value of data min-
ing techniques for disease prediction and diagnosis
in clinical settings.

Conclusion:

The findings of this systematic review demon-
strate the growing importance of data mining and
machine learning techniques in disease predic-
tion and diagnosis within healthcare settings. The
strong focus on cardiovascular and metabolic dis-
eases reflects both their high disease burden and the
availability of structured clinical data suitable for
predictive modeling. Traditional machine learning
algorithms, such as decision trees, random forests,
support vector machines, and Naive Bayes classifi-
ers, continue to play a central role due to their ro-
bustness and relatively straightforward implemen-
tation.

In recent years, there has been a clear shift from
solely accuracy-oriented models toward approaches
that emphasize interpretability and clinical usability.
The increasing use of explainable machine learning
methods, including SHAP and LIME, highlights the
need for transparency to support clinician trust and
facilitate real-world adoption. Despite promising
predictive performance, several challenges remain,

particularly related to data quality, heterogeneity of
data sources, and limited external validation across
diverse healthcare environments.

From a methodological perspective, the lack of a
universally superior algorithm suggests that model
selection should be context-dependent, considering
disease characteristics, data quality, and clinical
objectives. Effective data preprocessing, feature
selection, and interdisciplinary collaboration are
critical for improving model performance and ap-
plicability.

In conclusion, data mining techniques offer sub-
stantial potential to enhance early disease detection,
support clinical decision-making, and optimize
healthcare resource allocation. To fully realize these
benefits, future research should prioritize standard-
ized data infrastructures, rigorous validation, and
integration of interpretable models into clinical
workflows. Addressing these challenges will be
essential for translating data mining research into
meaningful improvements in healthcare practice.
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