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Abstract

Chronic conditions including diabetes, cardiovascular disorders, kidney
disease, and Alzheimer's contribute increasingly to the global health burden,
highlighting the critical need for early diagnosis and timely intervention to
enhance patient care and lower medical expenses. Recent advances in
Machine Learning (ML) have demonstrated significant potential in predicting
the onset and progression of these conditions by analyzing large-scale
medical datasets and uncovering complex patterns often missed by traditional
diagnostic methods. These technologies enable faster, more accurate and
cost-effective assessments, benefiting both clinicians and patients. This
review comprehensively examines the application of ML techniques to the
prediction of these four major chronic diseases, highlighting their
transformative role in early diagnosis. Deep learning models, such as stacked
Artificial Neural Network (stack-ANN) and hybrid Convolutional Neural
Network Long Short-Term Memory (CNNLSTM) architectures, have
achieved high predictive performance, with reported accuracies reaching up
t0 99.51% and AUC scores of 1.00 in specific contexts. Boosting algorithms,
including XGBoost and LightGBM, also deliver robust results, frequently
exceeding 98% of accuracy. The review emphasizes the crucial role of data
preprocessing and feature selection in enhancing model interpretability and
performance. Ensemble methods, such as bagging and voting classifiers,
further contribute to improved predictive outcomes. Despite these
advancements, the generalizability of many models remains limited due to
heavy reliance on single-source datasets.
Keywords: Chronic disease prediction, Machine learning, Healthcare
analytics, Literature review.
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Introduction

Chronic diseases represent a significant challenge in the global healthcare
sector, arising from metabolic syndrome — a condition influenced by
lifestyle choices, genetic predisposition, and environmental determinants (C.
Lee et al.,, 2022). Despite significant advancements in treatment, these
conditions continue to be primary contributors to morbidity, mortality, and
economic burden worldwide, (A et al., 2022); (Mph, 2024) and (Bloom et al., 2020).

Examples of chronic diseases with significant impact include: diabetic
retinopathy (DR), a leading cause of recently diagnosed visual impairment,
particularly among individuals of working age (Tsao et al., 2018), cancer, a
major global mortality contributor responsible for approximately 13% of all
global deaths(O. O. A & 0O.K, 2020); Alzheimer disease, a neurodegenerative
disorder primarily affecting individuals aged 65 and older, progressively
damages brain tissue; chronic kidney disease, characterized by a gradual and
long-term loss of kidney function, continues to be asymptomatic until the
kidneys have lost about 25% of their normal function (Pujianto et al., 2018);
and cardiovascular diseases which also represent a leading cause of death,
especially in developed countries (Atallah & Al-Mousa, 2019) and (Terrada
& Bouattane, 2019). Consequently, addressing the risk factors for these
diseases has become crucial (Alanazi, 2022) and (Battineni et al., 2020).

Though diverse, these risk factors for chronic diseases include inactivity,
smoking, alcohol consumption, poor nutrition, overall lifestyle behaviors, and
lifestyle. Environmental factors, such as prolonged exposure to sun,
pollutants, and carcinogens also play a crucial role (A et al., 2022); (Mph,
2024) and (Alanazi, 2022). Global changes in agricultural practices,
technological advancements, and cultural shifts have significantly impacted
both behaviors and lifestyles worldwide. As a result, there has been an
increasing risk of chronic diseases, including diabetes, cardiovascular
disease, chronic kidney disease, and Alzheimer’s disease (Culberson, 2017).

Chronic diseases pose several critical challenges, such as high treatment
costs, late diagnoses, and poor prognoses, which can decrease survival rates,
reduce quality of life, and, in some instances, lead to fatal outcomes (A et al.,
2022). These diseases may result in various complications or necessitate long-
term treatment (C. Lee et al., 2022). Hence, it is important to implement
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preemptive measures for the prevention of metabolic syndrome and develop
prediction models for these diseases to reduce the risk of complications and
medical costs (C. Lee et al., 2022).

Predicting chronic diseases using traditional methods presents several
challenges that can restrict patient access to healthcare and hospital treatment
(H. Wang et al., 2021). Relying solely on the established treatment guidelines
may prove insufficient due to various factors, including complications and
mental conditions (H. Wang et al., 2021). Furthermore, conventional
techniques often struggle to effectively analyze the vast amounts of
information related to chronic diseases for the reason that they are time-
consuming and require extensive effort (Battineni et al., 2019).

To address these challenges, various machine learning techniques and
algorithms are being developed. These methods have been extensively
utilized in healthcare research to predict disease outcomes and have shown
promising results. Selecting the appropriate algorithm is a complex task
influenced by factors, such as data volume, the type of information available,
and specific industry requirements regarding the desired outcomes (Battineni
et al., 2019). Consequently, it is crucial to identify significant features and
apply machine learning techniques to enhance chronic disease prediction
performance (Rashid et al., 2022).

The present review is structured as follows: Section 2, providing a detailed
survey of machine learning techniques, is organized into four main
subsections, each dedicated to the prediction of a specific chronic disease
such as Diabetes, Cardiovascular Diseases, Kidney Disease, and Alzheimer
Disease. Further, each subsection outlines the machine learning
methodologies employed, the datasets utilized, and the results obtained.
Section 3 evaluates metrics, highlights the significant findings, and discusses
the effectiveness of the techniques used for predicting chronic diseases.
Finally, section 4 summarizes the conclusions drawn from this review, with
an emphasis on its implications and significant potential for shaping future research.

Machine Learning in Chronic Disease Prediction

This section presents a comprehensive overview of recent studies that
explore the use of machine learning techniques in the prediction of various
chronic illnesses, such as diabetes, heart disease, kidney disorders, and
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Alzheimer’s disease. Relevant studies were identified through searches of
reliable electronic databases, focusing on recent advancements in machine
learning models designed for the prediction of these diseases. Subsections
that follow explore the diverse machine learning methods employed in these
studies to improve the predictive accuracy and support early diagnosis of
chronic diseases.

Machine learning has been widely utilized in the prediction of several
major chronic diseases such as diabetes, cardiovascular disease, chronic
kidney disease, and Alzheimer’s disease. Diabetes, one of the fastest-growing
chronic illnesses worldwide, requires timely diagnosis and accurate
prediction to reduce its severe impact on health, with ML techniques
increasingly used to forecast critical events, such as hypo- and hyperglycemia
(Khan et al., 2021) and (Hossain, 2024). Similarly, cardiovascular diseases
continue to be leading causes of global mortality, where ML-based
approaches support early detection, reduce risks of severe outcomes, such as
heart attacks and strokes, and improve patient management (Pal et al., 2022)
and (Panjiyar et al., 2023). Chronic kidney disease, affecting more than 800
million people globally, can progress silently over time, and ML models play
an instrumental role in its early identification and monitoring by leveraging
diverse clinical indicators (Khan et al., 2021) and (Thongprayoon et al.,
2020). Alzheimer’s disease, a progressive neurodegenerative disorder
affecting approximately 50 million people worldwide, has also been the focus
of predictive ML research, particularly through the integration of genetic,
clinical, and neuroimaging data to allow earlier diagnosis and intervention
(Porteri et al., 2017), (Bari Antor et al., 2021) and (Q. Wang et al., 2019). A
concise summary of these studies, including applied ML methods, datasets,
major contributions, and key findings, is presented in Table 1.
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ML Method(s) | Key Contribution Dataset Best Result Reference
ANN, LSTM,
CNN, Stack-ANN, | Ensemble deep | _7'MA; 995105 | (Al Reshan
- DDFH-G, etal.,
Stack-LSTM, and | learning model. IDPD-I accuracy 20242)
Stack-CNN.
Early detection,
DL handles class DPD 94% accuracy (Shaheen et
) al., 2024)
imbalance.
LightGB, KNN,
SVM, NB, Early diabetes ZMHDD 98.1% (Rufoetal.,
Bagging, RF, and diagnosis. accuracy 2021)
XGB
Combined Highest (Massari et
SVM + Ontology ontology with ML. accuracy al., 2022)
KNN, SVM, LR, |Accurate detection 81.25% (Panda et
o and GB model. accuracy al., 2022)
QD
g | DLKNN,RF  eouated 7 ML 886% | (Khanam &
@ NB, AB, LR, algorithms accuracy Foo, 2021)
% SVM, and NN '
=3 KNN, DT, RF, Handles outliers 95% accurac (Hasan et
§ AB, NB, and XGB | & missing values 0 y al., 2020)
Handles missing PIDD
RF (with values & imbalance Outperformed | (Q. Wang et
DMP_MI) using ADASYN + SVM, NB, DT | al., 2019)
Naive Bayes.
Compared 4 ML Lodiistic
NB, j48, LR, and techniques for Re r%ssion' (Battineni et
RF diabetes g ) al., 2019)
o 77% accuracy
prediction.
Naive Bayes | (Sisodia &
DT, SVM, and NB | COmpared 4 ML 7630% | Sisodia,
techniques.
accuracy 2018)
Predict diabetic s, . o
SVM, DT, ANN, | retinopathy using Taiwan SVM: 79.5% (Tsao et al.,
. ) DM Shared accuracy,
and LR biomedical 2018)
Care” 0.839 AUC
feature.
Tested multiple . XGBoost
EH“ (S;\éMXIéFé classifiers with g;&?eg'?ﬁaéf (fine-tuned): | (Ogunpola
0 e ’ imbalance + IEEE) 98.50% et al., 2024)
S handling. accuracy
(@]
< Pretext +
8 : . Two-phase SSL Increased
e SLzl;cr?]?r?eE\éI;EL(; for cardiovascular Dow(r;lss;cgeam accuracy from (Ch;ggi; al,
) g event prediction. ; 63% — 90%
patients)
9 97.25%
3 Compared SVM | UCI Heart accuracy (Kumar et
& SVM, LR & LR for heart Disease (outperformed | % 2023)
disease prediction. dataset CNN, >§GB, N
RF
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ML Method(s) | Key Contribution Dataset Best Result Reference

Hybrid model

HRFLM (RF + combining 88.7% (Mohan et
DT + NN + SVM) multiple Cleveland accuracy al., 2019)
classifiers. Heart
SVM, LR, ANN, | Proposed FCMIM Disease FCMIM- (Lietal
KNN, NB, DT for feature SVM: 92.37% 2020) N
(with FCMIM) selection. accuracy
ANN, CNN, HDNN hybrid Cleveland + 98.86% (Reshan et
LSTM, Hybrid model for heart | Combined accuracy, al., 2023)
CNN-LSTM disease prediction. | (5 datasets) | AUC=1.00 ”
NB, SVM, Voting, Compared 10 ML | Cleveland + | XGBoost:
XGB, AB, - . - (El-Sofany,
. algorithms with Private 97.57%
Bagging, DT, feature selection dataset accurac 2024)
KNN, RF, LR : y
CVD diagnosis
MLP, SVM, RF, [ with risk analysis, | KNHANES | All models: (Ohetal.,
L-GB handling (Korea) AUC >0.853 2022)
imbalance.
DT: 95%
Evalugted 3ML UCI ML accuracy — | (Kaur etal.,
LR, DT, SVM techniques for . )
> Repository 97% with 2023)
CKD prediction, .
Bagging
SVM: 99.8%
RF, SVM, DT, | Evaluated4 ML | St Paulo's ?gfr‘f;fc)y (Debal &
XGB (with techniques with Hospital, XGBog/s,t" Sitote, 2022)
RFECV) RFECV and UFS. | Ethiopia 82,5696 (5-
class)

Deep learning actuna (Elkholy et
= DBN model for early 87 50/y, al 202y1)
g CKD detection. 70 "
= sensitivity
< - o
= ANN, €5.0, Evaluated 7 D;\Ictlﬁ l’ga?ée'/o (Chittora et
B CHAID, LR, algorithms with y; .

2 LSVM, RT feature selection LSVM (L2): al., 2021)
@ ' ' 98.86%
Handled missing .
LR, RF, SVM, | values with KNN, | UCI CKD LgFé gSFj/F' (Qin et al.,
KNN, NB, NN evaluated 6 Dataset 0570 2020)
: accuracy
techniques.
LR, SVM, KNN Evaluatgd 4 ML SVM: 99.25% | (Gudeti et
techniques accuracy al., 2020)
Gradient
SVM, AB, LDA, | Evaluated 4 ML Boosting: (Ghosh et
GB techniques 99.80% al., 2020)
accuracy
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ML Method(s) | Key Contribution Dataset Best Result Reference
Deep learning
Deep Learning model using 100% _
(Stacked stacked classification (Khamparia
Autoencoder + autoencoders for et al., 2019)
accuracy
Softmax) accurate
classification.
Random
Evaluated 3 ML .
DT, SVM, RF techniques for Foresot. (Rfvathy et
CKD prediction 99.16% al., 2019)
' accuracy
Predict diabetic EMR
kidney disease dataset o (Makino et
LR progression using (64,059 71% accuracy al., 2019)
EMR. patients)
Evaluated 4 ML
techniques for OASIS SVM: 92% | (Bari Antor
SVM, LR, DT, RF Alzheimer's dataset accuracy et al., 2021)
prediction
Used MCI data RELM (Sudharsan
IVM, RELM, and sMRI for ADNI outoerformed &
SVM Alzheimer's dataset b Thailambal,
" SVM & IVM
recognition 2021b)
KNN, DT, Rule AS;QSSZ?S?OI\I{IL ADNI GLM: (Shahbaz et
Induction, NB, . (TADPOLE 88.24%
Alzheimer's al., 2019)
GLM, DL L dataset) accuracy
prediction
§ ML framework Idzr;:::;e:SM
@, integrating gene | NCBI GEO - (L. Wang &
3 SVM, NB, NN, RF expression from 6 | (GSE5281) rl)or;ce_ntlal' Liu, 2019)
- brain regions A.Z eimer’s
9 biomarkers
@ 4-stage ML
w .
® T’Zarp;(\:l;g;il:]- Combined |SVM achieved | oy g
SVM, RF, LR, AB| PreP 9.1 Alzheimer highest Y
gene selection, et al., 2022)
e dataset performance
classification,
prediction
ML | ADNI Best AUC:
LR, L1-GLM, RF, identify ANMl, ANM1=0.874, | (T.Lee &
SVM, DNN - . ' ANM2=0.804, | Lee, 2020)
Alzheimer's- ANM2 _
) ADNI=0.657
associated genes
GaussianNB, DT, a Inrnooavcar;[lf\gerl\élal;l OASIS Voting (Uddin et
RF, XGB, Voting pp - . y longitudinal | Classifier:
- Alzheimer's al., 2023a)
Classifier, GB detection dataset 96% accuracy
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Evaluation Metrics and Findings
Analysis of Performance Metrics in Chronic Disease Prediction

Recent studies emphasize the importance of selecting evaluation metrics
specifically designed to address the unique challenges involved in predicting
chronic diseases. While accuracy is a commonly reported metric for all
diseases and provides a general indication of model performance, it has
limitations when dealing with missing values and imbalanced datasets.
Therefore, it is essential to consider additional metrics, such as Precision,
Recall, F1-Score, Specificity, and AUC.

A review of previous research reveals that performance metrics are
commonly used in chronic disease prediction, with variations observed across
different diseases and studies. For instance, in predicting diabetes and
Alzheimer disease, Precision, which is particularly important to reduce false
positives, helps minimize unnecessary follow-up tests and treatments (Al
Reshan et al., 2024b), (Shaheen et al., 2024), (Panda et al., 2022), (Massari et
al., 2022), (Sudharsan & Thailambal, 2021a), (Uddin et al., 2023a), (El-
Gawady et al., 2022) and (T. Lee & Lee, 2020). Notably, diabetes studies
utilize all evaluation metrics except that for Specificity, highlighting the
versatility of these criteria for this condition. In contrast, Precision is utilized
in only a few Alzheimer studies, indicating its limited adoption despite its
significant potential to identify true positive cases accurately. This
observation from the literature suggests the need for further exploration to
better leverage Precision’s ability to allocate resources efficiently to
individuals requiring more diagnostic evaluation and care.

In the prediction of cardiovascular and kidney diseases, Recall is
prioritized to ensure that high-risk cases are accurately identified, which is
crucial for early intervention. However, as noted in previous studies, only a
few studies on these diseases have incorporated Recall, indicating that its
application remains limited (Ogunpola et al., 2024), (Chen et al., 2024), (El-
Sofany, 2024), (Kaur et al., 2023), and (Debal & Sitote, 2022). This selective
use underscores an opportunity to more widely adopt Recall, potentially
improving the identification of at-risk individuals and enhancing the
effectiveness of early intervention strategies.
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Alzheimer disease prediction poses additional challenges, particularly in
detecting early-stage and subtle symptoms. In such complex classification
settings, the F1-Score is often employed to balance the trade-off between false
positives and false negatives. This metric ensures reliable performance, where
both types of errors can have significant consequences. Despite its
advantages, only two studies identified in this review have utilized the F1-
Score for Alzheimer prediction (Uddin et al., 2023b) and (Atallah, 2019).
This limited adoption underscores the need for further exploration of the F1-
Score’s utility, especially in handling imbalanced datasets and reducing
diagnostic uncertainty during early disease progression.

In summary, the variation in metric selection downplays the importance of
adapting evaluation approaches to the unique challenges of each chronic
disease. This approach is essential for ensuring both the clinical relevance and
the effectiveness of predictive models in real-world healthcare applications.

Comparative Analysis of ML Methods for Chronic Disease Prediction

This review included studies that used various algorithms, such as deep
learning techniques (Al Reshan et al., 2024a), (Shaheen et al., 2024), (Reshan
et al., 2023), (Elkholy et al., 2021); (Khamparia et al., 2019), (T. Lee & Lee,
2020), SVM (Rufo et al., 2021), (Massari et al., 2022), (Panda et al., 2022),
(Ogunpola et al., 2024), (Kumar et al., 2023), DT, KNN, and LF (Massari et
al., 2022), (Khanam & Foo, 2021), (EI-Sofany, 2024), RF (Bari Antor et al.,
2021), (Q. Wang et al., 2019) and (T. Lee & Lee, 2020). These studies
provided valuable insights into the relevant variables and risk factors and
contributed to disease prediction and guided our feature selection process.
Our focus was on the four major chronic conditions: diabetes, kidney disease,
cardiovascular disease, and Alzheimer.
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18(11.5%)

Figure 1: Application of ML Algorithms Frequency

Table 2: Best Results of Chronic Disease Prediction in Studies, Datasets, and
Algorithms

ML Best Accuracy

Study Disease Dataset Algorithm %)
(Al Reshan et . PIMA-IDD-I, DDFH- .
al, 2024a) | OO0 G,and IDPD-| | STACK-ANN | 99.51%
Data from

(Switzerland

(Reshan etal., | i ascular | + Cleveland + Statlog |CNN-LSTM|  98.86%

2023) + Hungarian + Long
Beach VA)
(Qinetal., .
2020) Kidney St. UCI CKD Dataset LR+RF 99.83%
(Uddin et al., . Imaging Studies (OA- Voting o
2023a) Alzheimer SIS) data Classifier 96%

Figure (1) illustrates the frequency of machine learning algorithms applied
across the reviewed studies. It shows that Ensemble and deep learning
techniques demonstrated high accuracy in predicting chronic diseases like
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diabetes, cardiovascular disease, kidney disease, and Alzheimer. For instance,
the Ensemble Deep Learning model achieved an accuracy of 99.51% in
diabetes prediction.

Effective feature selection and data preprocessing were essential for
improving prediction accuracy. Techniques like Proximity-Weighted
Synthetic Oversampling (ProwSyn) and Recursive Feature Elimination with
Cross Validation (RFECV) played a key role in enhancing model
performance by refining the input data. Feature importance evaluations
uncovered a set of dominant attributes that exerted substantial influence on
the predictive outcomes across models. In diabetes prediction, attributes
including glucose level, age, and BMI were identified as the most influential.
Similarly, for cardiovascular disease, critical features included cholesterol
levels (chol), maximum heart rate (thalach), and blood pressure (oldpeak).
The XGBoost model, in particular, could accurately rank these features and
further optimizing its predictive power.

The performance of various algorithms varied depending on the disease.
For instance, Random Forest and XGBoost achieved high accuracy in
predicting cardiovascular disease, while support vector machine proved to be
particularly effective in the detection of Alzheimer disease.

The present study evaluated the performance of various machine learning
algorithms in predicting chronic diseases, such as diabetes, heart disease, and
kidney disease. The tested models included classical machine learning
algorithms (e.g., Logistic Regression, k-Nearest Neighbors, Support Vector
Machines), and more advanced techniques including XGBoost, LightGBM,
Convolutional Neural Networks.

For diabetes prediction, the LightGBM model demonstrated superior
performance compared to traditional algorithms. It achieved an accuracy of
98.1%, an AUC (Area Under the Curve) of 98.1%, sensitivity of 99.9%, and
specificity of 96.3%. These results outperformed models like KNN, SVM,
and XGBoost, which, despite their effectiveness, had slightly decreased
accuracy and precision.

In cardiovascular disease, the XGBoost model was determined to be the
most accurate, achieving an accuracy rate of 98.50%, thereby outperforming
models such as RF and SVM. The high performance of XGBoost can be
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attributed to its depth-first tree-building approach, which enables it to
effectively capture complex feature interactions. This renders it particularly
suitable for heart disease prediction, where numerous interdependent risk
factors (e.g., cholesterol levels, age, and blood pressure) need to be
considered.

For chronic kidney disease prediction, a combination of Logistic
Regression (LR) and Random Forest achieved an accuracy of 99.83%,
thereby outperforming models such as SVM, KNN, and Neural Networks
(NN). This integrated approach proved to be highly effective, leveraging both
the linear modeling of LR and the ensemble learning of RF to enhance
predictive accuracy.

Table (2) shows a summary of the best results obtained for each chronic
disease, including the specific datasets used and the algorithms that yielded
the highest performance across the reviewed studies.

Conclusion

Machine learning has emerged as a powerful tool in the prediction of
chronic diseases, offering significant improvements in diagnostic accuracy,
efficiency, and cost-effectiveness over traditional methods. This review
concluded that advanced ML models, such as deep learning techniques and
boosting algorithms, consistently outperform conventional approaches,
achieving exceptional accuracies reaching 99.51% in chronic disease
prediction. Furthermore, data preprocessing and feature selection were shown
to be essential in optimizing the performance of the ML models. However,
the generalizability of these models continues to be limited due to the use of
single and specific datasets, which may not represent diverse populations.
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