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Abstract

Chronic kidney disease (CKD) is a global healthcare issue that highlights the need for early
identification for better quality of life for patients. This study evaluates various machine
learning (ML) classifiers on datasets from UCI and self-collected sources in search of the
best methods for CKD classification. This review examines commonly used ML models
like support vector machine, K-nearest neighbor, naïve Bayes, decision trees, random forest,
logistic regression and boosting-based ensemble methods. The results demonstrated the
highest performance of ensemble methods. Despite these promising results, challenges
related to model integration and interpretability still exist. Transparent models that are
reliable and efficient are suitable for enhancement of clinical application(s). By overcoming
these challenges, the work highlights importance of ML for CKD detection and treatment
paving the way for artificial intelligence (AI)-driven healthcare solutions that are both
effective and trustworthy.

Keywords: chronic kidney disease; machine learning; random forest; support vector
machine; XGBoost; class imbalance

1. Introduction
The kidneys are an important pair of organs of the human body that play a vital role

by purifying the blood by filtering impurities, excess fluids, waste, and other contami-
nants. The human body removes all the impurities, waste, and contaminants via urine.
Additionally, the kidneys control the amount of acid, potassium, and salt content in the
human body [1]. Furthermore, they generate hormones that influence blood pressure and
cholesterol, assist with the development of bones, and manage the generation of blood
cells [2]. Considering the importance of kidney functions, healthy ones are fundamental to
a person’s good health. Kidney disease arises whenever they sustain damage accidentally
or by themselves because of age and health, which damages their ability to eliminate waste
efficiently. This damage would result in the accumulation of waste and problems with fluid
balance within the human body [3]. Kidney disease may be acute (sudden onset) or chronic
(gradual), and chronic forms can lead to permanent kidney failure [4]. Among all the kidney
diseases, chronic kidney disease (CKD) is a major issue as it frequently remains undetected
until it reaches more severe stages [5]. CKD usually has major impacts on various body
parts. With the decline in kidney functions, there will be an accumulation of toxins, which
result in symptoms that include drowsiness, vomiting, inflammation within legs and ankles
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and shortness of breath [6]. CKD leads to problems such as anemia, inadequate dietary
intake, high cholesterol levels, weakened bones, blood pressure and even damage to nerves.
This complication can further worsen the patient’s health condition, affecting the cardiovas-
cular system and increasing the risk of heart attacks and strokes [7]. Millions of individuals
around the world deal with CKD every year, making it a major public health issue. More
than 850 million individuals worldwide are estimated to be impacted by various forms of
kidney disease, with CKD impacting around 10% of the worldwide population [8]. Every
year, millions of people die due to complications related to CKD. Earlier epidemiological
reports estimated that CKD affected over 850 million individuals worldwide; however,
recent GBD 2023 estimates provide updated global prevalence and mortality trends [9].
Hence, there is a need for better awareness, efficient treatment strategies, and immediate
detection to address the growing challenge of CKD.

Advanced CKD results in end-stage renal disease (ESRD), which needs kidney trans-
plant or dialysis to stay alive [10]. Figure 1 shows the various stages of CKD. The various
risk factors that contribute to the development of CKD are cardiovascular conditions, excess
weight, hypertension, and diabetes [11]. Hence, early identification of CKD is crucial in
preventing its progression to ESRD. Early detection of CKD is often identified by regular
tests for patients having diabetes and hypertension [12]. Lifestyle adjustments and phar-
macological treatments for managing blood pressure and glucose levels can slow down
ESRD [13]. Technological advances, especially in machine learning (ML), have helped the
identification of many chronic illnesses, one of which is CKD [14–16]. ML approaches
can evaluate a huge amount of data to uncover patterns linked to CKD, which helps in
accurate and precise diagnosis [17,18]. ML approaches can evaluate multiple features,
including medical records, lab tests, and patient information, to estimate the probability of
an individual developing CKD [19]. This helps for early prediction, early actions, lowering
medical expenses and enhancing the treatment of patients [20].

Figure 1. Stages of chronic kidney disease.

Hence, this work aims to evaluate existing ML approaches presented for detecting
and predicting CKD. By reviewing recent advancements, methodology and application
of ML in the field of CKD, it provides insights into how these technologies are being
used to enhance management and identification of CKD. The contribution of this work
includes a comprehensive analysis of existing ML models, their effectiveness in detecting
and predicting CKD, and the challenges and opportunities for future research. This study
highlights the potential of ML to transform CKD diagnosis and management, which leads
to improving patients’ lifestyles. The manuscript is organized in the following way. In
Section 2, a methodological overview of various studies is discussed in brief. In Section 3, a
detailed review of ML classifiers is discussed, where different ML approaches are discussed
in detail. In Section 4, findings from different studies are mentioned in detail. In Section 5,
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the issues, challenges and possible solutions are discussed in detail. Finally, in Section 6,
the conclusion and future work are discussed.

2. Methodological Overview
2.1. Data Sources

Most of the studies used the UCI CKD dataset, which includes demographic pa-
rameters, laboratory values, and clinical attributes. There are studies that included inde-
pendent hospital datasets. Hence, the dataset size varied significantly, thus influencing
model robustness.

2.2. Data Preprocessing

Data preprocessing plays a critical role in the development of reliable ML models
for CKD classification. Medical data or clinical samples often contain missing values,
heterogeneous categorical attributes and redundant variables. If systematic preprocessing
is not done, then model performance may be biased, unstable or misleading.

2.3. Handling Missing Values

Clinical datasets usually contain missing records due to unperformed laboratory tests
or recording errors. Several studies [21] addressed missing data using statistical imputa-
tion techniques. The most common approach used was mean imputation for continuous
variables and mode imputation for categorical attributes. Varied descriptions of the dif-
ferent ways studies have processed missing values reduce transparency and increase the
difficulty of reproducibility and reliable evaluations of comparative model performance
outcome evaluations.

2.4. Data Standardization

CKD datasets usually contain features measured on different scales, such as serum
creatinine levels, blood pressure readings, and age. Distance-based classifiers like K-nearest
neighbors and margin-based methods such as support vector machines [22] are particularly
sensitive to feature scaling. To tackle this problem, a lot of researchers conducted min-
max normalization, which scales variables to a bounded interval (typically 0 to 1), and
Z-score standardization, which adjusts variables to zero mean and unit variance. Clinical
datasets include categorical attributes such as sex, presence or absence of hypertension,
and qualitative urine test results. Since most ML algorithms require numerical input,
categorical features were transformed using encoding techniques. The most frequently
used encoding strategies were binary encoding and one-hot encoding for multi-category
attributes. Improper encoding may increase dimensionality, especially in small datasets,
thus leading to an overfitting problem.

2.5. Parameter Selection

High-dimensional datasets containing numerous correlated variables can degrade
model generalization. Feature reduction techniques were used by most studies to eliminate
redundant parameters and improve computational efficiency. The various feature selec-
tion approaches used were correlation-based feature selection, information gain ranking,
recursive feature elimination, wrapper-based selection methods and embedded methods
integrated within tree-based classifiers. Certain research works have applied dimensional-
ity reduction methods like principal component analysis (PCA). In addition to decreasing
the dimensionality of the dataset, feature selection improves the interpretability.
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2.6. Evaluation Methods

The effectiveness of ML models developed for CKD classification is measured using
various evaluation metrics in the studies examined to provide a broad range of performance
analysis. Reports of effectiveness are based on a single measure of the overall accuracy of
correct predictions. Because medical datasets often have class imbalance issues, measures of
performance that go beyond accuracy are also considered. Alongside accuracy, additional
metrics that are often considered include sensitivity, specificity, recall, precision, and the
F1 score. The detection of CKD cases is important, and sensitivity is the measure used to
gauge the CKD case detection capability of the model. On the other hand, the detection of
non-CKD cases is evaluated using specificity, which helps to alleviate false alarms in the
clinical setting.

The evaluation of models by several studies using the ROC and the AUC is to eval-
uate the trade off from the true positives and false positives at various thresholds. The
applicability and robustness of k-fold cross-validation have been widely documented in
the training and testing of the model against multiple splits. Furthermore, the classification
outcomes have been evaluated and documented using confusion matrices. The various
metrics used for evaluation enable model comparisons to be performed evenly and provide
a broad range of performance analysis.

3. Review of ML Classifiers
The review of ML classifiers on CKD prediction and detection explains various ML

techniques that have been used to increase classification accuracy. Various traditional meth-
ods like K-nearest neighbor (KNN), support vector machine (SVM), logistic regression (LR),
naïve Bayes (NB) and decision trees (DTs) have been widely used due to their simplicity.
SVM is efficient to handle high-dimensional data. KNN is a straightforward approach to
classification based on proximity. NB is important for its efficiency with categorical data,
and DTs are popular for rule-based structure. LR remains a preferred method for binary
classification problems that gives clear probabilistic interpretations. In recent years, ensem-
ble learning methods like random forest (RF) and various other boosting approaches have
gained importance. Aggregating multiple DTs gives an RF that provides robust predictions
and reduces the risk of overfitting. Gradient boosting (GB), XGBoost (XGB), CatBoost (CB),
AdaBoost (AB), and LightGBM (LGBM) are the boosting techniques that have increased
CKD prediction and detection by focusing on improving model accuracy through iterative
learning and combining weak learners into strong predictive models. These methods are
good at capturing complex and nonlinear relationships. These relationships are within the
data, which enhances the ability to predict CKD classification. Hence, this section discusses
the different ML classifiers that have been presented recently for binary classification of
CKD approaches.

3.1. Support Vector Machine

SVMs are highly effective ML models as they find the best hyper-plane that separates
various classes within feature space for CKD classification and prediction and, hence, can
accurately distinguish between CKD and not CKD. Figure 2 illustrates the basic structure
of an SVM [21] used for binary classification. X1 and X2 represent two independent input
features selected from the UCI dataset to illustrate the decision boundary of the classifier. It
shows a two-dimensional feature space with two distinct classes represented by blue circles
and orange squares. According to Figure 2, the SVM searches for the best hyper-plane
(orange line) that divides the two classes. Moreover, the objective function of SVM is to
maximize the margin, i.e., the distance among the hyper-plane and the nearest data-points
from every class, called support vectors. Figure 2 highlights the “maximum margin”,
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which ensures that the SVM hyper-plane is positioned in such a manner that it maximizes
separation among two classes, according to the dataset trained, hence improving the
approach capability for generalizing new and unseen data. This margin maximization
is central to the SVM’s effectiveness in classification tasks as it leads to better decision
boundaries that minimize the risk of misclassification.

 
Figure 2. Support vector machine structure.

A. S. Shanthakumari et al. [22] aimed at combining different ML approaches and
creating an ensemble approach for CKD prediction. Their work first converted all the CKD
attributes into binary for training, then used the best first function for feature selection,
trained the ML ensemble classifiers using the binary, and finally used unseen data for
testing. Among the different ML ensemble approaches, ensemble SVM (ESVM) showed
better performance for the Indian CKD dataset [23], the UCI CKD dataset [24], and the
Kaggle CKD dataset [25], achieving 80%, 98.2%, and 98.8% accuracy, respectively. K. Harsha
et al. [26] considered the UCI CKD dataset and divided data into a 75:25 ratio for training
and testing, respectively. For predicting CKD, the authors presented an optimized SVM
approach and compared outcomes with DT, where the optimized SVM achieved 96.3%
accuracy. D. Swain et al. [27] considered the UCI dataset for predicting CKD. They used
different pre-processing steps, i.e., the dataset was imputed wherever missing values were
there, outliers were removed and the synthetic-minority oversampling technique (SMOTE)
was used for handling class imbalance. For feature selection, they used a Chi-squared test
and presented a hyper-tuned SVM for prediction, where the SVM achieved 99.3% accuracy
for 10-fold cross-validation (CV). The findings also showed that RF achieved better accuracy
for CKD prediction. H. Iftikhar et al. [28] used various ML models for CKD prediction,
which included KNN, LR, RF, DT and various variants of SVM (radial-basis-kernel, Bessel,
Laplacian and linear). For evaluating the performance of the ML model, they collected a
CKD dataset from a hospital located in Buner, Khyber-Pakhtunkhwa, Pakistan. For effective
prediction comparison with ML models, they conducted the Diebold and Mariano test for
accurate prediction outcomes. Further, from findings, the SVM Laplace-kernel function
achieved better results, i.e., 90.52% accuracy. E. Listiana et al. [29] created an ensemble
approach using SVM and AB. They used information-gain (IG) for feature selection, and
AB and SVM were combined to create an ensemble classifier. The UCI dataset was used
for evaluation, where IG + AB + SVM achieved 99.75% accuracy for 10-fold CV. N. I.
Md. Ashafuddula et al. [30] collected and built a real-world dataset, which was collected
from Bangladeshi patients. They used PCA for reducing feature dimensionality, and a
hyper-tuned SVM was used as the classifier. For evaluation, the UCI CKD dataset and
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the collected dataset were used, where 100% accuracy was achieved for both datasets. To
better understand the performance, they merged the UCI CKD and collected datasets and
evaluated them, finding 97.37% accuracy for the CKD prediction.

Limitations of SVM are as follows: no transparency, may not inspire trust in physi-
cians, vulnerable to the choice of kernel and hyperparameters, and expensive in terms of
computation if datasets are large.

3.2. K-Nearest Neighbors

KNN is a simple and instinctive distance-based approach that has widely been used
for CKD prediction studies. By classifying patients on the basis of similarities of their
clinical features, KNN identifies the closest data points, often referred to as “neighbors”, in
the feature space. Figure 3 illustrates the structure of the KNN algorithm [21] in a two-class
classification problem. It shows two classes, i.e., class 1 (blue) and class 2 (red). The goal of
KNN is to classify a new data point, shown as an orange diamond, based on its proximity
to existing points in the feature space. Figure 3 depicts two possible scenarios with two
different K values, i.e., K = 6 and K = 15. For K = 6, the new point is classified by considering
the six closest neighbors within the smaller circle. In this case, most nearest-neighbors
belong to class 2 (red triangles), so the new point is likely classified as class 2. In contrast,
if K = 15 is used, which considers a larger set of neighbors within the larger circle, the
decision might be influenced by more points from class 1 (blue circles), potentially altering
the classification. This visualization highlights how selection of K-values changes the
decision boundary and ultimately the classification outcome in KNN, making it crucial to
select an appropriate K-value for specified data distribution.

Figure 3. KNN structure.

The values shown in the figures are meant for conceptual illustration purposes only
and are not the experimentally devised K values from the reviewed studies. The reviewed
studies demonstrate a wide variety of K choices. Some researchers used a small K = 2,
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while others used cross-validation to find the best K. In many cases, the K value was not
stated. Because K is very sensitive in KNN, this is the reason for the large differences in
accuracy. Hence, the K values in Figure 3 are for example purposes only and should not be
considered to be a given, or a recommended, setting.

A. S. Shanthakumari et al. [22], similar to ESVM, presented the enhanced KNN (EKNN)
approach, where the used the BestFirst function for feature selection. The findings showed
58.8%, 98.8% and 99.2% accuracy for the Indian CKD dataset, the UCI CKD dataset and the
Kaggle CKD dataset, respectively. B. Deepika et al. [31] aimed at building an application
for CKD prediction, which used ML approaches, mainly KNN and NB, for prediction. They
fine-tuned both the approaches and evaluated on the UCI dataset, where they achieved
97% accuracy for KNN and 91% accuracy for NB. R. Bose et al. [32] first considered the
Indian CKD dataset, pre-processed, imputed missing values, and extracted features for
prediction. Further, they used the KNN approach with extracted features, which achieved
97% accuracy for CKD prediction. M. E. Barakat et al. [33] used the CKD dataset and
evaluated ML approaches, i.e., DT, KNN and linear regression (LR), where KNN with K = 2
achieved 99% accuracy. I. W. Supriana et al. [34] presented the modified KNN (MKNN)
approach, which was modified using the genetic approach (GA). The GA helped in finding
the best K-value for KNN, for better CKD prediction. The MKNN was tested on the
Indian CKD dataset, where all 24 features were selected for prediction, which achieved
93% accuracy. N. Alturki et al. [35] presented an ensemble approach, called TrioNet, which
combined Extra-Trees (ET), XGB, and RF for CKD prediction. For imputation, the KNN
imputer was used, and to handle imbalance issues, SMOTE was used. For evaluation, the
UCI dataset was used, where KNN-Imputer + SMOTE + TrioNet achieved 98.97% accuracy.

Limitations of KNN are as follows: The model can be unstable due to poorly selected K,
it can be highly influenced by the K, and large datasets can reduce the model performance.

3.3. Naïve Bayes

NB is a probability approach that is sometimes applied to the diagnosis of CKD. By
utilizing Bayes theorem, NB calculates patient probability of belonging to normal or CKD
or to a specific class on the basis of the patient’s clinical features like serum creatinine,
blood pressure, and other factors. NB assumes that all features are independent, which
allows it to work efficiently even with small datasets. This makes NB particularly useful
for early CKD detection. Figure 4 shows the NB structure [36], where a single class node is
connected to multiple attribute nodes (A1, A2, . . ., An). For CKD prediction, the class node
shows CKD absence or CKD presence, while the attribute nodes represent various patient
features like blood glucose level, blood pressure, age, and other relevant medical features.
The NB algorithm assumes that all attributes are conditionally independent for every class.
This assumption may not strictly hold true in real-world scenarios like disease prediction,
where certain attributes might be correlated.

Figure 4. Naïve Bayes structure.
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I. Santiko et al. [36] used featured-correlation-based selection (CFS) for selecting
features for the NB approach for predicting CKD. Evaluations were conducted on the
Indian CKD dataset, where two methods were evaluated, i.e., the NB approach without
CFS and the NB approach with CFS, which achieved 93.54% and 93.58%, respectively. O. A.
Jongbo et al. [37] created ensemble methods by combining ML approaches, mainly DT, NB
and KNN with random-subspace and bagging, and evaluated the approaches using the
Indian CKD and UCI CKD datasets, where findings showed that NB with random-subspace
achieved the highest results, i.e., 94.2% accuracy. K. M. Almustafa et al. [38] used the UCI
CKD dataset for classifying CKD, using multiple ML classifiers, which included stochastic-
gradient descent (SGD), NB, DT, J48, KNN, and RF with feature selection. Findings showed
that NB achieved better results with 95% accuracy. R. C. Poonia et al. [39] used two feature
selection approaches, i.e., Chi-square and recursive feature elimination (RFE) with ML
approaches, which included artificial neural networks (ANNs), NB, SVM and KNN for
predicting CKD. Findings showed that with features, NB achieved 95% accuracy for the
UCI CKD dataset. A. Syarif et al. [40] conducted a performance study about how ML
classifiers can predict CKD using ML approaches, which included evaluating NB, SVM
and DT. For evaluation, authors considered the Kaggle CKD dataset, where NB achieved
96% accuracy. M. F. Azizah et al. [41] used the Gaussian NB (GNB) approach with k-fold
CV for predicting CKD. The GNB approach was evaluated using the Kaggle CKD dataset,
where using 5 k-fold CV with GNB achieved 89.93% accuracy.

Limitations of NB are as follows: Due to simplistic assumptions, it may not model
the more complex overlapping pathology of CKD and is poor in the presence of highly
correlated features.

3.4. Decision Tree

DTs are a powerful tool for diagnosing and managing CKD. By dividing complicated
clinical data into simple series, interpretable decisions, DTs help to classify patients based
on critical factors. Each node in DT signifies a feature, and every branch resembles a
decision rule, leading to a final classification at the leaves. The structure of DTs makes
them valuable in clinical settings, where healthcare professionals can make quick decisions
about a patient’s CKD status. Figure 5 shows a basic DT structure [42] with multiple
decision nodes and leaf nodes. For CKD prediction, every decision node shows a test
for a specific patient attribute. Depending on the test result, the decision path leads to
subsequent decision nodes or terminal leaf nodes. These leaf nodes represent the final
prediction. The simplicity of explanation and usefulness of DTs make them an effective tool
for CKD prediction. On the other hand, pruning and ensemble strategies can help reduce
their overfitting behavior.

I. A. Pasadana et al. [42] used various variants of DT, which included random tree
(RT), NBTree, REPTree, J48, consolidated-tree construction (CTC), Hoeffding tree (HT),
decision stump (DS), simple cart (SC), J48Graft, and RF. The evaluations were conducted
on the UCI CKD dataset, where RF showed better performance, achieving 100% accuracy.
A. K. Chaudhuri et al. [43] used RFE for feature selection and presented an enhanced DT
(EDT) approach for predicting CKD. Evaluations were conducted on the UCI CKD dataset,
where it was seen that EDT with or without feature selection achieved 100% accuracy. H.
Ilyas et al. [44] aimed at predicting CKD stages, for which they used two ML approaches,
i.e., J48 and RF. For evaluation, they considered the UCI CKD dataset, where J48 approach
achieved 85.30% accuracy. J. Rohith et al. [45] presented a DT model called novel DT (NDT)
for predicting CKD with fewer training samples. The evaluations were conducted using
Indian CKD dataset, the authors compared LR with NDT, which achieved 85.25% and
96.66%, respectively. R. K. Halder et al. [46] aimed at developing a web application for
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predicting CKD, which used ML approaches, including DT, SVM, NB, XGB, GB, AB, and RF.
Evaluations were conducted on the UCI CKD dataset, where DT achieved 96.6% accuracy.

Figure 5. Decision tree structure.

Limitations of DT are as follows: It can show contradictory predictions on different
datasets, and it is overfitting prone/may show high variance given small changes in
the dataset.

3.5. Random Forest

RF is an ensemble learning approach that is used for diagnosis of CKD. RF is achieved
by combining multiple DTs. It can handle complex interactions between clinical vari-
ables, such as glomerular filtration rate (GFR) and serum and creatinine levels, which are
important for determining kidney function. Figure 6 shows the structure of an RF. The
process begins at the root node, where data is initially fed to an RF algorithm and split into
multiple subsets, where each subset is used to construct an individual DT. Three separate
DTs are shown in Figure 6 [27]; each DT represents a different model within the RF. By
randomly selecting features and data samples from the original dataset, trees are created.
The nodes within each tree represent decisions. Nodes are split based on specific features.
Each DT then makes a classification decision by labeling the input data into one of the
possible classes, either class 1 or class 2. The final classification in a RF is determined using
majority voting, where every DT votes for its predicted class. The class having most votes
is elected for final output. The outcome of this majority voting process is the final predicted
class. This ensemble method results in providing accurate outcomes when compared with
using a single DT, highlighting the key aspects of the RF algorithm in providing the most
accurate result.

D. Swain et al. [27] used the CV approach with RF for predicting CKD using the
UCI CKD dataset, where the RF and CV approach together achieved 98.67% accuracy.
M. Rashed-Al-Mahfuz et al. [47] used feature selection and k-fold CV with various ML
classifiers for predicting CKD. Evaluations were conducted on the UCI CKD dataset, where
the findings showed that RF with feature selection and k-fold CV achieved better results,
i.e., 99.50% accuracy. D. Chicco et al. [48] used the dataset from [49] for predicting CKD,
which included CKD patients from the United Arab Emirates (UAE). From the dataset
they evaluated the best features for prediction through feature ranking and found that
creatinine, GFR and age were main factors for prediction. Using these features, they trained
and tested ML approaches, where RF showed 84.3% accuracy. P. A. Moreno-Sánchez
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et al. [50] explored explainable artificial intelligence (XAI) and used the feature selection
approach with different ML approaches. Among the best features included hypertension,
gravity and hemoglobin in the UCI CKD dataset. During evaluations, they considered
5 k-fold CV, where RF achieved 97.5% accuracy. Y. Dubey et al. [51] conducted a study
on different ML approaches, which included histogram boost (HB), XGB, GB, KNN, DT
and RF. They used feature selection and found that blood pressure, creatinine level and
age were important features that help in predicting better results for CKD prediction.
Evaluations were conducted on the UCI CKD dataset, where RF achieved 98.75% accuracy.
P. Liu et al. [52] collected data from CKD patients for 5 years and used the RF approach
for evaluating the best features and accuracy for predicting CKD. Among the best features
from the collected dataset included working status, albuminuria, creatinine level and age.

Figure 6. Random forest structure.

Limitations of RF are as follows: High-stakes clinical decisions need more explain-
ability. RF tends to overfit to noisy data, and interpretability is less than that of single
tree models.

3.6. Logistic Regression

LR is an important tool for prediction of CKD disease. By analyzing patient data, such
as sugar level, blood pressure level, age, and other parameters, LR models can identify CKD
prediction. Its interpretability and efficiency make it a preferred choice in clinical settings
for identifying risk and guiding treatment decisions in CKD disease. Figure 7 depicts an
LR model [39], which is used for binary classification problems like CKD prediction. In
this model, patient attributes (X1, X2, . . ., Xm) are multiplied by their respective weights
(W1, W2, . . ., Wm) and added for calculating the net input. This net input is then passed
to a sigmoid activation function to produce a value in between 0 and 1, representing the
probability of a patient having CKD. A threshold is applied to this probability to make a
final prediction.
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Figure 7. Logistic regression structure.

R. C. Poonia et al. [39] used Chi-square for feature selection and used the LR ap-
proach [53] for predicting CKD using the UCI CKD dataset, which achieved 98.75% ac-
curacy. J. Qin et al. [54] considered the UCI CKD dataset and preprocessed it by filling
missing values using the KNN imputer and then used ML classifiers, mainly feed-forward
neural network, NB, KNN, SVM, RF and LR. From the findings it was seen that the en-
semble of LR with RF achieved 99.83% accuracy. P. Chittora et al. [55] used SMOTE,
SMOTE + selection-operator regression + least absolute shrinkage, selection-operator re-
gression + least absolute shrinkage, and the wrapper approach. They used the correlation-
based approach for feature selection and used C5.0, ANN, the Chi-square automated
interactive detection approach, linear SVM with two penalty level RT and LR for pre-
dicting CKD. The evaluations were conducted considering the UCI CKD dataset, where
LR + wrapper with all features showed 78.54% accuracy.

Limitations of LR are as follows: It may overlook some of the more intricate pat-
terns of CKD progression due to non-linear complex patterns and may require extensive
feature construction.

3.7. Boosting Approaches

Boosting approaches, such as GB, XGB, CB, AB and LGBM, are increasingly used in
the analysis and prediction of CKD. These techniques increase the performance [55] of
predictive models by consecutively merging weak learners to strong ensembles, which
improves the accuracy in identifying CKD risk factors and disease progression. Boost-
ing approaches provide support for early detection by handling complex and nonlinear
relationships in patient data.

3.7.1. Gradient Boosting (GB)

GB is an ML technique used in CKD detection and prediction. It enhances the ac-
curacy and reliability of CKD prediction by iteratively refining predictions through the
combination of weak models. Figure 8 shows the GB process [56]. It is a powerful en-
semble method for CKD prediction that involves sequentially building multiple DTs; each
tree in DT focuses on correcting the errors of the previous trees. The weighted data and
prediction residual steps show how the algorithm assigns more weight to misclassified
rows. This ensures that subsequent trees concentrate on difficult to predict cases. The final
prediction combines the predictions of all DTs, often achieving highest accuracy compared
with individual DT. This approach effectively uses strong points of multiple approaches for
improving CKD prediction.
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Figure 8. Gradient boosting structure.

P. Ghosh et al. [57] considered the UCI CKD dataset and used ML approaches, which
included linear discriminant analysis (LD), GB, AB and SVM for CKD prediction. Among
all the approaches, the GB approach achieved the best results, i.e., 99.80% accuracy. D.
Baidya et al. [58] used various ML approaches, i.e., AB, ET, RF, GNB, DT, XGB, GB and
KNN, for predicting CKD. Evaluations were conducted on the UCI CKD dataset where
it was seen that KNN and ET showed better outcomes, achieving 99% accuracy, and GB
achieved 98% accuracy. P. Karkare et al. [59] used ML approaches, i.e., AB, XGB, GB, RF, DT
and SGB methods, incorporated with feature selection using Pearson correlation coefficient
(PCC). Evaluations were conducted on two datasets, i.e., the UCI CKD and the Kaggle
dataset, where GB and SGB achieved better results. S. M. Ganie et al. [60] used different
boosting approaches, which included AB, GB, LGBM, CB and XGB for predicting CKD.
They used feature selection and hyper-tuned each model for the UCI CKD dataset. For
evaluations, they considered the UCI CKD dataset, where GB achieved 97.46% accuracy.

3.7.2. XGBoost (XGB)

XGB is an ML implementation of GB, which is used in the prediction of CKD. Due to
its strong learning efficiency and high predictive accuracy, XGB has become an important
technique for developing reliable predictive models. Figure 9 demonstrates the working
mechanism of XGB [61], which is an ensemble learning method commonly used for tasks
like CKD prediction. XGB constructs multiple DTs in a sequential manner where each
successive tree learns from the errors or residuals of the preceding trees. As illustrated,
an input instance is first processed by tree 1 to produce an initial output. The difference
between the actual value and this output is then passed to tree 2, and the process continues
across several trees. The final prediction is obtained by combining the results of all the trees.
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Figure 9. XGB structure.

R. A. Busi et al. [62] used the XGB approach for predicting CKD using the UCI CKD
dataset, which achieved 95.93% accuracy. M. Kumar [63] used the UCI dataset, applied
mean-mode imputation for imputing missing values, used the RFE approach for selecting
features and used different ML approaches with CV for predicting CKD. Among the
different approaches, the XGB approach with the best features achieved 99.5% accuracy.
S. K. Ghosh et al. [64] collected data from CKD patients and normal patients and used ML
approaches, which included XGB, NB, DT, RF and LR. For selecting the best features, they
considered local-interpretable model-agnostic explanation (LIME) and Shapley additive
explanation (SHAP). For the collected dataset, XGB showed better results, achieving 93.29%
accuracy. Z. Chen et al. [65] also collected data from CKD patients and used ML approaches,
i.e., KNN, LGBM, SVM and XGB, for predicting CKD. All the models were trained using
selected features attained using SHAP and XGB, with 5 k-fold CV showing 95% accuracy.
G. Dharmarathne et al. [66] used the UCI CKD dataset for predicting CKD, where it was
seen that XGB without feature selection achieved 97.5% accuracy.

3.7.3. CatBoost

CB is an advanced GB approach that is designed to handle categorical features. It can
handle complex feature interactions while reducing overfitting, which makes it well suited
for developing reliable risk assessment tools and personalized treatment plans. Figure 10
illustrates the CB approach [67], which is designed for handling categorical data efficiently.
For CKD prediction, CB can handle both numerical and categorical patient attributes. As
shown in the figure, CB builds an ensemble of DT predictors using the GB approach. The
use of target statistics is the only difference to handle categorical features, which helps
improve accuracy and prevent overfitting problems. CB employs bootstrap sampling and
weighting increase techniques to further enhance performance. The final prediction is
achieved by combining predictions of all trees through a weighted average.
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Figure 10. CatBoost structure.

M. Gollapalli et al. [68] used the UCI CKD dataset and divided it into an 80:20 ratio
for training and testing. They considered all the features for both training and testing. For
training, they considered two ML approaches, i.e., RF and CB. Findings showed that CB
achieved 99% accuracy. S. K. Dey et al. [69] considered the UCI CKD dataset and first
used various preprocessing steps, which included imputation, outlier removal, encoding
category features, scaling, and handling imbalance issues. For selecting features, they con-
sidered mutual information (MI), Chi-square, and PCC. Findings showed that CB achieved
96% accuracy for CKD prediction, while ET achieved 98% accuracy. R. Rani et al. [70] pre-
sented an ensemble CB approach, which combined the deer-hunting optimized approach
combined with CB (DHO-CB) for CKD prediction. For evaluation, they considered the UCI
CKD dataset, and findings showed 97.2% accuracy for prediction. M. Imran et al. [71] used
various boosting approaches, which included ET, CB, XGB, RF, AB, and GB, for predicting
CKD. Findings showed that CB achieved 98.33% accuracy for the UCI CKD dataset.

3.7.4. AdaBoost (AB)

AB is an adaptive boosting algorithm. By iteratively combining weak classifiers
to create a strong ensemble model, AB improves the ability to identify key risk factors
and predict disease progression. It focuses on misclassified instances, which helps refine
predictions over successive iterations, making it particularly useful for detecting patterns
in a patient’s information, like laboratory outcomes and clinical data, which lead to better
diagnosis of CKD. Figure 11 shows the AB algorithm [72], which is an ensemble learning
method used for improving the prediction accuracy of various ML models, including those
used for CKD prediction. AB typically uses simple decision trees called stumps as base
learners. These stumps are weak learners that make relatively inaccurate predictions on
their own. The figure shows the division of the dataset into testing and training sets. The
training set is utilized for training every stump, while the testing set evaluates the model’s
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performance. AB assigns weights to each data point. Initially, all weights are equal. After
each stump is trained, the weights of misclassified instances are increased by focusing
stumps on learning to predict cases. The final prediction is a weighted combination of
the predictions from all the stumps. The weights assigned to each stump help in the
contribution to the overall prediction accuracy of the model.

Figure 11. AdaBoost structure.

P. A. Moreno-Sanchez [73] used the cross-industry-standard process of data-mining
(CRISP-DM) for predicting CKD. The different steps of CRISP-DM were used for prepro-
cessing, and ML classifiers were used for prediction. For evaluation, they considered the
UCI CKD dataset, where findings showed that AB achieved better results for 12 features,
i.e., 100% accuracy. N. M. Suganthi et al. [74] used the UCI CKD dataset for prediction
with ML approaches with k-fold CV. The ML approaches included LR, NB, RF, DT, KNN
and various ensembles. Among the different models, ensemble of AB with RF achieved
99% accuracy for predicting CKD. S. M. Imran et al. [75] used a probability weighting
approach with AB for predicting CKD using the UCI CKD dataset, where the approach
achieved 99% accuracy. S. A. Ebiaredoh-Mienye et al. [76] used the IG for feature selection
and presented a cost-sensitive AB (CSAB) approach and evaluated their work on the UCI
CKD dataset, where findings showed 99.8% accuracy. Z. N. Al-Kateeb et al. [77] presented
a fast-predicting CKD approach called ABCoTCKD, which provides faster results with less
latency and faster responses. The evaluations were conducted using the UCI CKD dataset,
where the approach achieved 99.97% accuracy.

3.7.5. Light Gradient Boosting (LGBM)

LGBM, or LightGBM, is a GB framework that plays a significant role in CKD prediction
and management. It has advanced features that include support for large datasets and
fast training speeds and make it well suited for handling complex patient information,
like lab outcomes, medical data, and demographic data. LGBM has the ability to manage
categorical features and handle high-dimensional data, which helps in predictive accuracy
and robustness. Figure 12 shows the LGBM algorithm [78], which is an optimized GB
framework developed for effective training and prediction. For CKD prediction, LGB
constructs an ensemble of DTs iteratively. Every tree focuses on learning from errors of
the previous trees, as illustrated by the ERRORS blocks in the figure. LightGBM uses
techniques like gradient-based one-side sampling (GOSS) and exclusive feature bundling
(EFB) for reducing memory usage and training time, which makes it applicable for large
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datasets. The final predictive outcome is achieved by combining predictions of all trees,
achieving the highest accuracy and efficiency in CKD prediction models.

Figure 12. Light GBM structure.

D. Ma et al. [78] presented a novel multi-modal model built using bidirectional-encoder
representations from transformers ensembled with LGB (MD-BERT-LGB) for predicting
CKD. For evaluation, they collected data from CKD patients and compared it with LGB,
LR and convolutional neural network, where the MD-BERT-LGB achieved better results,
i.e., 78.12% accuracy. M. M. Rahman et al. [79] presented different ensemble approaches
for predicting CKD using the UCI CKD dataset. First, they used the MICE imputer
for imputing data and then used SVM + SMOTE for handling class imbalance issues.
For selecting features, the used RFE and Boruta approaches. Moreover, every ensemble
approach was hyper-tuned according to the dataset for providing better results. Among
the different approaches, the LGB achieved better outcomes, providing 99.75% accuracy. M.
Li et al. [80] collected CKD data from patients, used ML approaches for predicting CKD,
and aimed at developing an app. They used SHAP for interpreting data and used the LGB
approach for predicting CKD, where the approach achieved 95% accuracy.

Limitations of boosting algorithms are as follows: A lack of transparency may limit
use in medical fields, it may be influenced by noisy data and outliers, and it may have a
high computational expense.

4. Findings
The flow presented in Figure 13 outlines a structured process for detecting and pre-

dicting CKD using ML techniques that the current existing approaches have followed. The
first step in model training is considering the dataset, which consists of patient records
with features such as demographics, medical history, and lab results where most of the
dataset used is from the UCI repository. This dataset must perform preprocessing and
data splitting, which is a critical step in model training where data is cleaned to address
missing values, outliers, and noise. It also involves imputing missing values, normalizing
or standardizing data, and transforming categorical variables into numerical formats. The
data is then split into a training dataset and a testing dataset to evaluate the performance
of the model, where the next phase is feature selection and feature importance, where
important features are selected by identifying those most relevant for model prediction.
This step is important in reducing the dataset’s dimensionality, solving overfitting problem,
and improving the model’s generalization capability. The most important part is the classi-
fication approach, which entails dividing into detection and prediction methods, where
detection involves identifying the presence of CKD, while prediction focuses on forecasting
the disease’s progression. Both prediction and detection can be implemented using bi-
nary class classification, which identifies CKD and non-CKD. The multi-class classification
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categorizes the data into multiple stages based on the severity levels of CKD. The results
achieved by the existing approaches are discussed in Table 1.

Figure 13. Methodology of the discussed ML classifiers.

Table 1. Findings from literature survey.

Ref Dataset Model Accuracy Precision Recall F-Score Research Gap

[22]

CKD

ESVM

80 80 80 80

Missing values, severity
was not identified and

heterogeneous data

UCI 98.2 98.4 98.4 98.4

Kaggle 98.8 98.6 98.6 98.6

CKD

EKNN

58.8 58.6 58.6 58.6

UCI 98.8 98.6 98.6 98.6

Kaggle 99.2 99.2 99.2 99.2

[26] UCI SVM 96.3 96.1 96.5 96.2 Missing values

[27] UCI
SVM 99.3 99 100 99

Limited-size dataset
RF 98.67 97 100 99

[28] Collected SVM + Laplace 90.52 85.85 94.49 93.04 Imbalanced data

[29] UCI AB + IG + SVM 99.75 99.56 99.65 99.45 Missing values

[30]

UCI

SVM + PCA

100 100 100 100

OverfittingCollected 100 100 100 100

UCI+ Collected 97.37 99 96 97

[31] UCI KNN 97 97 97 97 Missing values, severity
was not identified

[32] CKD KNN 97.5 97.87 95.83 96.84 Overfitting

[33] CKD KNN (k = 2) 99 98.6 98.8 98.8 Overfitting

[34] CKD MKNN 93 93.2 93.2 93.2 Overfitting

[35] UCI KNN + SMOTE 98.97 98.92 99.84 99.76 Missing values, severity
was not identified

[36] CKD NB 93.58 93.54 93.12 93.52 Overfitting

[37] UCI NB 94.2 97.3 88.9 95.50 Imbalanced data

[38] UCI NB 95 94.8 94.6 94.5 Limited-size dataset

[39] UCI
NB 95 95 95 95 Missing values, severity

was not identifiedLR 97.5 98 97 98
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Table 1. Cont.

Ref Dataset Model Accuracy Precision Recall F-Score Research Gap

[40] Kaggle NB 96 96 96 96 Overfitting

[41] Kaggle GNB 89.93 88.15 89.93 88.42 Imbalanced data

[42] UCI

DS 92 92.6 92 92.1

Model interpretability,
limited sample size,

overfitting

HT 95.75 96.2 95.8 95.8

J48 99 99 99 99

CTC 97 97.2 97 97

J48Graft 98.75 98.7 98.8 98.7

LMT 98 98.1 98 98

NBTree 98.5 98.5 98.5 98.5

RF 100 100 100 100

RT 95.5 95.6 95.5 95.5

REPTree 96.75 96.8 96.8 96.7

SC 97.5 97.5 97.5 97.5

[43] UCI EDT 100 100 100 100 Severity was not
identified, overfitting

[44] UCI J48 85.30 85.2 85.2 85.2 Model interpretability

[45] CKD NDT 96.66 96.2 96.3 96.4 Imbalanced data

[46] UCI DT 96.6 96.2 96.5 95.6 Overfitting

[47] UCI RF 99.50 100 98.75 100 Model interpretability

[48] CKD RF 84.3 79.3 85.2 55.0 Missing values

[50] UCI RF 97.5 100 100 98 Model interpretability

[51] UCI RF 98.75 60 62 61 Imbalanced data

[52] UCI RF 93 92.5 91.5 92.5 Handling missing values

[54] UCI LR+RF 99.83 99.84 99.80 99.86 Imbalanced data

[55] UCI LR + Wrapper +
FS 78.54 98.55 100 99.27 Model interpretability

[57] UCI GB 99.80 97.56 98.15 98.45 Overfitting

[58] UCI GB 98 97.5 97.6 97.4 Handling missing values

[59]

UCI
GB 99.2 98 100 98

Missing values, severity
was not identified,

heterogeneous data,
overfitting

SGB 99.2 98 100 99

Kaggle
GB 100 100 100 100

SGB 100 100 100 100

[60] UCI

GB 97.46 97.43 97.42 97.12
Model interpretability,

severity was not
identified

XGB 95.93 95.55 95.46 95.58

CB 96.44 96.42 96.12 96.35

AB 98.46 98.56 98.42 98.45

[62] UCI XGB 99.29 99.17 98.97 99.65 Imbalanced data

[63] UCI XGB 99.5 99.2 99.3 99.4 Handling missing values

[64] Collected XGB 93.29 91.80 94.73 93.13
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Table 1. Cont.

Ref Dataset Model Accuracy Precision Recall F-Score Research Gap

[65] Collected XGB + SHAP +
CV 95 90 86 90 Model Interpretability

[66] UCI XGB 97.5 98.7 97.40 98 Severity was not
identified

[68] UCI CB 99 98.12 98.21 98.46 Model interpretability

[69] UCI CB 96 96 95 96 Overfitting

[70] UCI CB 97.2 96.5 95.5 97.7 Handling missing values

[71] UCI CB 98.33 96 97 98 Imbalanced data

[73] UCI AB 100 100 100 100 Overfitting

[74] UCI AB + RF 99 99 99 99
Handling missing values,

severity was not
identified

[75] UCI Weight + AB 99 99 99 99 Imbalanced data

[76] UCI CSAB 99.8 100 99.8 99.8 Overfitting

[77] UCI AdaBoostCoTCKD 99.97 99.96 99.95 99.96 Model interpretability

[78] Collected MD-BERT-LGB 78.12 75.12 75.65 76.42

Advanced technique may
limit the accessibility of
the model for healthcare

professionals

[79] UCI LGB 99.75 99.40 99.41 99.61 Imbalanced data

[80] Collected LGB 95 94 94.2 94.4 Overfitting

Table 1 shows a comprehensive comparison of various ML models applied to CKD
prediction and detection across various datasets like CKD specifically from hospitals, the
UCI repository, and Kaggle datasets. The table also highlights the research gaps. The models
used a wide range of approaches from SVM and KNN, which are traditional algorithms, to
ensemble methods like RF, boosting approaches, and hybrid models combining different
techniques. The performance of SVM differs depending on the dataset and achieved the
highest accuracy when combined with PCA on the UCI datasets and collected datasets. RF
also has achieved highest accuracy on the UCI dataset; XGBoost and CatBoost also showed
the highest performance, with XGBoost reaching up to 99.5% accuracy on the UCI dataset.
AdaBoost when used alone or in combination with other methods also achieved the highest
accuracy, with some models achieving perfect accuracy, precision, recall, and F-score.

5. Issues, Challenges and Possible Solutions
While existing approaches to CKD classification using ML techniques have shown

promising results, there are issues and challenges. Here are some key issues faced as
mentioned in the research gap shown in Table 1:

1. Data Quality and Preprocessing

! Heterogeneous Data: CKD datasets often come from different sources with
various formats and standards; this leads to inconsistencies in dataset, which
is the main problem in the CKD dataset.

! Missing Values: Medical datasets such as the UCI CKD dataset have missing or
incomplete data, which affects the model performance, making it nonreliable.
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! Imbalanced Data: Medical datasets are usually imbalanced, and UCI CKD
datasets are imbalanced; that is, the number of CKD and NOT CKD sam-
ples are not equal, which can lead to complications in model training and
biased prediction.

2. Model Performance

! Overfitting: Overfitting is the major issue, which means high-performing
models may not generalize well on new data, especially when models are
overly complex, which is challenging.

! Model Interpretability: Many high-performing models like RF and XGB act as
black-box models, which makes it difficult for clinicians or doctors to interpret
and trust the results of the model as they are unaware of the workings of
the model.

3. Computational Challenges

! Resource Intensive: Many ensemble ML techniques require large computa-
tional power and memory for training the CKD model, which is a challenging
task as it requires large resources.

! Scalability: Scalability becomes an issue as the volume of the CKD dataset
increases; it results in the need for more efficient ML algorithms and hardware
to handle large datasets.

4. Integration with Clinical Practice

! Clinical Validation: Many ML models perform well in a research setting but
lack validation in real-world clinical environments, which is a challenging task;
hence, clincal validation is required.

! User Acceptance: Clinicians or doctors may be hesitant to adopt ML models
due to a lack of understanding or trust in the technology, which is the major
challenging task.

! Regulatory Hurdles: Implementing ML models in healthcare requires the need
for handling complex regulations to ensure compliance with health standards
and patient privacy laws.

5. Specific Issues with Techniques

! Imbalanced Data Handling: There are advanced techniques like SMOTE that
help in solving the data imbalance issue, and it can be solved by introducing
synthetic data that may not match real-world data accurately.

! Feature Selection: Identifying the most relevant features for CKD classification
is a challenging task and critical for model accuracy, and not performing feature
selection can lead to poor model performance, which is a challenging task.

6. Generalization and Adaptability

! Generalization Across Populations: It is a challenging issue if models are
trained on only one specific population’s datasets as they may not generalize
well to diverse populations due to the demographic and genetic differences.

! Evolving Medical Knowledge: As medical knowledge advances, there is a
need for the models to be continuously updated for new findings and practices,
and this is a challenging issue as they need to build interdisciplinary teams
between the clinicians and researchers.

Addressing the above challenges in CKD classification using ML requires a compre-
hensive solution approach. Data quality can be improved by standardizing data collection
methods and also by improving data preprocessing methods by using robust imputation
techniques for missing values for clinical records. Imbalanced datasets are common issues
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in clinical data, which can be solved using advanced sampling methods like SMOTE and
its variations.

To solve overfitting and enhance model interpretability, rule-based systems can be em-
ployed. Also, by using explainable AI methods, clinicians can be helped by understanding
and trusting the model prediction as most of the ML models act like black boxes.

Using many optimizing algorithms and using efficient hardware like GPUs and TPUs
can solve the computational challenges by reducing training times. To understand the
model output for the clinicians, it is important to integrate ML models into clinical practice,
which requires thorough clinical validation and user-friendly interfaces. Also, it is impor-
tant to build interdisciplinary teams with clinicians, data scientists and regulatory experts
who can help with healthcare regulations.

Models should be trained on diverse populations, which can enhance generalization,
and the models should continously be updated to adapt to new medical knowledge and
practices, which, in turn, can enhance adaptability. Hence, by addressing all these chal-
lenges with the targeted solutions, researchers can develop more accurate, reliable, and
clinically useful ML models for CKD classification.

6. Conclusions
The application of ML techniques in CKD classification shows strong potential to

improve early detection. This review does not aim at finding the best ML model for CKD
diagnosis. Instead, it attempts to provide a comparative understanding of the existing
models with a focus on the merits, demerits, and possible applicability in different clinical
scenarios. The comprehensive survey of various models along with RF, SVM, and XGB
shows significant potential in identifying CKD, but their practical deployment is restricted
by computational intensity and lack of interpretability. Current research struggles with var-
ious practical challenges like inconsistent or incomplete data, difficulty in auditing model
decisions and computational efficiency. Hence, to overcome these barriers, it is important
to implement advanced preprocessing techniques for inconsistent data and transparent AI
methodologies like explainable AI for model interpretability. Such improvements will not
only improve reliability but also ensure that predictive models are sufficiently robust and
understandable for clinical application and become trustworthy. By focusing on solving the
existing challenges and using technological advancements, we can find the way for more
effective and trustworthy AI-driven healthcare solutions for CKD classification models.
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