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Abstract:

Chronic Kidney Disease (CKD) is a major global health concern, with increasing prevalence and significant impacts
on patient morbidity and mortality. Early and accurate prediction and classification of CKD can greatly assist in
timely interventions, improving patient outcomes and resource allocation in healthcare. This paper presents an
extensive analysis of nineteen machine-learning models for prediction and classification in CKD. The performance of
each model is assessed using confusion matrix metrics such as Accuracy, Precision, Recall, and F1-Score, offering a
thorough evaluation of their predictive abilities. Moreover, ROC curves and AUC scores are employed to evaluate and
compare the models' ability to distinguish between classes. Results indicate that certain models are more effective in
handling the unique characteristics of CKD data, providing insights into how algorithm selection affects predictive
performance. The Random Forest classifier outperformed the others, achieving an accuracy of 0.99, along with
precision, recall, and Fl-score values all at 0.99. This paper underscores the potential of machine learning
advancements and predictive modeling in creating innovative solutions, particularly for improving prediction accuracy
in kidney disease and similar fields. Also offers a comprehensive resource for selecting suitable machine learning
models in CKD applications and highlights areas for future research in CKD-related predictive analytics.

Keywords: Chronic Kidney Disease, Machine Learning, Prediction, Classification, Healthcare Analytics, Accuracy,
Precision, Recall, F1 Score.

1. Introduction: Chronic Kidney Disease (CKD) represents a major and escalating global public health issue,
affecting millions of people and often advancing to end-stage renal disease and other serious health
complications. As reported by the Global Burden of Disease Study, CKD ranked as the 18th leading cause of
death worldwide in 2010, up from 27th in 1990 (Mills et al.)[5]. The condition is widespread and affects
populations across all regions, irrespective of geographical location or socio-economic status (Jha et al.)[4].
Chronic Kidney Disease (CKD) develops because of various underlying health conditions, including diabetes,
hypertension, and cardiovascular disorders (Webster et al.)[16]. Moreover, demographic characteristics such as
age and gender also affect an individual's vulnerability to the disease. CKD patients may present with a diverse
range of symptoms, such as abdominal and back pain, fever, vomiting, and skin rashes, among others. The
disease stems from gradual and irreversible kidney damage, which compromises the organs' ability to filter
blood and eliminate waste effectively. Classified as a “chronic” illness due to its slow progression, CKD has
contributed to an 82% rise in years of life lost from kidney-related conditions, underscoring its increasing
burden—now on par with that of diabetes (Levey et al.)[1].

Timely identification and precise classification of chronic kidney disease (CKD) are essential for enhancing
patient care, allowing for early medical intervention and tailored treatment approaches (Zhang et al.)[37].
Conventional diagnostic techniques, such as measuring glomerular filtration rate (GFR) and conducting
urinalysis, often lack effectiveness in detecting the disease during its initial stages (Levey & Coresh)[3]. As a
result, healthcare systems worldwide are adapting by implementing advanced screening methods and generating
reliable data on CKD prevalence, which is vital for informed healthcare planning and policy development
(Couser et al.)[2].
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In recent times, there has been a concerning increase in Chronic Kidney Disease (CKD) cases across both
developed and developing countries. In developing regions, rapid urban growth has led to unhealthy lifestyle
habits; contributing to a higher prevalence of diabetes and hypertension—Kkey contributors to CKD (Jha et
al.)[4]. For instance, in Pakistan, factors such as inadequate nutrition, polluted water, excessive use of
medications, and self-medication practices are major drivers of the disease (Nasir et al.)[28]. On the other hand,
in developed nations like the United States, over 26 million adults are affected by CKD. Here, risk evaluation is
more structured and considers variables such as advanced age, female gender, anemia, cardiovascular
conditions, and diabetes (CDC)[33].Chronic Kidney Disease (CKD) affects an estimated 5-15% of the global
population and is responsible for around 5-10 million deaths each year (Luyckx et al.)[18]. Due to its
progressive progression, timely and precise diagnosis is crucial for lowering death rates and managing long-term
health issues. The situation is especially critical in resource-limited regions, where inadequate healthcare access,
low awareness, and economic challenges significantly impede effective treatment (Stanifer et al.)[9].

The integration of machine learning (ML) techniques into healthcare has significantly enhanced the capabilities
for early diagnosis and disease classification. ML algorithms are adept at handling large volumes of data,
identifying complex patterns, and producing reliable predictive outputs, making them particularly valuable in
the analysis of Chronic Kidney Disease (CKD) (Chandra et al.)[27]. Various studies have confirmed the
efficiency of models like Support Vector Machines (SVM), Random Forests (RF), Artificial Neural Networks
(ANN), and Decision Trees (DT) in detecting Kidney-related conditions. Notably, SVMs using Gaussian radial
basis function kernels and ANN architectures have achieved high accuracy and precision in CKD classification
tasks (Raghu &Sriraam)[15]. Moreover, comparative research emphasizes the significance of employing
dimensionality reduction strategies like Principal Component Analysis (PCA) and kernel tuning methods to
optimize model performance (Selvaperumal&Sairam)[19].

Supervised classification methods are increasingly being adopted in medical diagnostics. Studies by researchers
such as Wickramasinghe et al. [30] and Hsu et al. [12] highlight the effectiveness of classification algorithms
like k-nearest neighbors (KNN), artificial neural networks (ANN), and support vector machines (SVM) in
predicting chronic kidney disease (CKD). Notably, ANN models frequently outperform conventional statistical
techniques. The growing emphasis on machine learning in healthcare is further reflected in the promising
performance of models like backpropagation neural networks and Naive Bayes (NB) in disease prediction, as
noted by Kavakiotis et al. [13].The critical need for accurate prediction tools is underscored by CKD’s position
among the leading causes of death worldwide. The World Kidney Day 2019 report estimates that kidney-related
diseases result in over 2.4 million deaths each year, ranking CKD as the sixth most rapidly increasing cause of
global mortality (ISN) [22]. In developing nations such as Ethiopia, challenges such as inadequate access to
clean water, proper nutrition, and healthcare services intensify the impact, with kidney disease contributing to an
increasing share of overall mortality (Tessema et al.) [36].

The National Kidney Foundation (NKF) classifies chronic kidney disease (CKD) into five stages, determined by
declining kidney function and glomerular filtration rate (GFR). Stages 1 and 2 often show few noticeable
symptoms, whereas stage 5 signifies complete kidney failure, necessitating Renal Replacement Therapy
(RRT)—a costly and demanding treatment [29]. In settings with limited resources, CKD management is
particularly challenging due to insufficient infrastructure and a shortage of skilled healthcare providers.
Therefore, leveraging advanced technologies for early detection is crucial to alleviate healthcare strain and
enhance patient outcomes.

This research employs Random Forest, Support Vector Machine, and Decision Tree algorithms to predict and
classify Chronic Kidney Disease (CKD), extending beyond simple binary classification to assess disease
severity a critical factor in determining treatment strategies. By harnessing machine learning, the study seeks to
provide dependable alternatives to conventional diagnostic methods. This study conducts a comprehensive
assessment of various machine learning models by analyzing essential performance metrics such as Accuracy,
Precision, Recall, F1 Score, and Mean Cross-Validation Score. The objective is to determine the most efficient
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models for diagnosing Chronic Kidney Disease (CKD), thereby providing valuable insights to assist healthcare
professionals in choosing the best predictive tools for accurate and timely CKD management.

2. Literature Review: Chronic Kidney Disease (CKD) is a significant worldwide health issue, requiring timely
and precise detection to avoid advancement to end-stage kidney failure. Machine Learning (ML) has become a
valuable approach for enhancing CKD prediction and classification by analyzing patient health data. Various
studies have explored different ML models and data pre-processing methods to improve diagnostic precision. In
one study, Salekin and Stankovic [10] assessed several classifiers, such as K-Nearest Neighbors (KNN),
Random Forest (RF), and Artificial Neural Networks (ANN), using a dataset of 400 patient records. Their
method incorporated wrapper-based feature selection, reducing the dataset to five critical attributes. The
Random Forest model outperformed others, reaching 98% accuracy with a Root Mean Square Error (RMSE) of
0.11.

Charleonnan et al. [11] evaluated various predictive models, including KNN, Support Vector Machine (SVM),
Logistic Regression (LR), and Decision Tree (DT), using a dataset from Indian CKD patients. Their study
sought to determine the best-performing classifier for predicting CKD. In another study, Tekale et al. [20]
examined a CKD dataset containing 400 records and 14 carefully selected features post pre-processing. Their
findings showed that SVM surpassed DT, achieving an accuracy rate of 96.75%. Additionally, Xiao et al. [26]
investigated CKD progression by assessing multiple models such as LR, Elastic Net, Lasso, Ridge Regression,
SVM, RF, XGBoost, Neural Network, and KNN. Their research utilized data from 551 proteinuria patients,
categorizing the disease into mild, moderate, and severe stages. The results indicated that Logistic Regression
performed best, with an AUC of 0.873, a sensitivity of 0.83, and a specificity of 0.82.

Priyanka and colleagues [23] investigated multiple algorithms such as Naive Bayes, KNN, SVM, Decision
Trees, and Artificial Neural Networks. Their findings showed that Naive Bayes performed the best, reaching an
accuracy of 94.6%. Similarly, Almasoud and Ward [21] employed Pearson correlation, ANOVA, and Cramer’s
V test to select features before training models with Logistic Regression, SVM, Random Forest, and Gradient
Boosting (GB). Among these, GB demonstrated superior performance with an F-measure of 99.1%. In a
separate study, Yashfi [31] utilized Random Forest and ANN to predict chronic kidney disease (CKD) risk
based on 20 selected features, with Random Forest achieving the highest accuracy of 97.12%. Rady and Anwar
[25] evaluated Probabilistic Neural Network (PNN), Multilayer Perceptron (MLP), SVM, and Radial Basis
Function (RBF), finding that PNN delivered the best accuracy at 96.7%. Additionally, Alsuhibany et al. [32]
introduced an Ensemble Deep Learning-based Clinical Decision Support System (EDL-CDSS) designed
specifically for CKD diagnosis in 1oT-enabled healthcare environments.

Poonia et al. [35] employed various machine learning algorithms—such as KNN, ANN, SVM, Naive Bayes,
and Logistic Regression—along with feature selection techniques like Recursive Feature Elimination (RFE) and
the Chi-Square test. Their work, based on publicly accessible datasets, underscored the significance of effective
pre-processing and model selection in enhancing CKD prediction. Similarly, Vinod [34] evaluated seven ML
algorithms on a CKD dataset and identified KNN as the top performer, achieving 97% accuracy. Additional
studies include those by Singh [39], who identified Logistic Regression as the most effective model for diabetes
prediction, and Singh [40—43], who investigated ML approaches for forecasting breast cancer, lung cancer, and
cardiovascular diseases. These works consistently show that ensemble methods such as AdaBoost, CatBoost,
XGBoost, and Random Forest yield strong classification results, often surpassing 97% accuracy.

Various data mining techniques have been widely utilized for predicting Chronic Kidney Disease (CKD). Polat
et al. [14] combined classifiers such as KNN, Naive Bayes, SVM, preference tables, Random Forest (RF), and
J48 with ensemble methods and k-means clustering to investigate treatment options and diagnostic processes.
Ani et al. [6] employed Decision Trees (DT), Naive Bayes, Linear Discriminant Analysis (LDA), and
Backpropagation Networks to improve prediction accuracy. Wickramasinghe et al. [17] highlighted the
importance of patient medical histories in developing a computational framework aimed at recommending
suitable dietary plans for CKD patients. Arora and Sharma [7] proposed a feature selection approach using
WEKA tools, while Eroglu and Palabas [8] examined indexing techniques to detect recurring kidney infections.
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Qin et al. [24] enhanced model performance by applying KNN imputation to handle missing values in the UCI
CKD dataset.

Research highlights diverse applications of machine learning in diagnosing chronic kidney disease (CKD),
underscoring the importance of high-quality datasets, effective feature selection, appropriate algorithms, and
model optimization. Predictive accuracy often depends on these factors. Although advancements have been
achieved, further comparative studies are needed to comprehensively assess multiple ML models using varied
datasets and evaluation metrics.

This study seeks to address this gap by performing a thorough evaluation of multiple machine learning
algorithms for the early detection and classification of chronic kidney disease (CKD). Using a detailed dataset
sourced from Kaggle (https://www.kaggle.com), we examine how clinical features correlate with CKD
progression. Our methodology combines predictive modeling and advanced data analytics to create precise and
effective classification models, ultimately enhancing clinical decision-making in CKD diagnosis.

3. Proposed methodology: Our proposed approach seeks to determine the most effective algorithm for kidney
disease prediction by assessing the performance of nineteen different machine-learning models.
[38,39,40,41,42,43,44].

3.1. Logistic Regression: Logistic Regression models the probability of a binary outcome using a logistic
(sigmoid) function. For a given input feature vector x = [xq, X3, X3 ..... Xy ]

Model: P (x = %) =o(WTX + p),where o(z) =

1+2_Z (sigmoid function), W = [wy, wy, ws .....w, ] are the
0

model weights, b is the bias term, P (y = —) =1-Ply= %).

X

1 IfP(y=7) 205

Decision Rule: y = {
0 Otherwise

3.2. Decision Tree Classifier: Decision Tree recursively splits the data based on feature values to maximize a
purity criterion (e.g., Gini index or Information Gain).

Splitting Criterion: For a node with N samples:

Gini Index: G = 1 — Y, p?,where P; is the proportion of samples belonging to class .

Information Gain: = Hpgpen: — 2 % , Where H = —Y'p; log, p; (Entropy)

Decision Rule: Traverse the tree according to feature splits until a leaf node is reached. The class label of the
leaf node is the prediction.

3.3. Random Forest Classifier: Random Forest is an ensemble of Decision Trees trained on random subsets of
data and features.

Model: For T trees, each tree outputs a prediction ¥,. The final prediction is determined by majority voting:
y = mode({91,92, 93, .- Ir }-

Feature Randomness: Each tree uses a random subset of features at each split to reduce correlation between
trees.

3.4. Support Vector Machine (SVM): SVM finds a hyperplane that maximizes the margin between two classes
in a feature space.

Model: For a feature vector x: f(x) = w'x + b, Where: w is the weight vector, b is the bias.

Optimization Problem: minw‘béllwll2 subject to y;(wx; + b) = 1,V i.

Decision Rule: y = {_11 I];];}(:;)rjife
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Kernel Trick: To handle non-linear data, SVM uses kernels K(X;, X;) to map data into a higher-dimensional
space.

3.5. K-Nearest Neighbors (KNN): KNN predicts the label of a sample based on the labels of its k nearest
neighbors in the feature space.

Model: Given a distance metric d(x;,x;), identify the k nearest neighbors of a query point xg.

Decision Rule: § = mode({¥;, ¥2, ¥3, ..... ¥ }). Where are the labels of the k nearest neighbors.

. 2
Euclidean: |3, (x;, — ;)

3.6. Naive Bayes (Gaussian): Model Assumptions: Features are conditionally independent given the class.
Each feature follows a Gaussian (normal) distribution.

Formula: For a feature vector X = [xq, X, x3 ..... X, ] the posterior probability is:

n . 32
P(C,|X) = M, where P(x;|C})is modelled as: P(x;|C,) = ! eXpEf_‘Q—( : “’;L) )
P(X) 2na?, 2nof,

With u,, ; and Ukz,i being the mean and variance of feature i for class k.

3.7. Naive Bayes (Bernoulli): Model Assumptions: Features are binary.Features are conditionally independent
given the class.

P(Ci) Ty P(xiIC) i (1=P (g Cp)) 75

Formula: For binary features X: P(C,|X) = 00

3.8. XGBoost (Extreme Gradient Boosting): Model: XGBoost is an ensemble method based on decision trees
optimized with gradient boosting.

Objective Function: £ =Y",1(y;,9) + XX_,Q(f,) where: [(y;, 7)is the loss function (e.g., log loss for
classification).

Qi) =YT + %/’lllwllza regularization term to penalize tree complexity.

Prediction: 3; = ¥K_, fi (X)) where f; is the k-th decision tree.
3.9. Cat Boost: Model: CatBoost is a gradient-boosting algorithm specifically designed for categorical features.

Objective Function: Same as XGBoost, but with additional handling of categorical features using "ordered
boosting."

Handling Categorical Features: Transform categorical features into numeric representations using statistics
derived from the training data.

3.10. AdaBoost Classifier: Model: AdaBoost combines weak learners (typically decision stumps) iteratively.

Prediction: H(X) = sign(X7_; a.h, (X)), where:h,(X): Weak classifier at iteration t.a, : Weight of h,,
determined by its accuracy.

Update Rule: Weights for misclassified samples are increased: w;,t + 1 = w;, t expitir,. 1yi¢ht(x,))

3.11. Extra Trees Classifier (Extremely Randomized Trees): Model: An ensemble of randomized decision
trees.

Split Criteria: Unlike standard decision trees, Extra Trees randomly selects Features for split. Split thresholds
within the feature range.

Prediction: H(X) = % T he(X), where T is the number of trees.
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3.12.Linear Discriminant Analysis (LDA): Objective: LDA is a linear classifier that assumes multivariate
normal distribution of features within each class and equal covariance matrices across classes.

Modeling Steps: Prior Probability P(Y=c)): The probability of a given class c in the dataset.
Likelihood P(X1Y=c)): Features X follow a multivariate normal distribution:

where d is the dimensionality, u. is the mean vector of class ¢, and X is the shared covariance matrix.
Decision Rule (Discriminant Function): §,.(X) = XTY 1y, — %,uCTZ‘luc +InP (Y =¢)
Assign X to class ¢ that maximizes &, (X).

3.13. Multi-Layer Perceptron (MLP): Objective: MLP is a specific type of feedforward neural network
composed of multiple layers, including one or more hidden layers.

Mathematical Formulation: Layer-Wise Computation: For layer :z® = g(W®a D 4+ p®)

where: z" is the pre-activation output,a “™ is the output of the previous layer, W and b are weights and
biases for layer o(-) is the activation function.

3.14. Stochastic Gradient Descent (SGD) Classifier: SGD minimizes a loss function L(w) using iterative
updates with a learning rate n:Objective: L(w) = %2?21 Ly, fx;w)
Where: L(y;, f(x;; w)): The loss for the i-th sample. f(x;; w): The predicted output for x; based on weights w.

Update Rule: wi*t = wt —nVI(y,, f(x;w)), where: n: Learning rate. VI(y;, f (x;;w)) Gradient of the loss
with respect to weights w, computed for a single sample i.

Common loss functions: Hinge loss for SVM: I(y, f (x; w)) = maxi£0,1 — w. f(x, w))
Logistic loss for logistic regression: I(y, f (x; w)) = logi1 + expif—y. f (x, w))).

3.15. Bagging Classifier: Bagging (Bootstrap Aggregating) is an ensemble technique that combines the
predictions of multiple base estimators (e.g., decision trees).

Objective: The final prediction f(x) is the aggregate of individual predictions from B base models: f(x) =
%Zﬁzlfb (x). Where: f;, (x) The prediction of the b-th base model. B: Total number of base models.

Workflow: Randomly sample m datasets with replacement from the original dataset. Train a base model f; (x)
on each sampled dataset. Aggregate predictions by: Majority vote for classification. Averaging for regression.

3.16. Histogram-Based Gradient Boosting: This is a variant of Gradient Boosting that uses histograms to
speed up the computation of splits.

Objective: Gradient Boosting builds an additive model by minimizing a loss function L(y, f(x)): f(x) =
YT_1 a he(x), where: h,(x): The t-th weak learner. a,: Weight of the t-th learner. T:Total number of learners.

Gradient Descent: Update at each stage: h,(x) = argminy Y,/ [V L(y, 171 (x)) h(x) + % h(xi)z]

Where: V L(yi, f t‘l(xi)): Gradient of the loss for i-th sample. Histograms are used to bucketize features,
reducing computational complexity for split selection.

3.17. Ridge Classifier: Ridge Classifier is a linear model that applies L2 regularization to reduce overfitting.
Objective: Ridge regression minimizes the following loss: L(w) = % n Gy —whx)? + Allwll3

Where: : True label for the i-th sample. : Feature vector for the i-th sample.w: Weight vector. A: Regularization
parameter.
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The optimal weights w are found as: w = (XT X + A1)~'XTy
Where: X: Design matrix of features. y: Vector of target values.
For classification, the predicted class is determined by the sign of w’x.

3.18. Gradient Boosting Machine (GBM): GBM builds an ensemble of decision trees sequentially to minimize
the loss function of the model.

Mathematical Formulation: Objective: Minimize the loss L over the training data: L(y,9) = X1~ L (y, f (x;))
where: y: True labels. 7 : Predicted values. f(x;): Model output for input x;

L(y,f(x)): Chosen loss function (e.g., Mean Squared Error for regression or Log Loss for classification).
Boosting Process: The model is constructed iteratively as: f;, (x) = f;,_1(x) + 9h,, (x)

where:  f;, (x): Ensemble model at iteration.  h,,(x) : Weak learner (usually a decision tree) fitted to the
negative gradient of the loss function. : Learning rate, a shrinkage parameter to control the contribution of each
tree.

Gradient Step: At each iteration m, the weak learner minimizes the pseudo-residuals:

(m) _ _al()’z;f(xi))

T
' of (x:)
The new weak learner h,, (x) is trained to predict ri(m). Final Prediction: After M iterations: § = f (x).

3.19. Stochastic Gradient Boosting Machine (SGBM): SGBM introduces randomness by training on a
random subsample of the data at each iteration, reducing variance and preventing overfitting.

Modifications to GBM: 1.Subsampling: Instead of using the entire dataset to fith,, (x) a random subset S =
{1,2, ....n} is sampled without replacement.Subsample size is controlled by the parameter fraction €(0,1]. The
weak learner is trained on this subset: h,, (x) is trained on S.

2. Objective and Prediction: The remaining process (gradient calculation, model updating, etc.) is the same as in
GBM.

Final model: f;, (x) = f,,—1(x) + 9h,, (x), S ~ Uniform Sampling.

4. Confusion Matrix in Machine Learning: A confusion matrix summarizes a machine learning model's
performance on a test dataset, visually displaying both accurate and inaccurate predictions. It is commonly used
to evaluate classification models, which assign categorical labels to input data. This matrix is essential for
assessing a classification model's performance, providing detailed counts of true positives, true negatives, false
positives, and false negatives. It enables a deeper understanding of the model's recall, accuracy, precision, and
overall ability to distinguish between classes by showing the frequency of predicted outcomes on the test
dataset[39,40,41,42,43,44].

4.1 Accuracy: Accuracy measures a model's effectiveness by calculating the ratio of correctly classified
TP+TN

instances to the total number of instances. Accuracy = ————,
TP+TN+FP+FN

where TP= True positives, TN= True negatives, FP= False positives and FN= False negatives.

4.2 Precision: Precision refers to the accuracy of a model's positive predictions. It is measured by the ratio of
TP
TP+FP

true positive predictions to the total number of positive predictions made by the model. Precision =

4.3 Recall: Recall measures how well a classification model can identify all the relevant instances within a

dataset. It is calculated by dividing the number of true positive (TP) cases by the total number of true positives
TP

TP+FN

and false negatives (FN). Recall =
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4.4 Specificity: Specificity, an essential metric for evaluating classification models, particularly in binary cases,
measures how accurately a model identifies negative instances, also known as the True Negative Rate.

Specificity = TPiFP

5. Data Pre-processing and Exploratory Analysis for Chronic Kidney Disease Prediction:

5.1 Data Source and Features: To evaluate chronic kidney disease, we utilized a dataset obtained from
[https://www.kaggle.com/datasets/mansoordaku/ckdisease], comprising 24 clinical attributes. These attributes
were employed to develop predictive models aimed at identifying heart disease. As shown in Table 1, certain
features in the dataset contain missing values.
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\ . . . . .
AWWWWWENNWUWUNWD WO W
JORQNOLNWW

Do~ u

<

5.2 Missing Values in Numerical Variables: A detailed analysis of missing data among numerical variables
highlights several significant gaps that may affect the accuracy of predictive models. As shown in Table 2,
red_blood_cell_count (131) and white_blood_cell_count (106) exhibit the highest number of missing values,
followed by potassium (88), sodium (87), and packed cell volume (71). Variables like hemoglobin, sugar,
specific_gravity, and albumin have a moderate level of missingness. In contrast, important clinical markers such
as serum_creatinine, blood_urea, and age have comparatively fewer missing entries.

BEEAMOADY

Figure 1 illustrates the distribution of missing values among the numerical features in the dataset. The highest
proportions of missing data are found in red_blood cell _count (approximately 32%) and
white_blood_cell_count (around 28%). Moderate missingness is observed in features like potassium, sodium,
packed_cell_volume, and hemoglobin. In contrast, attributes such as blood pressure, serum_creatinine,
blood_urea, and age exhibit relatively low missing rates, each under 10%.

Figurel:Wwisualizing Missing Walue= in NuMmeric Colurmnmns
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5.3 Missing Values in Categorical Variables:For the categorical variables (Table 3), the highest number of
missing values are observed in red_blood_cells (152) and pus_cell (65). In contrast, other clinical features like
hypertension, diabetes_mellitus, and anemia have only minor missing data. Notably, the target variable class has
no missing values, maintaining the reliability of supervised learning tasks.

Table3: Missing values for categorical columns

red blood cells 152
pus cell 65
pus_cell clumps
bacterlia

hypertension

diabetes mellitus
coronary artery disease
appetite

pedal edema

anemia

class

dtype: inte4

1y

Figure 2 illustrates the extent of missing data among categorical variables. Notably, red_blood_cells and
pus_cell exhibit substantial missingness at approximately 36% and 16%, respectively, whereas other variables
such as hypertension, diabetes_mellitus, and anemia are mostly complete.

Figure2Z:Vvisualizing Missing values in Categorical Columns
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5.4 Imputation Strategies for Numerical Features and Categorical Features: Considering the biological
importance of many affected variables, it is crucial to apply suitable imputation methods—either statistical or
model-driven—to retain the integrity of the data and ensure the reliability of the model. Techniques like mean,
mode, KNN, or MICE are especially recommended for handling features with significant amounts of missing
data.During the data pre-processing stage, missing numerical values were imputed using the mean. To facilitate
computational processing, categorical (nominal) variables were converted into numerical codes. Specifically,
the values 'normal’ and 'abnormal' for the variables rbc and pc were encoded as 1 and 0, respectively. For pcc
and ba, 'present’ was coded as 1, and 'not present' as 0. Similarly, the variables htn, dm, cad, pe, and ane were
encoded with 1 for 'yes' and 0 for 'no'. Lastly, the appetite variable was encoded as 1 for 'good' and 0 for ‘poor’

5.5. Data Distribution and Class Imbalance: Figure 3 indicates that the majority of categorical variables have
uneven class distributions, with certain categories significantly outnumbering others. The target variable also
displays a class imbalance. To build accurate and fair classification models, it will be essential to address these
disparities using resampling techniques or weighted learning approaches.
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T — ———————— — -
Figure3:Distributionmn of Categorical Wariables without applying PC.A

Figure 4 presents histograms and KDE plots to visualize the distribution of numeric variables. Certain
features—such as blood_urea, serum_creatinine, potassium, sodium, and blood_glucose_random—display
right-skewed distributions. Others, including specific_gravity, red_blood_cell_count, and
white_blood_cell_count, reveal multimodal or irregular patterns. Variables like hemoglobin,
packed_cell_volume, and age tend to follow a roughly normal distribution. Additionally, features such as sugar,
albumin, and specific_gravity exhibit discrete or binned patterns, reflecting their ordinal nature. These
distribution patterns highlight the importance of applying data transformation and scaling techniques to improve
model effectiveness.

e ——— — e
Figured: Distributionmn of Nurmieric Wariables vwithhout applyinmng PCA
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i
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y

5.6 Correlation Analysis: Figure 5 presents the Pearson correlation matrix for the numerical variables,
highlighting several notable relationships. Hemoglobin, packed cell volume, and red blood cell count exhibit
strong positive correlations, suggesting both physiological association and potential redundancy. In contrast,
strong negative correlations are observed between kidney function indicators (serum creatinine and blood urea)
and nutritional markers (albumin and hemoglobin), underscoring their clinical significance. The majority of the
remaining variables display weak to moderate correlations, indicating minimal multicollinearity.
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FigureS5:Correlation Matrix of numeric columns
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6. Evaluation of Machine Learning Models for Chronic Kidney Disease Prediction: We assessed the
effectiveness of nineteen machine-learning algorithms to evaluate their potential as clinical decision support
tools for predicting chronic kidney disease.

6.1. Model Performance Comparison: To assess predictive performance, nineteen machine learning models
were analyzed, and the most accurate model was identified. Among them, the Random Forest algorithm
demonstrated the highest performance in predicting chronic kidney disease. It achieved an accuracy of 99.5%,
precision of 99.8%, recall of 99.3%, and an F1 score of 99.4%. The detailed accuracy, precision, recall, and F1
scores for all models are provided in Table 4.
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6.2 Accuracy Comparison Across Models: Figure 6 displays a horizontal bar chart comparing the accuracy
scores of various classification models. Among them, the Random Forest algorithm achieved the highest
performance with an impressive accuracy of 0.995. SVM, Bagging Classifier, and Extra Trees also showed
remarkable results, each attaining an accuracy of 0.99. AdaBoost followed closely with a solid accuracy of
0.985, while CatBoost, XGBoost, and Gradient Boosting (GBM) all performed well, each recording an accuracy
of 0.98.

Neural Networks (MLP), Bernoulli Naive Bayes, and Logistic Regression were moderate performers, each
achieving a score of 0.975. Decision Tree and Histogram Gradient Boosting, both scoring 0.97, closely followed
them. Lower performance was observed with the SGD Classifier (0.965) and Gaussian Naive Bayes (0.935),
while KNN (0.91), Ridge Classifier (0.905), and LDA (0.90) recorded the weakest results.
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Figure6: Accuracy Comparison
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6.3 Key Findings and Model Recommendations: The results suggest that ensemble methods such as Random
Forest, Extra Trees, and Bagging, along with Support Vector Machines (SVM), offer the highest reliability for
this task. In contrast, traditional approaches like LDA, Ridge, and KNN show relatively lower accuracy and
might benefit from additional optimization or alternative methodologies. Although boosting techniques like
AdaBoost, XGBoost, and CatBoost perform well, they slightly lag behind the leading models. In summary,

priority should be given to tree-based ensemble methods and SVM for the best results, while less effective
models may need further tuning or reconsideration.

6.4 Performance Metrics Analysis: Figure 7 presents a grouped bar chart illustrating the comparison of several
classification models across four key performance indicators: Accuracy, Precision, Recall, and F1-Score. The
Random Forest, Extra Trees, and Bagging Classifier models demonstrate superior accuracy and well-balanced
results across all metrics, highlighting their robustness and dependability. Likewise, SVM and XGBoost show
consistently strong performance, making them reliable alternatives. On the other hand, models such as the Naive
Bayes variants and KNN exhibit noticeable discrepancies between precision and recall, suggesting a possible
vulnerability to class imbalance. These models may require parameter optimization or dataset adjustments to
improve their performance.The analysis highlights Random Forest, Extra Trees, Bagging Classifier, SVM, and
XGBoost as the top-performing classifiers, consistently delivering strong and balanced results across all
evaluation metrics. In comparison, other models may need further optimization, particularly when addressing
challenges like class imbalance or complex feature relationships within the dataset.

Figure7:Comparison of Classification Models
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6.5 Comprehensive Model Evaluation Using Multiple Metrics: Table 5 provides a detailed comparison of 19
classification models assessed across five crucial performance metrics: Accuracy, Precision, Recall, F1-Score,
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and AUC-ROC. The Random Forest model stands out as the best-performing algorithm, achieving remarkable
results—an accuracy of 0.995, precision of 0.9948, recall of 0.9967, F1-score of 0.9973, and a flawless AUC of
1.000. Following closely are CatBoost and Extra Trees, both demonstrating excellent and consistently high
values across all metrics. Ensemble-based approaches such as SVM, AdaBoost, and Histogram Gradient
Boosting also show robust and well-balanced performance, emphasizing their effectiveness in handling complex
classification challenges. In contrast, traditional classifiers like LDA, Ridge, KNN, and Naive Bayes
(Gaussian/Bernoulli) generally yield lower results, especially in F1-score and AUC, indicating their relatively
limited capacity for accurate class differentiation. These results highlight the effectiveness of ensemble methods,
particularly showcasing Random Forest as the most reliable model for achieving strong predictive accuracy and
generalization. In summary, while ensemble techniques consistently deliver better performance, traditional
models would need substantial tuning and optimization to reach comparable levels of classification accuracy.

T —
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7. Results Discussion: This Paper presents a comprehensive assessment of nineteen machine learning models
utilizing 24 commonly available clinical features extracted from electronic medical records to predict and
classify chronic kidney disease (CKD). The evaluation offered valuable insights into the performance of each
model through key metrics, including Accuracy, Precision, Recall, F1 Score, and AUC. Findings indicate that
ensemble techniques, especially the random forest algorithm, consistently outperform individual models across
these metrics. Its ability to manage the complex and non-linear nature of CKD data highlights its strong
predictive capabilities.

Figure92:ROC-AUC Curves for Models
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The Random Forest algorithm, with an accuracy of 99.5%, precision of 99.8%, recall of 99.3%, F1 score of
99.4%, and ROC-AUC score of 1.00, emerges as the top-performing model, surpassing the others. As such, the
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Random Forest algorithm can be considered the best choice for predicting chronic kidney disease, depending on
whether accuracy or overall performance across various classes is your main priority.

8. Conclusion: This research presents an in-depth assessment of nineteen machine learning models aimed at
predicting and classifying Chronic Kidney Disease (CKD), responding to the pressing demand in contemporary
healthcare for timely and precise diagnosis. By employing robust evaluation metrics—Accuracy, Precision,
Recall, F1-Score—alongside ROC curves and AUC scores, the study highlights the capabilities and
shortcomings of each model in effectively managing CKD-related data. Among all the models, the Random
Forest classifier proved to be the most effective, delivering exceptional results with an accuracy, precision,
recall, and F1-score of 0.99. This highlights the crucial role that machine learning can play in improving
diagnostic accuracy, supporting clinical decision-making, and enabling more efficient use of healthcare
resources.

The results provide valuable guidance for practitioners in selecting appropriate algorithms and lay the
groundwork for future research focused on enhancing model performance and implementing them in real-world
clinical environments. This research significantly advances the growing field of predictive healthcare analytics
and underscores the importance of interdisciplinary approaches in tackling complex medical challenges like
Chronic Kidney Disease (CKD).
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