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Introduction: Chronic Kidney Disease (CKD) is a condition marked by the gradual 

deterioration of kidney function. Timely detection and effective treatment can enhance the 

chances of a positive outcome.  

Objectives: The proposed research focus on predicting CKD status by incorporating a naval 

framework for effective identification using ensemble machine learning for early prediction of 

Chronic Kidney Disease prediction. 

Methods: The proposed research focus on predicting CKD status by incorporating data pre-

processing, attribute selection using standard Lasso, Lasso with Cross-Validation, Multitask 

Lasso feature selection and combined features selected by above three feature selection methods 

with six different Boosting ensemble machine learning classifiers.This research has explored the 

potential of various Ensemble Machine Learning techniques such as Gradient Boosting 

Classifier, Histogram Gradient Boosting Classifier, adaBoost Classifier, XGBoosting Classifier, 

CatBoost Classifier and Light GBM Classifier for enabling early diagnosis of CKD using the 

dataset taken from kaggle. 

Results: The performance is evaluated using confusion matrix. The efficiency of the 

methodologies is measured in terms of metrics. The overall result shows that the Gradient 

Boosting Classifier gives highest accuracy of 99% when compared to other five classifier used in 

this research work. 

Conclusions: This study examines the performance of Boosting classifers in predicting chronic 

kidney disease (CKD) outcomes. The results show that Gradient Boosting achieved the highest 

accuracy 99% across all four feature selection categories. While Histogram Gradient Boosting 

and CatBoost showed better performance with Lasso CV, Multitask Lasso, and combined feature 

selections. Additionally, the AdaBoost classifier performed better with Multitask Lasso and 

combined features. Both XGBoost and Light GBM classifiers performed better when using 

combined feature selection. The combined feature set yielded 99% accuracy across all classifiers. 

Overall, the findings demonstrate that the Gradient Boosting classifier achieved the highest 

accuracy and sensitivity in identifying CKD patients, highlighting its potential for early detection 

in clinical settings compared to other classifiers.  

Keywords: Chronic Kidney Disease, Ensemble Machine Learning, Lasso, Gradient Boosting, 

Histogram Gradient Boosting, adaBoost, XGBoosting, CatBoost, Light GBM. 

 

 

INTRODUCTION 

Chronic Kidney disease(CKD) is a loss of kidney function or the presence of kidney damage that leads to renal 

replacement therapy like dialysis or transplantation [1]. The mortality increase to 95% between 2000 and 202. The 
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death due to kidney disease becomes ninth common cause globally [2]. More than two million people worldwide rely 

on dialysis or kidney transplantation that is approximately 14% of the world’s population and the report says twelve 

people die every day while waiting for kidney transplantation [3].  

LITERATURE REVIEW 

In the review study, various studies have been conducted over the last five years to diagnose chronic renal disease.  

In the article [4], the research enhances the multilayer perception(MLP) by integrating LIME for the better prediction 

of the kidney disease. In the article [5], cross validation in recursive feature elimination was used for feature selection. 

The three classifiers were applied on the dataset that proves Random forest gives better result. In the paper [6], nine 

Machine learning approaches are built for dataset. This study has compared these techniques and found that the 

LightGBM model gives better result. The article [7] proposed that the classifier Random Forest and AdaBoost works 

better with respect to accuracy, precision, Sensitivity than Gradient Boosting and Bagging. 

EXPERIMENTAL DATASET 

This article uses the Chronic Kidney Disease(CKD) dataset from Kaggle that contains information about patients, 

focusing on whether they have chronic kidney disease (CKD) or not. It contained 24 features and one target variable.  

The ‘classification’ variable has the value 'ckd' / 'notckd. The dataset consists of 11 numerical and 14 nominal features 

with 400 rows [8].  

DATA PREPROCESSING 

Data pre-processing involves converting unprocessed data into an easily interpreted format [9]. In data-mining 

process data preprocessing is used to increase the data quality [10]. Data cleaning entails filling in the blanks and 

eliminating erroneous, partial, and inaccurate data from the datasets. Various methods can be used to clean the data, 

such as substituting the attribute mean for missing values. When numerical form of data is used in classification the 

performs will be improved. Hence, categorical data including the classification in the dataset is transformed into 

integers using Label Encoding [11]. Instead than depending on conventional over-sampling approaches, the SMOTE 

is an over-sampling methodology that creates synthetic instances to enhance the minority class [12]. 

FEATURE SELECTION 

Feature selection methods facilitates the elimination of redundant or unnecessary features. Feature selection for a 

dataset 𝑑 entails selecting a subset of features from the original feature set and optimizing the target function 𝑇, that 

is, maximizing the value of 𝑇 [13]. This research concentrates on three feature selection techniques such as Lasso, 

Lasso CV and Multitask Lasso. This research concentrates on three Lasso feature selection techniques. They are as 

follows: 

1. Standard Lasso (L1 Regularization): 

A penalty proportion is added to the absolute values of the coefficient to zero. These features with zero coefficients 

are removed from the model that leads to automatic feature selection [14]. 

2. Lasso with Cross-Validation (Lasso CV): 

This technique is used to identify the most relevant features by applying LASSO along with cross-validation to prevent 

overfitting by applying regression coefficients with a penalty that leads to zero value for less important feature that 

effectively removing irrelevant features [15] [16]. 

3. Multitask Lasso:   

In multitask LASSO, regularization term is applied across all the tasks that helps to lean the relationship among them 

and leverage to enhance prediction accuracy [15]. 

The features selected by the above selection techniques are taken as input for the classifiers used in this article for 

the prediction of disease. 
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EMSEMBLE MACHINE LEARNING APPROACH 

It is a supervised technique that combines the models to generate a more resilient a potent model that solves the 

same problem. The predictions of these models are then joint to improve overall performance. The Ensemble 

techniques that are used in this research are listed below: 

1. Bagging: In bagging, many models uses different subsets to train the dataset. In order to construct each 

subset, Bootstrap sampling is used with data points chosen at random and replaced. The overall result is then 

generated by combining the predictions from the models using majority voting [16] [17]. 

 

2. Boosting: The stability and accuracy of machine learning classification are enhanced by reducing 

the bias in learning by transforming weak learners into strong learners [18] [19]. 

 

3. Stacking: In stacking, two layers of estimators are used. In first layer all the baseline models are executed 

are the results on the test dataset. In the second layer, the meta-classifier creates new predictions by using the 

baseline models' predictions as input [19]. 

The classifiers used in this research are as follows: 

Gradient Boosting Classifier(GBoost): The mulitple base learner predictions are combined, usually decision 

trees, to create a model. In this method, every new model is trained to fix the mistakes (or residuals) caused by the 

models that came before it. Then the loss function is minimized by gradient descent the gradient descent and a new 

model is fitted to the residuals (errors) of the old model and the process is repeated with each new model. The final 

prediction is the sum of all weights of all models' predictions [20][21]. 

eXtreme gradient boosting(XGBoost): This method optimezes for speed and performance in 

structured/tabular datasets, especially for classification and regression tasks, This XGBoost creates an group of 

decision trees, each of which fixes the mistakes of the ones before it.  

These mistakes are calculated following the training of the first tree to produce new tree. Finally, model is created by 

combining the trees with weighted sums to reduces overfitting and guarantees improved generalization by using 

regularization and a particular objective function [22]. 

Adaptive Boosting (AdaBoost): In this classifie, several weak clssifier such as decision trees are combined. Each 

new clssifie are added iterratively that concetrates on mistakes generated by the previous classifiers. The weak 

classifier uses a weighted dataset for traiing. Higher weights ae assigned to the misclassified model instance to give 

priority in subsequent training cylce. Based on thee Error rate the weight of the weak classifier is modified. The 

weighted outputs of each weak classifier are combined to create the final prediction [23]. 

Categorical Boosting (CatBoost): This classifier works efffectively on categorical vaiables to perform beteer on 

dataset than other gradient boosting classifier. The predictions made by the preceding decision tree resuduals or 

gradients ae computed and this is reduced by the new predictions. The algorithm integrates categorical feactures 

effectively during this processes. The total weights of each tree gives the final prediction[24]. 

Light gradient boosting machine (Light GBM): This classifier is used for handling big and high dimensional 

dataset in effective manner. This uses decision tree model and used histogram data to find best splits after continuous 

d=features discretizing in to bins. The trees are built by cultivating the most promising leaf. The boosting iteration is 

used for model training in which each new tree fixes the mistakes which was made by previous tree. The prediction 

from all the tree are combined and the weights by each tree’s accuracy yields the final prediction [25]. 

Histogram Gradient Boosting (HGBoosting) Classifier: Histogram-based algorithmsare used to increase 

computational efficiency and decision tree us is fitted to the dataseet at the beginning. The discretizing continuous 

variables are used to create histograms. The residuals are calculated for every sample. Ther iterative approach is used 

to minimize the loss function inorder to enhce the overall model [26]. 
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PERFORMANCE METRICS 

The performance of the proposed methodology is tested by creating the confusion matrix that used for calculating 

the metrics [27] [28][29]. The confusion matrix used in evaluation is shown in the figure 1. 

 

Fig. 1. Confusion Matrix. 

                                             Accuracy = 
𝑇𝑁+𝑇𝑃

𝑇𝑁 + 𝐹𝑃 + 𝑇𝑃 + 𝐹𝑁 
                                                                                                   (1) 

 

                                            Precision = 
𝑇𝑃

𝑇𝑃 + 𝐹𝑃  
                                                                                                                 (2) 

 

                                            Recall = 
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 
                                                                                                                      (3) 

 

                                                     F1-score = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
                                                                                           (4) 

PROPOSED METHODOLOGY 

This study uses the Chronic Kidney Disease dataset from Kaggle to predict the presence of the disease. The dataset 

undergoes preprocessing to handle missing values by imputing them with the mean, mode, or median, and 

categorical variables handled by label encoding, which assigns a integer value to category. The dataset contains 250 

patients (62.5%) with disease and 150 patients (37.5%) without it, resulting in an imbalanced distribution. To address 

this, a Random Over Sampler is applied such that the minority class are replicates balance the dataset. 

Following preprocessing, feature selection is carried out using three different methods: Lasso, Lasso CV, and 

multitasking Lasso. The chosen features are then passed into various classification algorithms. Six classifiers are 

evaluated to predict kidney disease: GBoost, HGBoosting, AdaBoost, LightGBM, XGBoost, and CatBoost. The 

performance of these models is measured using metrics. The overall methodology is illustrated in figure 2. 

 

Fig. 2. Proposed Methodology. 
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RESULTS 

This study explores the working of machine learning methods using input features selected by using above mentioned 

feature selection techniques, as well as a combined set of features derived from all three methods. 

Using the Lasso (L1 regression), 9 features were selected, The Lasso CV technique selected 14 features, Multitask 

Lasso method identified 12 features and the union of the features selected by all three methods resulted in a combined 

15 features. These four different feature sets were used as inputs to six different classifiers, and their performance in 

disease detection was evaluated using the confusion matrix. 

The results show that the Gradient Boosting classifier performs best with Lasso feature selection. For Lasso CV 

feature selection, GBoost, HGBoosting, and CatBoost classifiers yield the best performance. With Multitask Lasso 

feature selection, the Gradient Boosting, AdaBoost, and CatBoost classifiers achieve the best results. When using the 

combined set of features, all six classifiers perform equally well, each achieving 99% accuracy. The results, presented 

in Tables 1 through 4, demonstrate that the combined feature selection consistently delivers superior performance 

across all classifiers. Figure 3 illustrates the accuracy obtained by various classifiers using different feature selection 

techniques. 

Table 1. Performance of Algorithms using Standard Lasso 

Classifiers Accurac

y 

in % 

Precisio

n 

Recall F1 

Score 

GBoosting 98 0.98 0.98 0.98 

HGBoosting 97 0.97 0.97 0.97 

AdaBoost 96 0.96 0.96 0.96 

XGBoost 97 0.97 0.97 0.97 

CatBoost 97 0.97 0.97 0.97 

Light GBM 96 0.96 0.96 0.96 

 

Table 2. Performance of Algorithms using Lasso CV 

Classifiers Accuracy 

in % 

Precision Recall F1 

Score 

GBoosting 99 0.99 0.99 0.99 

HGBoosting 99 0.99 0.99 0.99 

AdaBoost 97 0.97 0.97 0.97 

XGBoost 97 0.97 0.97 0.97 

CatBoost 99 0.99 0.99 0.99 

Light GBM 98 0.98 0.98 0.98 

 

Table 3. Performance of Algorithms using Multitask Lasso 

Classifiers Accuracy 

in % 

Precision Recall F1 

Score 

GBoosting 97 0.97 0.97 0.97 

HGBoosting 96 0.96 0.96 0.96 

AdaBoosting 97 0.97 0.97 0.97 
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XGBoosting 96 0.96 0.97 0.97 

CatBoost 97 0.97 0.97 0.97 

Light GBM 96 0.96 0.96 0.96 

 

Table 4. Performance of Algorithms using Combined Features 

Classifiers Accuracy 

in % 

Precision Recall F1 

Score 

GBoosting 99 0.99 0.98 0.99 

HGBoosting 99 0.99 0.98 0.99 

AdaBoosting 99 0.99 0.98 0.99 

XGBoosting 99 0.99 0.98 0.99 

CatBoosting 99 0.99 0.98 0.99 

Light GBM 99 0.99 0.98 0.99 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3. Comparison of accuracy of Classifiers 

DISCUSSION 

This research investigates the impact of three different Lasso feature selections. The multiple feature selection 

techniques lead to the identification of different subsets of relevant features. The outputs of all the three methods are 

combined to produce a comprehensive feature set of 15. The evaluation of these feature sets is done using six 

classification techniques. The gradient boosting algorithm performs better in terms of accuracy when using Lasso 

feature selection. The GBoost, HGBoosting, and CatBoost achieved give optimal results for LassoCV feature selection. 

Multitask Lasso-selected features yielded the best performance with GBoost, AdaBoost, and CatBoost classifiers, 

reflecting the benefit of multitask learning in capturing subtle patterns when using boosting-based methods. When 
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using a combined feature set, all the six classifiers achieve a high accuracy of 99%. In summary, a hybrid feature set 

combining outputs from multiple selection techniques can offer a universally strong foundation for classification 

tasks. 
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