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Abstract. Chronic kidney disease (CKD) progresses and is potentially fatal. Early detection of CKD is essential to prevent 

severe effects and kidney failure. This work provides an intelligent and comprehensible method of predicting CKD using 

ML and ensemble methods. It works with the CKD dataset from the UCI ML Repository, comprising 400 patient records 

from Apollo Hospital in India and containing 25 numeric and nominal attributes. We apply statistical and model-based 

imputation to replace missing values, and SMOTE to address class imbalance (CKD vs. non-CKD). We identified six 

clinically significant items, including haemoglobin, serum creatinine, albumin, high blood pressure, age, and diabetes 

mellitus. A combination of preprocessing, feature engineering, and feature selection techniques, such as Mutual Information, 

Variance Thresholding, RFE, and Sequential Feature Selection, was used to identify these. Various models are evaluated 

using Stratified K-Fold cross-validation. These are LR, Gaussian NB, SVM, DT, RF and AdaBoost. A mixed Voting 

Classifier composed of RF and AdaBoost achieves an F1-score of 99.3% and 99.4% accuracy, precision, and recall. The 

model is easier to comprehend because individual forecasts and feature contributions are explained using LIME and SHAP. 

The web application, developed using Flask, allows users to register and log in, enter data securely, make real-time 

predictions, and receive interpretable results. It provides outcomes such as “CKD detected” and “no CKD detected” that help 

doctors make informed decisions.  
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1. INTRODUCTION 

Clinically, CKD is an indication that the kidneys are impaired or their ability has been reduced irreversibly. 

It is typically evidenced by a Glomerular Filtration Rate (GFR) that is less than 60 mL/min/1.73 m 2 over a 

period of over three months [1]. When it becomes severe, it tends to destroy the kidneys which cannot be 

replaced resulting in AKI or ESRD, which require costly treatment methods such as dialysis or transplants [2]. 

The disease has many other conditions associated with it such as Diabetes Mellitus and High Blood Pressure 

that predispose the possibility of the development of CKD significantly. The clinical diagnosis of CKD is 

detected by the standard lab tests that include blood and urine tests. The most significant signs include 

albuminuria and elevated blood creatinine level as they indicate that the kidneys are not filtering as effectively 

as they are supposed to [3]. In addition, it has albumin in the urine that is usually an initial indication of renal 

destruction among diabetics. The reason why this is so is that broken glomerular screens allow the leakage of 

proteins into the urine [4]. 

Since the kidneys are not able to regulate the amount of erythropoietin and vitamin D secretions, it may 

result in anemia, bone frailty, edema, hypertension, and increased risk of heart diseases [5]. Majority of these 

individuals are unaware of its existence in them. More than 360 individuals commence dialysis per hour due to 

the failure of the kidneys to perform their functions. Almost 75% of new cases of ESRD are brought about by 

diabetes and high blood pressure [3]. The financial cost is equally frightening as well: ESRD treatment costs 

over 32 billion a year in America, and the poor in other countries such as India are unable to receive kidney 

replacement treatment due to health insurance or lack thereof [6]. 

Being an engineer, CKD analysis is not easy to conduct since there are not a lot of medical datasets available 

and varied. Even in the situation when available, healthcare data is frequently imperfect in terms of cognitive 

and sampling biases [1]. This complicates the use of ML apps that are trustworthy. The Apollo Hospital data of 

the UCI ML Repository is the most complete publicly available source on CKD prediction, although it lacks 

some clinical variables and a more diverse demographic sample [7]. Recent advancements in XAI have 

provided us with a clearer interpretation of the way to analyze models, and this has allowed us to discover 

significant biomarkers that influence the process of CKD development. XAI is better when used with ensemble 

learning models as it enhances prediction accuracy and transparency of clinical data. This allows physicians to 

make evidence-based decisions regarding the way to identify and treat CKD at an early stage [8]. 
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2. RELATED WORK 

The article by Bayram et al. [9]developed a DL-based system to locate and predict kidney diseases. They 

have included XAI to make the framework easier to follow and gain confidence in the professional community. 

The study emphasized that though the DL models were more precise compared to conventional methods, they 

were not easy to utilize in the clinical setting because of their black box character. The model also indicated the 

most important clinical biomarkers to predict CKD using XAI techniques such as LIME and SHAP. The authors 

concluded that the use of XAI increased the accuracy of prediction and provided the users with a greater sense 

of confidence in the system. This is why it is a promising alternative to use in healthcare applications when the 

ability to explain things is highly valued. 

Silveira et al.[10] researchers investigated the possibility of early detection of CKD by ML techniques that 

are best applied when data is small and uneven. They explored several models, including RF, SVM, and 

Gradient Boosting algorithm to identify early signs of CKD. The issue of unevenly distributed data was resolved 

by authors by applying SMOTE which increased the sensitivity of the classifier to minor classes. RF performed 

the most accurate tests and best memory rates indicating that it would be suitable in the clinical prediction tasks. 

Mehrabi et al. [11] conducted a massive study that investigated ML bias and fairness. It demonstrated 

significant ethical and technical issues of healthcare data analysis. Cognitive, sampling, and labelling biases can 

be detrimental to predictive models, particularly in medicine such as predicting CKD where there is not much 

demographic and socioeconomic diversity. The authors proposed learning methods and debiasing algorithms 

that recognize fairness to ensure that the model performs equally across all groups of populations. This ensures 

that healthcare prediction models remain transparent, ethical and practical in the real world. 

Ventrella et al. [12] measured the progress made by CKD by using supervised ML techniques. This was 

more of an attempt to determine how the diseases would worsen rather than the initial diagnosis of the disease. 

The data on continuous patients and the techniques of LR, DT, and ensemble learning were utilized by the 

researchers to classify CKD stages into groups. We discovered that some of the most significant clinical 

manifestations in monitoring the worsening of the disease are serum creatinine and blood urea nitrogen, as well 

as haemoglobin using the feature importance analysis. The paper demonstrated the role that time-series data and 

longitudinal models play in the understanding of the changes CKD experiences over time and will result in 

improved predictions of patient outcomes over time. 

Nishat et al. in the paper [13]considered the problem of implementing ML techniques to locate CKD by 

examining such models as KNN, NB, DT, and RF. Based on a correlation based feature selection, the authors 

identified haemoglobin, albumin, blood pressure, serum creatinine as the most significant factors in the 

prediction of CKD. According to their findings, RF was the most suitable clinical decision support since it was 

easy to comprehend and fix. The study also indicated that, ensemble techniques came up with a number of 

models, which could further be combined to provide predictions which are much accurate. 

Chittora et al. provided a comprehensive ML insight into CKD prediction in their paper [14]. They 

developed an optimized pipeline that involved selection of features, preprocessing and tuning the model. They 

identified the optimal parameter selection of predicting CKD using algorithms such as SVM, LR, DT, and 

AdaBoost. The study revealed that, as compared to individual classifiers, the ensemble learning techniques were 

far more effective with medical characteristics that lack linear relationships, among themselves. According to 

the research, AdaBoost was the most accurate and recalls the most, which made it among the best classifiers of 

CKD finding. 

Dave et al.  [15] examined the possibility of utilizing XAI in healthcare by using a heart disease dataset, 

which provides us with the information that can be used to enhance CKD prediction models. The SHAP and 

LIME interpretability methods were used to explain the decisions taken by ML models. The findings indicated 

that both explainable AI and ensemble methods are more effective with regard to trust and diagnostic accuracy. 

This allows the same to be used in schemes to predict CKD. 

Ghosh [16] made the process of predicting CKD more accurate through ML techniques and emphasis on 

fine-tuning parameters, and model evaluation. The paper relied on the UCI CKD dataset and examined the 

functionality of various algorithms such as SVM, RF, and KNN. According to the feature importance metrics, 

haemoglobin, serum creatinine and albumin were discovered as the most significant predictors. The author made 

the conclusion that RF was superior to other algorithms, in fact both in accuracy and in ease of use.  

As stated in Aljaaf et al. [17], they developed a predictive analytics and ML-based system to detect CKD at 

an early stage. The technique involved preprocessing, normalization, and ensemble data models in the effort to 

enhance the precision of diagnostics. Some of the predictors that were compared in this study were DT, LR and 

NB. They were evaluated based on several factors, including their accuracy, sensitivity and specificity. Their 

model was a great success, demonstrating that predictive analytics may be applied to assist doctors in making 

real-life decisions. The authors further noted the combination of these models with healthcare information 

systems could be useful in early intervention and proactive tracking of patients. 
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Webster et al. [18] provided a complex clinical account of CKD including its general causes, mechanism, 

and impacts on health in the global context. The research mentioned the key risk factors, including diabetes, 

hypertension, and family backgrounds. It also emphasized the importance of early detection of such conditions 

with the help of such biomarkers as GFR, albuminuria, and serum creatinine levels. Their findings provided the 

clinical foundation on the use of AI and data-driven approaches to diagnose and treat CKD. 

 

3. MATERIALS AND METHODS 

The proposed CKD prediction model is a ML framework designed to offer a high-quality, convenient, and 

scalable clinical decision support. The UCI CKD data is the base that contains 400 patients of Apollo Hospital 

in India with 25 clinical and biological features. During the data preparation stage, missing values are imputed 

both through statistical and model-based imputation, categorical variables are encoded, numerical features are 

normalized, and the SMOTE corrects the imbalance between classes [19]. Mutual Information, Variance 

Thresholding, RFE and Sequential Feature Selection are used to select six key attributes that include 

hemoglobin, serum creatinine, albumin, high blood pressure, age and diabetes mellitus. Some of the learned 

supervised classifiers include LR, Gaussian NB, SVM, DT, RF and AdaBoost. The data is simplified using 

LIME and SHAP. Flask structure is applied to create and start a hybrid ensemble Voting Classifier that utilizes 

both RF and AdaBoost to apply to web-based applications of clinical use that are accessible. 

There are steps to be followed to determine CKD as illustrated in Figure 1. The initial one is Data Pre-

processing and Feature Selection RFE FS. The second one is Data Balancing SMOTE. These ML models are 

LR, NB, SVM, AdaBoost, DT, and RF. We then train, test and rate a Voting Classifier with the help of metrics 

like Accuracy and F1-Score. The most promising model is stored, implemented in a Flask web application to be 

utilized, and its forecasts are explained with the help of XAI (LIME and SHAP). 

 

 

Fig. 1. System Architecture 
 

A. Dataset Collection  

The dataset used in the study was a reliable source of medical data and consisted of 25 characteristics in 

ARFF format of 400 records. It includes such things as age, high blood pressure, diabetes and biochemicals such 

as albumin, serum creatinine, hemoglobin and hypertension.[20]. The traits provide a complete picture of the 

health of a patient that can be utilized to locate CKD. The data was imported to a pandas Data Frame, and this 

provided it with a structured format to further analyze, develop a model towards its validation with an aim of 

predicting CKD with accuracy and early enough. 
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Fig. 2. CKD Dataset 

 

B.  Pre-Processing 

Pre-processing is used to deal with the missing values, reduce noise, identify significant features, and 

equalize the distribution of classes to ensure that the data is correct and reliable. These measures make model 

learning quicker, and predictions to be more precise, and the system more stable in order that CKD classification 

could be reliable. 

Data Preprocessing: Not all values are present as not all clinical tests were done or reported differently. 

Statistical imputation of numerical features and mode based, or model driven estimation of categorical variables 

can make this possible. This approach maintains the integrity of data and prevents the loss of information that 

may adversely affect the accuracy of predictions. Normalization and encoding techniques ensure that features 

are represented in a consistent manner as well as that different methods can be compatible with one another. 

Handling missing data appropriately reduces bias, increases stability, and allows the learning algorithms to 

discover meaningful clinical trends to help CKD be predicted accurately. 

 

 

Feature Selection: The essential element of feature selection is to find the most significant clinical features 

and make models more helpful and comprehensible. RFE works by removing features that are less significant 

individually depending on the performance of a model and the ranking of their importance. RFE ensures that the 

traits that are most crucial contribute to classification through multiple trainings of the model and dropping of 

the weakest features at every stage [21]. It reduces the number of dimensions, prevents overfitting as much as 

possible and enhances generalization. The selected characteristics are very much related to medicine and thus 

prediction and explanation are more valid. Computations are also easier to make with RFE, and faster training 

and more accurate estimates. This is quite significant to real-time clinical decision support systems. 

Data Balancing: A lack of an equal number of cases in the CKD data can cause the learning methods to favor 

the majority of the cases and this complicates the possibility of locating cases in the minority. To overcome this 

issue, SMOTE is implemented in the sampling of the data. Rather than generating copy records, SMOTE 

generates false samples of the minority category by interpolating between the actual data points. This makes the 

spreading out of classes even as the fundamental data patterns remain unchanged. The balancing of input makes 

the classifier more sensitive, remembers better and more accurate in general, particularly in finding CKD. 

SMOTE enhances model learning, reduces bias, and facilitates the correct and consistent disease prediction 

outcomes by ensuring that the CKD and non-CKD cases are proportionally represented. 

 

C.  Training and Testing: 

The processed data set was divided into training and testing sets with a 10-fold cross-validation technique 

which was stacked. Several ML methods were trained on the selected features. The models were evaluated by 

metrics such as accuracy, precision, memory and F1-score. Ensure that the system would be functional, capable 

of accurate prediction and reliable to ensure that it could detect CKD at the early stage through systematic 

training and testing was ensured. 

 

D.  Algorithms: 

Logistic Regression: Employs the logistic function to simulate the correlation of important clinical features 

and forecast the probability of CKD. The model provides quantifiable probabilities, allowing physicians to 

determine the likelihood of CKD occurrence and take early preventive measures through data-guided diagnostic 

information. 

𝑦̂𝑖 = 𝜎(𝑤𝑇𝑥 + 𝑏) =
1

1 + 𝑒−(𝑤
𝑇𝑥+𝑏)

(1) 

Gaussian Naïve Bayes: Fits probabilistic models using Gaussian assumptions to classify cases as having or not 

having CKD [22]. It performs rapid and accurate predictions with limited quantities of information, enabling 

physicians to estimate the probability of CKD and support early diagnosis. 
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Support Vector Machine (SVM): Assigns cases to CKD and non-CKD categories by determining the 

optimal hyperplane that maximizes class separation. Non-linear relationships are modeled using kernel mapping 

to achieve high accuracy and reliability in clinical data analysis and early disease identification. 

min
1

2
∥ 𝑊 ∥2+ 𝐶∑𝜉𝑖

𝑛

𝑖=1

(2) 

 

Decision Tree (DT): Constructs a classification tree for CKD prediction based on clinical features [23]. The 

model provides well-defined decision paths, effectively handles missing values, and is easily interpretable by 

clinicians, thereby improving diagnostic transparency and early disease detection. 

𝐼(𝑖) = 1 −∑𝑝𝑖
2

𝑘

𝑖=1

(3) 

 

Random Forest (RF): Combines multiple Decision Trees to obtain a more stable classification process 

while reducing overfitting. It identifies important CKD indicators, improves prediction accuracy, and provides 

clinicians with feature importance information to support patient assessment and treatment planning. 

Gini = 1 −∑(

𝐶

𝑖=1

𝑃𝑖)
2

(4) 

 

AdaBoost: Sequentially trains weak learners by focusing on previously misclassified CKD cases to improve 

prediction accuracy. This approach enhances model performance in identifying complex disease patterns and 

supports accurate, data-driven clinical assessment. 

𝐻(𝑥) = sign(∑𝛼𝑡

𝑇

𝑡=1

ℎ𝑡(𝑥)) (5) 

 

Voting Classifier: Combines the predictions of multiple algorithms, including Random Forest and 

AdaBoost, using majority voting to produce more accurate and less biased CKD detection results. This 

ensemble approach ensures consistent predictions for supporting clinical decision-making. 

𝑦̂ = argmax
𝑐

(∑𝐼

𝑛

𝑖=1

(𝑦̂𝑖 = 𝑐)) (6) 

 

E.  Integration of XAI and Flask Framework 

By integrating Explainable Artificial Intelligence (XAI) with the Flask framework, machine learning models 

can generate predictions that are transparent, interpretable, and accessible through an interactive web interface. 

The implementation utilizes LIME and SHAP to explain CKD prediction outcomes. 

LIME provides local explanations by analyzing the contribution of individual features for a single patient 

prediction. Important clinical variables such as age, blood pressure, and laboratory test results are highlighted to 

explain their influence on the predicted outcome. 

SHAP complements this approach by providing global explanations across multiple patient records. It 

visualizes feature importance using summary plots and other visualization techniques, enabling clinicians to 

understand the overall factors influencing model predictions. 

By integrating these XAI techniques into a Flask application, clinicians can directly input patient 

information, obtain CKD prediction probabilities, and interpret the contribution of each clinical feature to the 

prediction. This integration enhances model transparency, supports clinical decision-making, and increases 

physician trust in AI-assisted diagnosis. 

 

4. EXPERIMENTAL RESULTS 

Accuracy: The ability of a model to distinguish between CKD and non-CKD patients is measured using 

accuracy. It is defined as the proportion of correctly classified instances. 

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁
(7) 

 

Precision: Precision is the ratio of correctly predicted positive cases to all predicted positive cases. 
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Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(8) 

 

Recall: Recall measures the ability of the model to identify all actual positive CKD cases. 

Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(9) 

F1-Score: The F1-score combines Precision and Recall into a single performance metric by computing their 

harmonic mean. 

F1-Score = 2 ×
Precision × Recall

Precision + Recall
× 100 (10) 

 

TABLE I 

PERFORMANCE EVALUATION 
Model Accuracy 

(%) 
Precision 
(Weighted 

%) 

Recall  
(Weighted %) 

F1 Score  
(Weighted %) 

Voting 99.4% 99.43% 99.4% 99.39% 

AdaBoost 99.2% 99.23% 99.2% 99.19% 

RF 98.2% 98.28% 98.2% 98.19% 

DT 96.8% 97.01% 96.8% 96.79% 

Log Reg 96.8% 97.12% 96.8% 96.78% 

SVM 96.2% 96.59% 96.2% 96.18% 

GNB 95.2% 95.50% 95.2% 95.18% 

 

Table 1. indicates that the mixed Voting Classifier is better than the other models in terms of CKD 

prediction models with accuracy, weighted precision, recall, and F1-score. 

 

 
Fig. 3. Comparison Graph 

  

The Figure 3 is the comparison graph of CKD prediction models based on accuracy, weighted precision, 

recall, and F1-score. The metrics are represented by the colors of the colors: accuracy is blue, precision is green, 

recall is orange and F1-score is red. This indicates that the hybrid Voting Classifier had higher performance. 

 

 
Fig. 4. Upload the Data 

 

Fig. 4 The input form provides individuals with an opportunity to add data concerning patients with CKD, 

and this will be used to make predictions within the ML-based classification system. 

0.9

0.95

1

Voting AdaBoost RF DT LogReg SVM GNB

Accuracy Precision (Weighted)

Recall (Weighted) F1 Score (Weighted)
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Fig. 5. Predicted Results 

Fig 5 The forecast outcome reveals that It is The Analysis says No CKD Detected with a confidence score of 

79.0 and this implies the model is certain. 

 

 
Fig. 6. Upload the Data 

Fig.6 input interface allows individuals to provide CKD-specific clinical information concerning a patient 

which allows the system to predict the results with confidence and interpretability scores. 

  

 
Fig. 7. Predicted Results 

The forecasts with the highest confidence score of 91.0 is shown in Fig.7 and is labeled as The Analysis 

suggests CKD Detected. 

 

5. CONCLUSION 

This piece of work demonstrates how it is possible to create a highly accurate and interpretable CKD prediction 

system by integrating cutting-edge ML practices with a convenient web-based implementation. It was then 

possible to discover clinically meaningful characteristics that significantly influence the diagnosis of CKD due 

to strong feature selection, good preprocessing, and balanced learning using SMOTE. The Voting Classifier, 

which was a combination of RF and AdaBoost, achieved the best performance among all the tested models. Its 
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accuracy, precision, recall and F1-score were 99.4, 99.4, 99.4 and 99.3 respectively indicating that it was very 

reliable and consistent in distinguishing between CKD and non-CKD cases. The results were more 

comprehensible when using XAI techniques, mostly LIME and SHAP, displaying the contribution of various 

features. This simplified the predictions and earned confidence in the predictions. The entire system is 

implemented with the help of a Flask-based web application, which allows users to safely register and log in and 

allows them to input structured patient information, perform real-time predictions, and visualize the expected 

outcomes. The system provides articulate diagnostic responses such as CKD detected, or no CKD detected that 

assists the doctors to make intelligent decisions and initiate the treatment at the earliest. On the whole, the 

findings indicate that the mixed ensemble Voting model, together with interpretable insights and an interactive 

Flask interface is a powerful, precise, and convenient means of assessing the CKD risk in the real-life context of 

healthcare. 

Wearable devices and electronic health records also can be linked with real-time management systems to 

provide predictions on demand and customized notifications. To top this, the predictions based on the 

sophisticated DL models can be made more precise, and telemedicine systems can be linked in such a way that 

patients can receive remote assistance. Improving the methods of explainability will also assist clinicians to 

have more trust in the system and it can be easy to make it convenient so both healthcare providers and patients 

can use it to pursue proactive kidney health management on a mobile-friendly interface. 
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          y ^  i = 𝜎  (   w  T x + b ) =  1  1 +   e  −  (   w  T x + b )   (1)


       min ⁡   1 2 ∥ W  ∥ 2 + C   ∑  i = 1  n    𝜉  i   (2)


      I  ( i ) = 1 −   ∑  i = 1  k    p  i 2   (3)


      Gini = 1 −   ∑  i = 1  C (    P  i    ) 2   (4)


      H  ( x ) =  sign ⁡   (   ∑  t = 1  T    𝛼  t  h  t  ( x ) )   (5)


        y ^ =  arg ⁡   max  c  (   ∑  i = 1  n  I  (     y ^  i = c ) )   (6)


      Accuracy =   T P + T N  T P + F P + T N + F N   (7)


      Precision =   T P  T P + F P   (8)


      Recall =   T P  T P + F N   (9)


      F1-Score = 2 ×   Precision × Recall  Precision + Recall × 100   (10)

