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Abstract: Chronic Kidney Disease (CKD) is a disease that is progressive, and it may cause serious outcomes and 

renal failure unless identified in its early stages. This paper presents a smart and explainable model on the 

prediction of chronic kidney disease with the help of machine learning and ensemble algorithms. The study uses 

CKD data in the UCI machine learning repository which consisted of 400 patient records collected at the Apollo 

hospital in India with 25 numerical and categorical variables. Statistical and model-based imputation are used to 

handle missing values, and Synthetic Minority Over-sampling Technique (SMOTE) is employed to address class 

imbalance (CKD and non-CKD instances). Complete preprocessing, feature engineering, and feature selection 

methods are used: Mutual Information, Variance Thresholding, Recursive Feature Elimination, and Sequential 

Feature Selection, which identify six clinically significant features, namely, hemoglobin, serum creatinine, 

albumin, hypertension, age, and diabetes mellitus. Stratified K-Fold cross-validation is used to test various 

classifiers, including the Logistic Regression, Gaussian Naive Bayes, Support Vector Machine, Decision Tree, 

Random Forest and AdaBoost. A hybrid Voting Classifier which combines random forest with adaboost achieves 

a very high performance with the accuracy, precision and recall of 99.4 and F1-score of 99.3. The interpretation 

of the model is enhanced by using LIME and SHAP to explain single predictions and contributions of features. A 

web application based on Flask includes user registration, authentication, secure data entry, real-time predictions, 

and explained results, delivering the output of the results as either chronic kidney disease detected or no chronic 

kidney disease detected, which makes it reliable and user-friendly clinical decision support. 

“Index Terms: CKD, machine learning ensemble models, explainable AI, interpretability”. 

1. INTRODUCTION 

CKD can be described as clinically characterized by 

kidney damage or permanent deterioration of the 

kidney function, typically indicated by a GFR of less 

than 60 mL/min/1.73 m 2 over a period of three 

months or more [1]. CKD is a significant health 

issue facing the world, as it is a leading cause of 

morbidity and mortality worldwide. The trend often 

leads to irreversible renal dysfunction, which leads 

to AKI or ESRD, conditions that require costly 

treatment, including dialysis or transplantation [2]. 

The condition is usually associated with 

comorbidities such as Diabetes Mellitus and 

Hypertension, which significantly predisposes the 

development of CKD. In clinical diagnosis, the 

standard laboratory tests including blood and urine 

tests are used to diagnose CKD. Critical indicators 

include albuminuria and elevated serum creatinine 

levels, which are indicators of the lowered ability of 

kidneys to filter blood (3). The first sign that diabetic 

kidney is impaired is often the presence of albumin 

in urine, which is caused by damaged glomerular 

filters that permit passage of proteins in the urine. 

CKD has far reaching health consequences. It can 

lead to anemia, bone frailty, fluid retention, 

hypertension, and increase in the cardiovascular risk 

because the kidneys lose their ability to regulate the 

production of erythropoietin and vitamin D [5]. 

According to the CDC, approximately, 37 million 

individuals in the United States have CKD, and the 

majority of them are not aware of their condition. In 

nearly 360 patients, dialysis treatment of renal 

failure is started every hour, with diabetes and 

hypertension accounting for an estimated three-

quarters of the cases of new renal end-stage disease 

[6]. It is also worrying on the financial side- the cost 

of treatment on ESRD in the United States alone is 

above 32 billion dollars annually, and in developing 

countries such as India, access to renal replacement 

drugs is limited by insufficient health insurance 

coverage and high treatment costs. 

The unavailability of diverse medical data and the 

absence of available medical data hinder CKD 

analysis, which is an aspect of engineering. 

Cognitive and sampling biases are common in 

healthcare data even when they are available, and it 

is difficult to apply accurate ML applications [8]. 
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The UCI ML Repository dataset, which was 

obtained in Apollo Hospital in India, is a diverse 

resource of CKD prediction; however, it lacks 

demographic variety and exact clinical variables [9]. 

New discoveries in XAI have eased the process of 

better comprehending the model interpretability, 

which helps identify the key biomarkers that 

influence the progression of CKD. XAI and 

ensemble learning model enhance predictive value, 

clinical transparency, and enable clinicians to make 

data-driven, informed decisions to detect and 

manage CKD earlier [10]. 

2. LITERATURE REVIEW 

A DL system to identify and predict kidney 

disorders was proposed by Bayram et al. [11] with 

XAI to enhance interpretability and clinical trust. 

They incorporated CNNs in their model with 

interpretable layers to provide visual explanations to 

the results of the classification. The paper has 

pointed out that DL models were more accurate 

compared to traditional methods, but their non-

transparency inhibited clinical application. The 

model also effectively demonstrated the most 

impactful clinical biomarkers in predicting CKD by 

incorporating the XAI methods such as LIME and 

SHAP, leading to greater transparency on the part of 

the healthcare practitioners. The authors conclude 

that XAI was found to improve the predicted 

reliability and user confidence making the XAI a 

viable solution in healthcare applications where 

explainability is crucial. 

Silveira et al. [12] explored the possibility to predict 

chronic renal disease early using ML methods that 

are adapted to small and skewed datasets. They 

compared several models, such as RF, SVM, and 

Gradient Boosting classifiers to identify CKD at an 

early stage. The authors alleviated the challenges of 

data imbalance by using the SMOTE that 

significantly increased the sensitivity of the 

classifier to minority classes. Their experimental 

analysis showed that the highest accuracy and the 

recall rates were obtained with the help of RF, which 

indicates its effectiveness in clinical prediction. The 

study noted that proper preprocessing, which 

includes data normalization and feature selection, 

was of great importance in achieving believable 

results in small healthcare data. 

The research by Mehrabi et al. [13] is a massive 

survey of bias and fairness in ML, pointing to severe 

ethical and technical issues in healthcare data 

processing. They focused their discussion on the 

harmful effects of cognitive, sampling and labeling 

biases on predictive models especially in a medical 

context such as CKD prediction when the 

demographic and socio-economic diversity is 

limited. The authors proposed fairness-aware 

learning procedures and debiasing algorithms to 

ensure equal model output across different 

groupings of populations. Their work has given a 

basic structure of understanding and mitigating 

prejudices in AI systems, which ensure that 

predictive healthcare models are transparent, ethical, 

and therapeutically relevant. 

Ventrella et al. [14] applied the supervised ML 

algorithms to assess the chronic renal disease 

progression. They focused their study on predicting 

the occurrence of diseases rather than early 

diagnosis. The authors used longitudinal patient 

records and used methods such as LR, DT and 

ensemble learning to categorize CKD stages. The 

critical clinical markers, including serum creatinine, 

blood urea nitrogen, and hemoglobin, were found to 

be important factors in sickness progression 

according to the analysis of feature importance. The 

study has highlighted the importance of time-series 

and longitudinal modeling in the accurate depiction 

of dynamic nature of CKD and therefore, improves 

prediction of patient outcomes in the long-term. 

Nishat et al. [15] performed a comprehensive 

evaluation of CKD diagnosis with the use of ML, 

evaluating the models based on KNN, Naïve Bayes, 

DT, and RF. They have stressed that normalization 

and feature selection are important in optimization 

of the model. To determine hemoglobin, albumin, 

blood pressure, and serum creatinine as major 

predictors of CKD, the authors employed the feature 

selection based on correlation. Their results proved 

that RF achieved the best balance between 

interpretability and accuracy, which makes it a 

suitable method of clinical decision support. The 

study showed that predicted dependability may be 

increased by using a large number of models through 

ensemble techniques. 

Chittora et al. [16] introduced a complete ML model 

of CKD prediction, with an optimal pipeline, which 

involves feature selection, preprocessing, and model 

optimization. They applied methods such as SVM, 

LR, DT, and AdaBoost to identify the best parameter 

settings to predict chronic kidney disease. The study 

has shown that the ensemble learning techniques 

significantly outperformed the individual classifier, 

particularly when handling nonlinear relationships 
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between the medical variables. The authors applied 

the method of cross-validation to reduce the 

overfitting and ensure the model generalization. 

Their exploration revealed that AdaBoost achieved 

better accuracy and recall rates, making it one of the 

most effective classifiers of CKD. 

Dave et al. [17] reviewed the application of 

Explainable AI to healthcare using a heart disease 

dataset and provided valuable insights that can be 

applied to Chronic Kidney illness prediction models. 

They used SHAP and LIME interpretability 

algorithms to explain the decisions made by ML 

models. The authors emphasized that transparency 

plays a vital role in clinical AI systems because it 

allows healthcare providers to understand and 

validate model performances. They found that 

explainable AI together with ensemble techniques 

increases trust and accuracy in diagnoses, which can 

be used analogously to CKD-related prediction 

systems. 

Ghosh [18] improved the prediction of chronic 

kidney disease by applying the ML techniques with 

an emphasis on the optimization of the parameters 

and evaluation of the model. The study used UCI 

CKD dataset to compare the algorithms such as 

SVM, RF, and KNN. The measures of feature 

relevance showed that hemoglobin, serum 

creatinine, and albumin were the most relevant. 

Another area that Ghosh studied is grid search and 

cross-validation to optimize model parameters and 

get better classification accuracy. The author 

concluded that RF was more accurate and 

understandable than other algorithms, which makes 

it an ideal choice in the context of CKD prediction 

systems where reliability is the key factor. 

Aljaaf et al. [19] proposed a methodology of 

predictive analytics for the early prediction of CKD 

with machine learning models. The methodology 

also included data preprocessing, standardization, 

and ensemble modeling as a way of enhancing the 

accuracy of the diagnosis. The study compared 

different classifiers, such as DT, LR, and Naive 

Bayes using numerous evaluation parameters, such 

as accuracy, sensitivity, and specificity. Their model 

has shown high performance, which demonstrates 

the feasibility of using predictive analytics as a 

practical clinical decision support. Moreover, the 

authors suggested that the combination of these 

models and healthcare information systems could 

assist in the proactive monitoring of patients and 

early intervention actions. 

Webster et al. [20] discussed in detail a clinical 

analysis of CKD, its epidemiology, 

pathophysiology, and health consequences around 

the world. CKD is cited among the major causes of 

death and disability in the world, and it is 

particularly affecting people in the poor regions 

disproportionately. The research named several risk 

factors, such as diabetes, hypertension, and genetic 

factors, and emphasized the critical importance of 

early detection by biomarkers, such as GFR, 

albuminuria, and serum creatinine levels. Their 

study developed clinical grounding of AI and data-

driven approaches to the diagnosis and treatment of 

CKD. 

3. MATERIALS AND METHODS 

The proposed CKD prediction model is a robust, 

understandable, and scalable ML framework that 

could be used in clinical decision-making. It is based 

on the UCI CKD dataset that consists of 400 patient 

records and 25 clinical and biological variables in 

Apollo Hospital in India. The preprocessing of data 

includes the imputation of missing values by 

statistical and model-based methods, the encoding 

of categorical variables, the normalization of 

numerical features, and the correction of the 

imbalance of the classes using SMOTE [21]. Mutual 

Information, Variance Thresholding, Recursive 

Feature Elimination, and Sequential Feature 

Selection are the feature selection methods, which 

identify six key features: hemoglobin, serum 

creatinine, albumin, hypertension, age, and diabetes 

mellitus. It uses supervised classifiers, including LR, 

GNB, SVM, DT, RF, and AdaBoost, and 

interpretability is made easier using LIME and 

SHAP. A hybrid ensemble Voting Classifier, that 

combines both RF and AdaBoost, is built and 

implemented with Flask framework accessible web-

based clinical applications. 

 

Fig.1 Proposed Architecture 

Figure 1 represents the procedure of CKD 

prediction. It starts with Data Pre-processing and 

Feature Selection (RFE FS) followed by Data 
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Balancing (SMOTE). Several ML models (LR, NB, 

SVM, AdaBoost, DT, RF) are trained, evaluated and 

tested using metrics like Accuracy and F1-Score. 

The best model is saved, embedded in a Flask web 

application to run, and its predictions are explained 

with the help of XAI tools, like LIME and SHAP. 

a) Dataset Collection: 

The data used in this study was obtained out of a 

reputable medical source, which contained 400 

records and 25 attributes in ARFF format. It includes 

clinical, physiological and biochemical values such 

as hemoglobin, serum creatinine, albumin, 

hypertension, diabetes mellitus and age. [22] These 

elements offer extensive patient health information 

for the identification of CKD. The dataset was 

loaded into a pandas DataFrame, which allowed the 

easy organization in the further analysis and model 

construction and validation aimed at accurate and 

timely CKD prediction. 

 
“Fig.2 CKD Dataset” 

b) Pre-Processing: 

Pre-processing ensures data quality and reliability 

through filling in data gaps, reducing noise, 

extracting relevant features, and balancing the 

distribution of classes. The measures improve model 

learning effectiveness, prediction performance, and 

stability towards reliable chronic renal disease 

classification. 

Data Preprocessing: The focus of data processing is 

to convert raw clinical records into a smooth and 

homogenous format that is compatible with ML 

models. The CKD data set contains both numerical 

and categorical variables, and the missing values are 

because of insufficient clinical tests and the 

inconsistency in reporting. Numerical features are 

also handled using statistical imputation, but 

categorical variables are handled using mode-based 

or model-driven imputation. The approach keeps the 

integrity of datasets and prevents the loss of 

information that may affect predictive power. 

Normalization and encoding methodologies ensure 

that features are represented in a consistent fashion 

and that methods are interoperable. Efficient 

handling of missing information reduces bias, 

enhances stability and enables learning algorithms to 

identify meaningful clinical patterns that are 

essential in accurate prediction of CKD. 

Feature Selection: The selection of features is also 

important in increasing model efficiency and 

interpretability through identifying the most 

meaningful clinical features. RFE is used to 

sequentially remove less important features based on 

the measures of model performance and the 

importance of features. By eliminating the least 

relevant features via systematic training and by 

training and refining to only the most relevant 

features, RFE ensures that only the most relevant 

attributes affect the classification. This process 

reduces the dimensions, reduces overfitting, and 

improves generalization. The selected variables are 

highly clinically relevant and enhance the accuracy 

of prediction as well as interpretability. RFE 

simplifies the work of computing and enables faster 

training and more accurate predictions, which is 

vital to real-time clinical decision support systems. 

Data Balancing: The class imbalance in the CKD 

dataset can bias the learning algorithms to the 

majority, thus failing to detect minority cases. The 

solution to this problem in data sampling is the 

SMOTE. SMOTE develops synthetic samples of the 

minority category by interpolating the available data 

points, instead of copying records. This provides a 

more balanced distribution of classes and preserves 

basic data structures. Balanced data has been shown 

to increase the sensitivity of the classifier, the recall, 

and the overall predictive accuracy of the classifier 

particularly in the diagnosis of CKD. SMOTE 

enhances model learning, reduces bias, and provides 

accurate and reliable disease prediction outcomes by 

ensuring that both CKD and non-CKD patients are 

represented fairly. 

 c) Training and Testing: 

A stratified 10-fold cross-validation was used to 

divide the processed data into training and testing 

sets. The selected features were trained with 

different ML algorithms. The accuracy, precision, 

recall and F1-score were used to evaluate the 

models. Such an in-depth training and testing 

guaranteed strict performance validation, accurate 

prediction, and reliability of the developed system in 

the early detection of Chronic Kidney Disease. 

d) Algorithms: 

Logistic Regression (LR): Determines the 

likelihood of chronic kidney disease by simulating 

the connection between important clinical variables 

using the logistic function. Propositions are 

interpretable and probabilistic, and can help the 

doctors to identify the probability of a disease and 
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make timely intervention through the help of data-

driven diagnostic information. 

𝑦̂𝑖 = 𝜎(𝑤𝑇𝑥 + 𝑏) =
1

1 + 𝑒−(𝑤𝑇𝑥+𝑏)
     (1) 

Gaussian Naïve Bayes (GNB): It is a probabilistic 

model that is used to classify the cases of CKD and 

non-CKD using the Gaussian assumptions. Gives 

fast, reliable forecasts on less data, enabling 

physicians to determine the risk of CKD and enable 

the early diagnosis of the condition with statistical 

confidence. 

Support Vector Machine (SVM): Categorizes 

cases of CKD and non-CKD by finding a suitable 

hyperplane that will separate the cases the most. [27] 

uses kernel mapping to identify non-linear 

associations that guarantee high accuracy and 

soundness in interpreting clinical data and 

identifying early diseases. 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 
1

2
 ||𝑊||2 + 𝐶 ∑ 𝜉𝑖

𝑛

𝑖=1

       (2) 

Decision Tree (DT): Develops a gradation system 

of chronic kidney disease using clinical features. 

Offers direct decision-making, handles missing data 

effectively and aids the physicians in interpreting 

results, thereby enhancing diagnostic accuracy and 

early diagnosis strategies. 

𝐼 (𝑖) = 1 − ∑ 𝑝𝑖
2

𝑘

𝑖=1

      (3) 

Random Forest (RF): Combines multiple Decision 

Trees in order to increase the stability of 

classification and reduce overfitting. Recognizes 

substantial CKD indicators, enhances the predictive 

power, and provides information to physicians on 

the importance of features so that patients can be 

assessed and treated. 

𝐺𝑖𝑛𝑖 = 1 −  ∑(𝑃𝑖)2

𝐶

𝑖=1

    (4) 

AdaBoost: The poor learners are sequentially 

integrated with misclassified CKD cases given 

priority in order to improve the precision. Enhances 

the model effectiveness through adaptive weighting, 

enabling the proper identification of complex 

disease patterns and strengthening reliable and 

evidence-based clinical assessments. 

𝐻(𝑥) = 𝑠𝑖𝑔𝑛 (∑ ∝𝑡 ℎ𝑡(𝑥)

𝑇

𝑡=1

)      (5) 

Voting Classifier: Majority vote is used to 

consolidate the predictions of a wide variety of 

algorithms, including RF and AdaBoost. Improves 

the accuracy, reduces bias, and offers consistent 

CKD results, ensuring efficient, cooperative 

decision-making in clinical evaluation. 

𝑦̂  = 𝑎𝑟𝑔𝑚𝑎𝑥𝑐 (∑ 𝐼𝐼 (𝑦̂𝑖 = 𝑐)

𝑛

𝑖=1

)      (6) 

e) Integration of XAI and Flask Framework: 

Explainable Artificial Intelligence (XAI) combined 

with a Flask infrastructure enables the provision of 

transparent and interpretable predictions of ML 

models within an interactive web. In this 

implementation, LIME and SHAP are used to 

explain the model decisions in the case of predicting 

CKD. LIME provides localized descriptions, 

considering the impact of single characteristics on a 

given test case, focusing on such aspects as age, 

blood pressure, and specific laboratory results. 

SHAP goes further to provide global interpretability, 

the effect of each feature on multiple samples, and 

provide visualizations like summary plots to 

underscore key factors that impact model outputs. 

By embedding these XAI tools into a Flask-based 

app, end-users can engage in interacting with patient 

data and visualizing the estimation of probability 

and grasping feature-level information. Such 

integration builds confidence, improves clinical 

decision making and ensures that model forecasts 

are accurate as well as understandable by health care 

professionals. 

4. EXPERIMENTAL RESULTS 

Accuracy: Accuracy of a test is the ability of the test 

to make the right call after differentiating between 

the patient and healthy cases. To determine the 

validity of a test, the fraction of true positives and 

true negatives should be divided in all the cases 

tested. This can be mathematically stated as: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
TP + TN

TP + FP + TN + FN
  (7) 

Precision: Precision measures the percentage of 

correctly categorised cases in the cases that are 

found to be positive. It, therefore, follows that the 

precision can be calculated using the following 

formula: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
True Positive

True Positive + False Positive
   (8) 

Recall: Recall is a ML metric that measures whether 

a model can be used to recognize all the relevant 

examples of a particular class. The proportion of 

correct positive observations to the actual positive 

observations, which provides information about the 
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effectiveness of a model in recognizing the events of 

a particular class. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
TP

TP +  FN
  (9) 

F1-Score: F1 score is a measurement to determine 

the accuracy of a ML model. It is a composite of 

accuracy and recall of a model. The accuracy 

measure is used to measure how often a model 

obtains true predictions on the whole dataset. 

𝐹1 𝑆𝑐𝑜𝑟𝑒 = 2 ∗
𝑅𝑒𝑐𝑎𝑙𝑙 X 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑅𝑒𝑐𝑎𝑙𝑙 + 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
∗ 100    (10) 

Table.1 Performance Evaluation Table 

Model Accuracy Precision  Recall  F1 Score  

Voting 0.994 0.994373 0.994 0.993993 

AdaBoost 0.992 0.992308 0.992 0.991997 

RF 0.982 0.982823 0.982 0.981985 

DT 0.968 0.970186 0.968 0.967941 

LogReg 0.968 0.971210 0.968 0.967861 

SVM 0.962 0.965921 0.962 0.961864 

GNB 0.952 0.954925 0.952 0.951883 

Table 1 contrasts the models of predicting chronic 

kidney diseases in terms of accuracy, weighted 

precision, recall, and F1-score, showing that the 

hybrid Voting Classifier performs better than the 

other models. 

Fig.3 Comparison Graph 

 
A comparative graph of chronic kidney disease 

prediction models is presented in Figure 3, which is 

based on the accuracy, weighted precision, recall, 

and F1-score parameters, where each parameter is 

represented by a specific color: accuracy (blue), 

precision (green), recall (orange), and F1-score (red) 

to highlight the outstanding performance of the 

hybrid Voting Classifier. 

 
Fig.4 Upload the Data 

As shown in Figure 4, the input form enables a user 

to enter patient information in the case of Chronic 

Kidney Disease to make a prediction with the help 

of the ML-based categorization system. 

  
Fig.5 Predicted Results 

The result of the prediction in the output screen in 

Fig. 5 is The Analysis suggests No CKD Detected 

with a confidence of 79.0% indicating the 

confidence of the model. 

 

Fig.6 Upload the Data 

Fig. 6 shows that the input interface allows users to 

feed in patient-specific clinical data in CKD to 

enable the system to generate predictions with 

interpretability and confidence scores. 
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Fig.7 Predicted Results 

The output screen in Figure 7 shows that the 

prediction was CKD Detected with a confidence 

score of 91.0, which implies that there is a lot of 

certainty about the model. 

5. CONCLUSION 

The work provides a good example of how an 

accurate and interpretable system of chronic kidney 

disease prediction could be successfully developed 

with the help of advanced ML techniques and a 

working web-based application. Careful 

preprocessing, fair learning with SMOTE and 

feature selection demonstrated the identification of 

clinically relevant features that have strong 

influence on the diagnostics of CKD. The Voting 

Classifier, a combination of RF and AdaBoost, 

showed the best performance of all the evaluated 

models with the accuracy of 99.4, precision of 99.4, 

recall of 99.4, and F1-score of 99.3, which indicates 

that the classifier is highly reliable and consistent in 

distinguishing between CKD and non-CKD 

patients. Incorporation of explainable artificial 

intelligence techniques specifically LIME and 

SHAP enhanced transparency by clearly showing 

the contribution of features, hence enhancing 

clinical interpretability and trust in the predictions. 

The complete system is deployed as a Flask web 

application, which provides security when 

registering users and authenticating them, structured 

data entry of patients, real-time forecasting, and 

interpretable output presentation. The technique 

yields unquestionable diagnostic findings like, 

chronic kidney disease found or no chronic kidney 

disease found, which makes it easier to be able to 

make informed clinical decisions and intervene in 

time. The results confirm that the hybrid ensemble 

Voting model combined with elucidative insights 

and an interactive Flask interface is a reliable, 

accurate, and user-friendly tool of CKD risk 

assessment in real healthcare practice. 

The future possibilities of this technology lie in 

improving its flexibility and application in the real 

health care environments. Generalizability and 

strength can be enhanced by including more diverse 

and larger datasets of multiple hospitals. Combining 

wearable devices and electronic health data with 

real-time monitoring systems can provide 

continuous predictions and custom alarms. Future 

improvements could include advanced DL networks 

to improve the accuracy of predicted results and the 

combination with telemedicine technologies to 

assist patients remotely. The enhancement of the 

explainability methods will strengthen clinician 

confidence, and mobile-friendly interfaces will 

make the framework available to clinicians and 

patients alike to take initiative in the management of 

kidney health. 
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