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Abstract 

Chronic kidney disease (CKD) is amid the substantial backer to morbidity and 
mortality from non-infectious syndromes that can affect 10 to 15% of the 
universal inhabitants. Premature and accurate recognition of the stages of CKD is 
whispered to be vibrant to minimize the influences of patient’s healthiness 
complications, for instance hypertension, low blood count-anemia, bone disorder, 
poor nutritional vigor, neurological, and acid base abnormalities worries with 
timely intrusion through proper medications. Machine learning models can very 
well help clinicians to accomplish exactly this goal because of their prompt 
recognition performance. There have been different studies conducted based on 
machine learning methods in the identification of CKD during its premature 
phase. They did not pay more attention to the prediction of the given stage. In this 
research, the binary, and multi classification for phase prediction has been 
performed. The prediction models used include K-Nearest Neighbor ‘KNN’, Naïve 
Bayes ‘NB’, and Multilayer Perceptron ‘MLP’. An evaluation of the models was 
done and the results from the experiment indicated that KNN has a better 
performance of 99.17% than NB and MLP. 
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INTRODUCTION
Kidneys are critical organs liable for sustaining the 
bodies inside environment by filtering waste away 
commodities and superfluous fluids from the blood. 
Their development begins early during fetal life, with 
functional activity starting around the 12th week of 
gestation. This early onset of function highlights the 
critical role of the kidneys in regulating fluid balance 
even before birth. Given their essential physiological 
role, any impairment in kidney function can have 
serious health implications throughout life. Chronic 

kidney disease (CKD) is a condition in which the 
kidneys gradually lose their ability to filter waste and 
excess water from the blood. Over time, this 
progressive decline in kidney function can lead to 
kidney failure and, ultimately, death. Often referred 
to as a silent killer, CKD is typically asymptomatic in 
its early stages [1].  
Chronic kidney disease (CKD) progresses through 5-
stages based on kidney function (eGFR). Stage-1 
shows kidney damage but normal function (eGFR 
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>90), while Stage-2 indicates mild function loss 
(eGFR 60-89). Stage-3 splits into 3a (eGFR 45-59) 
managed by GPs and 3b (eGFR 30-44) needing 
specialist care, Stage-4 reveals unadorned impairment 
(eGFR 15-29), and Stage 5 means kidney failure 
(eGFR <15) requiring dialysis or transplant. Early 
stages often remain stable with proper care, while 
later stages need intensive treatment [2]. According 
to evaluations by the World Health Organization-
WHO, millions of individuals worldwide are 
pretentious by this disease. The major causes of CKD 
include hypertension, diabetes, and genetic 
predisposition. Diagnosis is carried out through 
various methods such as serum creatinine levels, 
urine analysis, glomerular filtration rate (GFR), and 
imaging or kidney biopsy [3]. 
Technology has seamlessly woven itself into the 
fabric of our everyday existence. It is no longer just a 
tool; it is an invisible assistant, a primary source of 
information, and a central hub for our social and 
professional interactions [4]. In stream years, 
machine learning „ML’ has appeared as an effective 
tool in the prediction, diagnosis, and medication of 
chronic-kidney disease (CKD) [5]. ML algorithms 
have demonstrated promising results in identifying 
early patterns of CKD progression by analyzing 
complex medical data. This integration of ML into 
nephrology supports early intervention and enhances 
the precision of clinical decision-making [6]. Closely 
related to ML, data mining techniques further enrich 
the healthcare domain by enabling the extraction of 
meaningful patterns and trends from large-scale 
medical datasets. These techniques, widely applied 
across domains such as telecommunications and 
finance, are particularly transformative in healthcare, 
where they help identify inefficiencies, optimize 
resource allocation, and reduce costs [7]. 
Although machine learning and data mining 
practices have been employed in chronic kidney 
disease (CKD) research, most studies rely on 
standalone models, which can limit prediction 
accuracy. This study proposes a comparison of the 
efficiencies of three distinct models „Artificial Neural 
Networks (ANN), K-Nearest Neighbors (KNN), and 
Bayesian Networks (BN)‟ with a Genetic Search 
Algorithm (GSA) for feature selection. By utilizing 
the UCI Kidney Disease Dataset, the study 
intentions to detect the highly effective model for 

enhancing early detection and supporting clinical 
decision-making through more precise and data-
driven insights. 
 
LITERATURE REVIEW 
Snegha, J. et al., [8] performed research work on 
chronic kidney disease prediction in 2020. The data 
set was obtained from Kaggle online data bank 
having 400 samples. After data preprocessing and 
data cleaning the Random Forest, and Back 
Propagation Neural Network (BPNN) were 
implemented as predictive algorithms. Result shows 
that BPNN performs best with 98.40% accuracy than 
Random Forest algorithm.  
Vijayarani, S., & Dhayanand, S. [9], implemented 
Naïve Bayes, and Support Vector Machine (SVM) on 
a synthetic Kidney Function Test (KFT). The dataset 
has 584 patient cases. After data preprocessing with 
data transformation and classification mapping SVM 
and Naïve Bayes machine learning algorithms were 
implemented. Result reveal that SVM outperformed 
nave bayes in terms of accuracy. 
Rady, A., & Anwar, A. [10] instigated Probabilistic 
Neural Network (PNN), Multilayer Perceptron 
(MLP), SVM, and Radial Basis Function (RBF) 
models for predictive machine learning algorithms 
for „Prediction of Kidney Disease Stages Using Data 
Mining Algorithms‟. The proposed models were 
trained and tested on the dataset, which is 
downloaded from UCI-machine learning repository, 
having 361 CKD patients with 25 attributes.  In the 
preprocessing stage missing values were handled with 
median replacement method. Among the predictive 
algorithms probabilistic neural network achieved the 
highest accuracy of 96.7%. 
Islam, M. A. et al., [11] examined 12 machine 
learning algorithms for chronic kidney disease 
prediction, Including XGboost, AdaBoost, Decision 
Tree, SVM, Random Forest, Gradient Boosting, 
LGBM, CatBoost, KNN, Hybrid machine learning, 
Extra tree, Stochastic Gradient Boosting and ANN.  
Dataset was downloaded from UCI-database having a 
total of 400 instance‟s and 25 attributes including 
class label. For dataset preprocessing means and 
mode imputation, for optimal feature collection uses 
PCA. Among the 12 ML models XGBoost 
performed better PCA than other algorithms with 
the accuracy of 99.16%. 
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Dutta, S. et al., [12] signified their exploration on 
diagnosing chronic kidney disease using Logistic 
Regression, Decision Trees, and Random Forests as a 
data mining procedure. The data set has 400 
patient‟s records, with 250 CKD-positive and 150 
CKD-negative cases. The findings indicated that 
Logistic Regression provided the best classification 
results for CKD detection, making it a reliable 
approach for early diagnosis and clinical application. 
Logistic regression algorithm performance with 1.0 
accuracy achieved. 
Qin, J. et al., [13] applied six machine learning 
classifiers for chronic kidney disease (CKD) 
prognostication i.e., Support Vector Machine, 
Random Forest, Logistic Regression, K-Nearest 
Neighbors, feedforward neural network (FNN) and 
Naïve Bayes. For missing values preprocessing K-
Nearest neighbors were implemented, which boosts 
the performance and accuracy of Random Forest 
reaching 99.75% among the all-applied algorithms. 
Roman. M et al., [14] investigated stroke disease 
prediction based using K-Nearest Neighbor and 
Decision Tree algorithms. Data was gathered from 
two different hospitals in Peshawar city, having 12 
features. Genetic Search, and Chi-Square were used 
for best feature range to achieve better expectations. 
Based on their results, they found that K-NN along 
with Genetic Search yielded an optimal accuracy of 
97.5%, better than Decision Tree models. 
Al-Batah, M. S., et al., [15] built an intelligent system 
for heart disease forecasting for Jordanian hospitals. 
They used one dataset of 1,025 samples each with 14 
features. Various algorithms were tested such as 
Logistic Regression, Neural Networks, Naïve Bayes, 
and Random Forest. They found Random Forest 
produced an accuracy of 98.4%, which was the best 
among those investigated. 
Krishnaiah, V. et al., [16] carried out a study to 
determine the function of data mining methods in 
predicting heart conditions and to identify a more 

effective mining method for categorising cardiac 
disorders. For predicting cardiac diseases, data 
mining methods such as Fuzzy-KNN, K-Nearest 
Neighbour, C4.5, J48, Neuro-Fuzzy, K-means, and 
Neural Network were compared. It was found that 
fuzzy-KNN produced better and more accurate 
results than the others. 
Prasertsakul, T. et al., [17] provided a classification 
algorithm for stroke patients' rehabilitation after 
extracting data related to them. The MATLAB 
program is used to handle data from the Edinburgh 
University website in order to train and test the 
Artificial Neural Networks (ANN) and Decision Tree 
(D.T.) models. Results show that the decision tree 
outperformed with the accuracy of 98.2 % than 
neural network (with accuracy of 96.4%). 
The implementation of artificial neural networks 
(ANN), naïve bayes (NB), and k-nearest neighbour 
algorithms (KNN) is extensively studied in the 
literature, which also provides us with a thorough 
understanding of how these algorithms can be used 
to predict renal illnesses in specific patients. It is 
observed that genetic search is significant in selecting 
the best attributes to give us better results for our 
data. 
 
RESEARCH METHODOLOGY 
An intelligent integrated model was developed for 
kidney diseases forecasting. The UCI machine 
learning repository provides access to the kidney 
illness dataset. Two datasets, one for training and the 
other for testing the model were created following 
data pre-processing. The best and most efficient 
feature selection in pre-processing is achieved with 
the genetic search algorithm. Figure 1 illustrates the 
individual applications of the K-nearest neighbour, 
Naïve Bayes, and artificial neural network 
classification models. After training the model, the 
accuracy of the suggested integrated model was 
determined using test data. 
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Fig1: Proposed Classifier Model Architecture 

 
Data Collection 
The persistent kidney disease data set obtained from 
„UCI learning repository database‟, consists of 24 
attributes with a class label. Table 1 presents a 
summary of the collected data, listing and key values 
attributes. 
 
 
 
 

Feature Selection 
Data reliability is enhanced in this stage. Data 
cleaning, integration, reduction, and removal of 
outliers‟ tasks are performed at this stage. Feature 
subset evaluation is used to dig out the least number 
of parameters. The selected attributes presented 
results like attained with all of attributes [18]. It is 
extraordinarily helpful to eradicate unrelated 
attributes and increase effectiveness. 

 

 
Table 1: Attributes Description 
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Genetic Search Algorithm: 
Genetic Algorithms (GAs) are search methods based 
on natural selection and genetics, arose by John 
Holland in the 1970s [19], using populations of 
potential solutions (called individuals or 
chromosomes). Through iterative generations, GAs 
improves these solutions by mimicking biological 
evolution. The process begins with randomly created 

solutions. Every single solution's quality is evaluated 
using a fitness function that measures how well it 
solves the problem [20]. During each generation, 
three key operations are applied i.e. selection, 
crossover, and mutation. Genetic algorithm 
workflow feature selection. Rectangles represent 
operations, diamond indicate decision points, and 
dashed lines show elitism preservation in figure 2. 

 
Fig 2. Flow chart of Genetic system 

 
Gas work particularly well for complex problems 

because they [21]: 
 Can find optimal solutions even for problems 

with multiple possible answers (multi-modal 
functions) 

 Work with both continuous and discrete 
(separate) values 

 Examine many potential solutions 
simultaneously (multi-point search). 

Each potential solution is represented as a string called 
a chromosome. The population consists of multiple 
chromosomes with their fitness scores. Each iteration 
produces a new generation of improved solutions [22]. 
At the preprocessing stage genetic algorithm selects 
best 16 attributes out of totally 25 attributes as shown 
in table 2. 
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S. NO ATTRIBUTE S. NO ATTRIBUTE 

1 Blood pressure 5 Blood glucose random 

2 Specific gravity 6 Serum creatine 

3 Albumin 7 Sodium 

4 Red blood cell 8 Potassium 

9 Packet cell volume 10 Appetite 

11 White blood cell count 12 Peddle edema 

13 Hypertension 14 Anemia 

15 Diabetes mellitus 16 Hemoglobin 

    Table 2: Attributes selected by Genetic Algorithms  
 
CLASSIFICATION MODELS: 
The construction of a model that can be used to 
classify a group of items which will later be used to 
assign class labels or the attributes of yet unknown 
objects in the future is known as classification [23]. 
In the organized intelligent integrated model k-
nearest neighbor, artificial neural network and naïve 
bayes classifier were used for kidney diseases 
forecasting. 
 
K-Nearest Neighbor 
The K-Nearest Neighbors algorithm represents a 
fundamental instance-based learning approach that 
operates through direct comparison between test 
samples and training data [22]. As a lazy learner, K-
NN performs classification by identifying the kth most 

similar training samples in feature space using 
distance metrics, with Euclidean distance being most 
prevalent for continuous data. The algorithm 
supports both classification through majority voting 
and regression via neighbor averaging, where the 
choice of k significantly impacts results - smaller 
values (k=1) create complex boundaries while larger 
values (k=5) produce smoother decision surfaces, as 
illustrated by cases where a test point's classification 
changes based on neighborhood size [24]. 
To measure similarity or proximity between data 
points, Manhattan Distance, Euclidean Distance, 
and Minkowski Distance formulas are used. We 
employed Euclidean Distance formula as shown in 
equation 1. 
      

                                  

                                       
 
 
 
These metrics are fundamental in algorithms like k-
Nearest Neighbors (k-NN) for comparing feature 
vectors. The Euclidean distance is particularly 
common for measuring the separation between 
training samples and test instances [25]. 
 

Artificial Neural Networks (ANNs) 
Artificial Neural Networks (ANN) are computing 
systems inspired by the brain's biological neurons, 
forming the core of deep learning. Each neuron 
activates based on the weighted sum of its inputs, 

Equ.1 Euclidean Distance (L₂ Norm) 
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processed through an “activation function” to produce an output.  
The network's behavior depends on three key 
components:  

a. “Activation functions”, which shape neuron 
responses.  

b. “Learning rules”, which adjust connection 
weights during training; and  

c. “Network architecture”, defining layer 
organization (input, hidden, and output 
layers) and connections [26] 

ANN process data through their input layer 
(structured in matrices), transform features into 
hidden layers via summation and activation 
functions, in addition to deliver results through the 
output layer [27]. This structure enables ANN to 
efficiently learn patterns, perform classifications, and 
make data-driven predictions. By optimizing 
activation functions, learning rules, and architecture, 
ANN achieves powerful computational capabilities 
for complex problem-solving [28]. 
 
Naïve Bayesian Network 
Naive Bayes is a straightforward probabilistic 
classifier that applies Bayes' Theorem under the 
assumption of feature independence. This model is 
more accurately described as an independent feature 
model, as it assumes that the presence of one feature 
is independent of the others, which simplifies the 
computation of the posterior probability [29]. 
Despite the unrealistic nature of this assumption in 
real-world scenarios, Naive Bayes performs effectively 
in many supervised classification tasks, often 
requiring a relatively small amount of training data 
to estimate the necessary parameters (means and 
variances) for each class, rather than needing to 
compute the full covariance matrix as shown in 
equation 2 [30]. 
 
 
 
 
 
 
 
 
 
 
Whereas, 

 P(A∣B) „is the posterior probability of class A 
given the feature vector B‟, 

 P(B∣A) „is the likelihood of observing the 
feature vector B given class A‟, 

 P(A)  „is the prior probability of class A‟, 
 P(B) „is the evidence or the total probability 

of feature vector B, which is constant across 
all classes‟. 

The simplicity of this approach, combined with the 
effectiveness in predicting outcomes, makes Naive 
Bayes a valuable tool, especially for tasks such as 
kidney disease prediction. 
 
RESULTS AND DISCUSSION 
In the context of healthcare, particularly in the early 
revealing of CKD, the precision of a diagnostic 
model is not merely a technical matter, it can define 
the trajectory of a patient‟s life. A false-negative-FN 
could indicate a missed identification, while a false 
positive-FP could lead to avoidable psychological and 
medical stress. With this life-saving responsibility in 
mind, this work evaluated the execution of three 
machine learning classifiers Multilayer Perceptron-
(ANN), K-Nearest Neighbors (KNN), and Naive 
Bayes (NB). Genetic Search was employed as a 
feature selection strategy, reducing the 
dimensionality by selecting 16 most relevant features. 
The classifiers were assessed using standard 
evaluation metrics including accuracy, precision, 
recall (sensitivity), false positive rate (FPR), and false 
negative rate (FNR) [31]. These metrics were 
computed using the following formulas: 

         
                         

                       
   (     ) 

           
             

                            
  (     ) 

        
             

                            
  (     ) 

           
                 

                
  (     )  

The K-Nearest Neighbors (KNN), classifier 
demonstrated excellent performance across all 
metrics. It achieved an accuracy of 99.17%, correctly 
predicting 119 out of 120 instances. The absence of 
false negatives is particularly important for CKD 
diagnosis, where missing a positive case can lead to 
serious medical consequences. These results make 

Equ. 2 Bayes' Theorem is mathematically 

representation 
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KNN a promising candidate for high-stakes medical 
applications. 
The Naïve bayes classifier also performed well, with 
an accuracy of 98.33% and a kappa statistic of 
0.9659. Out of 120 instances. Although Naïve bayes 
maintained a perfect recall like KNN, its slightly 
higher false positive rate indicates a small risk of 
over-diagnosing CKD, which could be addressed 
through hyperparameter tuning. 
ANN, in contrast, had the lowest performance 
among the three classifiers. It achieved an accuracy of 

95%, with 114 correct predictions. This performance 
indicates the classifier maintains perfect specificity 
while being slightly conservative in positive case 
identification, making particularly suitable for 
applications where false positive is more costly than 
false negative, though the 8.57% false negative rate 
may require mitigation in critical use cases. The 
comparison in table 2 summarizes the performance 
metrics of each classifier.

 
Matric KNN Naïve Bayes MLP Best Performer 
Accuracy 99.17% 98.33% 95.00% KNN 
Precision(yes) 100% 100% 100% All equal 
Recall(yes) 98.57% 97.14% 91.43% KNN 

Table 2: Classifiers Result Comparison 
 
The KNN classifier outclassed others classifier 
models, achieving the highest accuracy and most 
balanced error profile. The MLP demonstrated 
perfect precision however, exhibited conservative 
classification behavior with elevated false negatives. 
Naïve Bayes provided a robust middle ground, 
balancing performance and computational efficiency. 
This analysis recommends KNN for general 
applications, with MLP preferred when false positive 
must be strictly avoided. 
Accuracy is a central evaluation metric for 
classification models, demonstrating the proportion 
of all correct predictions out of the total predictions 
made [32] figure 3 graphically presents a comparative 

assessment of classification in relationships of 
accuracy across three machine learning algorithms: 
K-Nearest Neighbors (KNN), Artificial Neural 
Networks (ANN), and Naïve Bayes (NB). The results 
demonstrate a clear performance hierarchy, with 
KNN achieving superior accuracy (99%), followed by 
NB (98%), and ANN (95%). KNN's compelling 
performance likely stems from its ability to model 
complex, non-linear decision boundaries in the data. 
NB's moderate accuracy, while ANN's comparatively 
weaker performance indicates its independence 
assumptions may not adequately capture variable 
dependencies present in the dataset.  
 

 

 
Fig 3. Visual representation of ML algorithms 
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FUTURE SCOPE  
Future research could leverage data mining 
techniques to enhance kidney disease prediction by 
discovering hidden patterns in large-scale medical 
datasets. Feature selection and association rule 
mining could identify key risk factors, while 
clustering methods may reveal patient subgroups for 
personalized treatment. Temporal data mining could 
track disease progression, and anomaly detection 
might flag early warning signs. Integrating these data 
mining approaches with machine learning could 
improve both prediction accuracy and clinical 
interpretability for better decision-making in kidney 
care. 
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