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A B S T R A C T 

This study evaluates and compares many ML (machine learning) models applied to 
diagnose chronic kidney disease (CKD) using clinical patient records, emphasizing 
sustainable healthcare practices. The research investigates the application of three distinct 
scaling techniques: Standard Scaler, Min-Max Scaling, and Principal Component 
Analysis to enhance the predictive overall accuracy of these models, aiming for supporting 
the creation of more efficient and sustainable diagnostic solutions. The dataset, which 
included multiple clinical parameters, underwent thorough preprocessing, including 
handling missing values and applying feature scaling, to maintain data integrity and 
reliability. The models used in this analysis are Support Vector Classifier (SVC), Random 
Forest, AdaBoost Classifier, Logistic Regression, K-Nearest Neighbors, Decision Trees, 
a Hybrid Model of classifiers (K-Neighbors, Decision Tree, AdaBoost), and Neural 
Networks. The effectiveness of each model is measured by analyzing training accuracy, 
RMSE (Root Mean Square Error), and testing accuracy of all scaling techniques. 
Additionally, the study delivers a thorough analysis of the confusion matrix (CM) and 
classification reports, including metrics such as precision, support, F1 score, recall, and 
accuracy for each model and scaling technique. The results show insights into the efficacy 
of scaling methods in enhancing the capabilities in terms of ML algorithms for CKD 
diagnosis. This study demonstrates the effect of scaling methods on ML model 
performance, which could assist in developing more accurate and sustainable diagnostic 
tools for CKD. By integrating advanced ML techniques with sustainable healthcare goals, 
this research aims to support the broader objective of improving healthcare systems in an 
environmentally and socially responsible manner. To further enhance the interpretability 
and clinical applicability, the research also finds the capability of integrating these 
optimized models into real-world diagnostic systems, aiming to support clinicians in 
achieving timely and precise chronic kidney disease detection, ultimately contributing to 
better clinical results and sustainable healthcare practices. 

 
1. INTRODUCTION 

CKD is a prominent problem, characterized by a gradual 
deterioration of kidney function. This condition affects 
millions of individuals worldwide, that plays a major role in 
global morbidity and mortality. Its link to end-stage kidney 
disease (ESKD) and cardiovascular diseases further 
exacerbates its impact on health outcomes globally [1] [2]. 
The silent nature of its early stages makes CKD a 
particularly insidious threat, often going undetected until it 
is significantly advanced [3][4]. The economic burden of its 
treatment, especially in the form of renal replacement 
therapy, adds to the challenge, often making it inaccessible 
to a large segment of the affected population[5]. 

Healthcare is witnessing a growing use of AI and ML, 
with a specific focus on utilizing these technologies to 

identify and effectively manage chronic diseases in their 
early stages like CKD[6] [7]. Machine learning has 
displayed promise in utilizing vast and complex datasets to 
generate algorithms capable of predicting disease 
progression and supporting clinical decision-making. [8] 
[9]. The usage of ML in CKD care, from prevention and 
diagnosis to treatment, is particularly noteworthy. It offers 
potential solutions to the challenges of early detection and 
personalized treatment, crucial in managing a disease known 
for its asymptomatic progression[10] [11]. 

Although machine learning offers potential advantages, 
its integration into healthcare encounters several obstacles. 
These include concerns regarding the performance and 
methodological rigor of ML models and their comparison 
with traditional non-ML-based prediction tools [12][13]. 
Previous research has proven the efficacy of ML models in 
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chronic disease prediction and raised questions about the 
quality and consistency of these predictive tools 
[14][15][16]. However, there is limited thorough research 
related to the implementation of particular machine learning 
models. and scaling methods in the accurate assessment of 
CKD using patient clinical records. 

In these challenges, our work aims to fill this gap with the 
evaluation of various ML models, particularly DT, KNN, 
SVC, Random Forest, AdaBoostClassifier, Logistic 
Regression, Hybrid ML Models, and Neural Networks. 
Furthermore, the study delves into the effectiveness of three 
distinct scaling techniques - Standard Scaler, Min-Max 
Scaling, and PCA - in enhancing the models' predictive 
accuracy. Using a clinical dataset comprising key 
parameters relevant to kidney health, this research evaluates 
each model's performance in training accuracy, testing 
accuracy, RMSE, and crucial metrics like the confusion 
matrix and classification reports [17] [18]. 

Machine learning (ML) models help with the timely 
identification and effective management of CKD. By 
analysing extensive datasets of patient information, these 
models can identify patterns and factors that contribute to 
CKD progression, such as demographics, blood pressure 
levels, and glucose concentrations. Advanced algorithms 
can also predict the risk of disease onset in individuals by 
assimilating clinical data with lifestyle factors, potentially 
leading to timely interventions. Furthermore, machine 
learning aids physicians in customizing treatment plans by 
analyzing the effectiveness of various medications and 
treatment modalities on different patient groups. However, 
it is essential to address challenges like patient data 
confidentiality, transparency of the models, and their 
seamless incorporation into current healthcare 
infrastructures to fully leverage machine learning in 
combating chronic kidney disease. This paper helps within 
healthcare-oriented ML, with a specific focus on CKD, a 
disease which growing concern due to its prevalence and 
impact. By offering a complete analysis of various ML 
models and scaling methods, the present study helps to 
advance the effectiveness and scope of predictive analytics 
in CKD diagnosis, thereby contributing to early 
identification and effective management of this condition. 

2. LITERATURE REVIEW 

Sinha et al.[19] contrasted the classifiers' effectiveness in 
CKD prediction, which are SVM and KNN, finding KNN 
(78.75% accuracy) to be more effective than SVM (73.75% 
accuracy), as shown in Table 1. The execution time, overall 
precision and accuracy of the KNN and SVM classifiers are 
evaluated in this work for CKD prediction. The KNN 
classifier outperforms the SVM classifier in the 
experimental results. 

Chen et al.[7]emphasized the importance of ML in CKD 
care, highlighting its role in replacement therapy planning of 
renal, early disease prevention, and its clinical as well as 

economic benefits. Their systematic review examined the 
diagnostic ML tools in the context of CKD with a focus on 
comparing ML-driven approaches to traditional non-ML 
techniques regarding their predictive performance, 
applications, and reporting standards. 

Polat et al. [20] highlighted the significance of feature 
selection in boosting the predictive accuracy of ML 
algorithms used for CKD evaluation. In their study, a total 
of 6 classifiers – SVM, random forest, KNN, J48, preference 
tables, and Naïve Bayes. They concentrated on the use of the 
SVM classification algorithm, which combined both filter 
feature selection and wrapper techniques. This approach 
aimed to reduce the dimensionality of the dataset 
effectively, crucial for improving diagnostic precision. Their 
investigation's findings showed that the SVM classifier, 
after being fine-tuned with the filtered evaluator i.e. for 
subset and the Best First search method for selecting 
features, attained an impressive accuracy level of 98.5%. 

Manal A Abdel-Fattah et al. [21] concentrate on 
enhancing the prediction of CKD by hybrid ML algorithm 
on platforms like Apache Spark. They employed feature 
selection methods, such as Relief-F and chi-squared, to 
identify significant features in the dataset. They used 6 
classifiers, and results showed that the Support Vector 
Machine, Decision Tree, and Gradient-Boosted Trees 
classifiers, when used with selected features, achieved 
perfect accuracy of 100% when applied with optimally 
selected features. Their results showed that integrating 
feature selection strategies with ML algorithms on platforms 
such as Apache Spark can substantially enhance the 
performance of CKD prediction models. In their 
investigation, the effectiveness of ML-based approaches in 
healthcare, particularly in diagnosing diseases like CKD at 
an early stage, is critical for effective treatment and 
management. 

3. MATERIALS AND METHODS 

Here, we will discuss the methodologies used in our study, 
including the dataset utilized, preprocessing steps, 
exploratory data analysis, feature selection techniques, 
model training and associated evaluation metrics, visually 
outlined in the workflow diagram (Figure 1). 

This study is conducted on UCI ML Repository Chronic 
Kidney Disease (CKD) Dataset, which underwent 
preprocessing for the data and EDA (Exploratory Data 
Analysis). The first data preprocessing phase involved 
cleaning and standardizing data, addressing incomplete or 
missing data entries, transforming features, and ensuring 
data quality for subsequent analysis. This was crucial in 
preparing the dataset for EDA, which provided initial 
insights into CKD factors and helped in understanding the 
distribution of the target class within the dataset which are 
CKD and non-CKD. 
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Table 1: presents a comparative summary of several CKD-related research studies 

Authors Years Dataset Tools Classifiers Results and Analysis Future scope 

Sinha et al. 
[19] 

2015 UCI 
Machine 
learning 
repository 

MATLAB KNN, SVM For KNN (Accuracy-78%, 
precision-85%, Recall-76%, F-
measure-80%, 

Better solutions to the 
objective function can be 
determined through the 
assessment of newly 
developed classifiers. For SVM (Accuracy-73%, 

precision-50%, Recall-100%, 
F-measure-66%) 

Vasquez-
Morales et 
al. [22] 

2019 RIPS 
database of 
the 
Colombian 
Ministry of 
Health and 
Social 
Protection 

Keras 
library and 
TensorFlow 
framework 
version 
1.13.1 

NN-CBR (Neural 
Network- Case 
Based Reasoning), 
Random Forest, 
SVM 

Accuracy (Neural Network- 
95%, Random Forest-92%, 
SVM-61%) 

Investigating through the 
use of neural network 
features for case 
representation and 
analyzing the effect of 
reducing case base size on 
CBR system performance 

Islam M. et 
al.[23] 

2023 UCI ML 
Repository 

Jupyter 
Notebook 
web tool 

LGBM, SVM, 
AdaBoost, GB, 
NB, Extra Tree, 
Hybrid, DT, 
XGBoost, KNN, 
SGB, RF, 
CatBoost, ANN 

Highest Accuracy (Testing)- 
XgBoost with 99.16%, 
Lowest Accuracy(testing)- 
ANN with 60% 
 

Different scaling 
techniques can be applied 
to the models as only PCA 
is applied in this paper. 

Md. 
Mehedi 
Hassan et 
al. [24] 

2023 UCI ML 
Repository 

- RT, RF, NN 
SVM, and BTM 

Full Dataset- 
Accuracy-
100%(NN), 
Sensitivity- 
100%(NN), 
Specificity-
100% (NN, 
RF, SVM, RT, 
BTM) , 
Kappa-
100%(NN) 

XGBoost 
Dataset- 
Accuracy-
100% (SVM), 
Sensitivity -
100% (SVM), 
Specificity- 
100% (NN, 
RF, SVM), 
Kappa-
100%(SVM) 

Applying the developed 
models to datasets of other 
diseases. Also, developing 
more advanced and expert 
systems 

Charleonn
an et al. 
[25] 

2016 UCI ML 
repository 

- KNN, SVM, LR, 
DT 

Accuracy (SVM-98.3%, DT-
94.8%, LR-96.55%, and KNN-
98.1%.) 

Investigating the usage of 
other ML models for CKD 
prediction 

Debal et 
al.[26] 

2022 The dataset 
is sourced 
from St. 
Paulo’s 
Hospital. 

- RF, SVM, DT The F1 score is highest for 
Random Forest (RF). 
Feature Selection with RFECV 
(SVM, RF)-99.8%. 
Highest accuracy (Binary 
Class)-99.8%  

Including more clinical & 
demographic features in the 
dataset can improve the 
models’ robustness and 
generalizability. 

Nishat et 
al. [27] 

2021 University 
of 
California, 
Irvine-
learning 
repository 

Python CNN  
LR  
DT  
RF  
SVM  
NB 
MLP  
QDA       

Accuracy: 
 For LR is 98.25%, CNN is 
78%, RF is 99.75%, QDA is 
37.5%, MLP is 81.25%, NB is 
96.5%, DT is 99% and  
NB is 96.5%. 
 

Machine learning 
techniques enable the 
construction of an effective 
and dependable computer-
aided diagnostic system.  
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Fig. 1. The framework of the approach employed for chronic kidney disease prediction. 

 

 
Fig. 2. In the dataset, a heat map shows the correlation among different attributes. 
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For feature selection, three techniques were employed: 
Min-Max Scaling, Standard Scaler, and PCA. These 
techniques are important in normalizing the dataset and 
reducing dimensionality, thereby enhancing the overall 
efficiency of the ML based models. 
The dataset is segregated into testing & training segments, 
from that, 75% dedicated to training purposes and 25% 
reserved for testing. This division was integral to confirming 
the performance of the models in an unbiased manner. 
Several ML models are trained by the pre-processed dataset, 
including Neural Network, RF, KNN, SVM, AdaBoost, 
Decision Tree (DT), and a Hybrid ML Model (integrating 
AdaBoost, Random Forest, and Logistic Regression (LR)). 

Evaluation metrics for each scaling technique were 
applied to measure the models' performance. These metrics 
included testing and training accuracy, RMSE value, and 
confusion matrix. Additionally, a classification report was 
generated for each model, providing F1-score, support 
metrics, precision, and recall. 
 

Table 2. Shows the representation used in the dataset 

Code Description Code Descriptio
n 

Code Descripti
on 

pc Pus Cell bgr Blood 
glucose 
Random 

su Sugar 

htn Hypertension hemo Hemoglobi
n 

bp Blood 
Pressure 

rc Blood 
Pressure red 
blood cell 
count 

sc Serum 
Creatinine 

pcv Packed 
cell 
volume 

al Albumin wc White 
Blood Cell 
Count 

pot Potassiu
m 

rbc Red Blood 
Cells 

sg Specific 
Gravity                      

dm Diabetes 
Mellitus 

sod Sodium appet appetite bu Blood 
Urea  

Age Age cad Coronary 
Artery 
Disease 

ane Anemia 

pcc Pus cell 
clumps 

pe Pedal 
Edema 

class Class 

 
The results and comparison stage involved comparing all 

eight models based on the metrics to determine the optimal 
method for CKD prediction. That comprehensive evaluation  
enabled us to pinpoint the strengths and shortcomings of 
each model and scaling technique, facilitating an informed 
selection of the best-performing model. 
3.1 Dataset 

The CKD data obtained from the UCI Machine Learning 
Repository contains 400 records and 25 features, of which 

11 are numerical and 14 are categorical. Key features 
include bp, age, sugar levels, and markers like hemoglobin 
and electrolytes, as shown in Table 2. Designed for 
classification tasks, it differentiates between both non-CKD 
and CKD cases. As part of the UCI ML Repository, this 
dataset serves as a foundational resource for developing 
machine learning models to detect and classify CKD at an 
early stage. The proportion of samples with chronic kidney 
disease is 62.14%, while the proportion without chronic 
kidney disease stands at 37.5%. 

3.2 Data Preprocessing and EDA 

The preprocessing and EDA stages play a huge role in 
organizing a dataset for later ML procedures, which makes 
the data understandable for model training and validation 
[28]. 

In our study, the dataset containing 400 instances with 25 
attributes pertinent to kidney disease underwent 
preprocessing. This process involved several key steps. 
Firstly, we improved the readability of the dataset by 
renaming columns with more descriptive titles. For 
example, abbreviations like 'bp' and 'sg' were renamed to 
'blood_pressure' and 'specific_gravity', respectively. 
Additionally, we addressed the issue of non-numeric data in 
columns such as 'red and 'white’ blood cell counts by 
converting these values to numeric, setting non-numeric 
entries as ‘NaN’. A significant part of our data cleaning 
effort involved rectifying inconsistencies and errors. This 
included replacing erroneous '\t?' entries with ‘NaN’ and 
standardizing entries in fields such as 
'coronary_artery_disease', 'diabetes_mellitus', and 
'classification' to ensure uniformity across the dataset. 
Lastly, we performed type conversion on the 
'packed_cell_volume' column, changing it to a numeric type 
to better suit subsequent analytical procedures. These 
preprocessing steps were vital in making the dataset suitable 
for precise and efficient analytical evaluation. 

In the EDA phase of our study, we used a variety of data 
visualization and analysis tools, to gain comprehensive 
insights into the dataset. We then conducted a correlation 
analysis using a heatmap to understand the interrelationships 
between various numerical features as shown in Fig 2. 
Furthermore, we create a series of grouped bar charts, 
allowing us to explore the relationships between key 
variables, including 'diabetes_mellitus', 'rbc', 'albumin', 
'pus_cell_clumps', 'specific_gravity', 'pus_cell', 
'hypertension', and their influence on the classification of 
CKD, as shown in Fig 3. Additionally, we performed 
statistical aggregation, computing counts, means, medians, 
minimums, and maximums for variables such as 
'red_blood_cells' and 'albumin'. This process offered an in-
depth understanding of the structure of the dataset and the 
distribution of key features, which is essential for effective 
model building and hypothesis testing in kidney disease 
research. 
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Fig. 3. Relationships among key variables and classification of CKD in the dataset. 

 
3.3 Feature Selection Techniques 

In our study, which aims to apply ML models for chronic 
disease prediction, feature scaling played a critical role in 
optimizing model performance. We employed three 
transformational techniques: Principal Component 
Analysis, Standard Scaling and Min-Max Scaling. These 
methods are utilized for standardizing and transforming the 
dataset, ensuring that our models can interpret and process 
the features effectively. 

3.3.1 Min-Max Scaling 

It is [29] is a normalization method that adjusts the range of 
features to a specific scale, often between zero and one. This 
method is especially beneficial when features differ in scale 
and magnitude, which guarantees that the model’s 
performance is not overly affected with any one feature 
because of its scale. Min-Max Scaling maintains the 
distribution and relationships among the original data points.  

3.3.2 Standard Scaling 

Standard Scaling [30], or Z-score normalization, entails 
adjusting the features to the transformed values conform to 
a standard normal distribution with mean 0 and standard 
deviation 1. This method is crucial when we have features 

that follow a Gaussian distribution, as it aligns them to a 
uniform scale while retaining natural variability in the 
feature values. 

3.3.3 Principal Component Analysis  

PCA is [31] a method used for the reduction of 
dimensionality reorients the data into a new coordinate 
system where the first coordinate captures the highest 
variance for data projections. This technique is particularly 
effective in reducing the dimensionality of large datasets, 
enhancing model efficiency without significant loss of 
information. Our study utilized PCA to extract the highest 
pertinent features in the field of chronic disease prediction. 
A trade-off between dimensionality reduction and 
performance loss underscores the need to achieve an optimal 
balance among computational efficiency and performance 
and the retention of essential predictive features. 

3.4 Machine Learning Models 

3.4.1 Decision Tree (DT) 

The DT technique is widely used due to its 
straightforwardness and ease of interpretation, which makes 
it a favored method for classification. It functions by 
continuously dividing the data according to the feature 
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value, thus forming a decision model that resembles the 
structure of the tree. In a decision tree, internal nodes 
correspond to input features, divisions like branches reflect 
decision rules, and finally, leaf nodes represent the final 
predicted outcomes. The splitting criterion often uses Gini 
Impurity or Entropy. The algorithm's advantage comes from 
its capacity to clearly outline decision paths, allowing for a 
straightforward interpretation of how predictions are 
generated. Decision Trees are particularly useful for datasets 
with categorical variables [32].  

3.4.2 Random Forest [RF] 

This is an approach of ensemble learning [33]  which works 
by building multiple decision trees during the training 
process and subsequently identifying the majority class to 
generate the classification result. Each tree is trained using 
random subsets of both data and features, a method 
commonly referred to as bagging (Bootstrap Aggregating). 
It improves the DT model by including randomness for the 
tree generation process, thereby cutting down the risk of 
overfitting and better accuracy. RF has robustness and 
scalability, which are suitable for many applications.  

3.4.3 KNN (K-Nearest Neighbors) 

KNN [34] is instance-based learning method used for both 
regression and classification tasks. This method assigns data 
points to the class that is more frequent in its k no. of closest 
neighbors, with a metric of distance like Manhattan distance, 
Euclidean distance, or others, which is based on the principle 
of majority voting. KNN is highly intuitive and simple, with 
its effectiveness heavily dependent on the selection of k and 
the metric for measuring distance. The algorithm’s 
performance hinges on the selection of an appropriate k 
value (number of neighbors) and the chosen distance metric. 

3.4.4 Support Vector Classifier [SVC] 

It is a robust and flexible ML technique utilized for 
classification purposes[35]. SVC functions by identifying 
the hyperplane which most optimally partitions various 
classes in the feature area. SVC is recognized for its 
efficiency in spaces with high dimensions and its versatility 
in handling different types of data. For linearly inseparable 
data, it employs kernel functions—such as the radial basis 
function and polynomial kernels—to transform data so it 
resides within spaces of greater dimensionality, enabling 
linear separation. SVC is particularly effective for high-
dimensional data and performs well even with limited 
sample sizes; however, it may demand substantial 
computational resources, especially when applied to large 
datasets. 

3.4.5 AdaBoostClassifier 

Adaptive boosting, or AdaBoostClassifier, is a method 
under the category of ensemble learning [36] which 
aggregates many weak models for a stronger one and a more 

reliable classifier. It focuses on correctly classifying the 
training examples that previous classifiers misclassified, 
thereby improving the model's overall accuracy. It enhances 
the efficacy of weak learning algorithms. The process 
minimizes an exponential loss function and produces a 
weighted ensemble of classifiers. AdaBoost is sensitive to 
noisy data but is effective for improving simple models like 
DTs. 

3.4.6 Logistic Regression 

LR is an approach applicable in solving classification 
challenges [37] , which are binary (using a logistic function 
(sigmoid), that maps predictions to probabilities between 0 
and 1). It estimates the likelihood of the target variable being 
part of a specific class and is valuable for evaluating the 
effect of multiple variables on a binary result. It estimates 
coefficients for the target variable in a manner that 
maximizes the log-likelihood of the observed dataset. Its 
simplicity and interpretability make it a staple in various 
fields, particularly in medical research.  

3.4.7 Hybrid ML Model (AdaBoost Classifier + Random 
Forest + Logistic Regression) 

The Hybrid ML Model represents a method that aggregate 
multiple machine learning algorithms to deliver improved 
predictions compared to using individual models 
independently. The Hybrid ML Model [38], combining 
AdaBoost Classifier, Random Forest, and Logistic 
Regression, leverages the strong points of individual 
algorithms to make better predictive performance. This 
approach integrates the robust classification of Random 
Forest, the adaptive boosting of AdaBoost, and the 
probabilistic predictions of Logistic Regression. Such 
hybrid models are increasingly popular for their ability to 
deliver superior results compared to single models.  

3.4.8 Neural Network 

Neural Networks [39] forms a fundamental aspect of deep 
learning, mirroring the brain structure of humans and 
operational mechanisms. Comprising levels of linked nodes 
or neurons, these networks can learn pattern recognition and 
decision-making processes. Nodes apply activation 
functions to introduce non-linearity. These are highly 
flexible and powerful, able to handle complex tasks and 
exist in high dimensions, rendering them suitable for a wide 
range of applications, including both NLP and image 
recognition. 

3.5 Evaluation Metrics and Some Key Terms 

When evaluating the efficacy of our ML models in 
determining chronic diseases, several evaluation terms are 
used. These metrics help for insight into the effectiveness & 
the accuracy of each model. The key metrics used were 
Training Accuracy, Testing Accuracy, RMSE, 
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Classification Report (including f1-score, recall, support, 
precision), and CM (Confusion Matrix). 

3.5.1 Training and Testing Accuracy 

These metrics calculate the ratio of correct predictions 
generated by the classifier in both the stages (training and 
testing) [40]. Accuracy = (Number of correct outcomes) / 
(Total no. of outcomes). 

3.5.2 RMSE (Root Mean Square Error) Value 

RMSE [41] is a common method for measuring a model's 
accuracy in forecasting numerical data. It plays a big role in 
regression analysis by measuring the discrepancy between 
actual/correct and predicted values.  

3.5.3 Confusion Matrix (CM) 

The Confusion Matrix [42] plays a vital role in classification 
assignments, offering a deep through evaluation of the 
model’s outcomes for predictions. It aids in analyzing the 
model's effectiveness on different categories. 

3.5.4 Classification Report 

The Classification Report[43] encompasses key metrics 
such as Precision (correctness of +ve predictions), Recall 
(the model's capacity for detecting all pertinent examples), 
F1-Score (represents the average of precision and recall), 
and Support (the actual count of instances for every class). 

3.5.5 Overfitting 

This occurs when a model becomes too familiar with the 
training data, capturing noise and small fluctuations, that 
weakens its capacity to generalize.  

3.5.6 Dimensionality Reduction 

Dimensionality reduction, as its name implies, lessens the 
no. of features in a dataset while keeping the essential 
information intact. It improves computation speed, 
simplifies models, and minimizes overfitting in high-
dimensional data. 

3.5.7 Sensitivity 

Sensitivity measures a classifier's ability to identify true 
positive cases correctly. For instance, in medical diagnosis, 
sensitivity indicates the proportion of patients with a disease 
that the model accurately identifies as positive, highlighting 
its capability to reduce false negatives. 

3.5.8 k-fold cross-validation 

It is a method for assessing the performance and 
generalizability of a machine learning algorithm by 
partitioning the dataset into k equal parts, or folds. Initially, 
the model is trained using k−1 folds, and its performance is 
evaluated on the leftover fold. This process is repeated k 
times so that every subset serves as the test set exactly once 
[44] – [47]. During model evaluation, we used a value of k 
is 10. 

4. RESULT AND DISCUSSION 

Three feature scaling techniques are implemented: PCA, 
Min-Max Scaling, and Standard Scaler, to normalize and 
optimize the dataset for the prediction task. The efficacy of 
the models was assessed (as shown in Fig 4.) based on 
Training Accuracy, Testing Accuracy, RMSE Value, 
confusion matrix, and classification report. 

Min-Max Scaling Technique: Under Min-Max scaling, 
LR and SVC both achieved commendable Testing 
Accuracies of 97.9 % with low RMSE values, indicating 
both high accuracy and precision in predictions as shown in 
Fig 4. Decision Trees (DT), while perfect in Training 
Accuracy, showed a drop in Testing Accuracy to 91%, 
highlighting potential overfitting. This is further evidenced 
by a higher RMSE value of 0.6. The AdaBoostClassifier's 
Testing Accuracy of 66% with an RMSE of 1.16 is the 
lowest, suggesting significant improvements are needed. 
The Hybrid model, though, achieves a Testing Acc. of 95% 
& RMSE value of 0.44. 

Standard Scaler Technique: When applying Standard 
Scaling, Random Forest (RF) stood out with perfect scores 
in both Training and Testing Accuracies and an RMSE of 0, 
indicating an excellent fit as shown in Fig 4. AdaBoost, 
Hybrid, and Multilayer Perceptron (MLP) all achieved a 
Testing accuracy of 99% with an RMSE of 0.2, suggesting 
these models were highly effective under this scaling 
technique. Also, all models performed well with this 
technique, demonstrating its suitability for this dataset. 

PCA Technique: Principal Component Analysis (PCA) 
scaling showed a more varied performance across the 
models. Logistic Regression's performance dropped to a 
Testing Accuracy of 76.51% with a higher RMSE of 0.97, 
indicating that dimensionality reduction might have omitted 
relevant information for this particular model. Decision 
Trees and Random Forest exhibited high Training 
Accuracies but reduced Testing Accuracies of 81% and 82% 
respectively, with RMSE values above 0.8, signifying a loss 
of predictive precision due to PCA's dimensionality 
reduction as shown in Fig. 4. The Hybrid model maintained 
a solid Testing Accuracy of 82% with an RMSE of 0.84, 
indicating its robustness even after PCA application. 

The classification reports further detailed the evaluation 
metrics for each algorithm, allowing us to examine the trade-
off between the predictions of sensitivity and specificity. 
The classification reports indicated that models like Logistic 
Regression and SVC maintained high precision and recall 
across most feature scaling techniques, signifying their 
balanced classification capability. However, AdaBoost's 
classification report suggested a need for model refinement, 
as indicated by its lower metrics in the Min-Max scaling 
scenario. 
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Fig. 4. The performance of ML Models across three scaling techniques (Min-Max, Standard Scaler, and PCA). 

 
The confusion matrices provided deeper insights, 

revealing the distribution of TP, TN, FN, and FP. A common 
trend was that most models performed well in correctly 
identifying the non-CKD cases but had some challenges 
with false negatives in the CKD class which we observed in 
the CM for the AdaBoost, which seems critical in a medical 
diagnostic context where the consequences of a false 
negative are significant. 

5. CONCLUSION AND FUTURE SCOPE 

The results demonstrate that feature scaling techniques 
greatly influence the efficiency of ML models. The Standard 
Scaler technique proved to be the most effective overall, 
while PCA indicated potential information loss for some 
models. These findings highlight the importance of feature 
scaling and dimensionality reduction choices in the context 
of predictive model performance. Future work will involve 
investigating the cause of the high false negative rates and 
exploring methods to balance both specificity and sensitivity 
of the models further. These results show the crucial efficacy 
of accurate dataset preprocessing in the performance of 
predictive models and caution against the indiscriminate 
application of dimensionality reduction techniques, 
especially in the medical domain where the cost of 
prediction errors can be particularly high. Moving forward, 
it is imperative to address the high false negative rates 
observed in some models, as failing to correctly identify 
CKD cases can have severe implications for patient care. 
Therefore, future work can be focused on refining models to 
improve their sensitivity without compromising specificity. 
Techniques might involve increasing the representation of 
less common classes through oversampling, developing 
features that reveal more intricate patterns, or employing 
sophisticated ensemble strategies that merge several models 
to compensate for their individual shortcomings. By 
enhancing these factors, we seek to upsurge the 
dependability and value of ML applications in chronic 
disease diagnosis, ultimately contributing to better 

healthcare outcomes. Future studies might build upon this 
research by investigating the integration of renewable 
energy-powered healthcare infrastructure to support the 
deployment of ML models in resource-limited settings. 
Developing scalable, energy-efficient algorithms could 
further enhance the sustainability of diagnostic tools for 
chronic kidney disease (CKD). Additionally, utilizing 
telemedicine and mobile health technologies can enhance 
the availability of diagnostic services in remote and 
underserved communities, aligning with the goals of 
sustainable development. Collaborative efforts across 
borders to share data, resources, and expertise can foster 
regional and international partnerships, contributing to the 
collective advancement of healthcare solutions. By focusing 
on environmentally and socially responsible innovations, 
future work can ensure that the benefits of advanced 
machine learning techniques are equitably distributed, 
promoting global health and sustainability. 
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