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Abstract—A major worldwide health issue, chronic kidney
disease (CKD) requires precise prediction models for early
detection and treatment. In order to predict CKD, this study
investigates the efficacy of a number of ml approaches, such as
Random Forest (RF), Support Vector Machines (SVM)k-
Nearest Neighbors (k-NN), and Gated Recurrent Units (GRU). In
addition, the SHapley Additive exPlanations (SHAP) feature
reduction technique is used to improve the interpretability of
the model and pinpoint important predictors.

The temporal dependency-capturing GRU model is
compared to RF, SVM, and Kk-NN, and critical variables
influencing each model's prediction of CKD are identified and
prioritized using SHAP analysis. The comparative performance
of these algorithms in terms of sensitivity,
specificity,accuracy, is demonstrated by the results, which
offer insightful information for the creation of CKD prediction
models that are comprehensible and accurate, with potential
uses in early detection and better patient outcomes.

Keywords— Random Forest (RF), Chronic Kidney
Disease(CKD), Support Vector Machines (SVM), Gated Recurrent
Units (GRU), k-Nearest Neighbors (k-NN), SHapley Additive
exPlanations (SHAP)

L.LINTRODUCTION

A major global health issue that affects millions of people
and provides enormous problems to healthcare systems is
chronic kidney disease[1], or CKD.You may encounter a
number of health issues as a result of CKD.[2,3,4] In order to
carry out prompt interventions and individualized treatment
programs, early detection and precise prediction of CKD
progression are essential. Machine learning models have
become extremely efficient tools for predictive analytics in
the medical industry in recent years [5]. Leveraging large-
scale numeric datasets, these models can uncover complex
relationships within the data and contribute to more precise
prognostic outcomes. In this context, our study focuses on

© 2024, IRJET | ImpactFactor value: 8.226 |

Pavan Teja Reddy Pingili
Department of CSE Kakatiya Institute
of Technology & Science
Warangal,India

advancing Chronuc kidney disease (CKD) [6] prediction
methodologies through the effective integration of diverse
machine learning models, namely Gated Recurrent Unit
(GRU)[7] Random Forest (RF)[8], Logistic Regression
(LR)[9,10] andSupport Vector Machine (SVM)[9]. The goal
is to use the distinct characteristics of each model to
increase  prediction accuracy and to improve
interpretability by utilizing the SHapley Additive
exPlanations (SHAP) feature reduction method.

The utilization of a robust dataset plays a important
role in the success of predictive modeling for CKD. Our
study underscores the significance of a comprehensive and
well-curated numeric dataset, enriched with diverse
patient attributes and clinical parameters. By harnessing
the wealth of information encapsulated in these datasets,
our models aim to discern intricate patterns and
relationships, allowing for a more nuanced understanding of
CKD progression factors. Furthermore, we explore the
potential of the Gated Recurrent Unit (GRU) [7] to capture
temporal dependencies, Random Forest (RF)[8] for
handling non-linear relationships, Support Vector Machine
(SVM) [9] for discerning complex decision boundaries, and
Logistic Regression (LR) [9,10] for its simplicity and
interpretability. The amalgamation of these models is
facilitated by the SHAP feature reduction method,
enhancing both the accuracy and interpretability of the CKD
prediction models.

In our pursuit of accurate and interpretable CKD
prediction, the [11,12,13,14,15,16] SHapley Additive
exPlanations (SHAP) feature reduction method takes center
stage. By quantifying the effect of single attributes on model
predictions, SHAP provides valuable insights into the
driving factors behind [1] CKD progression. This method not
only enhances the transparency of our models but also
empowers healthcare practitioners to make informed
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decisions based on the identified influential features. As we
delve into the intricacies of CKD prediction using GRU, RF,
SVM, and LR models, the incorporation of
SHAP[11,12,13,14,15,16] acts as a important tool for
unlocking the black box of machine learning, fostering trust
in predictive models, and ultimately paving the way for more
effective and personalized healthcare interventions.

A. Motivation

The motivation stems from the transformative potential
of leveraging machine learning approaches for CKD
prediction.[1] CKD, a widespread health -challenge,
necessitates proactive strategies for early detection and
intervention. Traditional diagnostic methods often fall
short in capturing the intricacies of CKD progression,
driven by multifaceted factors. Our goal is to change the
management of CKD by utilizing machine learning to give
clinicians the ability to examine large datasets.[17], unveil
subtle patterns, and deliver personalized predictions.
This approach aligns with the evolving landscape of
precision medicine, aiming to enhance healthcare
efficiency, improve patient outcomes, and address the
complex challenges associated with CKD.

B. Objectives

-Create advanced machine learning models using a
comprehensive dataset to predict outcomes in Chronic
Kidney Disease (CKD). This involves leveraging historical
data to enhance the precision of CKD predictions.

-Support healthcare professionals and doctors in
making accurate prediction with advanced models.

-Attain a high level of precision in predicting CKD
progression, incorporating advanced modeling
techniques and interpretability methods.

-This includes refining predictions to deepen the
understanding of influential factors in CKD development.

II. LITERATURE SURVEY

For senior citizens A thorough summary of the several
machine learning methods to predict CKD is given in the
literature review.

Through the application of several machine learning
approaches, the field of chronic kidney disease (CKD)
prediction has made notable advancements. Scholars have
investigated a wide range of algorithms, from more
sophisticated techniques like ensemble methods and
neural networks to more conventional strategies like

logistic regression, decision trees, and support vector
machines. Predictive models are shaped by large datasets that
include patient demographics, clinical histories, and
laboratory results. Important features that are included in
these datasets are creatinine levels and estimated
glomerular filtration rate (eGFR). The use of algorithms like
Random Forest, Support Vector Machines (SVM), and
Decision Trees in CKD prediction is not without
restrictions, nevertheless, even with their success.

Although  Random  Forest's ensemble  complexity
increases robustness, interpretability is compromised.
Moreover, these algorithms' high  computational

complexity might result in lengthy training periods, which
presents a practical challenge for real-world

applications. Overfitting is another issue that comes up,
especially with small datasets, and imputation is a method
of handling missing data that can lead to compromised
forecast accuracy.

Three outfit measures and a total of six classifiers
were merged in the directions provided by Polat et al.
[18]. The Polat et al. [18] writers Apriori analysis and the
k-means algorithm were both used to investigate different
treatment options for chronic renal illness. Furthermore, a
test for diagnosing chronic kidney disease was developed
by utilizing Naive Bayes (NB), SVM, k-nearest neighbors
(KNN) and decision trees (DT) calculations.

In order to identify renal diseases, Boukenze, B. et al.
[19] suggested using ML techniques. They evaluated
different performance indicators to determine prediction
accuracy using methods including decision trees, artificial
neural networks (ANN), support vector machines (SVM),
and k-nearest neighbors (KNN). With an accuracy rate of
63% with decision tree model.

A methodology utilizing KNN, Naive Bayes (NB), and
decision tree classifiers was presented by Panwong et al.
[20]. Furthermore, they used the wrapper technique to
reduce features. By using the decision tree method, they
were able to get an impressive maximum accuracy rate of
85%.

Using a large amount of CKD data, Vasquez-Morales and
colleagues [21] created a neural network classifier that
showed an amazing 95% prediction accuracy.

Meanwhile, Makino et al. [22] used patient diagnoses
and treatment information compiled from textual sources
to predict the diabetic kidney disease.
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Ren et al. [23] proposed a diagnostic prediction model for
chronic kidney disease (CKD) using information of
electronic health records (EHRs). To aid in diagnosis, their
neural network-structured model processed numerical
and linguistic data from EHRs.

Similar to this, Ma F. et al. [24] created a deep neural
network model to identify chronic kidney disease. In their
comparative analysis, the provided model outperformed
ANN and SVM in terms of accuracy.

Z. Segal et al. [25] created XGBoost, especially for
kidney disease early detection. In comparison to models
such as random forest, CatBoost, and regularization
regression, they performed better on all criteria.

Khamparia et al. [26] reported a deep learning
system that used a stacked autoencoder model to extract
attributes from multimedia data in order to identify
chronic kidney disease (CKD) early on. Their research,
which was published in Nature Communications,
demonstrated outstanding accuracy in predicting the final
class using a SoftMax classifier. Remarkably, their proposed
model performed better tailored for the specific dataset,
outperforming conventional classification techniques based
on an analysis of the UC Irvine Machine Learning
Repository (UCI) CKD dataset [27].

EbiaredohMienye Sarah et al. [28] used Softmax
regression with an improved sparse autoencoder (SAE) to
create a strong predictive model for CKD. The model's
effectiveness was enhanced by the use of weight
penalization to produce sparsity in autoencoders, as
previously described. Testing scenarios were guaranteed to
yield remarkable performance thanks to the customized
Softmax regression model tuned for classification tasks.
The researchers reported that the proposed model
demonstrated an amazing 98% precision on the CKD
dataset. Their method outperformed other approaches
interms of overall performance, proving its superiority in
CKD prediction.

In order to improve diagnostic accuracy, Chen et al. [29]
developed a algorithm designed to diagnose Hepatitis C virus
infection by combining an SVM classifier with the Fisher
discriminating  analysis  approach. Their  thorough
comparison of the hybrid approach's performance with
current methodologies proved its superiority. The
combination of method outperformed all other strategies
studied, with the greatest classification with 96.77%
accuracy.
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Finding the ideal number of trees in a Random
Forest to reduce overfitting tendencies is one example of
the delicate balances that must be achieved in order to
address these issues. Furthermore, these models' intrinsic
black-box nature adds complexity, which makes it difficult
to understand the underlying decision-making processes.
Therefore, approaches to improve interpretability
without compromising predictive accuracy are being
developed.

Notwithstanding the encouraging outcomes, these
research have shown many drawbacks, including
interpretability, computational complexity, overfitting
vulnerability, and management of missing data. Table 1
provides a detailed overview of these constraints,
highlighting areas in which additional research and

development are required.

However, despite the promising results, limitations
such as interpretability, computational intensity,
susceptibility to overfitting, and handling of missing data
have been identified across these studies.

III. PROPOSED SYSTEM

Gated reccurent unit (GRU) , a deep learning model,
have demonstrated remarkable efficacy in processing and
classifying data.. This robust approach enhances the
accuracy of action prediction tasks, making GRU valuable
tools in the realm of data analysis and classification.

Satase - \ Feature
Dataset » Preprocessing .
of CKD sclection

Fig. 1. Flow diagram of the implementation model
A. Methodology

Step 1: Dataset Selection: To get started, select a
dataset of 602 entries and 26 attributes. This will serve as
the basis for machine learning.

Step 2: Processing Data Utilize mean imputation to
handle null values and empty attributes, resulting in a
clean, complete dataset that is prepared for machine
usage.
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Step 3: Choosing Features Optimize computational

efficiency by carefully choosing pertinent attributes and

choosing the dataset to remove unnecessary data.

Step 4: Algorithmic Training: Apply the fine- tuned
dataset to an algorithm for classifying data. Let the
algorithm go through a training phase to prepare it for
testing and prediction.

Step 5: Predictions and Testing Give the program
sample data inputs and assign it the goal of classifying
kidneys as healthy or diseased. Investigate several
algorithms and select the one that best exhibits the
harmony between forecast accuracy and efficiency.

B. Dataset

400 patients from the RCI reposistory are included in
the dataset. CKD dataset was provided by the
repository[17]. The dataset has 24 characteristics. divided
into 11 number features and 13 category features, such as
"ckd" and "notckd" for classification[17]. Among the
characteristics are blood urea, random blood glucose,
hemoglobin, packed cell volume,red and white blood cell
counts, diabetes mellitus, hypertension, coronary artery
disease, hunger, pedal edoema, and anemia. Age, blood
pressure, pus cells, pus cell clusters, bacteria, and random
blood glucose levels are other contributors. In a diagnostic
class, there are two values: ckd and notckd.

C. Models

In In the realm of data prediction , SVM, Random
forest, KNN and GRU models serve as powerful tools,
leveraging their distinct architectures to capture temporal
dependencies. Here's an overview of their fundamental
components.

SVM CLASSIFIER

In order for the SVM method to determine which
classes the test data belongs in it first draws a line dividing
the dataset into those classes. The boundary or decision
line is referred to as a hyperplane. The algorithm is
applicable to both linear and nonlinear types. When a
dataset is separable and consists of two classes, linear SVM
is utilised.

A nonlinear support vector machine (SVM), which
transforms the original coordinate region into a separable
space, is used when the dataset is not separable. There may
be more than one hyperplane; the optimal one is
determined by maximising the margin between data
points. A support vector dataset is the one that is closest to
the hyperplane

RANDOM FOREST

In order to enhance model performance and resolve a
challenging issue, the random forest technique combines
many classifiers in accordance with the ensemble learning
concept. According to the algorithm's name, it is an
algorithm that uses a few decision trees on dataset subsets,
and it takes an average to enhance predictions. random
forest algorithm uses predictions from every decision tree
in place of only one, and it uses the majority vote to
determine which forecast best predicts the outcome in the
end.

KNN MODEL

The KNN algorithm groups new test points into the
similar class among the different classes according to
similarities between previously stored and newly
collected data points (training points).The distance
between the training points and new point and the that
have been saved is computed using the Euclidean
distance, and the new data is classified using the value of
k. The class with the highest number of neighbors
receives a new point. The closest neighbor in the features
vector was found using the Euclidean Distance Function

(Di).
GRU MODEL

Gated recurrent units (GRUs) are particularly good
at identifying temporal dependencies in sequential data.
Memory Cells: GRUs have memory cells that can identify
long-term dependencies by updating and retaining
information selectively.

Hidden States: The learnt information is encoded in
the hidden states of GRUs, which are essential for
comprehending the sequential nature of data.

PREDICTION PROCESS

All models follow a common predictive process:
taking preprocessedckd data as input and outputting
predictions. Training involves adjusting model
parameters through backpropagation using labeled EEG
data. The models can adapt to different motor imagery
tasks by modifying the output layer accordingly.
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Input: o: = 0 or a: = partially trained SVM, X and y,

1. C: =Approximate upper bound constant value

2. I_.()Op: v ‘:Xi,)’l : and : Xny,I :

3.do

4. Optimize o; and o

5. End loop

6. Until no changes in a (or some resource constraint

encounters)

Output: Hold merely support vectors (SV) (a;>0)

Fig. 2. Pseudocode of SVM

Input: Test data

1. Predict and store the outcome of each randomly
created decision trees (D Tree’s) on given test

data

o

Compute the total votes for individual class

3. Declare majority class as the final outcome

class

Output: Final predicted class

Fig. 3. Pseudocode of Random Forest

Input: X: training data, Y: class labels of X, x: unknown sample

1. Classify (X. Y. x)
2 fori=1tomdo_
a) Compute distance d(Xi, x)

3. end for

4. Compute set I containing indices for thek smallest distances d(Xi. x).
5. retum majority label for {Y, wherei eI}

Output: Final predicted class

Fig. 4. Pseudocode of LR

Fig. 5. Architecture of GRU Model
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IV. IMPLEMENTATION

A. Framework

Training, validation, and testing sets comprise the pre-
processed dataset used in our CKD prediction system,
which uses SVM,RF,LR, and GRU models. Transfer learning
is not used in the model evaluation process, which is
dependent on accuracy measures. In real-world clinical
deployment, procedures for continuing monitoring and
improvement are put in place to guarantee continued
efficacy.

B. Objective

Purposefully order to enhance early identification and
risk assessment for those at risk of Chronic Kidney
Disease (CKD), the project focuses on creating a machine
learning-based prediction system for the condition. With
the help of ML algorithms, this system seeks to evaluate
pertinent clinical data and produce precise forecasts
about the beginning or course of CKD.

C. Comparative Evaluation

The rigorous accuracy comparison meticulously
examined the performance of key models, focusing on the
SVM,RF,LR and GRU architectures tailored for predicting
disease based on CKD data.

The in-depth comparative evaluation affirmed the
prowess of the SVM,RF,LR and GRU models in predicting
disease from CKD data. SVM, tune kernel type and
regularization parameters; for RF, optimize the number of
trees and maximum depth; for LR, adjust regularization
strength and solver; for GRU, customize the architecture
to sequential CKD data. These models collectively
contribute to the accuracy and efficacy of the prediction
system, each offering unique strengths in tackling the
complexities of Ckd disease.

Model Accuracy Scores
oo

91.75%

Fig. 6. Comparison of accuracies of various pre-trained models
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D. Algorithm V. EXPERIMENTAL EVALUATION
Step 1: A. Model Performance Parameter
Compile and preprocess the CKD dataset, The performance metrics for ckd prediction
incorporating essential features and labels. Implement utilizing rf, svm, Ir, and gru models were assessed using
standardized preprocessing steps, including cleaning, accuracy, precision, recall, f1-score, confusion matrix,
normalization, and stratification into test, validation, and and other common metrics. model generalization was
training sets. evaluated using training and testing sets, and model
accuracy was evaluated by comparing predictions
Step 2: with the ground truth ckd status. the confusion matrix
provided a comprehensive breakdown of true
Select SVM, RF, LR, and GRU as the predictive models. positive, false positive, true negative, and false
For SVM, tune kernel type and regularization parameters; negative predictions, hence illuminating the model's
for RF, optimize the number of trees and maximum depth; performance across different classes.
for LR, adjust regularization strength and solver; for GRU,
customize the architecture to sequential CKD data. SVM Confusion Matrix

Step 3:

Train each model using the training set, adjusting
hyperparameters iteratively based on performance
metrics obtained from the validation set. Fine-tune
parameters to achieve optimal predictive accuracy for

True

each model.
Step 4: - 9 0 b=
Analyze the SVM, RF, LR, and GRU models'
performance using measures like Fl-score, recall, : . -0
accuracy, and precision on the specific test set. To o el >
determine which model is best for CKD prediction,
compare and evaluate the data. Fig.7.1. Confusion Matrix of SVM model
Step 5: KNN Confusion Matrix

Use simulations to evaluate the applicability of the
findings to real-world settings involving CKD prediction.
Use patient data to predict the existence of CKD using the
SVM, RF, LR, and GRU models. Stress the effectiveness of
these models in differentiating between those with and
without CKD.

20

True

Step 6:

Evaluate the performance of the models in
comparison, taking into account aspects such as
interpretability, computational efficiency, and accuracy. ‘ . 0
Based on the particular needs and limitations of the predicted
application, choose the best model for CKD prediction.
Fig.7.2. Confusion Matrix of SVM model
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Random Forest Confusion Matrix

True

- 10

Predicted

Fig.7.3. Confusion Matrix of RF model

GRU Confusion Matrix

True

Predicted
Fig.7.4. Confusion Matrix of GRU model

CKD prediction web app

Fig.7.5. User Interface

© 2024,IRJET | ImpactFactor value: 8.226

VI. CONCLUSION AND FUTURE SCOPE

The study points to directions for further
investigation, especially with regard to enhancing the
renal vision powers of CKD identification with the use of
the current numerical dataset. Even if the combination of
Support Vector Machine (SVM),Random Forest (RF),
Logistic Regression (LR) and Gated Recurrent Unit (GRU)
has proven effective, the existing dataset framework still
has room for development. Investigating advanced model
architectures, such as enhanced neural network
structures or ensemble techniques tailored to numeric
datasets, could unveil additional patterns and
relationships, thereby augmenting the accuracy of CKD
predictions.

Additionally, future research endeavors should
continue to emphasize the interpretability of the models
within the confines of the numeric dataset. Exploring
novel feature reduction methods or visualization
techniques specifically tailored to numeric data could
simplify the complex predictions, making them more
accessible for healthcare practitioners. Collaborative
efforts with domain experts and a focus on domain-
specific knowledge would be crucial in enhancing the
relevance and applicability of the models to the numeric
dataset in real-world clinical settings.

The proposed directions for the future show
that the current numerical dataset can be used to
continue innovation and progress in the context of
CKD prediction. Through the investigation of
sophisticated model architectures, utilization  of
temporal elements, and improvement of interpretability,
scholars  might furthermore unearth the revelations
concealed within the numerical data, hence aiding in the
creation of predictive models for CKD detection that are
more precise and useful.
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