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Abstract: The kidneys play as an important organ which help in removal of toxic waste from the body. Their
malfunctioning may lead to Chronic Renal Disease (CRD) if not attended and treated appropriately at the
right time. This chronic situation expedite kidney failure and in-turn death if not diagnosed and attended on
time. This work depicts the appropriate, relevant and correlated attributes among all the attributes and
reduction of features in the dataset using Chi-square test on to the patients’ dataset for extraction of
predominant features for better detection and prediction of CRD. The DPCRD algorithm is implemented and
the results are predominantly used in Logistic Regression, K-Nearest Neighbour classification and Random
Forest classification technique to enhance and improve its prediction accuracy on CRD. The results revealed
that the Random Forest algorithm achieved an improved accuracy of 100.00% after the selection and
reduction of attributes using Chi-square test when compared to 99.33% and 99.17% of Logistic Regression
and K-Nearest Neighbour classifiers respectively.
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1. Introduction

Chronic Renal Disease (CRD) is unyielding disease. Kidney failure causes death as it does not remove
the waste which is created in our bodies. Chronic renal illness affects 10% of the global population. There are
approximately 61.7 million women and 48.3 million men among them. According to the Renal Association, out
of 18 million individuals in Bangladesh, 35000 to 40000 suffer each year from chronic kidney failure [1]. The
role of kidneys is to filtering your blood and the extra water. If kidneys are not functioning properly, experiencing
one or more symptoms such as nausea, puking, diarrhea, nosebleeds, back pain, abdominal discomfort, and fever
may arise. There can be many conditions like Covid-19 as well which may affect and lead to malfunctioning of
kidneys [2].

The kidney is one of the most crucial organs for both humans and animals, as we all know.
Osmoregulation and excretion are among the primary functions of the kidney. It plays a crucial part in cleansing
the blood and getting rid of harmful toxins from the body. Since it impairs kidney function, CRD is a serious
condition that poses a risk to society. Permanent renal failure may result from this illness. Since the kidneys begin
to work incorrectly, the amount of waste that is excreted from the body will also be small. Therefore, it's crucial
to identify the disease early on, yet some people don't exhibit any symptoms. In order to determine whether a
person has CRD or not, machine learning can be useful.

The prediction along with detection of Chronic Kidney Disease (CKD), nothing but CRD is performed
with numerous unsupervised machine learning techniques, including Auto-encoder, I-Forest, DB-SCAN and K-
means with an accuracy of 91% when all 24 features were considered. Four types of feature selection methods
were employed to speed up and save money on the CKD diagnosis process [3]. The prominent two illnesses
related to CKD are as follows: Diabetes and excessive Blood Pressure. Asia region has the highest rate of CKD
patients in the world, led by Japan and followed by Taiwan [4]. CKD is a highly common condition now-a-days,
and two life-threatening conditions that can result from it are cardiovascular and final-stage renal disease. These
might be avoided by detecting its conditions little early and timely treatment of those who are in danger.
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By eliminating toxins from the body through urination through the bladder, the kidneys filter the blood.
Renal failure may cause death if the kidneys are unable to eliminate waste that is tainted with toxins. Acute or
chronic kidney problems can be categorized. For those with renal disease condition, wastes can accumulate to the
highest amounts in our blood vessels, which can cause issues like high blood pressure, brittle bones, anemia, poor
nutrition, and damage to our nerve cells. Renal disease also increases the chance of Cardio-vascular issues. The
authors [5] have provided an outline of several tools available for early detection of Alzheimer’s disease. This has
opened a new door for researchers by providing outline of already available techniques which can be utilized to
further develop the improved and advanced tools and this can be achieved through proper handling of the input
image data obtained from different modalities. The advanced tools could make more clear representations so
that it helps experts to decide quickly and accurately to make decision for diagnosing patients without or with
minimal manual interventions. One of the most significant issues in the medical areas is the prediction of this
disease.

In order to resolve or mitigate the human error done by medical professionals, predicting the risk of CRD
and automating the process its identification is done using the best Machine Learning algorithm. The following
are the objectives of the proposed work based on the research gaps identified:

e To clean and handle the missing data in the dataset for improved detection.

e To select the appropriate, relevant and correlated attributes among all the attributes and reduction of

features in the dataset using Chi-square test for better detection of CRD.

e To improve the prediction accuracy of CRD using Logistic Regression, K-Nearest Neighbour and

Random Forest.

Rest of the paper is consciously organized in an effort to hold the readers' interest. Section-2 impart a
summary of the related work in the literature and relevant research done to date by various researchers. The
Section-3 defines the problem whereas the proposed system and the mathematical model of feature selection
technique is represented in Section-4. The system model is described in Section-5, Results are discussed in
Section-6 along with the entire work summarization and conclusion in Section-7.

2. Related Work

The main cause of death in poorer countries, the CKD is the silent killer in wealthy countries [6]. CKD
is one of the greatest threats to public health due to its increased cases. It is clear that CKD may be detected early,
which can reduce the amount of maturity-related damage. The patient needs to go to a diagnostic facility in order
to speak with a doctor. CKD is characterised by a slow, months or years-long decline in kidney functioning [7].
One of the most significant issues in the medical areas is the prediction of this disease. Despite modifications in
treatment and surgical care, CKD remains a health issue [8]. Researchers from all around the world are highly
motivated in prospering gassed-up methods for the diagnosis, treating, and preventative therapy of CKD despite
its recent rises. Learning features that are important for the problem may result in improving the performance.
Therefore, automated tools and techniques are useful in helping doctors predict CKD for timely and better
treatment saving lives. But these tools will always have a limitations of having detection mechanisms only to
those known features in the data set.

The authors [9] offered a method to detect CKD along with risk variables that are essential for its early
identification to avoid the prognosis of the disease to end-stage using seven deep learning algorithms. The study
shows a comprehensive evaluation of deep learning methods on CKD. Random forest algorithm accuracy is
97.12%, while ANN accuracy is 94.5%. The early detection of chronic renal disorders will be assisted by this
technology. The authors [10] carried out feasibility study of a distributed approach for the management of alarms
related to the monitoring of CKD patients. For this purpose and from the methodological point of view, the
predictions are limited to alarms and prioritization issues which are addressed methodologically according to the
definitions provided by the ISO IEC/CD 60601. If the main criteria that develops CKD are known, even those
without a diagnosis of the disease may learn something about the state of their kidneys from a medical test they
took for a different purpose. Following that, they may carry out a proper CKD check [11]. This approach is limited
to only with those known features leading to CKD.

The authors [12] presented and examined a novel sensing paradigm for rapid and precise CKD diagnosis.
The deep learning algorithm is directly fed with raw sensor signal in order to make a prediction. The suggested 1-
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D CNN-SVM process correctly defined the samples with an accuracy of 98.04% by removing features from the
unprocessed signal. In this method, feature selection is limited to prominently known ones. The physician checks
and analyses the suggested sensing strategy. The combined model would provide appropriate accuracy after KNN
imputation is used without supervision [13]. They also think that using this methodology to really diagnose CKD
would have a positive outcome. Medical records of 491 UAE patients who had CKD and were at risk for
cardiovascular disease were examined [14], and the machine learning techniques that could accurately predict the
possibility that these patients will acquire CKD at stages 3-5 is developed. This approach is unable to detect if the
CKD is at stages 1 and 2.

The study [15] has found a trustworthy method for categorizing CKD and choosing attributions that is
also more cost-effective and simpler to use. Training and choosing the best classifiers, calculating the feature
importance using SHAP values were performed, and obtaining a smaller dataset based on the pathological tests
and determined feature importance. Second, they used these smaller data sets to train the classifiers, then tested
those classifiers using the test datasets. The findings showed that the crucial elements that SHAP had discovered
were in line with what clinical thought was currently thinking but are limited to smaller data sets.

In order to determine whether a person is at risk of acquiring CKD, the authors propose a classifier
powered by neural networks [16]. The model is trained on two groups with and without CKD in Colombia during
the year 2018 and the results were quite impressive with 95% accuracy on the dataset but the accuracy of the
model slightly gets reduced with samples from other country patients.

3. Problem Definition

Given the dataset pertaining to the patients with CRD, the problem is to select the appropriate, relevant
and correlated attributes among all the attributes and reduction of features in the dataset using Chi-square test for
better detection and prediction of CRD.

4. Proposed System

In this work, a methodology for improving the prediction of CRD status based on clinical data is
proposed. It includes data preparation, a mechanism for addressing missing values, clustering, and attribute values
selection and reduction. Once the data is prepared, it is tested for accuracy on Logistic Regression, K-Nearest
Neighbour and Random Forest classifiers.

4.1 Data Collection and Preprocessing

The dataset for analysis of the proposed model is considered form the UCI online repository which
consists of 400 instances and 24 attributes. During preprocessing of the dataset, identifying and handling of
missing values, outliers, and inconsistencies in the dataset if performed. Techniques such as imputation for
missing values or removal of extreme outliers, are applied for ensuring the quality of the dataset.

4.2 Feature Selection

Analysing the collected features and selecting the relevant ones that have a significant impact on
improving the detection of CRD is of prime importance. Feature selection methods like correlation analysis,
mutual information, or domain knowledge-based approaches can be employed for improving the accuracy of the
classifier. The statistical analysis that evaluates the appropriateness of the observed real data is the chi-square
statistics and measures the dependence between two categorical variables as depicted in Equation (1).

0; — E;)*
=3 ( ) .
E; Equation... (1)

where,

x2= Chi-square
O;= observed value
E;= expected value
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Chi-square testing can be particularly useful for feature selection when dealing with categorical target
variables or when working with datasets that have a mix of categorical and continuous features. As in this work,
the role in feature selection and reduction of features is significant, thus it is considered for the same here. Equation
(2) provides the technique for Chi-square test.

Chi2.pdf (x,a)
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x) 2”

@ gumma(§) - ()T - o()
Equation... (2)

After performing the chi-square test on each attribute, a chi-square statistics and a corresponding score
for each attribute is obtained. The chi-square statistics quantifies the extent of correlation between the attribute
and the target variable, while the scores indicate the statistical significance of that association. Based on the results
of the chi-square test, decisions are made for selecting or excluding attributes for further analysis or modeling in
this work.

5 System Model

5.1 System Architecture

System architecture diagram is depicted in the Fig. 1, which shows how the dataset considered from
University of California Irvine for analysis which is preprocessed to select and reduce the appropriate and relevant
correlated attributes using chi-squared testing model. The data is pre-processed to extract meaningful insights
like: Serum creatinine, Random Blood glucose, potassium, albumin, packet cell volume, age, sugar, hypertension,
diabetes mellitus, blood pressure and categorized to perform whether the patient is suffering from CRD or is a
non-CRD. Here, 10 attributes are selected and reduced from 24 attributes which are relevant and significant for
further testing.

Dataset » Data Pre-processing Data Visualization

l

Selection of most significant attributes and reduction of features
using chi-square test

! I !

Logistic K-Nearest Random Forest
Regression Neighbour

Data Training Data Training Data Training
Process Process Process

Data Testing Data Testing Data Testing
Process Process Process

Detection & Detection & Detection &

Prediction Accuracy Prediction Accuracy Prediction Accuracy

! ! .

Evaluation of Logistic Regression, K-Nearest Neighbour and
Random Forest for their Accuracies in Predicting the CRD

Fig 1: System Architecture Diagram
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Further, 70% of data is trained and remaining 30% of data is used for testing Logistic Regression, K-
Nearest Neighbour and Random Forest machine learning algorithms for evaluation of their performances in
predicting CRD.

5.2 DPCRD Algorithm

Algorithm-1, depicts the proposed DPCRD algorithm, showing how data is acquired from each patient's
file and is examined by conducting Explanatory Data Analysis (EDA), feature engineering, chi-square test to get
cleaned and useful data further to perform and predict the CRD on the useful data considering Logistic Regression,
K-Nearest Neighbour and Random Forest machine algorithms. At first, the data set is considered and analyzed
for any missing values and the data types. After performing the data cleaning, the data set is evaluated by utilizing
mean method and filling the missing values, as well as utilizing the mode method to handle null values.

Algorithm 1: Detection and Prediction of Chronic Renal Disease (DPCRD) Algorithm

1: while (True) do

2:  for (Raw Data) do

3: Perform EDA

4: Perform Data Cleaning

5: Perform Feature Engineering to select most significant attributes using Chi-square Test

6: Perform Feature Reduction to Select Predominantly Significant Attributes

7: Get Preprocessed Data

8: end for

9:  for (Preprocessed Data) do

10: Apply LR and Compute its Prediction Accuracy

11: if (Prediction Accuracy < Threshold) then

12: Perform Hyper-parameter tuning to classify the Patient as CRD/Non-CRD
13: else

14: Classify the Patient using Binary Classification as CRD/Non-CRD

15: Apply KNN and Compute its Prediction Accuracy

16: if (Prediction Accuracy < Threshold) then

17: Perform Hyper-parameter tuning to classify the Patient as CRD/Non-CRD
18: else

19: Classify the Patient using Binary Classification as CRD/Non-CRD

20: Apply RF and Compute its Prediction Accuracy

21: if (Prediction Accuracy < Threshold) then

22: Perform Hyper-parameter tuning to classify the Patient as CRD/Non-CRD
23: else

24: Classify the Patient using Binary Classification as CRD/Non-CRD

25: end for

26: Evaluate LR, KNN and RF to determine the best method for detection and prediction of CRD

27: end while
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Further, proceeded to conduct a correlation analysis on the data set using chi-square testing.
Consequently, identified the most correlated data variables that are well suited for subsequent analysis and
implementation within various machine learning models. As in the proposed algorithm, the results of prediction
accuracy is achieved better for CKD, these methods are thus employed.

6 Results and Analysis

The dataset is provided by University of California Irvine, which is then stored according to date. 24
attributes in the data set describe things like age, blood pressure, sugar, RBC, hypertension, and more. The CRDP
algorithm is implemented on an Intel Pentium i7 processor with 4GB RAM and built in Python using Jupyter
notebook, an open-source software development tool, where Windows 8 supports these setups.
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Fig 2: Correlation Matrix

Chi-square testing is used to analyze the correlation matrix displayed in Fig 2. After performing all
correlation methodology like Spearman, Pearson, Kendall, Cramer, Phik, it is observed that there are some
independent and dependent variables available in the dataset. The correlation scores of each and every attributes
is then computed and is as depicted in Table.1. It is observed from the table that the correlation scores of every
attribute is not same and only few attributes have higher scores.

As per the scores of relationships between dependent and independent columns by implementing this
correlation, the highest scored correlated features considering only 10 high score attributes out of 24 attributes are
obtained and are as in Table.2, which helps in getting less number attributes for further testing and training Logistic
Regression and K-Nearest Neighbour and Random Forest models so as to analyze the accuracy of the algorithms
and a faster way to predict the two possibilities like CRD or non-CRD.
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Table 1: Attribute Scores of all 24 attributes after Chi-squared testing

Aml-]i;mte Features Score Aml']i;mte Features Score
1 age 115.859940 13 sod 27.558749
2 o §1.786701 14 pot 2951339
3 5 0.005035 15 hemo 123.856342
4 al 216.000000 16 ooy 308.181415
5 su 94800000 17 wg 30.604980
[ the 3.754674 18 Ic 19.113025
7 pe 10.696296 19 htn 88.200000
8 nee 25200000 20 dm §2.200000
9 ba 13200000 21 cad 20400000
10 bear 2241651289 22 appet 49.200000
11 bu 2343.097145 3 pe 45.600000
12 € 357.792101 24 ane 36.000000

Table 2: Attribute Scores of top 10 attributes

Attribute ID Features Score

11 bu 2343.097145
10 bgr 2241.651289
12 sc 357.792101
16 pev 308.181415
4 al 216.000000
15 hemo 123.856342
1 age 115.859940
5 su 94.800000
19 htn 88.200000
20 dm 82.200000

The 10 chosen attributes are the most relevant and informative features for the task of early detection of
CRD and the scores distribution is as shown in Fig. 3. These attributes shown a significant association with CRD,
in indicating the potential importance in predicting the disease.

According to the depicted results indicate that individuals in the 60-64 age group have a higher likelihood
of developing CRD. While kidney disease can occur at any age, the risk increases significantly after the age of
60. This observation can be attributed to the fact that as people age, their kidneys also undergo natural changes
and may become more susceptible to kidney-related issues.
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Including all available attributes in the model can lead to a high-dimensional feature space, especially if
the dataset contains a large number of features. This will introduce challenges in terms of computational resources,
model complexity, and potential over fitting. Choosing a subset of 10 attributes helps to simplify the model and
reduce the dimensionality while retaining the most important features.

By selecting a smaller set of attributes, the resulting model is more interpretable and easier to understand.
This is particularly important in healthcare applications where clinicians and domain experts need to trust and
comprehend the model's decision-making process. The chosen 10 attributes might align with known risk factors,
biomarkers, or indicators of CRD, enhancing the model's interpretability. This also enhances the speed of
detection, in-turn early detection of the disease.

With a limited number of attributes, the model training process is faster and more efficient. It also reduces
the risk of over fitting, where the model performs poorly on unseen data and becomes too specific to the training
data. By focusing on a subset of 10 attributes, the model can generalize better and have a higher chance of
performing well on new, unseen instances.

The performances of the models can be penetrated with different aspects through these metrics and can
help evaluate its effectiveness in classification.

| _ TP + TN
CCUracY =Tp 1IN + FP + FN

Equation... (3)

procision — TP
recision = (TP n FP)
Equation... (4)
Recall = P
ea = TP+ FN)

Equation... (5)

In the context of a Logistic Regression, K-Nearest Neighbour and the Random Forest classifiers, the
confusion matrix can be generated by evaluating the predictions of the ensemble on a set of labeled test data. By
examining the confusion matrix, various performance metrics can be derived to assess the capabilities of Logistic
Regression, K-Nearest Neighbour and the Random Forest classifiers, such as accuracy, precision, and recall as
shown in Equations (3), (4) and (5) respectively.
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Table 3: Results of Evaluation Parameters of Logistic Regression, K-Nearest Neighbour and Random Forest

Evaluation Parameters | Logistic K-Nearest Random
Regression Neighbour Forest
Accuracy 98.33 % 99.17 % 100.00 %
Precision 0.9833 0.9778 1.000
Recall 0.9833 1.0000 1.000

From the results obtained as shown in Table 3, it is observed that the accuracy obtained for predicting
CRD through Random Forest classifier 100% which is improved and better than Logistic Regression and K-
Nearest Neighbour classifiers after reduction of attributes using Chi-square test and selection of predominantly
appropriate attributes for improved detection and prediction of CRD.

7. Conclusion

The most important stage in illness prevention is disease detection. Today, the number of CRD patients
is steadily rising. The primary focus of this work, the disease detection, which plays a crucial role in chronic
illness prevention. CRD is on the rise, emphasizing the need for accurately detecting the disease which is achieved
in this work. The main objective of this work, i.e to accurately identify CRD utilizing a number of tests and
indicators is achieved. Out of 24, only 10 relevant attributes are appropriately selected and reduced, which are
used to conduct testing and produce reliable findings. Lesser input attributes are frequently used, but the aim here
is to predict with more attributes and with greater speed the likelihood of developing CRD.

The results revealed that the Random Forest algorithm achieved an improved accuracy of 100.00% after
the selection and reduction of attributes using Chi-square test when compared to 99.33% and 99.17% of Logistic
Regression and K-Nearest Neighbour classifiers respectively. The work can be extended to compute the detection
and prediction accuracy for various other machine learning algorithms and the best can be chosen to better improve
the detection of CRD in less time.
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