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Abstract: One of the most common health problems that correlated to serious complications is chronic
kidney disease. Early detection and treatment can save it from progression. Machine learning is one tool
that used historical data to improve future decision about prediction of chronic kidney disease. The aim
of this work is to compare the performance of six different models based on accuracy, sensitivity,
precision, recall. In this study, the experiments were conducted on 158 records downloaded from UCI
repository. Six algorithms ( K-Nearest Neighbor, Naive Bayes, Support Vector machine, Logistic
Regression, Decision Tree, and Random Forest ) were implemented on data after preprocessing stage.
Evaluation of models resulted in Naive Bayes and Random Forest accuracy 100%, Sensitivity 100%,
Specificity 100%, precision 100 %, Recall 100% respectively. It is concluded that Naive Bayes and Random
Forest are better than other models.
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1. Introduction

Chronic kidney disease CKD is central problem. CKD disease has an increased incidence and prevalence,
poor results and high costs in the world's public health problem [1]. an increasing number of people with
kidney failure who are treated with dialysis and transplantation have been recorded during last ten years
ref. The major outcomes of chronic kidney disease regardless of cause, include progression to kidney failure,
complications of decreased kidney function, and cardiovascular disease (CVD) [2] . Increasing evidence
indicates that some of these adverse outcomes can be prevented or delayed by early detection and treatment
(2). For many applications, particularly those with complex dimensions, machine learning with
classification can effectively be applied [3]. Classification methodology can therefore be used to predict
conditions such as cancer and heart disease etc. requiring complicated measurements. This is part of
increasing demand for predictive diagnoses and is very interesting. Classification and learning methods
have also been proven to be effective in improving the accur acy and recurrence of disease prediction.The
research methods in the present laboratory include t he assisting of a vector machine [ SVM ] and of
Random Forest [ RF ] [3]. This research presents a comparison between more than one machine learning
algorithms for prediction of a patient with chronic kidney disease using recorded patient data.
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2. RELATED WORK

Many algorithms based on Machine learning have been used to classify and prediction in the
medical analysis and healthcare fields. started by using the Support Vector Machine Algorithm to classify
and predict diabetes and pre-diabetes patients, and the results show that SVM is useful to classify
patients with common diseases [4]. and have classified Alzheimer's disease by analyze wh ole-brain
anatomical magnetic resonance imaging (MRI) for a set of patients, and the results shows that SVM is a
promising approach for Alzheimer's disease early detection [5]. for heart disease prediction using the
Probabilistic Neural Network Algorithm, Decision tree Algorithm, and Naive Bayes Algorithm, and
PRNN provides the best results compared with other algorithms for heart disease prediction [6]. more
have done prediction of HBV-induced liver cirrhosis using the Multilayered Perceptron (MLP) Algorithm
and the results shows that the MLP classifier gives satisfactory prediction outputs for liver disease,
mostly in HBV-related liver cirrhosis patients [7].

dataset given as input to the network and 30% of the dataset is given as unseen to the network.
The implemented network gives the error rate at 0.0773 of MSE and the accuracy as 90 % [10].

3. Materials & Methods
3.1 data Descriptions

This work proposed using some classification techniques to predict the presence of chronic kidney disease
in humans. In this study the chronic kidney disease dataset downloaded from UCI Machine Learning
Repository which is a collection of databases [8], domain theories, and data generators that are used by the
machine learning community for the empirical analysis of machine learning algorithms [9]. The chronic
kidney data set collected from the hospital nearly 2 months of period. The original Dataset contains four
hundred instances and twenty-five attributes. list of attributes and missing values description Table(1).

Before integrating the gathered instances with any classification technique, it is essential to prepare the complete set of
data with unique representation.

At first, aggregated data contains missing value, in particular to this work the rows with missing values was
removed from dataset. After removing the records with missing values. The final dataset became one hundred
and eighty -five instances used for analysis kidney disease. some instance has categorical values for some
attribute. The categorical values were replaced with number values for those instances.

This work is performed in Python which is a powerful general-purpose programming language and is becoming
an increasingly popular tool in research. Python library allows matrix manipulations, plotting of functions and
data, implementation of algorithms. The experimental comparison of K-nearest neighbor (KNN), Support vector
machine (SVM), Decision tree (DT), Random forest (RF), Logistic Regression (LR), and Naive Bayes (NV) are
done based on the performance measures of classification accuracy and precision. The dataset used in this analysis
consisted of 158 records, one-hundred and fifteen chronic kidney and forty-three was not chronic kidney diseases.
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Precision, Recall and Accuracy percentage and Flscore were employed to evaluate the performance of the

utilized classification algorithms.

Table(1): list of attributes and missing values description

# | variable Class type missing row
1 |Age Predictor | Numerical |9

2 | Blood pressure Predictor | Numerical 12
3 | Specific_Gravity Predictor | Categorical | 47
4 | Albumin Predictor | Categorical | 46
5 | Sugar Predictor | Categorical | 49
6 | Red Blood Cells Predictor | Categorical | 152
7 | Pus_Cell Predictor | Categorical | 65
8 | Pus_Cell Clumps Predictor | Categorical | 4

9 | Bacteria Predictor | Categorical | 4
10 | Blood Glucose Random | Predictor | Numerical |44
11 | Blood Urea Predictor | Numerical 19
12 | Serum_Creatinine Predictor | Numerical 17
13 | Sodium Predictor | Numerical | 87
14 | Potassium Predictor | Numerical | 88
15 | Hemoglobin Predictor | Numerical | 52
16 | Packed Cell Volume Predictor | Numerical | 70
17 | White Blood Cell Predictor | Numerical 105
18 | Red Blood Cell Predictor | Numerical 130
19 | Hypertension Predictor | Categorical |2
20 | Diabetes Mellitus Predictor | Categorical |2
21 | Coronary Artery Disease | Predictor | Categorical | 2
22 | Sex Predictor | Categorical | 1
23 | Pedal Edema Predictor | Categorical | 1
24 | Anemia Predictor | Categorical | 1
25 | Class Target Numeric 0

3.2 k nearest neighbor

The k-nearest neighbors (KNN) algorithm is an easy way to implement supervised algorithm that used to
solve classification and regression cases [10]. It works in somehow of 8 steps started by Load the data, Initialize K
to your neighbors, For each case in the data, Then find the distance between the current node and the desired
neighbor from the data, Get the distance and rewrite in an ordered collection, Sort the ordered collection of
distances and indices from smallest to largest (in ascending order) by the distances, Pick the first K entries from
the sorted collection, and finally Get the labels of the selected K entries, If regression, return the mean of the K
labels, If classification, return the mode of the k [11].

3.3 Naive bias
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It is a classification technique based on Bayes’ Theorem with an assumption of independence among
predictors [12]. In simple terms, a Naive Bayes classifier assumes that the presence of a particular feature in a class
is unrelated to the presence of any other feature.

For example, a fruit may be considered to be an apple if it is red, round, and about 3 inches in diameter. Even if
these features depend on each other or upon the existence of the other features, all of these properties independently
contribute to the probability that this fruit is an apple and that is why it is known as ‘Naive’. Naive Bayes model is
easy to build and particularly useful for very large data sets. Along with simplicity, Naive Bayes is known
to outperform even highly sophisticated classification methods.

Bayes theorem provides a way of calculating posterior probability P(c[x) from P(c), P(x) and P(x|c). Look at the
equation below [13]:

3.4 Random Forest

Random forests are one of the most powerful and fully automated machine learning techniques [14]. It does not
need any data preparation or modeling expertise, It enables analysts to obtain stunningly effective models, and is
also a tool that embodies the power of decision trees, judicious randomization, and ensemble learning to produce
amazingly accurate predictive models, insightful classifications of variables, and assumptions of the importance
of variables. , For a deeper understanding The basic building block of a random forest is inspired by the
decision tree (Classification and Regression Trees) [15], which is one of the machine learning methods for
building predictive models of data. Models are obtained by dividing data and building a simple prediction model
within each section.

3.5 Support vector

Support Vector Machines are decision planes-based concept [16]. this decision planes define
boundaries. A decision plane is one that run as separator between a Groups of objects having classes relations. fig xx
show that the items belong either to class GREEN or RED. Where line defines a boundary. on one side of which all
items are GREEN otherwise on the left are RED. and Any new items (white item) falling to the right is labeled, as
GREEN (or as RED should it at the left of the line). that line L defines decision boundaries.

Figure 1: Separation line

This is a classic example of a linear classifier, a classifier separates a set of items to its groups (GREEN or RED)
with a line. Most classification tasks are not that simplicity, and more complex structures are required to make an
optimal separation, i.e., for classify new objects (test) on the basis of the examples that are available (train). Now it
is clear that as in fig xy a full separation of the GREEN and RED objects would require a curve (which is more
complex than a last one).
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Figure 2: Separation Curve

Classification tasks based on first one to distinguish between items from different class memberships are named as
hyper plane classifiers. Support Vector Machines are particularly suited for this type. Support Vector Machine (SVM)
is The key classification system, in which hyper- planes are constructed in a multidimensional space separating
cases with category marks, carries out classification task
[17]. SVM can handle regression and classification tasks as well as various continuous and categorical variables. A

dummy variable with cases of either 0 or 1 is generated for categorical variables.
A: {100}, B: {010},C: {001}
SVM uses an iterative training algorithm to build an optimal hyperplane that minimizes error [18].

3.6 Decision Tree
Using tree representation by mapping each internal node of the tree corresponds to an attribute, and
each leaf node corresponds to a class label. To understand Decision Trees algorithm is very easy compared to other
classification algorithms [19].

Algorithm of Decision Tree, name all best attributes from dataset in start of the tree root, then make
training set into many subsets, each one contains specific data have same value of attribute. And construct leaf
nodes of branches of the tree by Redoing last two steps

Class label predictions record need to start by the tree roots. Then comparing values of attribute at root with
attribute records. From that bases, branch related to that value then jump a new node. Repeating this process until
reaching a leaf node named by predicted values of the class [20].

3.7 Logistic Regression
Logistic regression is a classification algorithm used to assign observations to a discrete set of
classes. Unlike linear regression which outputs continuous number values, logistic regression transforms its output
using the logistic sigmoid function to return a probability value which can then be mapped to two or more discrete
classes[21].
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4. Result and discussion

In order to test our proposed method, the experiments were conducted for prediction task for chronic kidney
disease by separately applying six machine learning algorithms namely: Random Forest (RF), Naive-Bayes,
Decision tree, logistic regression, K-nearest neighbor, and support vector machine. The -classification
performances of the classifiers were analyzed with respect to the standard performance parameters, namely:
Accuracy, Specificity, Sensitivity, Precision, Recall and F1 score as shown in table 2

Table2: Parameters Equation of computation

Sensitivity =—*+00 Specificity = —+300
T+F T+F

Precision = Recall = —

T+F T+F
Accuracy = Number of correctly | F1 score=2*precision*recall/precision +recall
classified samples/Total number of
samples

Where:

= TP is Number of true positive classification cases

= FN is Number of false negative classification cases
= TN is Number of true negative classification cases
= FP is Number of false positive classification cases

The sensitivity states the ability of the model to identify positive instances correctly, the specificity shows the ability of
the model to identify negative instances correctly and precision indicates the ability of the model to identify positive
instances correctly. Precision and recall It is also called positive predictive value. It is defined as the average
probability of relevant retrieval. Recall It is defined as the average probability of complete retrieval. The accuracy
indicates the percentage of correct classification of both positive class as well as negative class instances. Confusion
Matrix It displays the number of correct and incorrect predictions made by the model compared with the actual
classifications in the test data. The matrix is represented in the form of n-by-n, where n is the number of classes.
The accuracy of each classification algorithms can be calculated from that matrix.F1 that calculates the harmonic
mean of the precision and recall because both of them are rates. The overall accuracy and F1 score showed Table 4.

Table 3: The value of Specificity, Sensitivity, Precision, and Recall

K-NN SVM LR NB DT RF
True Positive 35 35 35 35 35 35
True Negative 11 11 11 13 13 13
False Positive 0 0 0 0 0 0
False Negative 2 2 2 0 0 0
Sensitivity 94% 94% 94% 100% 100% 100 %
Specificity 100% 100% 100% 100% 100% 100 %
Precision 1 1 1 1 1 1
Recall .94 .94 .94 1 92 1
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Table 4: Accuracy for Each Classifier

Algorithm Accuracy % F1 score
K-Nearest Neighbor 95.8 91
Naive Bayes 100 1
Support Vector machine 95.8 91
Logistic Regression 95.8 91
Decision Tree 97.91 .96
Random Forest 100 1

As per this results figure 3 show graphical comparisons for each algorithm and the given results relative to the other

Comparison of the accuracy of classification algorithms
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Figure 3: Illustrates the findings of the accuracy of all models
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Comparison of the accuracy of the classification Algorithms

KNN Navie-Bayes Random Forest Support Vector Machine Decision Tree Logistic Regression
Classification Algorithms

Figure 4: Compairason of accyracy

The algorithms RF, DT, and NB are performed better than other classifiers with sensitivity, specificity and
accuracy values 1.00, 1.00 and 1.00 respectively.

5. Conclusion

In this research work classification methods are used to predict chronic kidney disease. six algorithms
performance are compared. The experimental results of our proposed method have stated that Random Forest,
and Naive Bayes are produced superior prediction performance in terms of classification accuracy.
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