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Abstract

The failure of the kidney is affected the whole human
body and it can be a cause of the seriously ill and cause
of deaths. Machine learning and data mining techniques
are the most significant role in disease prediction with high-
performance rate and used to help decision makers to assem-
ble and understand information. The performance of clas-
sification techniques depends on the feature of the data set.
To improve the accuracy of classification used feature selec-
tion method by reducing the dimensions of the feature and
used ensemble or combine a model of the algorithm. In this
research K-Nearest Neighbor, J48, Artificial Neural Net-
work, Nave Bayes and Support Vector Machine classifica-
tion techniques were used to diagnose Chronic Kidney Dis-
ease. To predict chronic kidney disease, build two important

1

International Journal of Pure and Applied Mathematics
Volume 118 No. 24 2018
ISSN: 1314-3395 (on-line version)
url: http://www.acadpubl.eu/hub/
Special Issue http://www.acadpubl.eu/hub/



models. Namely, using feature selection method and ensem-
ble model. To build chronic kidney disease prediction, used
Information gain attributes evaluator with ranker search en-
gine and wrapper subset evaluator with best first engine was
used. The result showed that the K-nearest neighbor clas-
sifier by using Wrapper Sub set Evaluator with Best first
search engine feature selection method has 99% accuracy,
J48 with Info Gain Attribute Evaluator with ranker search
engine has 98.75, Artificial Neural Network with Wrapper
Sub set Evaluator with Best first search engine has 99.5%
accuracy, Nave Bayes with Wrapper Sub set Evaluator with
Best first search engine has 99% accuracy, Support Vector
Machine with Info Gain Attribute Evaluator with ranker
has 98.25% accuracy in prediction of chronic kidney disease
compared to other with and without feature section method.
The second model building method ensemble model by comb-
ing the five heterogeneous classifiers based on a voting al-
gorithm. Comparison of the base classifier examined the
effectiveness of the proposed ensemble model. The exper-
imental result showed that the proposed ensemble model
achieved 99% accuracy.

Key Words:Chronic Kidney Disease, Data Mining, Clas-
sification Techniques, Feature Selection, Ensemble model,
accuracy, prediction

1 INTRODUCTION

Data mining refers to mining important information about the dif-
ferent huge amount of dataset and one of the significant stages in
realizing knowledge [1]. Data mining important role in several real-
world applications such as business organization, healthcare sector,
education, scientific, government sector, and any organization. In
the medical domain, data mining is used for mainly disease predic-
tion. There is a requirement of well-organized methodologies for
examining, predicting and distinguishing diseases [1], [8], [9]. Data
mining plays a major role in analyzing survivability of a disease [1],
[2], [8], [9].

Data mining, classification techniques play a vital role in health-
care domain by classifying, detecting, analyzing and predicting the

2

International Journal of Pure and Applied Mathematics Special Issue



diseases dataset [6], [10]. The classification algorithm like artificial
neural network (ANN), K-nearest neighbor (KNN), nave Bays, de-
cision tree (J48, C4.5), support vector machine (SVM) etc. Are
used to classify, analysis, detected and predict medical datasets.

Feature selection in data mining and machine learning concepts
is the key to knowledge discovery, pattern recognition and statisti-
cal sciences [6]. The main aim of feature selection to remove some
part of the attribute from the data set that is not relevant in that
dataset [6], [10]. Removing some feature used to improve the perfor-
mance accuracy of the classifier. Feature selection can be grouped
into a wrapper and filter methods [6], [10], [12], [17], [19].

Ensemble algorithms are a machine learning algorithm that com-
bines the prediction from heterogeneous machine learning classi-
fiers. Ensemble model is one of the most significant to create great
accurate prediction models. The most example of ensemble models
used to solve machine learning, data mining, and data science are
random forest Bagging, Boosting, stack and vote algorithms.

Chronic Kidney Disease (CKD) or chronic renal disease grad-
ually serious problem in the world. In which the kidney drops its
functionality and it is the cause of the inappropriate functionality
of kidney organs [2], [6]. Now a day from the global burden disease
project, CKD disease is CKD is rapidly growing through the globe.
The statistical report indicates that 90% increased the loss of life
among the patient with chronic kidney disease since 1990 to 2013.
CKD disease is the known 13th ranking cause of death in the world
[28].

The rest of this research is organized as follows: section 2 re-
lated to the literature review, section 3 methodology, section 4 ex-
perimental test result and discussion, section 5 conclusion.

2 LITERATURE REVIEW

Polat, H et al. [6] Diagnosis chronic kidney disease using SVM and
effective feature selection methods. In their work, they improve
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accuracy by implementing SVM without feature selection the ac-
curacy rate was 97.75%, SVM with the classifier subset evaluator
combine with greedy stepwise the accuracy rate was 98%, SVM
with the wrapper subset evaluator combine with a best first search
engine the accuracy rate was 98.25, SVM with the classifier sub-
set evaluator combine with greedy stepwise the accuracy rate 98.25.
And finally, SVM with the filter subset evaluator combine with best
first search the accuracy was 98.5.

Bashir, S. et al [15] they proposed ensemble classifier which
uses majority Vote Based framework for prediction of heart dis-
ease. They used five heterogeneous classifiers used to construct the
ensemble model. After experiment using stratified cross-validation
show that their MV5 framework has achieved an accuracy 88.5%
with 86.96% sensitivity, 90.83% specificity and 88.85 F-Measure and
they compare with the base classifiers show to increase the aver-
age accuracy of the ensemble model Bashir, S., [32] proposed HMV
medical decision support framework using multi-layer classifier for
disease prediction. Their HMV ensemble framework outperforms
the other prediction models. After applying all the selected data
set the HMV ensemble model achieved highest accuracy disease
classification and prediction.

Pritom, A. I et al. [12] applied a classification algorithm for
Predicting Breast Cancer Recurrence by using SVM, Decision tree,
Nave Bays and C4.5. They enhanced the accuracy of each clas-
sifier with the help of effective feature selection methods. After
implemented on weka tool the recurrence prediction accuracy has
SVM achieved 75.75% accuracy, J48 achieved 73.73% and nave bays
achieved 67.17%. These are the original data set without feature
selection. After carefully applied feature selection SVM enhanced
bay 1.52%, C4.5 enhanced by 2.52% and Nave Bays enhanced by
9.09%.

Dulhare, U. N. et al. [10] Built classification models, used fea-
ture selection to extract an action rule and predict CKD by us-
ing nave Bayes classifier and one R attribute selector to predict
and classify the CKD and none CKD patients. These methods are
Nave bays with the wrapper subset evaluator combine with the best
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first search. After implemented on weka tool using wrapper subset
evaluators combine with the best first search engine; Nave Bay’s
classifier achieved 97.5 % accuracy rate.

3 METHODOLOGY

The proposed research consists of two methods. The first method is
constructing a prediction model by using different feature selection
method. The second method is constructing a prediction model by
using ensemble or combining heterogeneous classifiers.

Fig.1. architecture of proposed ensemble model

4 EXPERIMENTAL TEST RESULTS

A. Dataset The dataset was collected from UCI machine learn-
ing repository [27]. It has 400 instances and 24 attributes and 1
class attributes. The dataset contains 400 instances (250 CKD, 150
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notCKD) and number of Attributes: 24 + class = 25 (11 numeric,
14 nominal).

In this study, WEKA (version 3.8) was used for feature selection
and we used Java (NetBeans 8.0.1) and weka jar file to build the
models. The experimental result of each classifier with and without
feature selection method is shown in Table. After every attribute
computed the information gain, the attribute with the highest in-
formation gain is selected. The final selected attributes ranked by
information gain and ranker search method and their rank is shown
as follows:

Table 1: Rank of attributes based on information gain

Wrapper subset evaluator is a popular feature selection method
which is estimate the performance of the classifier on the dataset
with number of subset. Among different subset the best perfor-
mance subset is taken as the selected subset. It is performed from
the total number of feature generate a number of subset and train
the model and select the best combination subset. Finally compute
the performance. wrapper subset evaluator combines with best first
search method. To select the best subset fit models with each possi-
ble combination of the p features. It creates total number of model
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are 2p. if p=2 we have 22=4 subsets let say X1 and X2 if number
of feature is increase it is difficult to compute. Out of these pre-
dictors pick the best predictor from k predictors. step 2 select the
best subset from model 1 model 2 model n. Let the set of feature
x1, x2, x3, xn we can construct k subset from This subset so, y=
f(x1), y= f(x2), y= f(x3), y= f(xn), y= f (x1, x2), y= f (x1, x3),
y= f (x1, xn), y= f(x2, x3), y= f(x2,xn),, y= f(x3,xn). The ex-
perimental result using wrapper subset evaluator is as shown table
2

Table 2: Selected attribute subset using wrapperSubSetEval

B. Performance metrics

curacy =
TP + TN

TP + FP + TN + FN
=

(TotalNoofpatientwhohaveCKDcorrectlyclassifiedasCKD + TotalNoofPatientwhohaveNotCKD@correctlyclassifiedasNotCKD)

(TotalNoofpatientwhohaveCKDcorrectlyclassifiedasCKD + TotalNoofPatientwhohaveNotCKD@correctlyclassifiedasNotCKD)

Recall: recall is also called sensitivity that retrieved relevant in-
stances.

Recall = TP
TP+FN

= Recall:recallisalsocalledsensitivitythatretrievedrelevantinstances.
TotalNoofpatientwhohaveCKDcorrectlyclassified+NoinstancesincorrectlyclassifiedNotCKD

Precision: based on a measure of relevant it retrieved information
that is relevant for instances. Precision = TP

TP+FP
= NoofpatientwhohaveCKDcorrectlyclassified

NoofpatientwhohaveCKDcorrectlyclassified+TotalNoofPatientwronglyclassifiedasCKD

F-Measure: it is also called F-score. It is a measure of a test accu-
racy. This is a biased mean of the recall and precision
F-Measure=2*

Table 3: KNN algorithm outcomes in value without and with
using feature selection
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The accuracy value of CKD prediction for KNN classifier opti-
mal subset dataset (selected 8 attributes from 25) dataset by wrap-
perSubSetEva and Best First search feature selections are most sat-
isfactory it has the maximum value accuracy. KNN without used
feature selection has accuracy 98.5% in prediction CKD. KNN with
InfoGainAttributeEval with ranker (selected 15 Attribute) has list
accuracy rate 98%. KNN with InfoGainAttributeEval with ranker
(selected 20 Attribute) has accuracy 98.75% it improved to from
98.5% to 98.75% the normal data.

Table 4: J48 algorithm outcomes in value without and with using
feature selection

the accuracy value of CKD prediction for J48 classifier on the re-
duced dataset by InfoGainAttributeEval with ranker (selected 15
or 20 Attribute) feature selections are most acceptable it has the
highest weighted average value of accuracy.

Table 5: ANN algorithm outcomes in value without and with
using feature selection

ANN classify without used feature selection method has accu-
racy rate (97.75%) in the prediction of CKD. After applied ANN
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with InfoGainAttributeEval with ranker (selected 20 Attribute),
feature selected method was 98%. ANN with InfoGainAttributeE-
val combine with ranker (selected 15 Attribute) feature selection
method has least accuracy rate (97.5). Finally, ANN classifier on
CKD dataset whose dimension has reduced to by using ANN with
WrapperSubsetEval with Best first search (selected 11 attributes)
has the highest accuracy rate (99.5%).

Table 6: NB algorithm outcomes in value without and with using
feature selection

After applied nave Bayes by InfoGainAttributeEval with ranker
(selected 20 Attribute) feature selected method was 94.75%. Nave
Bayes by used InfoGainAttributeEval with ranker (selected 15 At-
tribute) feature selection method has least accuracy rate (94%). It
is lower than the accuracy rate of 25 dimensions of the dataset.
Finally, Nave Bayes classifier on CKD dataset whose dimension
has reduced to by using WrapperSubsetEval with Best first search
(selected 9 attributes) has the highest accuracy rate (99%).

Table 7: Summary of SVM classifier results in value without and
with using feature selection methods

The accuracy rate of SVM by using InfoGainAttributeEval with
ranker search (selected 20 Attribute) feature selected method has
the highest accuracy (98.25%). SVM by used InfoGainAttributeE-
val with ranker (selected 15 Attribute) feature selection method
has least accuracy rate (97.75%). It was the same as 25-dimension
dataset. Finally, SVM classifier on CKD dataset whose dimension
has reduced to by using WrapperSubsetEval with Best first search
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(selected 8 attributes) has the highest accuracy rate (98%).

Fig.2. Accuracy comparison of classifiers for Chronic Kidney
disease datasets with Feature selection

In our ensemble models the feature is already selected in feature se-
lection methods. After applying preprocessing on the dataset used
for proposed ensemble models and performed feature selection on
each features value for individually classifier, then permit it to the
base classifier. The base classifiers are KNN, J48, ANN, NB, and
SVM. The combination methods are combining the base classifier
with AdaBoost and Bagging ensemble classifiers and combine all
the base classifier using voting classifier. The data are divided into
training and testing set. We used the Training data set to train
the base classifier. We used Testing set to evaluate and predict the
diseases. Apply ensemble vote algorithm to combine the classifier
to produced improved results and then make a final prediction is
achieved. Our ensemble classifier models are performing on CKD
dataset as shown table 7. It performs the better accuracy com-
parison in performance of the individual classifier. The ensemble
models achieved the high accuracy rate in CKD dataset.

Table 7: Accuracy comparison of the ensemble with other
classifiers for chronic kidney disease dataset
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5 CONCLUSION

In this study feature selection method and ensemble method have
been used on CKD dataset to improve the accuracy of the classifiers.
For feature selection method InfoGainAttributeEval with ranker
and Wrapper Subset Evaluator combine with Best first search have
been used. These methods have been used both proposed feature
selection method and ensemble model to improve the accuracy of
machine learning classifiers. The accuracy rate of KNN, J48, ANN,
NB, and SVM classifier on CKD dataset has been compared to
its accuracy, on a reduced dataset which has been used Wrapper-
SubsetEval with Best first search and InfoGainAttributeEval for
feature selection method. The experimental result shows that after
reducing the dataset the accuracy of the classifier has been im-
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proved. The accuracy rate of KNN classification reduced dataset
by WrapperSubsetEval with Best first search engine was 99%, which
is more than the original dataset and other feature selection meth-
ods. The accuracy rate of J48 classification reduced dataset by
InfoGainAttributeEval with ranker search was 98.75. Which was
more than the original and other feature selection method. The ac-
curacy of ANN on the reduced dataset by WrapperSubsetEval with
Best first search was 99.5%, which was the highest accuracy among
all other methods. The accuracy of Nave Bayes on reduced data
set by WrapperSubsetEval with Best first search was 99 %, which
was high accuracy rate compared to the original dataset and other
feature selection methods. The accuracy of SVM on the reduced
dataset by InfoGainAttributeEval with ranker was 98.25%, which
was more than the original data set and another feature selection.
The methods have been improved the other performance methods
like precision, recall, and F-Measure. The ensemble models experi-
mental result shows that proposed ensemble models have achieved
the highest accuracy CKD classification and prediction for CKD
dataset.

In the future, we will integrate the real-time patient data com-
bine with recorded dataset by storing patient data the recorded
containing will stored in database to improve chronic kidney dis-
ease and other disease prediction system by using hybrid algorithm.
In the future, we suggest that including some visualization method
like logical representation of the useful knowledge base transforma-
tion into visualize to the user.

References

[1] K. Chandel, V. Kunwar, S. Sabitha, T. Choudhury, and S.
Mukherjee, A comparative study on thyroid disease detection
using K-nearest neighbor and Naive Bayes classification tech-
niques, CSI Trans. ICT, vol. 4, no. 24, pp. 313319, Dec. 2016.

[2] B. Boukenze, A. Haqiq, and H. Mousannif, Predicting Chronic
Kidney Failure Disease Using Data Mining Techniques, in Ad-
vances in Ubiquitous Networking 2, Springer, Singapore, 2017,
pp. 701712.

12

International Journal of Pure and Applied Mathematics Special Issue



[3] T. Shaikhina, D. Lowe, S. Daga, D. Briggs, R. Higgins, and N.
Khovanova, Decision tree and random forest models for out-
come prediction in antibody incompatible kidney transplanta-
tion, Biomed. Signal Process. Control, Feb. 2017.

[4] R. Ani, G. Sasi, U.R. Sankar, & O.S. Deepa, (2016, Septem-
ber). Decision support system for diagnosis and prediction
of chronic renal failure using random subspace classifi-
cation I EEE Conference Publication.[Online]. Available:
http://ieeexplore.ieee.org/abstract/document/7732224/?reload=true.
[Accessed: 15-Dec-2017].

[5] L.-C. Cheng, Y.-H. Hu, and S.-H. Chiou, Applying the Tempo-
ral Abstraction Technique to the Prediction of Chronic Kidney
Disease Progression, J. Med. Syst., vol. 41, no. 5, p. 85, May
2017.

[6] H. Polat, H. D. Mehr, and A. Cetin, Diagnosis of Chronic
Kidney Disease Based on Support Vector Machine by Feature
Selection Methods, J. Med. Syst., vol. 41, no. 4, p. 55, Apr.
2017.

[7] P. Pangong and N. Iam-On, Predicting transitional interval of
kidney disease stages 3 to 5 using data mining method, in 2016
Second Asian Conference on Defence Technology (ACDT),
2016, pp. 145150.

[8] K. R. A. Padmanaban and G. Parthiban, Applying Machine
Learning Techniques for Predicting the Risk of Chronic Kidney
Disease, Indian J. Sci. Technol., vol. 9, no. 29, Aug. 2016.

[9] S. Perveen, M. Shahbaz, A. Guergachi, and K. Keshavjee, Per-
formance Analysis of Data Mining Classification Techniques to
Predict Diabetes, Procedia Comput. Sci., vol. 82, no. Supple-
ment C, pp. 115121, Jan. 2016.

[10] U. N. Dulhare and M. Ayesha, Extraction of action rules for
chronic kidney disease using Naive Bayes classifier, in 2016
IEEE International Conference on Computational Intelligence
and Computing Research (ICCIC), 2016, pp. 15.

13

International Journal of Pure and Applied Mathematics Special Issue



[11] N. Borisagar, D. Barad, and P. Raval, Chronic Kidney Dis-
ease Prediction Using Back Propagation Neural Network Algo-
rithm, in Proceedings of International Conference on Commu-
nication and Networks, Springer, Singapore, 2017, pp. 295303.

[12] A. I. Pritom, M. A. R. Munshi, S. A. Sabab, and S. Shihab,
Predicting breast cancer recurrence using effective classifica-
tion and feature selection technique, in 2016 19th Interna-
tional Conference on Computer and Information Technology
(ICCIT), 2016, pp. 310314.

[13] S. Mishra, P. Chaudhury, B. K. Mishra, and H. K. Tripathy, An
Implementation of Feature Ranking Using Machine Learning
Techniques for Diabetes Disease Prediction, in Proceedings of
the Second International Conference on Information and Com-
munication Technology for Competitive Strategies, New York,
NY, USA, 2016, p. 42:142:3.

[14] D. Zufferey, T. Hofer, J. Hennebert, M. Schumacher, R. Ingold,
and S. Bromuri, Performance comparison of multi-label learn-
ing algorithms on clinical data for chronic diseases, Comput.
Biol. Med., vol. 65, no. Supplement C, pp. 3443, Oct. 2015.

[15] S. Bashir, U. Qamar, F. H. Khan, and M. Y. Javed, MV5: A
Clinical Decision Support Framework for Heart Disease Pre-
diction Using Majority Vote Based Classifier Ensemble, Arab.
J. Sci. Eng., vol. 39, no. 11, pp. 77717783, Nov. 2014.

[16] T.R. Baitharu, & S.K. Pani, (2016). Analysis of Data Mining
Techniques for Healthcare Decision Support System Using
Liver Disorder Dataset- ScienceDirect. [Online]. Available:
http://www.sciencedirect.com/science/article/pii/S1877050916306263.
[Accessed: 15-Dec-2017].

[17] Z. Sedighi, H. Ebrahimpour-Komleh, and S. J. Mousavirad,
Feature selection effects on kidney disease analysis, in 2015
International Congress on Technology, Communication and
Knowledge (ICTCK), 2015, pp. 455459.

[18] D.M. Filimon, & A. Albu, (2014, May Skin dis-
eases diagnosis using artificial neural networks -

14

International Journal of Pure and Applied Mathematics Special Issue



IEEE Conference Publication. [Online]. Available:
http://ieeexplore.ieee.org/abstract/document/6840059/.
[Accessed: 15-Dec-2017].

[19] F. Ahmad, N. A. M. Isa, Z. Hussain, M. K. Osman, and S. N.
Sulaiman, A GA-based feature selection and parameter opti-
mization of an ANN in diagnosing breast cancer, Pattern Anal.
Appl., vol. 18, no. 4, pp. 861870, Nov. 2015.

[20] [20] H. Asri, H. Mousannif, H. Al Moatas-
sime, & T. Noel, (2016). Using Machine Learn-
ing Algorithms for Breast Cancer Risk Prediction
and Diagnosis ScienceDirect. [Online]. Available:
http://www.sciencedirect.com/science/article/pii/S1877050916302575.
[Accessed: 15-Dec-2017].

[21] B.L Deekshatulu, & P. Chandra, (2013 Classifica-
tion of Heart Disease Using K- Nearest Neighbor and
Genetic Algorithm ScienceDirect. [Online].Available:
http://www.sciencedirect.com/science/article/pii/S2212017313004945.
[Accessed: 15-Dec-2017].

[22] S. Ramya, and N. Radha. ”Diagnosis of chronic kidney disease
using machine learning algorithms.” International Journal of
Innovative Research in Computer and Communication Engi-
neering vol. 4, no. 1 pp. 812-820. 2016.

[23] R. Dhruvi, R. Yavnika, & R. Nutan, ” Prediction of Proba-
bility of Chronic Diseases and Providing Relative Real-Time
Statistical Report using data mining and machine learning
techniques”. International Journal of Science, Engineering, and
Technology Research (IJSETR) vol. 5, no. 4. 2016.

[24] S. Vijayarani, S. Dhayanand, and M. Phil. ”Kidney disease pre-
diction using SVM and ANN algorithms.” International Jour-
nal of Computing and Business Research (IJCBR) vol. 6, no.
2, 2015.

[25] N. Chetty, S. V. Kunwar, and S. D. Sudarsan. ”Role of at-
tributes selection in the classification of Chronic Kidney Dis-
ease patients.” In Computing, Communication and Security

15

International Journal of Pure and Applied Mathematics Special Issue



(ICCCS), 2015 International Conference on, pp. 1-6. IEEE,
2015.

[26] Top Data Mining Algorithms Iden-
tified by IEEE & Related Python
Resources.http://www.datasciencecentral.com/profiles/blogs/python-
resources-for-top-data-mining-algorithms

[27] Blake A.C.L. and Merz C.J. (1998). University of Cali-
fornia at Irvine Repository of Machine Learning Databases,
https://archive.ics.uci.edu/ml/datasets/chronic kidney diseas,
Last Access: 20.10.2016.

[28] J. Radhakrishnan, and M. Sumit, ”KI Reports and World Kid-
ney Day.” Kidney international reports vol.2, no. 2, pp. 125-
126, Mar. 2017.

[29] Global facts: about kidney disease Source:
https://www.kidney.org/kidneydisease/global-facts-about-
kidney-disease.

[30] P. Ahmad, Q. Saqib, and S. Q. A. Rizvi. ”Techniques of data
mining in healthcare: a review.” International Journal of Com-
puter Applications Vol. 120, no. 15 Jan. 2015.

[31] B. R. Sharma, K. Daljeet, and A. Manju. ”Review on Data
Mining: Its Challenges, Issues and Applications.” Interna-
tional Journal of Current Engineering and Technology vol. 3,
no. 2 jun. 2013.

[32] Bashir, S., Qamar, U., Khan, F. H., & Naseem, L. (2016).
HMV: a medical decision support framework using multi-layer
classifiers for disease prediction. Journal of Computational Sci-
ence, 13, 10-25.

16

International Journal of Pure and Applied Mathematics Special Issue


