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Abstract

Chronic kidney disease (CKD) refers to the failure of the renal functionalities that leads to the deposition of wastes, electrolytes and other
fluids in the body. It is very important to recognize the symptoms that cause the CKD and pathological blood and urine test indicates the
key attributes. It is well fact that one has to undergo dialysis due to renal failure. The severity level of disease can be predicted as well as
classified using appropriate computer aided quantitative tools. This specific study discusses the classification of chronic and non-chronic
kidney disease NCKD using support vector machine (SVM) neural networks. The simulation study makes use of UCI repository CKD
datasets with n=400. In order to train to train the attributes of kidney dialysis four cases were considered by including the nominal and
numerical values. A radical basis kernel function was employed to train SVM. The performance of the proposed scheme is evaluated in
terms of the sensitivity, specificity and classification accuracy. Results reveal an overall classification accuracy of 94.44% was obtained
by combining 6 attributes. It can be concluded that the SVM based approach found to be a potential candidate for classification of CKD
and NCKD.
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typical symptoms will be observed such as leg swelling, vomiting,
tiredness [1]-[5]. General diagnosis is performed through blood,
urine, test to know the functionality of the kidney. Hence it is
essential to introduce an earlier screening mechanism for identify-
ing symptoms of CKD, so that precautionary measures can be 2. Related work
taken to avoid any complications. Several attempts have been
made in the past to predict and classify various kidney diseases
[6]-[8]. Further artificial intelligence based computational tools
have been applied to develop automated classification of CKD
from non-chronic kidney diseases (NCKD) [6]-[10]. This study
suggests the application of support vector machine (SVM) neural
network for the classification of CKD and NCKD.

Fig.1: Proposed Scheme

A predictive approach in predicting Survival of kidney dialysis
patients was reported [11]. Two data mining techniques are em-
ployed and a classification accuracy of 97.78% was reported. An
enhanced version of data mining approach was proposed by the
same research group [12]. Database of 188 patients based on 707
visits was created for the purposed study, two category, ‘alive’ and
‘diseased’ to make decision for survival period of the patient.
Dialysis period of three was considered on the basis two data min-
ing techniques roughest theory and decision tree was employed.
The entire data base was divided into 8 trails and the classification
was performed the rules were framed based on lower and upper
approximation. Sixteen different classifiers using the data mining
rules helps in predicting the survival rate. An overall classifier
accuracy range 75% to 85% was achieved. It was concluded that
the selection of kidney dialysis parameters plays a significant role
in predicting the survival prediction.

Dataset derived from open source DB database repository CKD
data was considered for this study. Four classes were considered
to train the SVM. The raw attribute value was initially normalized
t0 ensure that, The SVM neural network perform better training.
The performance of the SVM classifier is evaluated in terms of
sensitivity, specificity and classification accuracy. Experimental
simulate shows an overall classification accuracy of 94.4% was
obtained which was found to be better than the result reported
earlier in the literature. Fig.1 shows the proposed schematic flow
diagram.

Sriraam et al., investigated the urological related disorder using
the data mining techniques. The two techniques namely, associa-
tion mining and decision tree were proposed for predicting the
survival period of kidney failure patients. Database from Malaysi-
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an hospital was used. It was shown that the decision tree mining
yielded promising results suitable for clinical decision making
[13],[14]. Pothraju and Sreedevi have proposed a framework
called SMOTHE for prediction of kidney disease. The procedure
minimizes the variations between the balanced and imbalanced
dataset. An overall classification accuracy of 98.73% was reported
[15]

Koklu &Tutuniu made an attempt to clearly to classify CKD and
NCKD using four data mining methods[16]. Though results were
shown, no specific details of the algorithm was reported. Sinha
and Sinha have applied KNN and SVM techniques for the same
classification problems [17]. The result were not as accurate as
compared to the earlier reported iteration in [18]. A random forest
machine learning algorithm was applied for the CKD classifica-
tion problem. The application of appropriate feature selection
technique was reported in the details for chronic kidney disease
diagnosis [19]. Ravindra et al., have reported the importance of
attribute selection for kidney dialysis survival prediction by mak-
ing use of k-means clustering techniques [20],[21].

3. Study Data

This specific study makes use of open source data located in the
University of California Irvine Machine learning repository [22],
[23]. A total of 400 subjects data were stored where 250 were
labeled as CKD and remaining 150 as NCKD. A total of 25 attrib-
utes were available. Table 1 shows the complete details [22].

4. Support Vector machine Classification

b
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Fig. 2: Hyper plane separating binary class

The selection of kernel function is very crucial for pattern classifi-
cation. In order to train datasets with SVM, four cases considered
to the study. Table 2 shows the conditions considered for this
study.

Table 2: Conditions considered for this study

Support vector machine neural network was found to be an appro- Cases Attributes
priate pattern classifier model for engineering and clinical applica- Case 1 Blood Pressure
tion in the recent decade. Through a non-linear phenomenon, Specific gravity
SVM project the given input pattern to higher —dimensional fea- Serum creatinine
ture space and later linear decision surface is constructed [24]-[26]. Case 2 Albumin
The construction of efficient hyper plane leads to better pattern ;Tgaa | d
classification. Fig.2 illustrates the hyper plane separating binary Heon:og%oubciase random
classes [24].
. . Lo . Case 3 Package cell
Table 1: Attributes and their properties in patient dataset Vqunge
WBCC
No  Attribute Type Units or Values RBCC
1 Age Numerical Years Case 4 Albumin
2 Blood Pressure Numerical mm/Hg SUQar
3 Specific Gravity Nominal (1.005,1.010,1.015,1.020,1.025) Blood glucos_e _random
Serum Creatinine
4 Albumin Nominal (0.1.2.3.4.5) Sodium
5 Sugar Nominal (0.1,2.34.5) Potassium
6 Red Blood Cells Nominal (normal, abnormal) Hemoglobin
7 Pus Cell Nominal (normal, abnormal) A i i i A
S Pus Call clumps Nomimal (present, not presend) In orde_r t(_) train the netvyork W|_th dialysis p{irameter, a simple
5 Badeis Nominl (pmeseat, 2ot proseal) normalization procedure is considered for this proposed study.
: ’ The attribute normalization, Attribute (N) is defined as:
10 Blood Glucose Random | Numerical mgs/dl
!t BloodUrea Numerical  mes/dl {(Original attribute value) —
12 Serum Creatinine Numerical mgs/dl (upper limit of attribute) }
13 Sodium Numerical mEqg/L Attribute (N) = Q)
14 Potassium Numerical mEq/L
15 Hemoglobin Numerical gms {(Upper limit of the attribute)
16 Packed Cell Volume Numerical - (LOWer limit of the attrIbUte) +l)}
17 ‘White Blood Cell Count | Numerical cells/cumm
18 Red Blood Cell Count Numerical millions/emm 3 i L )
TR . . The effect of normalization was found to be significant during the
ypertension Nominal (yes. no) o
: - . SVM training procedure.
20 Diabetes Mellitus Nominal (yes, no)
21 Coronary Artery Disease | Nominal (yes. no) . . . .
B o (good poor) In order to train the SVM network, radial basis kernel function
eute ominal 200 00T, e
it : gt was employed. The performance of the SVM classifier was
23 Pedal Edema Nominal  (yes,no) evaluated in terms of the following parameters.
24 Anemia Nominal (yes. no) Specificity = Te/(Te+Tn)  (2)
25 Class Nominal (CKD.NCKD)
Sensitivity= Tn/ (Fe+Thn)  (3)
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Classification accuracy =
(Te+TnN) / (Te+Fp+Tn+FN)  (4)

Where
Tp = correctly recognized CKD attributes.
Fn = Incorrectly recognized as NCKD
Tn = Correctly recognized NCKD attributes
Fp = Incorrectly recognized as CKD

The results are translated in Table 3.

Table 3: Classification Results

Cases SE (%) SP (%) CA (%)
Case 1 100 8.6 65.75
Case 2 98 91.2 93.75
Case 3 80 88.8 85.8
Case 4 84.6 98 93

Most of the work reported in the literature that makes use of
UCIML datasets have employed the machine learning algorithms
for the entire dataset [8], [12], [16]-[18]. The proposed work em-
phasize the importance towards the close correlation that

exists among the kidney dialysis parameter. The influence of al-
bumin, sugar and blood glucose have contributed significantly
towards the classification of CKD and NONCKD. The results
were comparable to that of the work reported earlier [8], [12],[16]-
[18].

It can be observed that the effect of albumin, sugar, blood glucose
random and hemoglobin attributes found to be significant in per-
formance, better binary classification of CKD (VS) NCKD. A
maximum classification accuracy of 93.75% was obtained.

Fig.3 shows the effect of performance of SVM classifier with
normalization and without normalization of the attribute. Only two
cases were shown

HCA

Fig. 3: Performance of SVM Classifier

Fig.4 shows the computational requirements for the SVM
algorithm.
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Fig. 4: Computational Complexity of the proposed SVM
Classifier

It can be inferred from Figs 3 and 4 that the SVM classifier with
attribute normalization outperforms than without normalization.

5. Conclusions

This specific study makes use of support vector machine (SVM)
model for classification of CKD and NCKD. The total 24 attrib-
utes recorded from UCI machine repository, CKD database were
categorized into four cases depending on its close association
between the attributes. Stimulation shows an overall classification
accuracy of 93.75% with SVM classifier that makes use of radial
basis kernel function.
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