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Abstract 

Chronic kidney disease (CKD), also called chronic renal disease, which is progressive loss in kidney function 

over a period of time. It is defined by the presence of kidney damage or decreased glomerular filtration rate 

(GFR). 9-13% in the general adult population is the estimated prevalence of CKD. People with CKD have a far 

more prominent probability of cardiovascular demise than movement to end-arrange renal infection. CKD is 

more prevalent in patients with CVD or with CVD related risk factors, such as hypertension, diabetes mellitus, 

dyslipidemia, and metabolic syndrome. Classification is an important data mining task and the main purpose of 

classification is to propose a classification function or classification model (called classifier).The classification 

models can align the data in the database or dataset to a specific class. 
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1. Introduction 

Chronic Kidney Disease (CKD) is one of the worldwide public health problems due to the costly treatment of its 

end stage and high possibility of death . As such, World Health Organization (WHO) has reported that South 

East Asia and the Americas witness the highest annual rate (around 1.4%) of population with this disease, from 

the comparison among six regions in 2012. In Thailand, approximately 17. 5% of adult population is identified 

as having CKD. Furthermore, the number of new users increases yearly, while there are some limitations of 

obtaining public health insurance; such as free or low cost prescription, lack of the necessary medical equipment 

and medical reimbursement limit. As the expense for dialysis is about 3300 rs per session and 10000 rs per 

week, users have to cover the expense over medical reimbursement limit  

 

     Regarding the natural tendency of progression from stages 3 to 5, users should frequently consult the doctor 

for suggestions as part of the attempt to keep kidneys working as long as possible. As the amount of users and 

information per user is large and increasing, doctors and medical staffs have a difficulty in dealing with 

personalized treatment plan. The trend of disease, especially its progression patterns can be very useful as a 

decision-making support tool. As such, the outcome is specific to each user, and can be often updated. To the 

hospital end including military ones, this can help projecting the need of personnel and resources to handle 

future stage-5 cases. Moreover, financial support can be arranged in advance for those in need. In order to 

achieve this, the current study makes use of data mining approach to develop a classification model that is 

capable of predicting transitional interval of kidney disease stages 3 to 5. 



 

674 | P a g e  

2. Related work 

In the paper “Chronic kidney disease: a research and public health priority” the authors describe that the 

growing global burden of non-communicable diseases (NCDs) worldwide has been disregarded until recently by 

policy makers, major aid donors and academics. However, NCDs are the leading cause of death in the world [1–

3]. In 2008, there were 57 million passings all around, of which 63% were expected to NCDs. These chronic 

diseases are the largest cause of death, led by cardiovascular disease (17 million deaths, mainly from ischemic 

heart disease and stroke) followed by cancer (7.6 million), chronic lung disease (4.2 million, including asthma 

and chronic obstructive pulmonary disease) and diabetes mellitus (1.3 million deaths). They share key risk 

factors: tobacco use, unhealthy diets, lack of physical activity and alcohol abuse. The current burden of chronic 

diseases reflects past exposure to these risk factors, and the future burden will be largely determined by the 

current exposure. Actually, worldwide the prevalence of these chronic diseases is projected to increase 

substantially over the next decades. According to WHO, the global number of individuals with diabetes in 2000 

was estimated to be 171 million (2.8% of the world's population), a figure anticipated to increase in 2030 to 366 

million (6.5%), 298 million of whom will live in developing countries. 

 

     In the paper titled “Prevalence and risk factors of chronic kidney disease in the Thai adult population: Thai 

SEEK study” the authors describe that Previous reports of CKD prevalence in Thailand shifted from 4.3% to 

13.8%. However, there were methodological concerns with these reports in terms of generalization and the 

accuracy of estimation. This study was, therefore, conducted to determine Chronic Kidney Disease prevalence 

and its risk factors in Thailand adult populations. The population-based Thailand Screening and Early 

Evaluation of Kidney Disease (SEEK) study got conducted with cross -sectional stratified-cluster sampling. 

Serum keratinize was analyzed using the modified Jaffe method and then standardized with isotope dilution 

mass spectrometry. 

 

     In the paper titled “Using data mining techniques to predict hospitalization of hemodialysis users” the 

authors describe that Hemodialysis users might suffer from unhealthy care behaviors or long-term dialysis 

treatments and need to be hospitalized. If the hemodialysis center's hospitalization rate is high, the service 

quality will be low. What's more, consequently, making it to diminish in hospitalization rate is a pivotal issue 

for medicinal services focuses. This study combines temporal abstraction with data mining techniques for 

analyzing dialysis users' biochemical data to develop a decision support system. The mined temporal patterns 

are helpful for clinicians to predict hospitalization of hemodialysis users and to suggest immediate treatments to 

avoid hospitalization. 

 

     In the paper titled “Predicting survival time for kidney dialysis users: a data mining approach” the 

authors describe that the cost for providing care for users on hemodialysis due to end stage kidney disease 

is high. Finding ways to improve user outcomes and reduce the cost of dialysis is important. Dialysis care 

is intricate and multiple factors may influence user survival. Over 50 parameters may be monitored on a 
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regular basis in providing kidney dialysis treatments. Understanding the collective role of these 

parameters in determining outcomes for an individual user and administering individualized treatments 

allowing specific interventions is a challenge. Individual user survival may depend on a complex 

interrelationship between multiple demographic and clinical parameters, medications, medical 

interventions, and the dialysis treatment prescription. In this research, data preprocessing, data 

transformations, and a data mining approach are used to elicit knowledge about the interaction between 

many of these measured parameters and user survival. Two different data mining algorithms were 

employed for extracting knowledge in the form of decision rules. These rules were used by a decision-

making algorithm, which predicts survival of new unseen users. Important parameters identified by data 

mining are interpreted for their medical significance. The concepts introduced in this research have been 

applied and tested using data collected at four dialysis sites 

 

     In the paper titled “The status of, and obstacles to, continuous ambulatory peritoneal dialysis in 

Thailand.” the authors describe that he prevalence of dialysis in Thailand is 282 per million population, 

and utilization of peritoneal dialysis (PD) is only 4.6% of the utilization of hemodialysis (HD). The 

causes of low PD utilization include a relatively higher cost of PD care, especially from the user's 

perspective; less incentive for PD care on the part of health care providers and hospitals; fewer continuing 

medical and nursing education programs in PD; unavailability of certified PD nurses; lack of confidence 

in the quality of PD care; fewer offers of PD as a renal replacement therapy option during pre-dialysis 

counseling; fear of peritonitis on the part of the user, and also fear of burdening family members; a less 

stringent government policy regarding the "PD first" strategy. To increase PD utilization. mandatory 

strategies are lower PD cost, make all PD equipment reimbursable, launch a stringent "PD first" policy, 

provide incentives to health care providers and hospitals, and improve the quality of PD care. 

 

3. Model and methodology 

[1] The training data that is present generally has missing attributes and uneven data. Hence it is required to 

either normalize the data in some cases or in some cases fill the missing values by taking the mean of the other 

values used in the data set.   

 

[2] Sometimes the data set might not contain the target class and hence it is required to find the target class 

based on Cross Validation. 

 

[3] Perform the detection of the level of kidney disease the patient is having based on the naive bayes classifier 

after performing resampling gives more accuracy. 

 

[4] For the Medical Institutes and Government Organizations it is good have schemes generated for a specific 

demography of people like age or gender based on kidney chronic disease. 
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Collobration Diagram 

 
Recommendations and Prediction 

Naive Bayes Classifier with resampling in order to classify the disease of the user and generate suggestions for 

each level of disease and appointment if the disease level is the highest 
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Suggestions by Doctor 

This module is responsible for creating the suggestions for the end user. The doctor will select each kidney stage 

like 3, 4 or 5 and then provide the treatment plan for each of the kidney stages. 

 

History Profile 

Each time whenever the user takes the test the scanning data attributes are entered and then after predicting the 

kidney stage then it will maintain the class. Like this N number times when the user takes the test then a graph is 

generated with the number of test taken as x axis and stage of the kidney disease as the y axis. From the history 

profile one can come to know about the improvement in the kidney stage disease. 

 

Classification by Age and Gender 

During registration the user will select the gender and also provides the age. Like this there will be many users 

who will be registered in the system. From the set of users the male and female users are found out and then a 

chart is generating based on how many males/females have kidney stage 3, kidney stage 4 and kidney stage 5.  

The age group is also divided into a set of multiple age groups and then the graphs are generated for age group 1 

and level of kidney stage and age group 2 and level of kidney stage, age group 3 and level of kidney stage and 

finally age group4 and level of kidney stage 

 

Naive Bayes Classification Algorithm  

 
Naive Bayes Algorithm is responsible for predicting whether there is Chronic Disease or No Chronic Disease.  

The algorithm is described using the following steps and the steps will be applied for each of the airports  

The algorithm has been described using two set classes namely Chronic Disease and No Chronic Disease and 

then attributes namely Attribute1, Attribute2, Attribute3,Attribute4  

 

1) obtain the list of Attribute1 from the previous history data set for Chronic Disease 

2) obtain the list of Number Of Hydrogen Bond Donars from the previous history data set for Chronic 

Disease 

3) obtain the list of Attribute3 from the previous history data set for Chronic Disease 

4) obtain the list ofAttribute4  based on history data set for Chronic Disease 

5) obtain the list of Attribute5 based on history data set for Chronic Disease 

6) Obtain the list of Attribute6based on history data set for Chronic Disease. 

7) Compute the summation of list of Attribute1 for Chronic Disease 

8) Compute the summation of list of Number of Hydrogen Bond Donars for Chronic Disease 

9) Compute the summation of list of Attribute3 for Chronic Disease 

10) Compute the summation of list ofAttribute4 for Chronic Disease 

11) Compute the summation of list of Attribute5 for Chronic Disease. 

12) Compute the mean of  Attribute1 for Chronic Disease 

13) Compute the mean of  Attribute2 for Chronic Disease 

14) Compute the mean of Attribute3 for Chronic Disease 

15) Compute the mean ofAttribute4 for Chronic Disease 

16) Compute the mean of Attribute5 for Chronic Disease 

17) Compute the standard deviation of  Attribute1 for Chronic Disease 

18) Compute the standard deviation of Attribute2 for Chronic Disease 

19) Compute the standard deviation of Attribute3 for Chronic Disease 

20) Compute the standard deviation ofAttribute4 for Chronic Disease 

21) Compute the standard deviation of Attribute5 for Chronic Disease. 

22) Compute the naive bayes probability of  Attribute1 for Chronic Disease 

23) Compute the naive bayes probability of Number of Hydrogen Bond Donars for Chronic Disease 

24) Compute the naive bayes probability of Attribute3 for Chronic Disease 

25) Compute the naive bayes probability ofAttribute4 for Chronic Disease 

26) Compute the naive bayes probability of Attribute5 for Chronic Disease 

 

In all the steps from 22 to 26 the computation of probability is performed using the following equation 
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27) Compute the total probability that the Chronic Disease will be missed using  

 

28) obtain the list of Attribute1 from the previous history data set for No Chronic Disease  

29) obtain the list of Number Of Hydrogen Bond Donars from the previous history data set for No Chronic 

Disease 

30) obtain the list of   Attribute3 from the previous history data set for No Chronic Disease 

31) obtain the list ofAttribute4  based on history data set for No Chronic Disease 

32) obtain the list of Attribute5 based on history data set for No Chronic Disease 

33) Obtain the list of Attribute6based on history data set for No Chronic Disease. 

34) Compute the summation of list of  Attribute1 for No Chronic Disease 

35) Compute the summation of list of Number of Hydrogen Bond Donars for No Chronic Disease 

36) Compute the summation of list of Attribute3 for No Chronic Disease 

37) Compute the summation of list ofAttribute4 for No Chronic Disease 

38) Compute the summation of list of Attribute5 for No Chronic Disease.  

39) Compute the mean of Attribute1 for No Chronic Disease 

40) Compute the mean of Attribute2 for No Chronic Disease 

41) Compute the mean of Attribute3 for No Chronic Disease 

42) Compute the mean ofAttribute4 for No Chronic Disease 

43) Compute the mean of Attribute5 for No Chronic Disease 

44) Compute the standard deviation of  Attribute1 for No Chronic Disease 

45) Compute the standard deviation of Number of Hydrogen Bond Donars for No Chronic Disease 

46) Compute the standard deviation of Attribute3 for No Chronic Disease 

47) Compute the standard deviation ofAttribute4 for No Chronic Disease 

48) Compute the standard deviation of Attribute5 for No Chronic Disease. 

49) Compute the naive bayes probability of  Attribute1 for No Chronic Disease 

50) Compute the naive bayes probability of Number of Hydrogen Bond Donars for No Chronic Disease 

51) Compute the naive bayes probability of Attribute3 for No Chronic Disease 

52) Compute the naive bayes probability ofAttribute4 for No Chronic Disease 

53) Compute the naive bayes probability of Attribute5 for No Chronic Disease 

 

In all the steps from 49 to 53 the computation of probability is performed using the following equation 

54) Compute the probability that the No Chronic Disease using attributes is computed using the following 
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55)  The total probability of No Chronic Disease is computed using  
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56) Computed the given data belongs to Chronic Disease is  

 
57) Computed the given data belongs to No Chronic Disease is  

 
58) If the value of Chronic Disease is higher than No Chronic Disease then the data belongs to No Chronic 

Disease 

 

Module4- Re sampling C4.5 

 

1. In the  first phase if any row has values as zero and a specific class is present in the training data set 

2.  The other rows from the training data are taken  for that specific class and for that specific attribute 

and then the mean is computed from other attributes of the same class and then  the missing values 

are replaced. 

3. If there exist a missing class then the following steps are performed for determining the class of 

missing attributes 

 

Training Data for Attributes 

Att1 Att2 Att3 Class Label 

0.5 0.4 0.6 1 

0.3 0.4 0.57 1 

0.5 0.7 0.78 1 

0.3 0.6 0.58 1 

0.6 0.8 0.2 1 

0.8 0.9 0.1 1 

0.6 0.7 0.5 2 

0.5 0.8 0.6 2 

0.8 0.7 0.7 2 

0.3 0.7 0.6 2 

0.5 0.6 0.7 2 

0.6 0.7 0.8 2 

0.6 0.8 0.7 2 

0.8 0.6 0.9 2 

0.6 0.9 0.8 2 

0.8 0.7 0.6 2 

1) Count No of instances of 1 p=6 

2) Count No of instances of 2 n=10 

3) Calculate the Overall Information Gain overall  
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4) Find the different values of Attribute1  

0.3, 0.5, 0.6 and 0.8 
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Attribute Values Class Label 1 

count 

Class Label 2 

count 

Information Gain 

0.3 2 1 0.1352 

0.5 1 2   -0.5580 

h0.6 1 4 -1.3417 

0.8 1 3 -0.9972 

   5              10 

Entrophy(A1) = (2+1)/5+10 *0.1352  

  +(1+2)/5+10* -0.5580 

      +(1+4)/5+10 * -1.3417 

+(1+3)/5+10*-0.9972 

=0.5467 

Gain(A1)= E(A1)-IG(overall) =0.5467-0.2467 =0.301 

 

5) Find the different values of Attribute2 and calculate the information gain in a same way 

6) Find the different values of Attribute3 and calculate the information gain in a same way 

7) The  attribute which has highest information gain is chosen as root node with different values as leaf 

Gain(A1),Gain(A2) , Gain(A3) find the maximum gain G(A2) 

8) For this different values left out attributes information gain is computed and then that attribute will act 

like a child 

 

Number of times Attribute1 has value 0.5 as stage1 

Number of times Attribute1 has value 0.5 as stage2 or stage3 

 

Attribute1 Stage1 Stage2 or Stage3 Information Gain 

0.5 4 5 22 

0.6 5 5 23 

0.7 5 7 34 

 

GainnInformatiostagetotalothertotalstagenotstagestageEntrophy
N

i





1

)1/(11

 

EntrophyGainnInformatioGain 
 

After obtaining the gain of all attributes and pick the attribute with highest information gain as root node. 

Again from there create a subset for each values and determine the highest information gain like this repeat 

process until the stage is obtained 

The tree is constructed and finally based on input data sets the value is predicted and the class is predicted 

4. Results and Discussion 

 
Fig: Time Taken Comparison 
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Fig shows the time taken comparison between the proposed method Naive Bayes with cross validation and then 

Naive Bayes without cross validations 

 

5.Conclusion 

The project has 3 kinds of user; one is Admin, Customer and then Doctor. The Customer is responsible for 

registration once the customer has registered then the user will be able to enter the scanning attributes and then 

get the disease level. Once the disease level is found based on the LEVEL of the disease the treatment plan are 

generated. If the level is highest then an appointment button is generated. Once the Admin performs the Login 

the admin will be able to view the appointments and then approve an appointment. Once it is approved the user 

will see the notification as well as the doctor will see the customer in the appointment list. The admin will be able 

to see the training data set and also responsible for filling the missing values or class by executing the cross 

validation process.  The user /customer/patient can also track the history based on the number of executions the 

user is performing. The time taken is very less and accuracy is very high in the proposed method Naive Bayes 

with cross validation than Naive Bayes without cross validations. 
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