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Abstract 
Data mining can be used in healthcare industry to “mined” clinical data to discover hidden 

information for intelligent and affective decision making. Discovery of hidden patterns and 

relationships often goes intact, yet advanced data mining techniques can be helpful as remedy 

to this scenario. 

This thesis mainly deals with Intelligent Prediction of Chronic Renal Disease (IPCRD). Data 

covers blood, urine test, and external symptoms applied to predict chronic renal disease.  Data 

from the database is initially transformed to Weka (3.6) and Chi-Square method is used for 

features section. After normalizing data, three classifiers were applied and efficiency of 

output is evaluated. Mainly, three classifiers are analyzed: Decision Tree, Naïve Bayes, K- 

Nearest Neighbour algorithm.  Results show that each technique has its unique strength in 

realizing the objectives of the defined mining goals. Efficiency of Decision Tree and KNN 

was almost same but Naïve Bayes proved a comparative edge over others.     

Further sensitivity and specificity tests are used as statistical measures to examine the 

performance of a binary classification. Sensitivity (also called recall rate in some fields) 

measures the proportion of actual positives which are correctly identified while Specificity 

measures the proportion of negatives which are correctly identified.  

CRISP-DM methodology is applied to build the mining models. It consists of six major 

phases: business understanding, data understanding, data preparation, modeling, evaluation, 

and deployment.  
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Introduction  
 

Chronic Renal disease is becoming a growing problem in both developed and developing 

world. According to CNN report, in developing countries, due to increasing urbanization, 

people are adopting unhealthy life style that promotes diabetes and high blood pressure, the 

leading cause of Chronic Renal disease, while 10-20% of people with diabetes die of kidney 

disease. [1] On the other side, in developed countries, like USA, 26 million American adults (1 

in 9) have CKD and millions of others are at increased risk [2]. US researchers have devised an 

eight-point risk factor checklist to predict chronic kidney disease. The checklist includes older 

age, anemia, female sex, hypertension, diabetes, peripheral vascular disease and any history of 

congestive heart failure or cardiovascular disease [3].   

Chronic renal failure develops over months and years. The most common causes of chronic 

renal failure are related to: 

 Poorly controlled diabetes  

 Poorly controlled high blood pressure  

 Chronic glomerulonephritis  

Less common causes: 

 Polycystic Kidney Disease 

 Reflux nephropathy 

 Kidney stones 

 Prostate disease 

In the beginning, kidney failure may be asymptomatic (not producing any symptoms). As 

kidney function decreases, the symptoms are related to the inability to regulate water and 

electrolyte balances, to clear waste products from the body, and to promote red blood cell 

production. Lethargy, weakness, shortness of breath, and generalized swelling may occur. 

Unrecognized or untreated, life-threatening circumstances can develop.  

http://du.se/
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Metabolic acidosis, or increased acidity of the body due to the inability to manufacture 

bicarbonate, will alter enzyme and oxygen metabolism, causing organ failure.  

Inability to excrete potassium and rising potassium levels in the serum (hyperkalemia) is 

associated with fatal heart rhythm disturbances (arrhythmias).  

Rising urea levels in the blood (uremia) can affect the function of a variety of organs ranging 

from the brain (encephalopathy) with alteration of thinking, to inflammation of the heart 

lining (pericarditis), to decreased muscle function because of low calcium levels 

(hypocalcemia). 

Generalized weakness can be due to anemia, a decreased red blood cell count, because lower 

levels of erythropoietin do not adequately stimulate the bone marrow. A decrease in red cells 

equals a decrease in oxygen-carrying capacity of the blood, resulting in decreased oxygen 

delivery to cells for them to do work; therefore, the body tires quickly. As well, with less 

oxygen, cells more readily use anaerobic metabolism (an=without + aerobic=oxygen) leading 

to increased amounts of acid production that cannot be addressed by the already failing 

kidneys. 

  

 
Figure 1 - Primary Causes of Kideny Failure 

 

. 
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As waste products build in the blood, loss of appetite, lethargy, and fatigue become apparent. 

This will progress to the point where mental function will decrease and coma may occur. 

Because the kidneys cannot address the rising acid load in the body, breathing becomes more 

rapid as the lungs try to buffer the acidity by blowing off carbon dioxide. Blood pressure may 

rise because of the excess fluid, and this fluid can be deposited in the lungs, causing 

congestive heart failure. [4] 

Kidneys are greatly concerned with three major functionalities: 

 Pressure filtration 

 Tubular secretion 

 Urine formation 

 

 

 

 
Figure 2 - Kidney Anatomy 
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Figure 3 - Kideny Internal Structure 

 

Background 

Chronic Renal disease is generally predicted through the performance of GFR (Glomerulus 

Filter Rate), Creatinine, Urea, Urea protein test. This disease develops over time in months 

and some time in years. High blood pressure and diabetes are most crucial cause of CRF 

(Chronic Renal Failure). Unfortunately, sometimes both patients and physician remain unable 

to judge this disease. Mostly, a list of blood and urine tests is made for prediction, yet there is 

no algorithm that could find that probability of CRF in a patient. Mostly, this disease is 

diagnosed at the end stage. On the basis of medical history of number of patients we are going 

for an intelligent diagnostic predictor for CRF.   

Problem Statement 

Major problem with Chronic Renal disease, that unlike Acute Renal failure, it develops over 

months and years. Medical institutions don’t have specific scale to measure the probability of 

chronic renal disease in initial or middle stages. “Many hospital information systems are 

http://du.se/


Saqib Husain Khan  Degree Project  

 E3890D  

  March 2010 

Dalarna University                                                                                                                                    Tel. +46(0)237780000  

Röda Vägen 3S-781-88                                                                                                                              Fax:+46(0)23778080 

Borlänge Sweden                                                                                                                                            http://du.se                                                                                                        
11 

 

 

designed to support patient billing, inventory management and generation of simple statistics. 

Some hospitals use decision support systems, but they are largely limited. They can answer 

simple queries like “What is the average age of patients who have heart disease?”, “How 

many surgeries had resulted in hospital stays longer than 10 days?”, “Identify the female 

patients who are single, above 30 years old, and who have been treated for cancer.” However, 

they cannot answer complex queries like “Identify the important preoperative predictors that 

increase the length of hospital stay”, “Given patient records on cancer, should treatment 

include chemotherapy alone, radiation alone, or both chemotherapy and radiation?”, and 

“Given patient records, predict the probability of patients getting a heart disease.” “[5] 

Traditionally, doctors have had no clear way to predict, which of their patients might be 

headed down the road to chronic kidney disease (CKD). Mostly patients, before complete 

renal failures don’t know, how long they had some sort of renal abnormalities. Physicians 

generally take decisions on the basis of their expertise and knowledge, rather than on the 

knowledge rich data, hidden in the database. This practice leads to unwanted biases, errors 

and excessive medical costs which affects the quality of service provided to patients. So, there 

is need of integration between clinical decision support and patients’ database for intelligent 

decision making. In this context, Data Mining is a fabulous approach to generate knowledge 

rich environment to achieve better clinical decisions.   

Data mining using WEKA as a tool is helpful to reduce for feature selections, highly relevant 

to predict CRD and provides suitable analysis, based on different methods such as CART, 

Naïve Bayes and KNN. These prediction models can provide relevant information to the 

clinical experts to judge the patients conditions more smartly and intelligently. 

The task is to analyze predictive models for chronic renal disease, including Naïve Bayes, J48 

Decision Tree and KNN, to predict whether a patient has Chronic Renal disease or not. 

Output is single and binary (0, 1). 1 for the patients with CRD and 0 for the patients without 

CRD. Edema, un-explained vomiting, blood pressure, GFR, creatinine, diabetes, 

cardiovascular-factor, amenia, urea, urine protein, age and gender are set as inputs over which 

output depends. Part of the data should be used for training and part for testing of 

performance. Which of the models give optimum result will be analyzed at the end. 

http://du.se/
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Methodology 

CRISP-DM 

CRISP-DM methodology is applied to build the mining models. It consists of six major 

phases: business understanding, data understanding, data preparation, modeling, evaluation, 

and deployment. Business understanding phase focuses on understanding the objectives and 

requirements from a Renal Disease perspective, converting this knowledge into a data mining 

problem definition, and designing a preliminary plan to achieve the objectives. Data 

understanding phase uses the raw the data and proceeds to understand the data (medical 

terminologies, tests etc), identify its quality, gain preliminary insights, and detect interesting 

subsets to form hypotheses for hidden information. Data preparation phase constructs the final 

dataset that will be fed into the modeling tools. This includes table, record, and attribute 

selection as well as data cleaning and transformation. The modeling phase selects and applies 

three models as mentioned above, and calibrates their parameters to optimal values. The 

evaluation phase evaluates the model to ensure that it achieves the business objectives. The 

deployment phase specifies the tasks that are needed to use the models. [6] 

Data Mining  

Data Mining is an analytic process designed to explore data (usually large amounts of data - 

typically business or market related) in search of consistent patterns and/or systematic 

relationships between variables, and then to validate the findings by applying the detected 

patterns to new subsets of data. The ultimate goal of data mining is prediction - and predictive 

data mining is the most common type of data mining and one that has the most direct business 

applications. The process of data mining consists of three stages: (1) the initial exploration, (2) 

model building or pattern identification with validation/verification, and (3) deployment (i.e., 

the application of the model to new data in order to generate predictions). [7] 

Data mining commonly involves four classes of tasks. 

 Classification - Arranges the data into predefined groups. For example an email 

program might attempt to classify an email as legitimate or spam. Common algorithms 

include Decision Tree Learning, Nearest neighbour, naive Bayesian classification and 

Neural network. 

http://du.se/
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 Clustering - Is like classification but the groups are not predefined, so the algorithm 

will try to group similar items together. 

 Regression - Attempts to find a function which models the data with the least error. 

 Association rule learning - Searches for relationships between variables. For example 

a supermarket might gather data on customer purchasing habits. Using association rule 

learning, the supermarket can determine which products are frequently bought 

together and use this information for marketing purposes. This is sometimes referred 

to as market basket analysis. [8] 

Different levels of analysis are available:  

 Artificial neural networks: Non-linear predictive models that learn through training 

and resemble biological neural networks in structure. 

 Genetic algorithms: Optimization techniques that use process such as genetic 

combination, mutation, and natural selection in a design based on the concepts of 

natural evolution.  

 Decision trees: Tree-shaped structures that represent sets of decisions. These 

decisions generate rules for the classification of a dataset. Specific decision tree 

methods include Classification and Regression Trees (CART) and Chi Square 

Automatic Interaction Detection (CHAID). CART and CHAID are decision tree 

techniques used for classification of a dataset. They provide a set of rules that you can 

apply to a new (unclassified) dataset to predict which records will have a given 

outcome. CART segments a dataset by creating 2-way splits while CHAID segments 

using chi square tests to create multi-way splits. CART typically requires less data 

preparation than CHAID.  

 Nearest neighbour method: A technique that classifies each record in a dataset based 

on a combination of the classes of the k record(s) most similar to it in a historical 

dataset (where k 1). Sometimes called the k-nearest neighbor technique.  

http://du.se/
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 Rule induction: The extraction of useful if-then rules from data based on statistical 

significance.  

 Data visualization: The visual interpretation of complex relationships in 

multidimensional data. Graphics tools are used to illustrate data relationships [9] 

WEKA  

WEKA (Waikato Environment for Knowledge Analysis) is a popular suite of machine 

learning software written in Java contains a collection of visualization tools and 

algorithms for data analysis and predictive modeling, together with graphical user 

interfaces for easy access to this functionality. The original non-Java version of WEKA 

was a TCL/TK front-end to (mostly third-party) modeling algorithms implemented in 

other programming languages, plus data preprocessing utilities in C, and a Make file-

based system for running machine learning experiments. This original version was 

primarily designed as a tool for analyzing data from agricultural domains, but the more 

recent fully Java-based version (WEKA 3), for which development started in 1997, is now 

used in many different application areas, in particular for educational purposes and 

research. The main strengths of WEKA are that it is 

 freely available under the GNU General Public License,  

 very portable because it is fully implemented in the Java programming language 

and thus runs on almost any modern computing platform,  

 contains a comprehensive collection of data preprocessing and modeling 

techniques,  

 Is easy to use by a novice due to the graphical user interfaces it contains.  

WEKA supports several standard data mining tasks, more specifically, data preprocessing, 

clustering, classification, regression, visualization, and feature selection.  

The Explorer interface has several panels that give access to the main components of the 

workbench. The Preprocess panel has facilities for importing data from a database, a CSV 

file, etc., and for preprocessing this data using a so-called filtering algorithm. The Classify 

http://du.se/
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panel enables the user to apply classification and regression algorithms to the resulting 

dataset, to estimate the accuracy of the resulting predictive model, and to visualize 

erroneous predictions, ROC curves, etc., or the model itself. [10] 

Classification Methods 

Three classification methods are used to analyze their efficiency. All these methods work 

differently depending upon the relationship between inputs and outputs.  

 

 Decision Tree (J48) 

 Naïve Bayes 

 Case based 

Decision Tree (J48) 

J48 is a version of an earlier algorithm developed by J. Ross Quinlan. Decision trees are a 

classic way to represent information from a machine learning algorithm, and offer a fast and 

powerful way to express structures in data. A decision tree is a predictive machine-learning 

model that decides the target value (dependent variable) of a new sample based on various 

attribute values of the available data. The internal nodes of a decision tree denote the different 

attributes; the branches between the nodes tell us the possible values that these attributes can 

have in the observed samples, while the terminal nodes tell us the final value (classification) 

of the dependent variable.  

The attribute that is to be predicted is known as the dependent variable, since its value 

depends upon, or is decided by, the values of all the other attributes. The other attributes, 

which help in predicting the value of the dependent variable, are known as the independent 

variables in the dataset.  

The J48 Decision tree classifier follows the following simple algorithm. In order to classify a 

new item, it first needs to create a decision tree based on the attribute values of the available 

training data. So, whenever it encounters a set of items (training set) it identifies the attribute 

that discriminates the various instances most clearly. This feature that is able to tell us most 

about the data instances so that we can classify them the best is said to have the highest 

information gain. Now, among the possible values of this feature, if there is any value for 

http://du.se/
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which there is no ambiguity, that is, for which the data instances falling within its category 

have the same value for the target variable, then we terminate that branch and assign to it the 

target value that we have obtained.  

 For the other cases, we then look for another attribute that gives us the highest information 

gain. Hence we continue in this manner until we either get a clear decision of what 

combination of attributes gives us a particular target value, or we run out of attributes. In the 

event that we run out of attributes, or if we cannot get an unambiguous result from the 

available information, we assign this branch a target value that the majority of the items under 

this branch possess. [11] 

The J48 algorithm gives several options related to tree pruning. Many algorithms attempt to 

"prune", or simplify, their results. Pruning produces fewer, more easily interpreted results. 

More importantly, pruning can be used as a tool to correct for potential over fitting. The basic 

algorithm described above recursively classifies until each leaf is pure, meaning that the data 

has been categorized as close to perfectly as possible. This process ensures maximum 

accuracy on the training data, but it may create excessive rules that only describe particular 

idiosyncrasies of that data. When tested on new data, the rules may be less effective. Pruning 

always reduces the accuracy of a model on training data. This is because pruning employs 

various means to relax the specificity of the decision tree, hopefully improving its 

performance on test data. The overall concept is to gradually generalize a decision tree until it 

gains a balance of flexibility and accuracy. 

J48 employs two pruning methods. The first is known as sub tree replacement. This means 

that nodes in a decision tree may be replaced with a leaf -- basically reducing the number of 

tests along a certain path. This process starts from the leaves of the fully formed tree, and 

works backwards toward the root. The second type of pruning used in J48 is termed sub tree 

raising. In this case, a node may be moved upwards towards the root of the tree, replacing 

other nodes along the way. Sub tree raising often has a negligible effect on decision tree 

models. There is often no clear way to predict the utility of the option, though it may be 

advisable to try turning it off if the induction process is taking a long time. This is due to the 

fact that sub tree raising can be somewhat computationally complex. 

http://du.se/
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Error rates are used to make actual decisions about which parts of the tree to replace or raise. 

There are multiple ways to do this. The simplest is to reserve a portion of the training data to 

test on the decision tree. The reserved portion can then be used as test data for the decision 

tree, helping to overcome potential over fitting. This approach is known as reduced-error 

pruning. Though the method is straight-forward, it also reduces the overall amount of data 

available for training the model. For particularly small datasets, it may be advisable to avoid 

using reduced error pruning. 

Other error rate methods statistically analyze the training data and estimate the amount of 

error inherent in it. The mathematics is somewhat complex, but this approach seeks to 

forecast the natural variance of the data, and to account for that variance in the decision tree. 

This approach requires a confidence threshold, which by default is set to 25 percent. This 

option is important for determining how specific or general the model should be. If the 

training data is expected to conform fairly closely to the data you'd like to test the model on, 

this figure can be lowered. The reverse is true if the model performs poorly on new data; try 

decreasing the rate in order to produce a more pruned (i.e., more generalized) tree. [12] 

Naïve Bayes Classifier 

The Naive Bayes Classifier technique based Bayesian theorem and mostly appropriate when 

there is high dimensionality of the inputs. Despite its simplicity, Naive Bayes can often 

outperform more sophisticated classification methods. 

The Naïve Bayes classifier works on a simple, but comparatively intuitive concept. Also, in 

some cases it is also seen that Naïve Bayes outperforms many other comparatively complex 

algorithms. It makes use of the variables contained in the data sample, by observing them 

individually, independent of each other. 

The Naïve Bayes classifier is based on the Bayes rule of conditional probability. It makes use 

of all the attributes contained in the data, and analyses them individually as though they are 

equally important and independent of each other.  For example, consider that the training data 

consists of various animals (say elephants, monkeys and giraffes), and our classifier has to 

classify any new instance that it encounters. We know that elephants have attributes like they 
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have a trunk, huge tusks, a short tail, are extremely big, etc. Monkeys are short in size, jump 

around a lot, and can climbing trees; whereas giraffes are tall, have a long neck and short ears.  

The Naïve Bayes classifier will consider each of these attributes separately when classifying a 

new instance. So, when checking to see if the new instance is an elephant, the Naïve Bayes 

classifier will not check whether it has a trunk and has huge tusks and is large. Rather, it will 

separately check whether the new instance has a trunk, whether it has tusks, whether it is large, 

etc. It works under the assumption that one attribute works independently of the other 

attributes contained by the sample. [13] 

 An advantage of the naive Bayes classifier is that it requires a small amount of training data 

to estimate the parameters (means and variances of the variables) necessary for classification. 

Because independent variables are assumed, only the variances of the variables for each class 

need to be determined and not the entire covariance matrix. [14] 

K- nearest neighbouring Algorithm 

In pattern recognition, the k-nearest neighbor’s algorithm (k-NN) is a method for classifying 

objects based on closest training examples in the feature space. K-NN is a type of instance-

based learning, or lazy learning where the function is only approximated locally and all 

computation is deferred until classification. The k-nearest neighbor algorithm is amongst the 

simplest of all machine learning algorithms: an object is classified by a majority vote of its 

neighbors, with the object being assigned to the class most common amongst its k nearest 

neighbors (k is a positive integer, typically small). If k = 1, then the object is simply assigned 

to the class of its nearest neighbor. 

The same method can be used for regression, by simply assigning the property value for the 

object to be the average of the values of its k nearest neighbors. It can be useful to weight the 

contributions of the neighbors, so that the nearer neighbors contribute more to the average 

than the more distant ones. (A common weighting scheme is to give each neighbor a weight 

of 1/d, where d is the distance to the neighbor. This scheme is a generalization of linear 

interpolation.) 

http://du.se/
http://en.wikipedia.org/wiki/Pattern_recognition
http://en.wikipedia.org/wiki/Statistical_classification
http://en.wikipedia.org/wiki/Feature_space
http://en.wikipedia.org/wiki/Instance-based_learning
http://en.wikipedia.org/wiki/Instance-based_learning
http://en.wikipedia.org/wiki/Lazy_learning
http://en.wikipedia.org/wiki/Machine_learning
http://en.wikipedia.org/wiki/Integer
http://en.wikipedia.org/wiki/Regression


Saqib Husain Khan  Degree Project  

 E3890D  

  March 2010 

Dalarna University                                                                                                                                    Tel. +46(0)237780000  

Röda Vägen 3S-781-88                                                                                                                              Fax:+46(0)23778080 

Borlänge Sweden                                                                                                                                            http://du.se                                                                                                        
19 

 

 

The neighbors are taken from a set of objects for which the correct classification (or, in the 

case of regression, the value of the property) is known. This can be thought of as the training 

set for the algorithm, though no explicit training step is required. The k-nearest neighbor 

algorithm is sensitive to the local structure of the data. 

Nearest neighbor rules in effect compute the decision boundary in an implicit manner. It is 

also possible to compute the decision boundary itself explicitly, and to do so in an efficient 

manner so that the computational complexity is a function of the boundary complexity. 

The training examples are vectors in a multidimensional feature space, each with a class label. 

The training phase of the algorithm consists only of storing the feature vectors and class labels 

of the training samples. 

In the classification phase, k is a user-defined constant, and an unlabelled vector (a query or 

test point) is classified by assigning the label which is most frequent among the k training 

samples nearest to that query point. 

Usually Euclidean distance is used as the distance metric; however this is only applicable to 

continuous variables. In cases such as text classification another metric such as the overlap 

metric (or Hamming distance) can be used. 

A drawback to the basic "majority voting" classification is that the classes with the more 

frequent examples tend to dominate the prediction of the new vector, as they tend to come up 

in the k nearest neighbors when the neighbors are computed due to their large number. One 

way to overcome this problem is to weight the classification taking into account the distance 

from the test point to each of its k nearest neighbors. 

The best choice of k depends upon the data; generally, larger values of k reduce the effect of 

noise on the classification, but make boundaries between classes less distinct. A good k can be 

selected by various heuristic techniques, for example, cross-validation. The special case 

where the class is predicted to be the class of the closest training sample (i.e. when k = 1) is 

called the nearest neighbor algorithm. 

The accuracy of the k-NN algorithm can be severely degraded by the presence of noisy or 

irrelevant features, or if the feature scales are not consistent with their importance. Much 
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research effort has been put into selecting or scaling features to improve classification. A 

particularly popular approach is the use of evolutionary algorithms to optimize feature scaling. 

Another popular approach is to scale features by the mutual information of the training data 

with the training classes. [15] 

Data collection 

Data about kidney patients is collected with the cooperation of Dr. Asim (Medical officer 

Railway hospital, Pakistan). Record comprises over 172 patients out with 109 cases are 

predicated with chronic renal failure while other 63 are unpredicted.    

Data pre processing 

Data cleaning, data reduction and features selections are important components of data pre-

processing. Data from database was transformed to ARFF file by defining data types. For this 

conversion data was initially saved with extension of .CSV from Microsoft Excel and opened 

with Notepad to save it with ARFF extension, as shown in the figure below. This 

transformation is necessary to use data in Weka. Initially data quality was made sure by 

checking missing, incomplete, inconsistent values in the database.   

 

Figure 4 - Data Pre Processing 

Variable Selection 

 In variables selection stage ranking of attributes is analysed to find the higher dependency of 

output on some specific inputs. Initially all the attributes (Sr_No, Gender, Age, Urea, Urine-
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Protein, Creatinine, Oedema, Diabetes, BP_SYS, BP_DS, GFR, Vomiting, Anaemia, 

Cardiovascular Factor) are selected to finalize features. All the attributes are evaluated by 

‘ChiSquaredAttributeEval’ evaluator using ‘Ranker’ search method applying full training set. 

A chi-square test (also chi-squared or χ2  test) is any statistical hypothesis test in which the 

sampling distribution of the test statistic is a chi-square distribution when the null hypothesis 

is true, or any in which this is asymptotically true, meaning that the sampling distribution (if 

the null hypothesis is true) can be made to approximate a chi-square distribution as closely as 

desired by making the sample size large enough [16]. This method gives an ease to choose 

attributes with high ranking. As shown the figure below that Creatinine, urea and GFR have 

the most significant affect on output while Urine Protein, blood pressure, diabetes Oedema 

have a moderate affect, Anaemia and Cardiovascular factor have minimum while age, gender 

and serial number have no significant effect on out put. So, further classification was made by 

ignoring the attributes which were not significant.          

 

Figure 5 - ChiSquare 
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K-Fold Cross validation 

In K-fold cross-validation, the original sample is randomly partitioned into K subsamples. Of 

the K subsamples, a single subsample is retained as the validation data for testing the model, 

and the remaining K − 1 sub samples are used as training data. The cross-validation process is 

then repeated K times (the folds), with each of the K subsamples used exactly once as the 

validation data. The K results from the folds then can be averaged (or otherwise combined) to 

produce a single estimation. The advantage of this method over repeated random sub-

sampling is that all observations are used for both training and validation, and each 

observation is used for validation exactly once. 10-fold cross-validation is commonly used. 

In stratified K-fold cross-validation, the folds are selected so that the mean response value is 

approximately equal in all the folds. In the case of a dichotomous classification, this means 

that each fold contains roughly the same proportions of the two types of class labels. [17] 

Specificity 

Sensitivity and specificity are statistical measures of the performance of a binary 

classification test. Sensitivity (also called recall rate in some fields) measures the proportion 

of actual positives which are correctly identified as such (e.g. the percentage of sick people 

who are identified as having the condition). Specificity measures the proportion of negatives 

which are correctly identified (e.g. the percentage of healthy people who are identified as not 

having the condition). A theoretical, optimal prediction can achieve 100% sensitivity (i.e. 

predict all people from the sick group as sick) and 100% specificity (i.e. not predict anyone 

from the healthy group as sick). 

To use an example of a detection dog used by law enforcement to track drugs, a dog may be 

trained specifically to find cocaine. Another dog may be trained to find cocaine, heroin and 

marijuana. The second dog is looking for so many smells it can get confused and sometimes 

picks out odours like shampoo, so it will begin to lead the law enforcement agents to innocent 

packages, thus it's less specific. Thus, a much larger number of packages will be "picked up" 

as suspicious by the second dog, leading to what is called false positives - test results labelled 

as positive (drugs) but that are really negative (shampoo). 

In terms of specificity, the first dog doesn't miss any cocaine and does not pick out any 

shampoo, so it is very specific. If it makes a call it has a high chance of being right. The 
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second dog finds more drugs (sensitivity), but is less specific for drugs because it also finds 

shampoo. It makes more calls, but has more chance of being wrong. Which dog you choose 

depends on what you want to do. 

 

 

 

A specificity of 100% means that the test recognizes all actual negatives - for example, all 

healthy people will be recognized as healthy. Because 100% specificity means no positives 

are erroneously tagged, a positive result in a high specificity test is used to confirm the disease. 

The maximum can trivially be achieved by a test that claims everybody healthy regardless of 

the true condition. Therefore, the specificity alone does not tell us how well the test 

recognizes positive cases. We also need to know the sensitivity of the test. 

Specificity is sometimes confused with the precision or the positive predictive value, both of 

which refer to the fraction of returned positives that are true positives. The distinction is 

critical when the classes are different sizes. A test with very high specificity can have very 

low precision if there are far more true negatives than true positives, and vice versa. [18] 

Sensitivity 

Continuing with the example of the law enforcement tracking dog, an old dog might be retired 

because its nose becomes less sensitive to picking up the odour of drugs, and it begins to miss 

lots of drugs that it ordinarily would have sniffed out. This dog illustrates poor sensitivity, as 

it would give an "all clear" to not only those packages that do not contain any drugs (true 

negatives), but also to some packages that do contain drugs (false negatives). 

 

 

 

A sensitivity of 100% means that the test recognizes all actual positives - for example, all sick 

people are recognized as being ill. Thus, in contrast to a high specificity test, negative results 

in a high sensitivity test are used to rule out the disease. 

http://du.se/
http://en.wikipedia.org/wiki/Precision_and_recall
http://en.wikipedia.org/wiki/Positive_predictive_value
http://en.wikipedia.org/wiki/Vice_versa


Saqib Husain Khan  Degree Project  

 E3890D  

  March 2010 

Dalarna University                                                                                                                                    Tel. +46(0)237780000  

Röda Vägen 3S-781-88                                                                                                                              Fax:+46(0)23778080 

Borlänge Sweden                                                                                                                                            http://du.se                                                                                                        
24 

 

 

Sensitivity alone does not tell us how well the test predicts other classes (that is, about the 

negative cases). In the binary classification, as illustrated above, this is the corresponding 

specificity test. 

Sensitivity is not the same as the positive predictive value (ratio of true positives to combined 

true and false positives), which is as much a statement about the proportion of actual positives 

in the population being tested as it is about the test. 

The calculation of sensitivity does not take into account indeterminate test results. If a test 

cannot be repeated, the options are to exclude indeterminate samples from analysis (but the 

number of exclusions should be stated when quoting sensitivity), or, alternatively, 

indeterminate samples can be treated as false negatives (which gives the worst-case value for 

sensitivity and may therefore underestimate it). [19] 

Results 

 

K- Nearest neighbour:  when K=1 

Below are the results of when K- nearest neighbour algorithm is applied. It is important to 

note that here IBK classifier is applied when K= 1 applying cross validation. Model gives us 

91.2% of correctly classified instances. Confusion matrix shows that ten patients are wrongly 

classified among patients who don’t have chronic renal failure, while five is wrongly 

classified among predicted patients.   

http://du.se/
http://en.wikipedia.org/wiki/Specificity_(tests)
http://en.wikipedia.org/wiki/Positive_predictive_value


Saqib Husain Khan  Degree Project  

 E3890D  

  March 2010 

Dalarna University                                                                                                                                    Tel. +46(0)237780000  

Röda Vägen 3S-781-88                                                                                                                              Fax:+46(0)23778080 

Borlänge Sweden                                                                                                                                            http://du.se                                                                                                        
25 

 

 

 
Figure 6 - Case Based Screen Shot 

 

 

Naive Bayes 

Below are the results when Naïve Bayes method is applied, using 10 fold cross validation. 

Model gives us 94.1% of correctly classified instances Confusion matrix shows that six 

patients are wrongly classified among patients who don’t have chronic renal failure, while 

four is wrongly classified among predicted patients.   
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Figure 7 - Naive Bayes 

 

 

J48 decision Tree 

Below are the results when Decision Tree method is applied, using 10 fold cross validation. 

Model gives 90.69% accuracy. Confusion matrix shows that eleven patients are wrongly 

classified among patients who don’t have chronic renal failure, while five are wrongly 

classified among predicted patients.   
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Figure 8 - J48 

 

Tree view of Decision tree 

Tree view shows that Creatinine, GFR, Urea and blood pressure are key factors to detect 

chronic renal failure.  

 

 

http://du.se/


Saqib Husain Khan  Degree Project  

 E3890D  

  March 2010 

Dalarna University                                                                                                                                    Tel. +46(0)237780000  

Röda Vägen 3S-781-88                                                                                                                              Fax:+46(0)23778080 

Borlänge Sweden                                                                                                                                            http://du.se                                                                                                        
28 

 

 

 
Figure 9 - J48 Tree 

Naive Bayes ROC (Threshold) curve  

Graph between true positive rate and false positive rate 

Area under ROC = 96.8% 

 

 

Figure 10 - Naive Bayes (Threshold) Curve 
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KNN ROC (Threshold) curve  

Graph between true positive rate and false positive rate 

Area under ROC = 90 

 

Figure 11 - KNN ROC (Threshold ) Curve 

Decision Tree ROC (Threshold) curve  

Graph between true positive rate and false positive rate 

Area under ROC = 87% 

 

Figure 12 - Decision Tree ROC (Threshold) Curve 
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Naive Bayes Error Analysis  

0 = disease not predicted 

1= predicted 

+ = true predicted 

Rectangle = false predicted 

 

Figure 13 - Naive Bayes Error Analysis 

KNN Error Analysis  

 
Figure 14 - KNN Error Analysis 

 

 

http://du.se/


Saqib Husain Khan  Degree Project  

 E3890D  

  March 2010 

Dalarna University                                                                                                                                    Tel. +46(0)237780000  

Röda Vägen 3S-781-88                                                                                                                              Fax:+46(0)23778080 

Borlänge Sweden                                                                                                                                            http://du.se                                                                                                        
31 

 

 

Decision Tree Error Analysis  

 

Figure 15 - Decision Tre Error Analysis 
 

Analysis 
Although percentage split is tested to validate the results but there comes great variations on 

output with slightly change in percentage ratio for testing and training. Main reason is that 

records are not so high to be used separately for testing and training. So, finally cross 

validation is used instead of percentage split for the final outcomes. It suits best for small data 

and handles smartly over fitting issue. In features selection full training set is used applying 

‘ChiSquaredAttributeEval’ evaluator using ‘Ranker’ method. It is important to note that urea, 

Creatinine and GFR granted highest points while age and gender were granted with no points 

with both cross validation and full training set. It proves that prediction is largely dependent 

on creatinine, urea and GFR.    

Table below ‘model of results’ describes confusion matrix obtained from three applied 

models, Naïve Bayes, KNN and Decision Tree (J48). K- Nearest Neighbour algorithm gives 

91.2% results when K is equal to 1 with IBK classifier and applying 10 fold cross validation. 

Efficiency of the output deceases down to 90% when k=2 and further got affected by 
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increasing the value of K. So,  it the maximum efficiency which is got by setting value 1 for K. 

Confusion matrix shows out of 109 patients with chronic disease 104 cases are correctly 

classified while 5 cases are incorrectly classified. Among those 63 cases, who don’t not have 

chronic disease 53 rightly predicted while 10 cases incorrectly predicated. In case of Decision 

Tree (J48), among those 63 cases, which don’t not have chronic disease 52 rightly predicted, 

while 11 cases incorrectly predicated. Decision tree took four attributes for prediction, as 

shown in the Decision Tree viewer that it gives output by considering creatinine, Urea, GFR 

and high blood pressure. Unlike Decision tree and KNN, Naïve Bayes gives maximum result 

94.1%. Confusion matrix shows out of 109 patients with chronic disease 105 cases are 

correctly classified while 4 cases are incorrectly classified. Among those 63 cases, who don’t 

not have chronic disease 57 rightly predicted while 6 cases incorrectly predicated.      

Ignoring lowest ranked attributes ‘cardiovascular-factor and ’amenia’, improves efficiency of 

KNN by 0.5% while having no affect over J48 and Naïve Bayes.    

The threshold value is the minimum probability required to classify an instance. Lets say, In 

our case threshold value for Chronic renal disease prediction is 0.5 then an instance must have 

a predicted probability of at least 0.5 for it to be classified as predicted. For each class level, 

points on this graph are generated by varying the threshold value. Weka generates a number 

of threshold levels from zero to one and for each calculates performance values like, True 

Positives, False Negatives, False Positives, True Negatives, False Positive Rate, True Positive 

Rate, Precision, F-Measure etc.  Using this graph it is then possible to do ROC curve analysis 

(True Positive Rate vs. False Positive Rate) trade-off. At the top is shown the Area under the 

ROC curve, higher numbers here indicates better model performance as the model is able to 

get high true positive rates with low false positive rates quicker. From Figures 9-11,   Naive 

Bayes shows higher performance (area under ROC =96%) and is able to get high true positive 

rates quicker.  

All three models showed good predictive performance, it shows that data for these models is 

not exclusively complex. Naïve Bayes not only gives overall high predictability efficiency but 

also shows comparatively better results of sensitivity and specificity tests.  
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Results Comparison 

Model type Prediction Attributes No. of cases Prediction Efficiency% 

Decision Tree +WCD, +PCD 104 Correct  

      90.6 

 -WCD, +PCD 11 incorrect 

-WCD, -PCD 52 Correct 

+WCD, -PCD 5 incorrect 

Naïve Bayes  +WCD, +PCD 105 Correct        

      94.1 

 -WCD, +PCD 6 incorrect 

-WCD, -PCD 57 Correct 

+WCD, -PCD 4 incorrect 

K- NN 

 

 +WCD, +PCD 104 Correct  

      91.2 
-WCD, +PCD 10 incorrect 

-WCD, -PCD 53 Correct 

+WCD, -PCD 5 incorrect 

 

 
 

Sensitivity and specificity Tests 

TP = True positive: Sick people correctly diagnosed as sick 

FP = False positive: Healthy people incorrectly identified as sick 

TN = True negative: Healthy people correctly identified as healthy 

FN = False negative: Sick people incorrectly identified as healthy. 

 

 

 

 

+WCD: Patients with Chronic Disease 

-WCD: Patients without Chronic Disease 

+PCD: Patients predicted as having Chronic Disease 

-PCD: Patients predicted as having no Chronic Disease 
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J48 

 Positive  Negative  
 

Positive 

 

TP = 104 

 

 

 

FP = 11 

 

 

 

 

 

Positive 

predicated value 
= (TP) / TP + FP) 

= 104 / 115 

 

 = 90.4% 

 

Negative 

 

FN = 05 

 

 

 

TN = 52 

 

 

 

 

 

 

Negative  

predicated value 
 

=TN / (FN + TN) 

= 52 / 57 

 

= 91.2% 

  

 

 
Sensitivity 

 

= (TP ) / (TP +FN) 

=  104/ 109 

 

= 95.4% 

 

 

 

 

 

Specificity 
 

=(TN) / (FP + TN) 

=  52 / 63 

 

 

= 82.5%  

 

 
 False positive rate (α) =  1 − specificity = FP / (FP + TN) = 17.5%  

 False negative rate (β) = 1 − sensitivity = FN / (TP + FN) = 4.6%  

 Likelihood-ratio positive = sensitivity / (1 − specificity) = 5.45 

 Likelihood-ratio negative = (1 − sensitivity) / specificity  = 0.05 
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K-NN (IBK) 

 Positive  Negative  
 

Positive 

 

TP = 104 

 

 

 

FP = 10 

 

 

 

 

 

Positive 

predicated value 
= (TP) / TP + FP) 

= 104 / 114 

 

 = 91.2% 

 

Negative 

 

FN = 05 

 

 

 

TN = 53 

 

 

 

 

 

 

Negative  

predicated value 
 

=TN / (FN + TN) 

= 53 / 58 

 

= 91.3% 

  

 

 
Sensitivity 

 

= (TP ) / (TP +FN) 

=  104 / 109 

 

= 95.4% 

 

 

 

 

 

Specificity 
 

=(TN) / (FP + TN) 

=  53 / 63 

 

= 84.1%  

 

 
 False positive rate (α) =  1 − specificity = FP / (FP + TN)  = 15.9%  

 False negative rate (β) = 1 − sensitivity = FN / (TP + FN) = 4.6%  

 Likelihood-ratio positive = sensitivity / (1 − specificity) = 6.00 

 Likelihood-ratio negative = (1 − sensitivity) / specificity  = 0.05 
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NAÏVE BAYES 

 
 Positive  Negative  
 

Positive 

 

TP = 105 

 

 

 

FP = 06 

 

 

 

 

 

Positive 

predicated value 
= (TP) / TP + FP) 

= 105 / 111 

 

 = 94.5% 

 

Negative 

 

FN = 04 

 

 

 

TN = 57 

 

 

 

 

 

 

Negative  

predicated value 
 

=TN / (FN + TN) 

= 57 / 61 

 

= 93.4% 

  

 

 
Sensitivity 

 

= (TP ) / (TP +FN) 

=  105 / 109 

 

= 96.3% 

 

 

 

 

 

Specificity 
 

=(TN) / (FP + TN) 

=  57 / 63 

 

= 90.4%  

 

 
 False positive rate (α) =  1 − specificity = FP / (FP + TN)  = 9.6%  

 False negative rate (β) = 1 − sensitivity = FN / (TP + FN) = 3.7%  

 Likelihood-ratio positive = sensitivity / (1 − specificity)  = 10.03 

 Likelihood-ratio negative = (1 − sensitivity) / specificity = 0.04 
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The likelihood ratio incorporates both the sensitivity and specificity of the test and provides a 

direct estimate of how much a test result will change the odds of having a disease. The 

likelihood ratio for a positive result tells us how much the odds of the disease increase when a 

test is positive. The likelihood ratio for a negative results tell us how much the odds of the 

disease decrease when a test is negative 

Specificity and sensitivity Analysis 

 

 

 

Point prevalence: point prevalence is a highly relevant test that measures the proportion of 

people in a population who have a disease or condition at a particular time, such as a 

particular date. It is like a snap shot of the disease in time. It can be used for statistics on the 

occurrence of chronic diseases [20]. Point prevalence is a ratio between number of existing 

cases on a specific date and Number of people in the population on this date. In our case, 

unfortunately we cannot get exact ratio but we are given an approximation of 8-11%.   
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Conclusion 
 

CRISP-DM methodology is applied to build the mining models. On the basis of results and 

analysis over the given data, it is clear that Naïve Bayes gives best results as followed by K-

NN and J48.  The selection of variables is based on the Chi-Square. The variables those are 

not important for our data are removed by applying the Chi-Square. The 10 fold cross 

validation is in our data is that we divide it in 10 sets. Train on 9 datasets and test on 1. 

Sensitivity and specificity tests and likelihood ratios used as statistical measures to examine 

the performance of a binary classification. Tests showed that Compare to both J48 and KNN, 

Naïve Bayes performance is higher and error rate is low. We can say that Naïve Bayes is best 

diagnostic model for the given data over chronic renal patients.  
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Future work 
Three recommendations are vital from future work prospective. Firstly, system can be 

improved by developing a system that could determine the probability of chronic renal disease 

in a patient on the basis of general symptoms, patient history and other attributes. Additional 

attributes can be used in this context to find probability ratio of having chronic renal disease. 

When the inputs of a patient will enter, all three models will predict the probability of CRD 

on the basis of training data. It can be web based user friendly and XML query language can 

be used to build and access the models. High probability means mean risk factor through 

which immediate steps can be taking to focus renal related issues.  

Secondly, In future data can be deeply analysed by using the different techniques of data 

mining and use the different tree technique (e.g. Time Series, Clustering and Association 

Rules) instead of J48 and also using different methods. We also use the different techniques 

of the KNN with different neighbouring values. 

Thirdly, Continuous data can also be used instead of just categorical data. Another area is to 

use Text Mining to mine the vast amount of unstructured data available in healthcare 

databases. Also integration of data mining and text mining is an important challenge that can 

be addressed.  
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