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Abstract 
Data mining is an inter-disciplinary promising field that focuses on access of information useful for high-level 

decisions. Data miners evaluate and filter the data, which convert data to information and information to knowledge by 

performing some intelligent techniques. Since classification is the most commonly applied data mining technique, and 

employs a set of pre-classified examples to develop a model that can classify the population of records at large. The 

major goal of the classification technique is to predict the target class accurately for each case in the data. The present 

study is focused on the usage of classification techniques in the field of medical science. Through open source WEKA 

data mining techniques, we can generate predictive model to classification of Diabetic data. 
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1. Introduction 

In present days, computers have brought significant improvements to technology that lead to the creation of 

huge volumes of data. Seeking knowledge from massive data is one of the most desired attributes of Data 

Mining. Data could be large in two senses: in terms of size and density. Moreover, the advancement of the 

healthcare database management systems create a huge number of medical databases. Creating knowledge 

and management of large amounts of heterogeneous data has become a major field of research. 

 

The aim of our work is to investigate the performance of different classification methods using WEKA for 

Diabetic data. A major problem in bioinformatics analysis or medical science is in attaining the correct 

diagnosis of certain important information. For the ultimate diagnosis, normally, many tests generally 

involve the clustering or classification of large scale data. All of these test procedures are said to be 

necessary in order to reach the ultimate diagnosis. However, on the other hand, too many tests could 

complicate the main diagnosis process and lead to the difficulty in obtaining the end results, particularly in 

the case where many tests are performed. This kind of difficulty could be resolved with the aid of machine 

learning algorithms in WEKA which could be used directly to obtain the end result with the aid of several 

artificial intelligent algorithms which perform the role as classifiers. 

http://www.ijrit.com/
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2. Data Mining 

Data Mining is an inter-disciplinary promising field that focuses on access to information useful for 

high-level decisions. It is a process of identifying novel, potentially useful, valid and ultimately 

understandable patterns in data [1]. Based on this view, the architecture of a typical system has the 

following major components [4] as shown in Fig. 1: 

Alternative names for data mining are discovery of Knowledge (mining) in databases (KDD), knowledge 

extraction, data/pattern analysis, data archeology, data dredging, information harvesting, business 

intelligence, etc. 

 
Fig. 1. Architecture of a typical Data Mining System 

 

Data mining techniques can be classified into both unsupervised and supervised learning techniques. 

Unsupervised learning technique is not guided by variable and does not create a hypothesis before analysis. 

Based on the results, a model will be built. A common unsupervised technique is clustering [2]. Supervised 

learning technique requires the building of a model that is used in prior performing analysis. Supervised 

learning techniques that are used in both medical and clinical research are Classification, Statistical 

regression and Association rules [3].  Data mining models & tasks are shown in Fig. 2: 

 

Fig. 2. Data mining model & tasks 

 

Data mining can be used in various applications [4]: 

Banking: loan/credit card approval, predict good customers based on old customers, view the debt and 

revenue changes by month, by region, by sector, and by other factors , access statistical information such as 

maximum, minimum, total, average, trend, etc. 

Telecommunication industry: Identify potentially fraudulent users and their atypical usage patterns, detect 

attempts to gain fraudulent entry to customer accounts, discover unusual patterns which may need special 

attention, find usage patterns for a set of communication services by customer group, by month, etc., 

promote the sales of specific services, improve the availability of particular services in a region. 
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Retail Industry: Identify customer buying behaviors, discover customer shopping patterns and trends, 

improve the quality of customer service, achieve better customer retention and satisfaction, enhance goods 

consumption ratio, design more effective goods transportation and distribution policies 

Medical Analysis: Compare the frequently occurring patterns of each class (e.g., diseased and healthy), 

identify gene sequence patterns that play roles in various diseases. In the present study, we have focused on 

the usage of classification techniques in the field of medical science. 

3. Classification 

In Classification, training examples are used to learn a model that can classify the data samples into 

known classes. The Classification process involves following steps: 

a. Create training data set.  

b. Identify class attribute and classes.  

c. Identify useful attributes for classification (Relevance analysis). 

d. Learn a model using training examples in Training set.  

e. Use the model to classify the unknown data samples. 

Many classification methods have been developed with the aid of learning algorithms such as Bayesian, 

Decision Tree, K-nn (K-nearest neighbor), Support Vector Machine (SVM). All these classifiers are 

basically learning methods and adopt sets of rules. In the present study, we have focused on the usage of 

classification techniques in the field of medical science. 

4. WEKA Data Mining Tool 

There are several open source Data Mining tools like WEKA, TANAGRA, R-Miner, Orange are 

available. WEKA is powerful Data Mining Tool specifically for classification model. The Waikato 

Environment for Knowledge Analysis (WEKA) is a machine learning toolkit introduced by Waikato 

University, New Zealand. It is open source software written in Java (GNU Public License) and used for 

research, education and Projects. WEKA would not only provide a tool for learning algorithms, but also a 

framework inside which researchers could implement new algorithms without having to be concerned with 

supporting infrastructure for data manipulation and scheme evaluation. Nowadays, WEKA is recognized as 

a landmark system in data mining and machine learning. 

It can be run on Windows, Linux and Mac. WEKA is a collection of machine learning algorithms for 

Data Mining tasks. It contains tools for data preprocessing, classification, regression, clustering, association 

rules, and visualization. WEKA has four different modes to work in. Interface of WEKA Data Mining tool 

is shown in Fig. 3. 

 Simple CLI: It is an environment for you to provide a simple command-line interface that allows 

direct execution of WEKA commands. 

 Explorer: It is an environment for exploring data. 

 Experimenter: It is an environment for performing experiments and conduction of statistical tests 

between learning schemes. 

 Knowledge Flow: Presents a “data-flow” inspired interface to WEKA. 
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Fig. 3. Interface of WEKA 

 

Data can be loaded in WEKA from various sources, including files, URLs and databases. Supported file 

formats include own ARFF format, CSV, and C4.5‟s format. It is also possible to generate data using an 

artificial data source and edit data manually using a dataset editor. The main interface in WEKA is the 

Explorer. It has a set of panels, each of which can be used to perform a different task. Once a dataset has 

been loaded, one of the other panels in the Explorer can be used to perform further analysis. By default, the 

panel runs a cross validation for a selected learning algorithm on the dataset that has been prepared in the 

Preprocess panel to estimate predictive performance. It also shows a textual representation of the model 

built from the full dataset. However, other modes of evaluation, e.g. based on a separate test set, are also 

supported. If applicable, the panel also provides access to graphical representation of models, e.g. decision 

trees.  

Along with supervised algorithms, WEKA also supports application of unsupervised algorithms, namely 

clustering algorithms and methods for association rule mining. In Classification, training examples are used 

to learn a model that can classify the data samples into known classes. For classification we used Decision 

tree algorithm. Decision trees are tree-shaped structures that represent decision sets. It generates rules, 

which then are used to classify data [5]. There is a substantial amount of research with machine learning 

algorithm such as J48, Random Tree, Naive Bayes, IBK and Sequential Minimal Optimization. 

5. Methods 

J48 
J48 algorithm is called as optimized implementation of the C4.5 or improved version of the C4.5. The 

output given by J48 is the Decision tree. A Decision tree is same as that of the tree structure having 

different nodes, such as root node, intermediate nodes and leaf node.  It builds the decision tree from 

training data set using information gain Splitting criterion is used in decision tree to calculate which 

attribute is the best to split that portion tree of the training data that reaches a particular node [8]. Then the 

algorithm recurs on smaller subsets. The splitting procedure stops if all instances in a subset belong to the 

same class. Then the leaf node is created in a decision tree telling to choose that class.  

Random Tree 
Random Tree is a supervised Classifier. It is an ensemble learning algorithm that generates many 

individual learners. It employs a bagging idea to produce a random set of data for constructing a decision 

tree. The algorithm can deal with both classification and regression problems. To construct a tree random 

tree algorithm considers K random features at each node. It performs no pruning. When training the 

Random Tree, K attributes are chosen at random for each node of the tree. Several splits based on those 

attributes are attempted and the "best" one is chosen. 

Naive Bayes 
Bayesian classifiers are derived from Bayesian Decision Theory. The naive Bayes approach is a 

supervised learning method which is based on a simplistic hypothesis: it assumes that the presence (or 

absence) of a particular feature of a class is unrelated to the presence (or absence) of any other feature. Its 
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performance is comparable to other supervised learning techniques. Naive Bayes implements the 

probabilistic Naïve Bayes classifier. Naïve Bayes uses the normal distribution to model numeric attributes. 

This classifier learns from training data the conditional probability of each attribute Ai given the class 

label C [9, 10]. Classification is then done by applying Bayes rule to compute the probability of C given the 

particular instances of A1…..An and then predicting the class with the highest posterior probability. The 

goal of classification is to correctly predict the value of a designated discrete class variable given a vector 

of predictors or attributes [11].  

IBK 
The IBK is a non-parametric method used for classification and regression [12]. In both cases, the input 

consists of the k closest training examples in the feature space. The output depends on whether k-NN is 

used for classification or regression: 

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-NN algorithm is among the simplest of 

all machine learning algorithms. 

Both for classification and regression, it can be useful to assign weight to the contributions of the 

neighbors, so that the nearer neighbors contribute more to the average than the more distant ones. For 

example, a common weighting scheme consists in giving each neighbor a weight of 1/d, where d is the 

distance to the neighbor. The neighbors are taken from a set of objects for which the class (for k-NN 

classification) or the object property value (for k-NN regression) is known. This can be thought of as the 

training set for the algorithm, though no explicit training step is required. 

SMO 
Sequential minimal optimization (SMO) is an algorithm for solving the quadratic programming (QP) 

problem that arises during the training of support vector machines. It was invented by John Platt in 1998 

at Microsoft Research[13]. SMO is widely used for training support vector machines and is implemented 

by the popular LIBSVM tool [14][15. ]In machine learning, support vector machines (SVMs, also support 

vector networks[1]) are supervised learning models with associated learning algorithms that analyze data 

used for classification and regression analysis. Given a set of training examples, each marked for belonging 

to one of two categories, an SVM training algorithm builds a model that assigns new examples into one 

category or the other, making it a non-probabilistic binary linear classifier. Support vector machine (SVM) 

is a powerful, state-of the art algorithm which can guarantee the lowest true error due to increasing the 

generalization capabilities. 

6. Results 

The performance is evaluated on the selected classification algorithms namely SMO, Navie Bayes, J48, 

IBK and Random Tree. The cross validation with 10 folds is used for construction of models under 

different algorithms. 

The simulation results are partitioned into several sub items for easier analysis and evaluation. On the first 

part, correctly and incorrectly classified instances will be partitioned in numeric and percentage values. 

Subsequently Kappa statistics, mean absolute error and root mean squared error will be in numeric value 

only. We also show the relative absolute error and root relative squared error in percentage for references 

and evaluation. The results of the simulation are shown in Tables 1 and 2 below. Table 1 mainly 

summarizes the result based on accuracy and time taken for each simulation. Meanwhile, Table 2 shows the 

result based on error during the simulation. Fig.s 4 and 5 are the graphical representations of the simulation 

result. 
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Algorithm 

Total No of 

Instances 

(768) 

Correctly  

Classified 

Instances 

%(value) 

Incorrectly  

Classified 

 Instances 

%(value) 

Time Taken 

(Seconds) 
Kappa Statistic 

SMO 
77.3438 

(594) 

22.6563 

(174) 
0.12 0.4682 

Naive Bayes 
76.3021 

(586) 

23.6979 

(182) 
0.02 0.4664 

J48 
73.8281 

(567) 

26.1719 

(201) 
0.01 0.4164 

IBK 
70.1823 

(539) 

29.8177 

(229) 
0.01 0.3304 

Random Tree 
68.099 

(523) 

31.901 

(245) 
0.04 0.3033 

 
Table 1. Simulation result of every algorithm 

 

Algorithm 

Total No of 

Instances 

(768) 

Mean  

Absolute 

Error 

Root 

Mean 

Squared 

Error 

Relative 

Absolute 

Error 

(%) 

Root Relative  
Squared Error 

(%) 
SMO 0.2266 0.476 49.848 99.862 

Naive Bayes 0.2841 0.4168 62.5028 87.4349 

J48 0.3158 0.4463 69.4841 93.6293 

IBK 0.2988 0.5453 65.7327 114.3977 

Random Tree 0.319 0.5648 70.1883 118.4973 

 
Table 2 Training and Simulation errors 

 

 

 

 
Fig. 4. Comparison among parameters 
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Fig. 5.  Results 

 

7. Result Analysis 

Based on the above Figures 4, 5 and Table 1, we can clearly see that the highest accuracy is 77.34% and 

the lowest is 68.099%. The other algorithm yields an average accuracy of around 73%. In fact, the highest 

accuracy belongs to the SMO, followed by Navie Bayes with a percentage of 76.302% and subsequently 

J48 with 73.8281 and IBK with70.18. Random Tree bottom the chart with percentage around 68.099%. An 

average of 562 instances out of total 768 instances is found to be correctly classified with highest score of 

594 instances compared to 523 instances, which is the lowest score. The total time required to build the 

model is also a crucial parameter in comparing the classification algorithm. In this simple experiment, from 

Figure 5, we can say that J48 and IBK requires the shortest time which is around 0.01 seconds compared to 

the others. SMO algorithm requires the longest model building time which is around 0.12 seconds. Kappa 

statistic is used to assess the accuracy of any particular measuring cases, it is usual to distinguish between 

the reliability of the data collected and their validity. The average Kappa score from the selected algorithm 

is around 0.3-0.4. Based on the Kappa Statistic criteria, the accuracy of this classification purposes is 

substantial. From Figure 4, we can observe the differences of errors resultant from the training of the five 

selected algorithms. This experiment implies very commonly used indicators which are mean of absolute 

errors and root mean squared errors. Alternatively, the relative error is also used. Since, we have two 

readings on the errors, taking the average value will be wise. It is discovered that the highest error is found 

in Random Tree with an average score of around 0.4 where the rest of the algorithms range at an average 

around 0.3-0.4. An algorithm which has a lower error rate will be preferred as it has more powerful 

classification capability and ability in terms of medical and bioinformatics fields.  

 

8. Conclusions 

To conclude, we have met our objective which is to evaluate and investigate five selected classification 

algorithms based on WEKA. The best algorithm for the diabetic data is SMO with an accuracy of 77.34% 

and the total time taken to build the model is at 0.12 seconds. SMO classifier has the lowest average error 

at 0.350 compared to others. These results suggest that among the machine learning algorithms tested, 

SMO classifier has the potential to significantly improve the conventional classification methods for use in 

medical or in general, bioinformatics field. 
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