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Abstract— Decision tree inductions are well thought-out as it is 

one of the most accepted approaches for representing classifiers. 

Many researchers from varied disciplines like Statistics, Pattern 

Reorganization; Machine Learning measured the problem of 

growing a decision tree from available data. Databases are the 

rich sources of hidden information that can be used for intelligent 

decision making. Classification and Prediction techniques of data 

mining are two form of data analysis that can be used to 

discovering this type of hidden knowledge. Classification 

techniques deal with categorical attributes whereas prediction 

model is the continuous value function. Training data are 

analyzed by classification algorithm. In decision tree construction 

attribute selection measure are used to select attributes, that best 

partition tuples into different classes. The branches of decision 

tree may reflect noise or outliers in training data. So tree pruning 

techniques applies to identify and remove those branches which 

reflect noise with the aim of improving classification accuracy. 

But still scalability is the issue of decision tree from large 

database. This paper present implementation of decision tree 

induction algorithm in java with reduced error pruning(REP) 

technique for improving accuracy of classifier. 

Index Terms— Data Mining, Classification Decision Tree 

Induction, Information Gain, C4.5, Tree Pruning.  

I. INTRODUCTION 

  The progress of information technology has generated huge 

amount of databases and huge data in various areas. The 

research in databases and information technology has 

specified increase to an approach to store and manipulate this 

valuable data for further decision making. Data mining [1] is 

a process of extraction of useful information and patterns 

from large data. It is also called as knowledge discovery 

process (KDD) [17, 19], information mining from data, 

knowledge discovery or data /pattern examination. 

A Decision tree [1] is a classifier represented as a recursive 

separation of the instance space. The decision tree consists of 

nodes that generate a rooted tree, mean that it is a directed 

tree with a node called root which has no incoming edges. All 

the other nodes have exactly one incoming edge. A node with 

outgoing edges is called an internal or test node while 

all other nodes are called leaves. Decision tree induction is 

closely related to rule induction. Each path of a decision tree 

from root node to one of its leaves can be transformed into a 

rule simply by conjoining the tests along the path to generate 

the antecedent part, and taking the leaf’s class prediction as 
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the class label value. For example, one of the paths can be 

transformed into the rule:  

“If customer age >=30, and the gender of the customer is 

“male,” then the customer will respond to the mail.” The 

induction of decision trees has been getting a lot of 

concentration in the field of knowledge discovery in 

Databases over the past few years. This popularity has been 

largely due to the efficiency with which decision trees can be 

induced from large datasets. 

Decision tree induction algorithms [6] that automatically 

construct a decision tree from a given dataset. Classically the 

objective is to find the optimal decision tree by minimizing 

the generalization error. However, other target functions can 

be also defined, for example, minimizing the number of 

nodes or minimizing the average depth.The database 

management systems proficiently manage large amount of 

data and effective and efficient retrieval of meticulous 

information from a huge collection whenever needed and 

also contributes to recent massive gathering of all sorts of 

information. This retrieval of data as and when needed 

contributes the technology of data mining. Data mining can 

be viewed as a result of the natural evolution of information 

technology. This technology provides a wide availability of 

huge amounts of data and the imminent need for turning such 

data into useful information and knowledge. 

Missing data [16] is a common problem in quantitative social 

research. In many predictive modeling applications, useful 

attribute values may be missing or not present. For example, 

sometimes it is happen that patient data have missing 

diagnostic tests that may be very helpful for estimating the 

likelihood of diagnoses or for predicting effectiveness of the 

treatment; consumer data often do not include values for all 

attributes useful for predicting buying preferences. The ID3 

decision tree algorithm implemented [22] in java but it has 

limitation of deal with discrete value and can’t generate 

accurate tree. In this paper C4.5 algorithm uses the REP 

(reduced error pruning) technique for improving accuracy of 

classifier. The algorithm of these techniques available from 

[2]. 

II. DATA MINING 

Data mining [12,20] is the process which finds valuable 

patterns from large amount of data, the process of extracting 

previously unknown, understandable and precious 

information from large databases. There are a number of data 

mining techniques[17] have been developed and used in data 

mining projects recently including association, classification, 

clustering, prediction and sequential patterns etc., are used 

for knowledge extraction from databases. 
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(1) Association  

Association is one of the best well-known data mining 

techniques. In association, a pattern is revealed based on an 

association of a particular item on other items in the same 

transaction. 

(2) Classification  

Classification is a typical data mining technique based on 

machine learning. Essentially classification is used to classify 

each item in a set of data into one of predefined set of classes 

or groups. For Example, Teachers classify students’ grades as 

A, B, C, D, or F, here A,B,C,D and F are class labels [19]. 

(3) Clustering  

Clustering is “the process of arranging objects into groups 

whose members are similar in some way in term of their 

characteristics”. A cluster is therefore a collection of objects 

that are “similar” to each other and are “dissimilar” to the 

objects that belonging to other clusters [19]. 

 

(4) Prediction  

The prediction as it name implied is one of a data mining 

techniques that discovers relationship between independent 

variables and also relationship between dependent and 

independent variables [12]. 

III. CLASSIFICATION 

Classification technique [5] is the grouping of data in given 

classes. Also it is known as supervised classification, the 

classification uses given class labeled data in the form of 

training set to order the objects in the data collection. 

Classification approaches normally use a training set where 

all objects are already associated with previously known 

class labels. The classification algorithm constructs a model 

which learns from the training set. The model is used to 

classify new objects. 

In classification [14], we make the software that can learn 

how to classify the data items into groups. For example, we 

can apply classification in application that “given all past 

records of employees who left the company, predict which 

current employees are most likely to leave in the future.” In 

this case, we divide the employee’s records into two groups 

that are “leave” and “stay”. And then we can ask our data 

mining software to classify all the employees into each 

group. 

A. Classification Techniques 

(1) Naivy Bayes classification: It calculates explicit 

probabilities for supposition, among the most practical 

approaches to definite types of learning problems. Even 

when Bayesian techniques are computationally 

difficult, they can provide a standard and optimal 

decision making against all other methods of 

classification [15]. 

(2) Decision Trees induction: A decision tree is flow-chart 

like tree structure, where internal node represent test on 

attribute and branch shows result of test. It is very 

simple and easily understandable classifier. 

(3) Neural Networks: prediction accuracy of neural 

network is generally high, robust, and also works when 

training examples contain errors. Output may be 

discrete, real-valued, or a vector of several discrete or 

real-valued attributes, but it takes long training time and 

its learning function is difficult to understand. 

(4) Case Base reasoning: Instances represented by affluent 

symbolic descriptions (e.g. function graphs), multiple 

retrieved cases may be combined using tight coupling 

between case retrieval, knowledge-based reasoning, and 

problem solving. 

(5) Genetic Algorithm: it is based on a correlation to 

biological evolution; each rule is represented by a string 

of bits. Here an initial population is produced consisting 

of randomly generated rules. For e.g. IF B1 and Not B2 

then C2 can be encoded as 100 [15]. 

Based on the concept of survival of the fittest, a new 

population is created and consists of only fittest rules and 

their offspring, the fitness of a rule is represented by its 

classification accuracy on a set of training examples [8]. 

IV. DECISION TREE INDUCTION 

Decision tree [11] is a predictive model that generates a tree 

from the given training samples. The tree construction 

process is heuristically guided by selecting the most 

significant attribute at each step, whose aim is to minimizing 

the number of tests that is needed for classification. 

Decision tree induction [3] is define as learning  a decision 

tree from class labeled training tupples.it is a flow chart like 

structure where each internal node of a tree denote a test on 

attribute, branch represent outcome of the test, and each leaf 

node contain a class label, the top most node in the tree is 

called root  node. Decision tree learning is a method for 

resembling discrete-valued functions that is robust to noisy 

data. Decision tree has many advantages, such as its fast 

speed, high accuracy as well as the easy mode of production, 

which attracts many researchers in data mining. 

A. Information gain 

Information gain [11, 22] is an impurity based criteria that uses 

the Entropy measure as the impurity measure, Select the 

attribute with the highest information gain .Assume there are 

two classes, P1 and N1 [8]. 

Let us take set of examples S contain p elements of class P1  

and n elements of class N1,The amount of information, 

needed to come to a decision if an random example in S 

belongs to P1  or N1 is defined as, 

 

I (p, n) =  

If Si contains pi examples of P1 and ni examples of N1, then 

the entropy, or the expected information needed to classify 

objects in all sub trees Si is [3], 

 

E (A) =  

A. Algorithm of C4.5 

C4.5 algorithm is an enhancement of ID3 algorithm [6, 13], 

developed by Quinlan Ros. It is based on Hunt’s algorithm 

and also similar to ID3, it is serially implemented. Pruning 

takes place in C4.5 by replacing the internal node with a leaf 

node in that way reducing the error rate. Different then ID3, 

C4.5 [5, 21] accepts both continuous and categorical 

attributes in generating the decision tree.  
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It has an improved method of tree pruning that reduces 

misclassification errors due noise or too-much details in the 

training Data set [1]. 

 

 
Figure 1. C4.5 Algorithm 

V. TREE PRUNING 

When a decision tree is built, many of the branches will 

reflect anomalies in the training data due to noise or outliers. 

Tree pruning methods address this problem of over fitting the 

data. Such methods typically use statistical measures to 

remove the least reliable branches there are two common 

approaches to tree pruning: pre-pruning and post-pruning. 

Key motivation of pruning [2] is “trading accuracy for 

simplicity”. There are various techniques for pruning 

decision trees. Most of them perform top down or bottom up 

traversal of the nodes. A node is pruned if this operation 

improves a certain criteria. 

A. Cost-Complexity Pruning 

Cost complexity pruning (also famous as weakest link 

pruning or error complexity pruning) takings in two stages. In 

the first stage, sequences of trees are built on the training 

datasets, where the original tree before pruning is the root 

tree. In the second stage, one of these trees is chosen as the 

pruned tree, based on its generality of error estimation. 

B. Pessimistic Pruning 

Pessimistic pruning avoids the need of pruning set or cross 

validation and it uses the pessimistic statistical association 

test in its place. The basic idea is that the error ratio estimated 

using the training set is not consistent sufficiently. Instead a 

more practical measure known as “continuity correction” for 

binomial allocation should be used. 

C. Reduced-Error Pruning 

As traversing over the internal nodes from the bottom to the 

top of a tree, the REP [5] procedure Checks for each internal 

node, whether replacing it with the most repeated class that 

does not reduce the accuracy of trees. In this case, the node is 

pruned. The procedure continues until any further pruning 

would decrease the accuracy. In order to estimate the 

accuracy Quinlan provides to use a pruning set. It can be 

shown that this procedure ends with the smallest accurate 

sub- tree with respect to a given pruning set [2, 3]. 

VI. EXPERIMENTAL RESULT 

This experiment performs on implementation of C4.5 

algorithm in java with Net-beans. It takes inputs from the 

Datasets   given in the example of decision tree in chapter-6 

[9].Here we have 4 attributes names as outlook, Humidity, 

Temperature, and Wind. The attribute Outlook has highest 

information gain, so it is selected as root node of tree. Then 

next humidity attribute is selected for partitioning root node 

"overcast”. If outlook is "sunny" then we check possibility of 

Humidity. Else if outlook is "rainy" then check for attributes 

"wind”. Then accordingly tree is generated. 

 

 
 

Figure 2. Information gain of Attributes 

 

 
Figure 3. Decision Tree 

 

 

 

 

 

  C4.5 (R1: a set of non-categorical attributes: the categorical 

attributes: a training set) 

 returns a decision tree; 

   begin 

                If S is empty, return a single node with value Failure; 

                If S consists of records all with the same value for the 

categorical attribute, 

                    return a single node with that value; 

                If R1 is empty, then return a single node with as value 

 the most frequent of the values of the categorical 

attribute  that are found in records of S; [note that     

then there  will be errors, that is, records that will be 

improperly classified]; 

                Let D1 be the attribute with largest Gain (D1, S), 

among attributes in R1; 

                Let {dj| j=1,2, .., m} be the values of attribute D1; 

 Let {Sj| j=1,2, .., m} be the subsets of S consisting 

respectively of records with value dj for attribute   

D1; 

                 return a tree with root labeled D1 and arcs labeled  

d1, d2... dm going respectively to the trees 

                C4.5 (R1-{D1}, C, S1), C4.5 (R1-{D1}, C, S2)... 

C4.5 (R1-{D1}, C, Sm); 

   end C4.5 
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VII. CONCLUSION 

Decision tree induction is the learning of decision trees from 

class-labeled training Tuples.. The individual tuples making 

up the training set are referred to as training tuples and they 

are selected from the database under analysis. The main 

objective of research is associated to improve accuracy and 

generate small decision tree. To achieve this proposed system 

is developed on the bases of C4.5 algorithm. It uses reduced 

error pruning technique for pruning tree so its complexity is 

reduced and optimal decision tree is generated. In this 

situation it is possible to prove that reduced error pruning 

fulfills its proposed task and produces an optimal pruning of 

the given tree. The REP algorithm evaluates the cost at each 

decision tree node to determine whether to convert the node 

into a leaf, prune the left or the right child, or leave the node 

intact The algorithm proceeds to prune the nodes of a branch 

as long as both sub-trees of an internal node are pruned and 

stops immediately if even one sub-tree is kept. 
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