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 Data envelopment analysis (DEA), a non-parametric productivity analysis, has become 

an accepted approach for assessing efficiency in a wide range of fields. Despite its 

extensive applications, some features of DEA have remained unexploited. We aim to 
show in this paper that by using the C4.5 algorithm we can overcome one of DEAs 

shortages and predict DMUs efficiency score. 
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INTRODUCTION 

 

 Data envelopment analysis (DEA) is a linear programming based technique for measuring the relative 

performance of decision making units (DMUs) in the presence of multiple input and output. Being initially 

explored by Charnes et al. [1], DEA methods have subsequently been developed and extended [1]. In the one of 

vast applications of DEA method, Score efficiency in DEA has become a parameter for prediction financial 

failure. There are various financial failure prediction models in the related literature. Early researches on 

financial failure prediction have employed univariate approaches using ratio analysis. Later, multivariate 

approaches (LMDA), multiple regression and logistic regression were used to predict potential financial distress. 

Since about 15 years ago, artificial intelligence approaches and data mining techniques, such as neural 

network(NN) have been widely applied to corporate financial failure forecasting because of its universal 

approximation property and the ability to extract useful knowledge from vast data and domain experts. Despite 

DEAs extensive applications, some features of DEA have remained bothersome. The most important shortage is 

that although DEA is good at estimating the relative efficiency of a DMU, it only tells us how well we are doing 

compared with our peers but not compared with a theoretical maximum. Thus, in order to measure the efficiency 

of a new DMU, we have to develop entirely a new DEA model with the data that already have been used. Also, 

we cannot predict the efficiency score of the new DMU without another DEA analysis. In this paper, we aim to 

show that by using the machine learning technique and C4.5 algorithm we can predict the efficiency score of a 

new DMU. The rest of the paper is structured as follows. In the section 2 we mention to the CCR model as a 

tools for measuring efficiency score of the DMUs. In the section 3 we explain how we can make a decision tree 

and how to use C4.5 algorithm. In section 4 we apply C4.5 algorithm to predict efficiency score of a real data 

bank. In section 5 we present conclusion and the results of this research. 

 

The classic DEA model: 

 The data envelopment analysis (DEA) is a linear programming-based method for evaluating the relative 

efficiency of a set of Decision Making Units(DMUs). In order to find the efficiency score of the DMUs we used 

the most common model in DEA method that is the CCR model. Suppose that we have  DMUs. Each 

 produces  outputs,  and uses  inputs . Then the linear 

program (input-based) CCR model is giving 
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  Where  and  are, respectively, the th input and th output for under evaluation. To find 

efficiency score of DMUs we have to solve this LP exactly  times. If we add a new DMU to the set of the 

DMUs in order to calculate efficiency score of this DMU we have to solve at least one LP programming to find 

that out. Solving a LP programming is bothersome and its implementation takes a lot of time. Now imagine we 

have a plan extinction and in each step we have to add a new DMU to the previous DMUs. In this case if one of 

the new DMUs is efficient (  all of our previous calculations would be useless and to find out the 

efficiency score of other DMUs we must calculate the efficiency score of all the other DMUs again. There are 

many applications that frequently augment a new DMU to a set of peer DMUs. The manager needs to know 

how much efficiency score they can expect instead of certain supply. We extended a new approach in the next 

section by using C4.5 algorithm for predicting efficiency score of new DMU in the reasonable region. We used 

our method with the real data of 200 Iranian bank branches and the result is totally satisfying. 

 

Decision trees and C4.5 algorithm: 

 Decision tree learning is a method for approximating discrete-valued target functions, in which the learned 

function is represented by a decision tree. Decision tree classifies instances by sorting them down the tree from 

the root to some leaf node, which provides the classification of the instance. Most algorithms that have been 

developed for learning decision trees are varieties of core algorithms that employ a top-down, greedy search 

through the space of possible decision trees. these basic algorithms are called  

(1950). Ross Quilan (1986) has developed this kind of algorithm and called that  

then he improved some of the  algorithm features and called that C4.5 algorithm. Describing the pattern 

recognition process, the goal is to learn how to classify objects, through the analysis of an instance set, whose 

classes are known. As we know the classes of an instance set (or training set), we can use several algorithms to 

discover the way the attribute vector of the instance behaves, to estimate the classes for new instances. One way 

to do this, is through decision trees. A decision tree is a directed graph showing the various possible sequences 

of questions (tests), answers and classifications. With each question the data set could be split to two or more 

subsets. The method first chooses a subset of the training examples to form a decision tree. After constructing 

tree with the training examples if the tree does not give the correct answer for all the objects, a selection of the 

exceptions (incorrectly classified examples) is added to the examples and the process continues until the correct 

decision tree is found. The eventual outcome is a tree in which each leaf carries a class name, and each interior 

node specifies an attribute with a branch corresponding to each possible value of that attribute. A tree is either a 

leaf node labeled with a class, or a structure containing a test, linked to two or more nodes. So, to classify some 

instances, first we get its attribute vector, and apply this vector to the tree. The tests are performed in to these 

attribute, reaching one or other leafs, to complete the classification process, as shows in figure 1. Now we want 

to explain how C4.5 algorithm creates a decision tree. The C4.5 algorithm is based on the ID3 algorithm that 

tries to find small decision trees.  

 C4.5 uses an information theoretic approach aiming at minimizing the expected number of tests to classify 

an object. The C4.5 algorithm uses the concept of  or  to select the 

optimal split. Suppose that we have a variable  whose  possible value has probabilities . What is 

the smallest number of bits, on average per symbol, needed to transmit a stream of symbols representing the 

values of  observed? The answer is called the entropy of  and is defined as  
  

 Where does this formula for entropy come from? For an event with probability , the average amount of 

required information in bits required to transmit the result is . For example, the result of a fair coin 

toss, with probability 0.5, can be transmitted using  bit, which is a zero or 1, depending on the 

result of the toss. For variables with several outcomes, we simply use a weighted sum of the , with 

weight equal to the outcome probabilities, resulting in the formula (1). C4.5 uses this concept of entropy as 

follows. Suppose that we have a candidate split S, which partitions the training data set T into several subsets, 

. The mean information requirement can then be calculated as the weighted sum of the entropies for 

the individual subsets, as follows:   

 Where  represents the proportion of records in subset  that is . We may then define our 

information gain to be , that is, the increase in information produced by partitioning 

the training data T according to this candidate split S. at each decision node, C4.5 chooses the optimal split to be 

the split that has the greatest information gain, gain(S).  
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Fig. 1: Simple example of a classification process. 

 

Predicting efficiency score of the bank branch by using C4.5 algorithm: 

 As we saw in the section3 to construct a decision tree, we need to ask frequency questions and then the 

answers would help us to develop decision tree. Each question represents one attribute and the attributes 

represent characteristics of the problem. In this paper we want to predict the efficiency score of DMUs as a goal 

attribute and used 200 bank branches are used as decision making units (DMUs). We apply the LP model  to 

find efficiency score for all this DMUs. As we know from the DEA literatures the efficiency score obtained 

from the (1) is numeric and belongs to the interval . Also we use the Weka software [5] to apply C4.5 

algorithm to construct decision tree. Basically C4.5 algorithm is designed for category attribute and for 

numerical attribute the Weka software discrete numeric attributes by itself except goal attribute ( The one 

difference between ID3 and C4.5 algorithm) meanwhile for constructing decision tree, goal attribute must be in 

categories and we have to introduce a categories attribute item for that. In our study, goal attribute is efficiency 

score and it is a numeric attribute then we partition efficiency scores to the 10 categories and then apply C4.5. 

For example all DMUs with  belong to the category 1 and all DMUs with  belong 

to the category  and so on. Then for each DMU we use input, output and efficiency score category for its 

attributes. In our study we have three inputs and five outputs and overall 9 attributes could be define. Figure 3 

shows a bank branch with inputs and outputs. At the C4.5 algorithm first of all  is calculated 

for all this attributes. Then The attribute with the biggest value of  takes place at the root of 

the decision tree. Then the selected attribute is eliminated from the list of attributes and again 

 is calculated for remained attributes until the whole decision tree would be developed. 

 

 
 

Fig. 3: A branch bank with inputs and outputs. 

 

 To do this,  shows this procedure as follows  

 
 Use the LP (1) to find efficiency score of 200 bank branches. 

: Divide efficiency score to 10 groups. (we will describe this at follows) 

: Use the inputs , outputs and efficiency score group of DMUs as attributes of the C4.5 algorithm. 

: Construct decision tree and use it to predict efficiency score of other DMUs with the same attribute.  

 

 The result of our study shows that the decision tree developed with this manner, predict efficiency score of 

DMUs with the validity of  percent true. After constructing decision tree with 200 bank branches (training 

set) we can use this decision tree to predict efficiency score categories of any new bank branch who add to the 
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sets of peers DMUs with the same inputs and outputs. We add 10 new bank branches and use the constructed 

decision tree to categorize efficiency score of these DMUs. The gained result from the algorithm and real value 

is illustrated in the figure2. As we see in four cases the prediction is exactly true for , , , 

 and in five cases the gap between predicted and real category is acceptable ( , , , 

 , ) and the only big gap is related to the . All these results are quite acceptable in comparison 

with direct method for calculation efficiency score. 

 

 
 

Fig. 2: Compare the predicted efficiency score category with the real one. The gray color shows the efficiency  

score category of 10 DMUs calculated by (1) and the black on shows the predicted efficiency score  

category for the same DMUs with the application of constructed decision tree. 

 

Conclusions: 

 DEA is good at estimating the relative efficiency of a DMU, it can tell us how well we are doing compared 

with our peers but not compared with a theoretical maximum. Thus, to measure the efficiency of a new DMU, 

we have to develop DEA previously with the same method with data of used DMU. Also, we cannot predict the 

efficiency score of a new DMU. In this paper we develop a method based on C4.5 algorithm for the prediction 

of efficiency score of a new DMU. In order to calculate for calculation efficiency score of a new DMU we have 

to find the efficiency score of previous DMUs again, so this research is worthwhile and will be useful for the 

manager and other fields who would like to estimate efficiency score without really solving any linear 

programming. We hope the researchers pay attention to this issue and use other heuristic methods in data 

envelopment analysis.  
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