
 

 

 

Abstract—Qualitative bankruptcy prediction rules represent 

experts' problem-solving knowledge to predict qualitative 

bankruptcy. The objective of this research is predicting qualitative 

bankruptcy using 4 different Artificial Intelligence (AI) techniques 

Qualitative Bankruptcy namely; Naive Bayes Classifier (NBC), 

Multilayer Perceptron (MLP), J48 and Classification via Regression 

(CR). Correctly Classified Instances were found as 96.5714 %, 

94.8571 %, 95.4286 % and 96% for NBC, MLP, J48 and CR, 

respectively. These results have shown that NBC has the most 

successful prediction ratio among the four techniques regarding to 

classification. By using NBCs we can generate better rules with more 

qualitative factors and redundancy and overlapping of the rules can 

also be avoided. 

 

Keywords— Qualitative Bankruptcy Prediction, Naive Bayes 

Classifier (NBC), Multi-Layer Perceptron (MLP), J48 and 

Classification via Regression (CR).  

I. INTRODUCTION 

ATA mining techniques have been applied to solve 

classification problems for a variety of applications, 

including credit scoring, bankruptcy prediction, insurance 

underwriting, and management fraud detection. These 

techniques automatically induce prediction models, called 

classifiers, based on historical data about previously solved 

problem cases. The classifiers can then be applied to 

recommend solutions to new problem cases [1]. By unearthing 

the patterns or knowledge from the data itself, data mining 

methods obviate the need for eliciting knowledge from a 

human expert. In addition, bankruptcy prediction is one of the 

mentioned problems, which can be solved via Data mining 

[2]. 

Bankruptcy is financial failure of a business [3] and when 

an organization not able to pay its debts is called as 

bankruptcy. Impact of bankruptcy has shown disastrous 

outcomes and its affects whole community [4-5]. The impact 

of bankruptcy clearly states the need for an efficient model to 

predict bankruptcy. Bankruptcy prediction (BP) refers to 

prediction of business failure through financial [6-14] and 

non-financial variables [15-21]. BP is one of the most 

important decisions in financial decision making [22]. BP is 

studied extensively in the accounting and finance literature 

[23] Different approaches [24] have been applied for 
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bankruptcy prediction. Statistical Approaches in which 

univariate analysis (Beaver, 1966) [25], multivariate 

discriminant analysis (Altman, 1968) [26], logistic regression 

approach (Ohlson, 1980) [27] and factor analysis technique 

(West, 1985) [28] have been applied. Another approach is 

artificial intelligence and soft computing approaches in which 

artificial neural networks [29], Support vector machines [30] 

Bayesian network models [31] and many other AI techniques 

have been applied. Other then these approaches swarm 

intelligence approaches [32-35] and hybrid methods and 

ensemble methods [10], [29] [21] have been applied to predict 

bankruptcy. 

The rest of the paper is organized as follows, section 2 

describes the theoretical background for classifiers used in this 

study for qualitative bankruptcy prediction, section 3 

describes experimental studies and section 4 concludes the 

paper. 

II.  THEORETICAL BACKGROUND 

Having done in this study 4 different classifying techniques 

were used to predict bankruptcy. Short information about each 

of the classifying techniques namely NBC, MLP, J48 and CR 

will be mentioned in the following paragraphs. 

A.  Naive Bayes Classifier (NBC) 

A Naive Bayes classifier is a simple probabilistic classifier 

based on applying Bayes' theorem (from Bayesian statistics) 

with strong (naive) independence assumptions. A more 

descriptive term for the underlying probability model would 

be "independent feature model". 

In simple terms, a naive Bayes classifier assumes that the 

presence (or absence) of a particular feature of a class is 

unrelated to the presence (or absence) of any other feature. 

For example, a fruit may be considered to be an apple if it is 

red, round, and about 4" in diameter. Even if these features 

depend on each other or upon the existence of the other 

features, a naive Bayes classifier considers all of these 

properties to independently contribute to the probability that 

this fruit is an apple. 

Depending on the precise nature of the probability model, 

naive Bayes classifiers can be trained very efficiently in a 

supervised learning setting. In many practical applications, 

parameter estimation for naive Bayes models uses the method 

of maximum likelihood; in other words, one can work with 
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the naive Bayes model without believing in Bayesian 

probability or using any Bayesian methods. 

In spite of their naive design and apparently over-simplified 

assumptions, naive Bayes classifiers have worked quite well 

in many complex real-world situations. In 2004, analysis of 

the Bayesian classification problem has shown that there are 

some theoretical reasons for the apparently unreasonable 

efficacy of naive Bayes classifiers.[36] Still, a comprehensive 

comparison with other classification methods in 2006 showed 

that Bayes classification is outperformed by more current 

approaches, such as boosted trees or random forests.[37] 

An advantage of the naive Bayes classifier is that it only 

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. 

B.  Multi Layer Perceptron (MLP) 

Multi Layer Perceptrons constitute an important class of 

feed-forward Artificial Neural Networks (ANNs), developed 

to replicate learning and generalization abilities of humans 

with an attempt to model the functions of biological neural 

networks. They have many potential applications in the areas 

of Artificial Intelligence (AI) and Pattern Recognition (PR). 

Handwritten numeral recognition is a benchmark problem of 

PR. It has a clearly defined commercial importance and a level 

of difficulty that makes it challenging, yet it is not so large as 

to be completely intractable. Optical Character Recognition 

(OCR) of handwritten numerals is central to many commercial 

applications related to reading amounts from bank cheques, 

extracting numeric data from filled in forms, interpreting 

handwritten pin codes from mail pieces and so on. The work 

presented here mainly aims for establishing the usefulness of 

the MLP as a pattern classifier compared to the Nearest 

Neighbor (NN) classifier used as a suboptimal traditional 

classifier [38]. 

C.  J48 

J48 classifier is a simple C4.5 decision tree for 

classification. It creates a binary tree. The decision tree 

approach is most useful in classification problem. With this 

technique, a tree is constructed to model the classification 

process. Once the tree is built, it is applied to each tuple in the 

database and results in classification for that tuple[39-41]. 

D.  CR  

Supervised Machine Learning considers the problem of 

approximating a function that gives the value of a dependent 

or target variable y, based on the values of a number of 

independent or input variables x1, x2,…, xn. If y takes real 

values, then the learning task is called regression, while if y 

takes discrete values then it is called classification. 

Traditionally, Machine Learning research has focused on the 

classification task. It would therefore be very interesting to be 

able to solve regression problems taking advantage of the 

many machine learning algorithms and methodologies that 

exist for classification. This requires a mapping of regression 

problems into classification problems and back, which has 

been recently studied by some researchers [42-44]. 

The whole process of Regression via Classification (RvC) 

comprises two important stages: a) The discretization of the 

numeric target variable in order to learn a classification 

model, b) the reverse process of transforming the class output 

of the model into a numeric prediction. Three methods for 

discretization are equal-interval binning, equal-frequency 

binning and K-means clustering. The first one divides the 

range of values of a numerical attribute into a predetermined 

number of equal intervals. The second one divides the range 

of values into a predetermined number of intervals that 

contain equal number of instances. The k-means clustering 

algorithm starts by randomly selecting k values as centers of 

the ranges. It then assigns all values to the closest of these 

centers and calculates the new centers as the mean of the 

values of these ranges. This process is repeated until the same 

values are assigned to each of the k ranges in two consecutive 

iterations. Once the discretization process has been completed, 

any classification algorithm can be used for modeling the data. 

The next step is to make numeric predictions from the 

classification model that is produced. This model predicts a 

number of classes which correspond to numerical intervals of 

the original target variable. There remains the problem of 

transforming this class to a specific number, in order to assess 

the regression error of the RvC framework. A choice for this 

number should be a statistic of centrality that summarizes the 

values of the training instances within each interval [42]. 

III. EXPERIMENTAL STUDY 

In order to predict qualitative bankruptcy the data obtained 

from UCI Machine Learning Repository was used. The 

information about the data is as follows: 
 

Title: Qualitative_Bankruptcy database 

Source Information 

     Creator     : Uthayakumar J. and Nadarajan M.  

   Guided By: Martin A. 

Date          : September 2013 

Past Usage: The attributes or parameters which we used for 

collecting the dataset is referred from the paper" The 

discovery of experts’ decision rules from qualitative 

bankruptcy data using genetic algorithms" by Myoung-Jong 

Kim, Ingoo Han. 

    Number of Instances: 175  

     Number of Attributes: 6, each corresponding to 

Qualitative Parameters in Bankruptcy 

     Attribute Information: (P=Positive, A-Average, 

N-negative, B-Bankruptcy, NB-Non-Bankruptcy) 

     1. Industrial Risk: {P, A, N} 

     2. Management Risk: {P, A, N} 

     3. Financial Flexibility: {P, A, N} 

     4. Credibility: {P, A, N} 

     5. Competitiveness: {P, A, N} 

     6. Operating Risk: {P, A, N} 

     7. Class: {B, NB} 

Missing Attribute Values: None 

Class Distribution: [60% for Non-Bankruptcy] [40% for 

Bankruptcy] 
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First, NBC was used to predict qualitative bankruptcy and 

the result shown in Table I is obtained. As can be seen from 

Table I, 169 of 175 samples were classified as correctly. Thus 

the correct classification ratio is %96.5714. 
 

TABLE I 

ACCURACY RATIO OF NBC APPLICATION   

Parameters Value 
Accuracy 

Ratio 

Correctly Classified Instances 169 96.5714 % 

Kappa statistic 0.9282  

Mean absolute error 0.0442  

Root mean squared error 0.153  

Relative absolute error 9.2013 %  

Root relative squared error 31.2343 %  

Coverage of cases (0.95 level) 99.4286 %  

Mean rel. region size (0.95 level) 56.8571 %  

Total Number of Instances 175  

 

Secondly, MLP was used to predict qualitative bankruptcy 

and the result shown in Table II is obtained. As can be seen 

from Table II, 166 of 175 samples were classified as correctly. 

Thus the correct classification ratio is %94.8571. 

 
TABLE II 

ACCURACY RATIO OF MLP APPLICATION 

Parameters Value 
Accuracy 

Ratio 

Correctly Classified Instances 166 94.8571% 

Kappa statistic 0.8931  

Mean absolute error 0.058  

Root mean squared error 0.2201  

Relative absolute error 12.0786%  

Root relative squared error 44.9273%  

Coverage of cases (0.95 level) 95.4286%  

Mean rel. region size (0.95 level) 52%  

Total Number of Instances 175  

 

Thirdly, J48 was used to predict qualitative bankruptcy and 

the result shown in Table III is obtained. As can be seen from 

Table III, 167 of 175 samples were classified as correctly. 

Thus the correct classification ratio is %95.4286. 

 
TABLE III 

ACCURACY RATIO OF J48 APPLICATION 

Parameters Value 
Accuracy 

Ratio 

Correctly Classified Instances 167 95.4286% 

Kappa statistic 0.9048  

Mean absolute error 0.0658  

Root mean squared error 0.2062  

Relative absolute error 13.7008%  

Root relative squared error 42.0865%  

Coverage of cases (0.95 level) 96.5714%  

Mean rel. region size (0.95 level) 50.8571%  

Total Number of Instances 175  

 

Finally, CR was used to predict qualitative bankruptcy and 

the result shown in Table IV is obtained. As can be seen from 

Table IV, 168 of 175 samples were classified as correctly. 

Thus the correct classification ratio is %96. 

 

 

 

 

TABLE IV 

ACCURACY RATIO OF CR APPLICATION 

Parameters Value 
Accuracy 

Ratio 

Correctly Classified Instances 168 96% 

Kappa statistic 0.9169  

Mean absolute error 0.0701  

Root mean squared error 0.1874  

Relative absolute error 14.5911%  

Root relative squared error 38.2478%  

Coverage of cases (0.95 level) 99.4286%  

Mean rel. region size (0.95 level) 63.4286%  

Total Number of Instances 175  

IV. CONCLUSION 

In this research the qualitative bankruptcy prediction rules 

have been induced by classifying bankruptcy into different 

classes. For this classification task the methods of Naive 

Bayes Classifier (NBC), Multilayer Perceptron (MLP), J48 

and Classification via Regression (CR) were used. Correctly 

Classified Instances were found as 96.5714 %, 94.8571 %, 

95.4286 % and 96% for NBC, MLP, J48 and CR, respectively 

as can be seen from Table V.  

 
TABLE V 

ACCURACY RATIO OF NBC APPLICATION   

Classifier Method Accuracy Ratio 

NBC 96.5714 % 

CR 96% 

J48 95.4286% 

MLP 94.8571% 

 

These results have shown that NBC has the most successful 

prediction ratio among the four techniques regarding to 

classification. The data used for this study has been published 

in September 2013. Thus, there is no way of making any 

comparison with the previous studies. Due to this situation 

only the classification methods used in this study were 

compared to each other. The quality of rules produced by the 

methods of this study can be enhanced by using different rule 

pruning methodologies as future study. 
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