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Abstract: Ability to predict corporate bankruptcy as one of the areas of risk management has various social
and individual aspects. Timely warning of bankruptcy risk makes managers and investors able to do
preventative measures. These measures consist of changing operational policy, financial restructuring and even
optional treatment which by reducing potential losses, improve social and individual resource allocation finally.
The purpose of this study is to improve predicting bankruptcy relying on two essential parts. In the first part
of this paper, we focused on the predictor variables and in the second part, two major models of corporate
bankruptcy prediction underlined. Therefore, financial ratios and efficiency of corporate entering the two
support vector machines and multiple discriminant analysis predictive models. Final Results in the presence
of efficiency and without it, suggest no change on the overall accuracy of these models. In spite of more
accurate in performance of support vector machines compare with multiple discriminant analysis, because of
the lack of significant difference, the findings not prove finality.

Key words: Prediction  Bankruptcy  Predicting models  Support vector machines  Multiple discriminant
analysis  Efficiency

INTRODUCTION an Optimal Solution for prediction of bankruptcy steadily.

Human foraging behavior always seeks to approach forces financial researchers to use a wide range of
an integrated set of information and to discover methods to predict corporate bankruptcy. Applying
relationships between phenomena for the explanation of modern and high-precision methods to achieve the
these phenomena and the prediction of their behaviors. envisaged goals, including precision, accuracy and
These attempts extended to the financial field and have timeliness have been increasing the importance of them.
induced researchers to discover relationships between ICT development given us the opportunity to get different
financial information in order to provide the financial types of information about a company's risk from various
information users with more powerful control tools [1]. methods. To evaluate massive amounts of information,

The  importance of predicting corporate bankruptcy, many analysts are relying on the judgment. Some
matter  for most academic and business communities in elements have the ability to influence results. Statistical
the past century [2]. These predictions are importance for and artificial intelligence methods are impressive in predict
Sending controversial and timely signals that cause corporate bankruptcy. So creation these new methods
suitable and reasonable behavior which prevents from may provide warnings to companies to be aware of the
occurring material and spiritual damages [3]. But how can bankruptcy to take proper actions. Therefore, desirable
we predict the risk of bankruptcy? To answer this investment opportunities for investors and creditors
question, because of the importance of it for corporate distinct from the undesirables. The purpose of this study
managers and stockholders, it has been leading search for is using efficiency as a predictor variable alongside other

This rational approach to decision-making over time,
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traditional independent -Financial ratios- For predicting methods that have no limits of statistical methods, used
corporate bankruptcy. This paper also using the new gradually. Bell and sharda in 1990 compared logit and
Support Vector Machines Model as one of the data neural networks models to predict the bankruptcy of
mining methods and Multiple Discriminant Analysis as commercial banks. Research result shows the accuracy of
one of the most popular in the statistical methods to the logit model for nonbankrupt and bankrupt firms,
survey the entry efficiency into these predicting models. respectively 69/5% and 97/3%. On the other hand, the

Literatures Review: In general, research in bankruptcy [9]. Also Wilson and Sharda (1994) by neural networks
can divide into two categories: evaluate prediction of nonbankrupt and bankrupt

Research on application of statistical methods such colleagues (1999) performed the bankruptcy prediction
as univariate analysis, multivariate analysis, logit and with of neural networks and logit analysis. The results
probit analysis and etc. showed the NN model accuracy to predict were 58% to
Research  on application of artificial intelligence 93% of bankrupt companies and nonbankrupt companies
methods such as neural network and other Data 83% to 87 %. The logit model predicts 74% to 79 % of
mining techniques. bankrupt companies and for nonbankrupt companies;

In the Statistical area methods, the article by William ago, artificial intelligence approaches and data mining
Beaver In 1966 can be as one of the first classical studies techniques, as other neural network methods [NN],
on credit risk management. In fact, Beaver`s study was the genetic algorithm [GA] and expert systems [ESs], have
beginning of developing models to predict bankruptcy of been widely applied to corporate bankruptcy forecasting
firms [4]. Beaver proposed using combination of financial because of it's universal approximation property and
ratios that can increase the strength of predictions ability of extracting useful knowledge from vast data and
compare with individual [5]. After Beaver, researchers like domain experts [12]. Anandarajan and colleagues (2004)
Pinches (1975) and Chen, Shirmeda (1981) had used the examined the prediction of corporate bankruptcy by
approach of univariat analysis. The first study of the genetic algorithm and Multiple Discriminant Analysis.
multivariate approach by Altman in 1968 conducted. He Research  results  showed increase accuracy of the
used his five-variable model by using Multiple genetic algorithm compared with Multiple Discriminant
Discriminant Analysis for predicting bankruptcy of Analysis [13]. Min and Lee in 2005 by the design SVM
manufacturing firms. His analytical model that known the model. The research in search of optimal parameters of
Z score, used as a sign of financial health of companies. kernel parameters conducted grid-search method. The
Altman suggested that his model can used in commercial SVM model results compared with the MDA, LR and BPN.
lending assessment, investment alternatives and review The SVM model for training and testing data,
of internal control [6]. Since Altman's study, the number respectively, 88/01% and 83/06% compared with other
and complexity of bankruptcy prediction models have models  have been further accuracy [14]. Same year,
increased  dramatically.  Studies  of   bankruptcy by Sheen et al., (2005), using the SVM to compare the results
Olson (1980) being another step of bankruptcy research. with neural networks, in the bankruptcy prediction
He was first who has used logit regression for prediction process. The results also showed more accuracy and
bankruptcy. The sample includes 105 bankrupt and 2058 generalization of SVM compared with the NN's [15].
of nonbankrupt companies. This is the most Etemadi and colleagues in 2009 using genetic
comprehensive study in that time. His extracted model programming to predict the bankrupt Iranian company.
could predict bankruptcy for the first and second years The model prediction compared with Multiple
with 96% accuracy rate. Statistical population was all Discriminant Analysis. The survey results showed
companies and  used  financial  ratios  were 9 [7]. despite the 77% accuracy of MDA, in the same time
However, strict assumptions of traditional statistics such genetic programming model was 94 % [16] Feature
as linearity, normality, independence among predictor selection in 2010 by Cho and colleagues test by new
variables and pre-existing functional form relating to the approach. The study used Case Base Reasoning [CBR]
criterion variable and the predictor variable limit their and decision tree to choose the variables simultaneously.
application  in the real-world [8]. Now, using methods The results showed that this approach can increase
such  as neural  networks  and  other data mining accuracy of prediction models [17].

neural network model increased Type II error rate to 20 %

companies respectively 99% and 97 % [10] Zhang and

accuracy goes to 78% to 81 % [11]. Since about 15 years
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In General, data mining methods have used largely as class from the other with the minimum amount of error.
follows to bankruptcy prediction studies: decision tree Thus we aim to have a system that predicts whether a firm
(Frydman, Altman and Kao, 1985; Marais, Patel and will go bankrupt or not according to some type of
Wolfson, 1984), fuzzy set theory (Zimmermann, 1996), financial information, for example through the firm’s
case-based reasoning (Bryant, 1997; Jo, Han and Lee, financial ratios. This type of task is known as
1997; Park and Han, 2002), genetic algorithm (Shin and classification to the statistics community and supervised
Lee,  2002;  Varetto,  1998),  support  vector machines learning to the machines learning one [20].
(Min  and  Lee,  2005),  data  envelopment  analysis
(Cielen and  Vanhoof,  2004),  rough  sets theory Support Vector Machines: This Study to identify the best
(Dimitras, Slowinski, Susmaga and Zopounidis, 1999; and most useful models and predictor variables in
McKee, 2000, 2003) and several kinds of neural networks predicting bankruptcy done. Therefore, despite the
such as BPNN (back propagation trained neural network) different natures, the models chosen that it`s high degrees
(Atiya, 2001; Bell, 1997; Lam, 2004; Leshno and Spector, of predictability in classify bankrupt and nonbankrupt
1996; Salchenberger, Mine and Lash, 1992; Swicegood companies improved. SVM is one of these methods.
and Clark, 2001; Tam, 1991; Wilson and Sharda, 1994), Most classification algorithms and models have low
PNN (probabilistic neural networks) (Yang, Platt and Platt, Generalization. Many of these models are force with local
1999), SOM (self-organizing map) (Kaski, Sinkkonen and optimization at the function, so they trap on local
Peltonen,2001; Lee, Booth and Alam, 2005), Cascor optimization [14]. Recently, support vector machines
(cascade correlation neural network) (Lacher, Coats, [SVM], a novel neural network algorithm, developed by
Sharma and Fantc, 1995) [18]. Vapnik and his colleagues (1995) [21]. Many traditional

Theoretical Framework minimization principle; SVM implements the structural risk
Definition of Bankruptcy: Financial distress is an minimization principle ERM. It seeks to minimize the
Inclusive and at the same time ambiguous term. This term misclassification error or deviation from correct solution
includes insolvency and situation that value of the of the training data but the SRM searches to minimize an
company's assets less than its liabilities and legal upper bound of generalization error. In addition, the
bankruptcy too. One issue that needs to address in this solution of SVM may be global optimum while other
paper is the definition of "bankruptcy" as used in the neural network models may fall into a local optimal
literature. As noted by Karels and Prakash (1987), there is solution as mentioned above. Thus, overfitting is unlikely
a diverse set of definitions of bankruptcy used for to occur with SVM [22]. The main idea of the svm model
prediction studies [19]. is the assumption that if the classes are linearly Separable;

Many studies define failure as filing for bankruptcy Hyperplanes with maximum margin gained that separating
or  liquidation;  others  define  failure  as suffering the classes from each other. According to statistical
financial  stress or an inability to pay financial debts. learning theory, if the training data classified correctly,
Some studies do not provide a definition of failure and between linear separators, the same separator that
bankruptcy for the research. This variance in the maximizes the margin of the training data, it will minimize
definition of bankruptcy can make it difficult to compare the generalization error too. The closest training data to
models [4]. In this research, we focus on legal bankruptcy separator hyperplanes called support vector. The vectors
based on Iran's trade law. Under paragraph 141 of Iran (points) use to settle the boundary between classes. A
Trade Law, a firm is bankrupt when it's total value of linear decision boundary (hyperplane) in general can write
retained earnings is equal or greater than 50% of it's listed as follows:
capital.

Predicting Method: We are interested in forecasting the
bankruptcy of companies and also on assigning a X, a point on and w is a vector perpendicular to the
probability value to quantify our degree of belief that this boundary decision. As shown in below b/||w|| is the
event will happen. In order to do so, we approach the distance to the origin of boundary decisions and (w.x)
bankruptcy prediction problem as a binary classification express the inner product of two vectors w and x. Since by
one, where each instance of a set of observed data multiplying a constant factor in the both sides of above
belongs to a group of predefined classes (bankrupt or equation, the equal still indefeasible, so the following
non-bankrupt) and the objective is to try to separate one conditions imposed on w and b:

neural network models had implemented the empirical risk

w.x + b = 0
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x  is a support vector y  (wx  + b) = 1 D[X] = l xi i i

x  is not a support vector y  [wx  + b] > 1i i i

By  earn  w, the b calculated by each support vector eigenvalue. Commonly, for a two-class problem, the
and at the end, b by averaging the extracted values discriminant rule is:
calculated. The final classification of the data obtained
from the following relationship:

This calculation process makes a linear boundary of
two classes. However, when classes may overlap that Predictor Variables: Predictive variables in this study
means it is impossible to separate them by a linear included two groups:
decision boundary. To solve this problem could use
kernel function that can define as: The first group is those financial ratios which are

K(x , x ) = (x ) (x ) For use financial ratios as explanatory variables, wei j i j

K [x ,x ] is a function in primary space witch equal to between them [25]. Therefore, we tried to set financiali j

inner product of two vectors in feature space. Final ratios in groups with the lowest correlation within.
equation will be as follows: Considering the variables must also reflect features

activities and cash flows. So the number of financial

In this study, for the classification nonbankruptcy researches [12]. Table 1 shows a list of these ratios.
and bankrupt companies RBF kernel function used. The The second group includes efficiency. It is widely
main reason for choosing this kernel function was the recognized that a main cause of financial failure is
potential implication of the studies associated with poor management and that business operation
bankruptcy [23]. efficiency is a good reflection of a firm’s management

Multiple Discriminant Analysis: The statistical model for efficiency as the predictor variables. To measure the
this study is Multiple Discriminant Analysis. Multiple efficiency of companies, Data Envelopment Analysis
discriminant analysis (MDA) tries to derive a linear used. DEA is an efficient tool for performance
combination  of  two  or more independent variables that evaluation which was originally developed to
best discriminates among a priori defined groups, which measure the relative efficiency of peer decision
in our case are bankruptcy and nonbankruptcy companies making units (DMUs) in multiple input-multiple
[14]. In fact, MDA used to classify an observation into output settings. Two main Assumptions in DEA are
one of the several a-priori groupings dependent on the known as CCR and BCC. The difference in the two
observation’s individual characteristics. Therefore, MDA models related to the assumption of constant or
allows the researcher to study the difference between two variable returns to scale. The CCR model is under
or more groups of objects with respect to several constant returns to scale and BCC models under
variables simultaneously [16]. From 1960 until today at variable returns to scale. Return to scale determines
using various methods to predict bankruptcy, MDA is in the relation between inputs and outputs changes. In
the first rank [4]. The main idea of MDA is to find a application DEA to efficiency analysis of
feature transformation which maximizes the covariance of corporations, informative input and output variables
feature metrics between classes, while minimize the should  be  selected. Generally, the input variables
covariance of feature metrics within each class [24]. for a corporation are capital, liability, human
Therefore, the discriminant function is: resources,  technology,  etc. and the output variables

T

Where L is the eigenvector corresponding to the largest

Where

potentially capable entering the predictive models.

must consider Overlap and Internal correlation issue

of a company include stability, profitability, growth,

ratios used that affect above features in bankruptcy
prediction and has been proven in previous

[26]. Therefore, in this study we selected the
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Table 1: Potential Variables

Description Category Variables Description Category Variables

Return on total assets Growth X11 Debt ratio Stability X1
Sales to total assets X12 Long term debts to equity ratio X2
Inventory turnover Activity X13 Quick ratio X3
Account receivable turnover X14 Cash and cash equivalents to current liabilities X4
Working capital to total asset X15 Net income to total interest Profitability X5
Operating cash flow Cash flow X16 Net income to total assets X6
cash debt coverage X17 Financial expenses to sales X7
Quality of sales X18 Gross profit to cost of sales X8
Cash return of stockholders equity X19 Growth rate of total assets X9
Quality of profit X20 Growth rate of sales X10

are commonly profit and sales [12]. Therefore, in this Hypothesis
paper, we selected total assets, total liability and costs of Hypothesis1: "The overall accuracy of SVM using
sales as the input variables for DEA and the output efficiency as a predictor variable, than the same model
variable is the income of sales. Also From Concept Of without using the efficiency as a predictor variable, would
CRS Assumption Infers That This Method Shows Fewer be more."
Numbers Of Companies Efficient [27]. So accordance with
conservatism CRS Assumption adopted. Hypothesis2: "The overall accuracy of MDA using

Efficiency was calculated by EMS, the software of without using the efficiency as a predictor variable, would
Department of Mathematics, University of Dortmund. be more."

MATERIALS AND METHODS Hypothesis3: "The overall accuracy of SVM using

Statistical Population: In order to validate the efficacy of using the efficiency as a predictor variable, would be
the  proposed  approach, we apply the aforementioned more."
two methods to the bankruptcy prediction of corporations
in Islamic Republic of Iran. The dataset we employ in this Feature Selection: To pick out the financial ratios that are
research is provided by audited financial statements of informative and closely related to the corporate financial
corporations that are listed in Tehran stock exchange condition, we employ feature selection. In fact, the feature
(TSE).  The  dataset  contains  204  externally audited selection is a part of the complex and comprehensive of
firms, which have been filed for bankrupt include 102 data mining. We employ paired t-test to evaluate
cases and nonbankrupt include 102 cases from 1999 to significance of difference of each ratio between bankrupt
2009. For the statistical sample the paired samples used as and nonbankrupt corporations. T-test is superior to other
follows: statistical feature selection methods [2].

Choice of Bankrupt Companies: Bankrupt companies selection have the ability to enter the predicting models.
chosen based on paragraph 141 of Iran Trade Law. Under Efficiency is one of the selected variables. Thus, among
this paragraph a firm is bankrupt when it's total value of the 21 variables, only 11 variables have capability to enter.
retained earnings is equal or greater than 50% of it's listed
capital. Therefore, the audit reports of all listed companies Univariate Discriminant Analysis: In order To test the
in TSE in a 10-years period have surveyed and then 102 violate the paper`s assumption, we conducted univariate
bankrupt companies chosen. discriminant analysis [28]. Hence the conclusion of the

Choice of Nonbankrupt Companies: To control of the prediction result of each selected variable. Looking
unwanted variables, after determining the number of again to Table 2 shows the correct classification of all
bankrupt companies, for each of them a company as variables greater than 60%. Therefore, the results of the
nonbankrupt in the same period of the bankrupt feature selection based on univariate discriminant
companies based on random sampling chosen. analysis result approved.

efficiency as a predictor variable, than the same model

efficiency as a predictor variable, than the MDA when

Table 2 lists the variables that based on Feature

feature selection has tested by UDA. This model, tests
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Table 2: Basic Variables and UDA Result
Basic Variables

Sales to Debt Working capital Quick Operating Cash and cash equivalents Cash debt Financial expenses Gross profit Return on
total assets ratio to total asset ratio cash flow to current liabilities coverage to sales Efficiency to cost of sales total assets

UDA resultd
78.90% 74% 68.60% 73% 84.30% 87.70% 60.80% 71.10% 76% 76% 70.60%

Overfitting Problem: In order to prevent the prediction subsets. Thus, each instance of the whole training set is
methods from overfitting the training dataset, cross- predicted once so the cross-validation accuracy is the
validation procedure is employed to validate the proposed percentage of data which are correctly classified. To
approach. Cross-validation separates the dataset into two investigate the effectiveness of this approach, Number of
subsets: a calibration set and a validation set [12]. The subsets in v-fold cross-validation was chosen 12 [12].
calibration set is used to estimate parameters in the
prediction models and the validation data are used to test RESULTS AND DISCUSSION
the  results,  which is not utilized in classifier training. In
v-fold cross validation, we first divide the training set into The predictive results of SVM and MDA with
v subsets of equal sizes. Sequentially, one subset is efficiency and without this predictor variable in 12- fold of
tested  using  the classifier trained on the remaining v - 1 each  subset  described in Table 3. These results show the

Table 3: Overall Results

Model V-fold With efficiency Mean Standard deviation Standard error Without efficiency Mean Standard deviation Standard error

MDA 12 94.10% 87.24% 8.61389 2.48661 88.20% 87.24% 8.61389 2.48661
88.20% 88.20%
70.60% 76.50%
88.20% 94.10%
88.20% 88.20%
76.50% 88.20%
76.50% 76.50%
88.20% 76.50%
94.10% 88.20%
100% 94.10%
94.10% 100%
88.20% 94.10%
100% 100%
100% 100%
100% 100%
88.20% 88.20%
94.10% 94.10%
88.20% 82.40%
76.50% 76.50%
100% 100%
94.10% 94.10%
100% 100%
94.10% 94.10%
94.10% 94.10%

Table 4: T-Test for First Hypothesis

Sig. df t

1 11 0.000

Table 5: T-Test for Second Hypothesis

Sig. df t

1 11 0.000
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Table 6: T-Test for Third Hypothesis

Levene’s Test for equality variances T-test for equality of means
--------------------------------------------- ----------------------------------------------------

With Efficiency Without Efficiency F Sig. T D.F Sig.

Equal Varianves Assumed Equal Varianves Assumed 0.115 0.738 (1.913) 22 0.069
Equal Varianves Not Assumed Equal Varianves Not Assumed 0.115 0.738 (1.913) 21.731 0.069

(1.913) 22 0.069
(1.913) 21.731 0.069

Fig. 1: The Performance of SVM notion as a predictor variable. Then in second part, we

average correct classification on MDA and SVM it's different natures. Results showed entering efficiency
Respectively equal to 87/24% 93/6% and standard to predicting methods has no change in performance of
deviation equal to 8/61 and 7/79. The averages of two these models essentially. Furthermore, despite the
models in presence of efficiency for MDA is equal to increase in the average prediction accuracy of SVM
87/24% and 93/62% in the SVM. compare with MDA with efficiency, because there is no

To test the first hypothesis, mean and standard significant difference between the two models comment
deviation of both methods (with efficiency and without it) on this model for better performance was impossible.
in the SVM model is no different. This means the Thus, based on survey results, it is worthy conduct new
efficiency has no affect on the model. The following table other nonfinancial variables such as political stability,
shows the same. Because the p-value is 1 and greater than economic and civil liberties, rule of Bureaucratic quality
0/05 so there is no significant difference between two and so on considers. On the other hand, it is recommend
methods at the significance level of 5% and even 1%. other predicting methods such as, fuzzy SVM, fuzzy DEA,

In other sides, Results of MDA approach by entering DEA-DA approach, use to increase the accuracy of
the efficiency and without it, show average accuracy for predictions.
both methods are identical perfectly. Applying T test
shows no increase on performance of this model: REFERENCES

As seen above, P-value is 1 and more than 0/ 05, so
there is no significant difference between two methods at 1. Khodadadi, V., A. Zandinia and M. Nouri, 2010.
the significance level of 5% and even 1%. Application  Of  Ants  Colony System For
To test the third hypothesis, we should compared Bankruptcy Prediction Of Companies Listed In
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SUMMARY AND CONCLUSIONS

Bankruptcy is a highly significant worldwide problem
that affects the economic well-being of all countries. The
high social costs incurred by various stakeholders
associated with bankrupt firms have spurred searches for
better theoretical understanding and prediction capability.
Most studies have focused among the bankruptcy
prediction models. In this study, we attempted to classify
the process of bankruptcy into two general parts.
Therefore, in first part, we emphasized on the efficiency

conducted SVM and MDA predicting models because of
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