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Abstract

Credit risk estimation is a key determinant for the success of financial institutions.
The aim of this paper is presenting a new hybrid model for estimating the
probability of default of corporate customers in a commercial bank. This hybrid
model is developed as a combination of Logit model and Neural Network to benefit
from the advantages of both linear and non-linear models. For model verification,
this study uses an experimental dataset collected from the companies listed in
Tehran Stock Exchange for the period of 2008-2014. The estimation sample
included 175 companies, 50 of which were considered for model testing. Stepwise
and Swapwise least square methods were used for variable selection. Experimental
results demonstrate that the proposed hybrid model for credit rating classification
outperform the Logit model and Neural Network. Considering the available
literature review, the significant variables were gross profit to sale, retained earnings
to total asset, fixed asset to total asset and interest to total debt, gross profit to asset,
operational profit to sale, and EBIT to sale.
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Introduction

One of the most critical challenges the banks are facing today is credit
risk. Lahsasna, Ainon and Wah (2010) emphasized that credit risk
decisions are key determinants for the success of financial institutions
because of huge losses that result from wrong decisions. In fact, risk
estimate is the major factor contributing to any credit decision, and the
inability to precisely determine risk adversely affects credit
management. In addition, risk influences both approved and
unapproved financing decisions (Bekhet & Eletter, 2014). Approved
customers may be unable to repay their obligation, so poor evaluation
of credit risk can cause money loss. Conversely, in rejecting a
customer, there is a risk of losing a potentially profitable customer to
competitors and the risk of opportunity cost (Bekhet & Eletter, 2014).
Wu et al. (2010) suggest that credit risk assessment is the basis of
credit risk management in commercial banks and provides the basis
for loan decision-making. Hence, credit risk evaluation is essential
before making any lending decision (Bekhet & Eletter, 2014).

Due to the significance of credit risk, a number of studies have
proposed embracing statistical modeling in banks to improve their risk
assessment models and hence increase the prediction accuracy of
existing models (Akkoc, 2012; Al-Kassar & Soileau, 2014; Jones &
Hensher, 2004; Permachandra, Bhabra & Sueyoshi, 2009; Yalsin,
Bayrakdaroglu & Kahraman, 2012; Vuran, 2009; McKee &
Lesenberg, 2002). Artificial Neural Networks, genetic algorithms,
genetic programming, support vector machines, and some hybrid
models have been used to evaluate credit risk with promising results
in terms of performance accuracy. Using data mining techniques in
application evaluation would improve credit decision effectiveness
and control loan officer tasks, as well as save analysis time and cost
(Bekhet & Eletter, 2014).

Although numerous studies have been conducted in this field,
improving the prediction accuracy of models is important because it
may prevent considerable losses. Also, numerous models have been
proposed to solve credit rating problems but they have the following
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drawbacks: (1) lack of explanatory power; (2) reliance on the
restrictive assumptions of statistical techniques; and (3) numerous
variables, which result in multiple dimensions and complex data
(Chen & Cheng, 2013). To overcome these shortcomings, this study
applies a hybrid model that solves the practical problems in credit
rating classification. In fact, the purpose of the current study is to
explore the effectiveness of a new hybrid credit scoring model in a
commercial bank in Iran. Neural Network (NN) and Logistic
Regression (Logit) models were combined and a new hybrid model
was developed in this paper. The paper also aims to investigate the
superiority of the new hybrid model over Logit and NN models in
screening out potential defaulters.

The structure of the paper is as follows: Section 2 reviews the
literature, Section 3 describes the methodology and models, Section 4
presents the experimental results, and, finally, Section 5 presents
conclusions and recommendations for further research.

Literature review

Over the years, failure prediction or financial distress models have
been much discussed in accounting and credit management literature.
Since the late 1960s, when Altman (1968) and Beaver (1966)
published their first failure prediction model, many studies have been
devoted to the search for the most effective empirical method for
failure prediction. David Durand (1941) was the first to recognize that
one could use the same techniques to discriminate between good and
bad loans. Not only in developed but also in developing countries,
researchers have attempted to construct a good failure prediction
model.

Credit scoring model is a decision support system that helps the
managers in financial decision-making process. With a rapid
development in credit industry, credit scoring models have been used
in decisions related to credit admission evaluation (Chen & Huang,
2003). Credit scoring is a group of decision making models and their
underlying techniques which provide support for lenders while
providing credit for customers (Heiat, 2012; Thomas, Edelman &
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Crook, 2002). The objective of the credit scoring model is to
determine credit applicant’s capacity to repay financial obligations by
evaluating the credit risk of a loan application (Emel et al., 2003; Lee
et al., 2002) and it is necessary to rely on models and algorithms
rather than human judgment in consumer lending because of the vast
number of decisions involved (Khandani, Kim & Lo, 2010). In fact,
credit rating is the assessment of the creditworthiness of issuers or
issues and involves a hierarchical ranking process by which credit is
classified into different risk categories by credit rating agencies.
Credit rating agencies, such as S&P, Moody’s, and Fitch, assess the
capacity of entities to fulfill their financial commitments.

Recently, many papers have been published comparing different
scoring techniques (for example, Logit analysis, Neural Network, and
Decision Trees) on the same dataset, i.e. Bell, Ribar & Verchio
(1990), Altman, Marco and Varetto (1994), Curram and Mingers
(1994), Kankaanpad and Laitinen (1999). In addition, some attention
has been paid to the comparison of the performance of different types
of failure prediction models (Mossman et al., 1998).

This highlights the need for an accurate decision support model for
credit admission evaluation. A small improvement in the accuracy of
the credit decision might reduce credit risk and translate it into
important future savings (Chen & Huang, 2003; Hand & Henley,
1997; West, 2000; West, Dellana & Qian, 2005; Tsai & Wu, 2008;
Lahsasna, Ainon & Wah, 2010). Normally, a credit scoring model is
built using statistical techniques such as linear discriminant analysis
(LDA) and logistic regression (LR) or artificial intelligence (Al)
techniques such as support vector machines (SVMs) and Neural
Networks (NN).

Apart from reasons of profitability, the use of advanced credit
scoring techniques is also stimulated by the internal risk measurement
and assessment processes that have become increasingly important,
especially in the context of the Basel Il capital accord (Gestel et al.,
2005).

Since the aim of this paper is presenting a new hybrid model, first
of all, we review credit rating papers using Logit or NN models. In
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this review, we investigate the type | error (error of classifying failed
firms as non-failed), the type Il error (error of classifying non-failed
firms as failed), overall predictive accuracy, number of samples for
estimating the model and testing, time period, and country of research.

Table 1 categorizes some results of previous studies in credit risk,
which have used Logit model or Neural Network.

Statistical models are based on the firms’ financial characteristics
presented by financial ratios. The selection of financial ratios that best
predict financial distress has two approaches in the literature:
inductive and deductive. The inductive approach, used in Beaver
(1966), Altman (1968), and many other studies (Altman & Narayanan,
1997; Dimitras, Zanakis & Zopounidis, 1996), starts by forming a
very wide range of possible variables and then reduces this range to a
limited number of variables using statistical techniques.

The inductive-approach studies, applied across industries and
countries, dominate the research streams of NN models despite its
lack of a theoretical basis. The deductive approach provides
theoretical explanations for the process of business failures or the
features of the firms’ financial situation as the basis for selecting
model predictors.

An empirical test is subsequently conducted to justify the model.
For instance, Wilcox (1971) provided a theoretical model to explain
why certain ratios should be good predictors of failure and obtain
better predictive results. The cash flow-based models examined the
benefit of the information on firms’ operating cash flows in predicting
financial distress but concluded that the benefit was small (Casey &
Bartczak, 1985).

A large number of ratios have been proposed in the literature. The
Courtis’s (1978) survey identified 79 financial ratios used in prior
business failure studies. Also, Kaminski, Wetzel and Guan (2004)
showed that 16 out of the 21 selected financial ratios were significant
for effectively identifying fraudulent firms. Nevertheless, financial
leverage, capital turnover, asset composition, and firm size are found
to be significant factors associated with fraudulent financial reporting
(Persons, 1995).



Table 1. Summary of previous studies

Predictive Accuracy No. of sample Research Scope
No. Author and Year Model Typel Typell Overal — Time ]
error  error Accuracy Estimation Test period Country Firm Type
1 Altman et al. (1994) NN  138% 10.6% NA 1212 450  1985-1992 Italy Manufacturing
2 Ohlson (1980) Logit 124% 17.4% NA 2163 NA  1970-1976 uUs Manufacturing and Service (except trans. & financial)
3 Jones & Hensher (2004) Logit 2.3% 2.2% 95.6% NA NA  1996-2000 Australia Different Industries
4 Aziz et al. (1988) Logit 143% 2.1% 91.8% 98 NA  1971-1982 us Different Industries
Logit 135% 13.5% 96.5% . . .
5 Back et al (1996) NN 5.3% 0.0% 97.3% 74 NA  1986-1989 Finland Different Industries
6 Beynon & Peel (2001) Logit 16.7% 23.3% 80.0% 60 30 NA UK Manufacturing
7  Brockman & Turtle (2003)  Logit NA NA 85.0% NA NA  1989-1998 uUs Different Industries
8 Coats & Fant (1993) NN  106% 2.1% 95.0% 282 NA  1970-1989 us Different Industries
9 Dimitras et al. (1999) Logit 7.5% 12.5% 90.0% 80 38 1986-1993  Greece Different Industries
10 Foreman (2002) Logit 143% 0.0% 97.4% 77 14 1999 uUs Telecommunication
11 Jo etal. (1997) NN NA NA 83.8% 542 NA  1991-1993  Korea Different Industries
1o [Kahya %lgggt))dossmu Logit 330% 160%  77.2% 189 NA  1974-1991  US Manufacturing and Retail
13 Keasey ‘(gig"gg();“'””ess Logit 14.0% 140%  86.0% 86 30 1976-1984 UK Different Industries
14  Laitinen & Laitinen (1998) Logit 17.1% 22.0% 80.5% 82 NA  1986-1991 Finland Manufacturing
15 Lin & Piesse (2001) Logit 125% 8.9% 87.0% 77 NA  1985-1994 UK Different Industries
16 McGurr & DeVaney (1998) Logit NA NA 67.2% 112 NA  1989-1993 us Retail
Logit 4.2%  8.3% 93.8% .
17 Neophytou et al. (2001) NN NA NA 93.8% 102 52 1988-1994 UK Manufacturing
18  Pompe & Feelders (1997) NN NA NA 73.0% 288 283  1988-1994 Belgium Construction
19 Stone & Rasp (1991) Logit NA NA 72.3% 108 108 NA us NA
20 Theodossiou (1991) Logit NA NA 94.5% 363 138 1980-1984  Greece Manufacturing
21 Ward (1994) Logit  NA NA 92.0% 227 158  1984-1988 us Different Industries (execpt financial services)
22 Westgaard & Wijst (2001)  Logit 22.7%  2.1% 97.3% 35287 35287 1995-1999 Norway Different Industries
23 Yang, Platt & Platt (1999) NN  50.0% 20.0% 74.0% 122 NA  1984-1989 us Oil and Gas
24 Zavgren (1985) Logit  NA NA 82.0% 90 32 1972-1988 us Different Industries
i 0, 0, 0,
25 Charitou et al. (2004) "Nog't 194 ;/f’ gggoﬁ gégéﬁ 51 51 1988-1997 UK Different Industries
NN  182% 23.9%  80.5% ; :
26 Zhang et al. (1999) Logit 218%  21.8% 78.20% 176 44 1980-1991 UK Different Industries
27 Brabazon & Keenan (2004) NN NA NA 80.7% 128 50 1991-2000 UK Different Industries
28 Low et al. (2001) Logit 10.0%  0.0% 90.0% 68 10 1998 Malaysia Different Industries

29 Vuran (2009) NN 141% 17.6% 84.4% 122 NA  1999-2007  Turkey Different Industries




Table 2. Variables used in previous studies

I No. of

No.  Variable Symbol '\lﬂgegf References No. Variable Symbo Ve References
21,[5].[6],[71,18],[9],[11],[12],[14], 12],[16],[19],[21],[23],[381.[42],[47],
1 Debt Ratio deb_t_ 31 [15],[1[8]],[[2?:!]!:[2]4[],%2[5},IFZ%]IE[Z;]I,:[ZA]IE[3%],[32],[ 11 Current Asset to Total Asset ca_ta 11 [ ] [ ] [ ]42[3],[]55[3],[]55] ] [ ] [ ] [
ratio 48] oL (oA A o 561 jo Curtent or Longterm) Deb 1 (MOS8} 23} 21 54} 25] (3],
31,[41,[5]1,[71,[9],[11],[15],[16],[18], ) )
) ot Ratig QTENL 5 (211391 29] (0] 3e] 36} f30] (4] fad] a1 y o o o o
urrebt Ratio ™ ztjg Qe tegtented) 13 Equity to Debt g  [41OLIBLITLES 15014
53],[54],[55 !
Net Worki 11,[5],[71.[12],[15],[17],[23],[26], . 2],[23],[29],[43],[45].[49],[501,[54],
3 "Copii0” nweta 23 (28030} OIS ASL AL e 8L o EBIT to Sale chitsale 9 (AL EOIE
R o B o o | CHMEMEAE
1],[2],[4],[10],[11],[12],[17],[19], . = ' ' ’ ’ ’ ’
4 ERUR enitta 23 (211 25106 0 (B L L UL AL (514410 17 tnterest Coverage Ratio intcoverag g [41,[8],[12],30],[39], [45]
o e ek 2 ERIEAE
51,[71,[9].[12],[13],[16],[18],[20], - y y . v
5 ROA roa 22 [21],[2%],][£5]],[[2]6][,[2]7][,[2]9][,[3]6][, [3]8][ ,[4]3],[45],[ 20 o ash to ;ggg{;;ﬁgb}mal cashcd 4 [23].[26].[27],[56]
471,[53],[541,[56] 21 Dobt nwetd 4 [21,[51,81,[35]
uick [10],[11],[14],[15],[19],[21],[23],[24],[25],[29],[ 22 Long-Term Deebt to Equity Id_e 4 [10],[14],[19],[54]
6  Quick Ratio qratio_ 19 32],[36],[41],[43].,[47], 23 Gross Profit to Sale gp_sale 4 [23],[24],[53],[54]
[48],[52],[53],[56] 3451 Invgntory Pto ]E;tutrregt Aiset inv_tca 21 Héﬂéﬂ{ggﬂgg}
. ross Profit to Asse a [31],[32],
; EF;%?:?E?O et 17 [11,[41,181.[111,[13],[17],[20].[23], 26  Quick Asset to Total Asset - 3 [21],[33],[45]
Ass egt - [26],[28],[31],[32],[36],[43],[441,[54],[55] 27 Net Worlé;nu%t(;apital to nwe_e 3 [18],[271,[33]
28 Net Working Capital to Salge nwc_sale 3 [20],[23],[43]
Asset 1],[6],[14],[171,[23],[28],[29],[35], C t (or Long-Ti Debt
8 Tumover Stleta 16 [£4]] ,[[4]55 ,[4]75 ,[5]15 ,[5]25 .[5]35 ,[5]45 ,[5]6] 29 Curent (o Long ter™ 00 3 (20].[40].[52]
30 Interest Coslt (t:o ‘Lo't:a:l Detbt int_td 3 [13],[52],[54]
. Operational Cash Flow to f
o (Loggr'iztﬁm of sz 12 [41,[71,[81.[211,[231,[301, [36],[38], 31 Interest Cost ocfint 2 [471.[56]
Asset) [391,[42],[47],[55] 32 Operat(l:tfjr:?é rﬁassztlow to ocf_cd 1 [42]
Operational 71,081,[10],[11],[141, [16],[21].[25], 33  Operational Profitto Asset  op_ta 0 [Experts]
10 CashFlowto ocftd 12 78 [2]65,[3]85,[4]35,[4]55 12l 34 Operational Profitto Sale  op_sale 0 [Experts]

Debt
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After reviewing 56 papers (Table 3) in this field, we summarized
variables in Table 2. Variables, used at least five times by authors,
were selected for estimating. Also, we recognized two variables using
Delphi method with experts in credit division of a commercial bank.

Table 3. List of previous studies for variables recognition

Reference Reference Reference
Code Author(s) Code Author(s) Code Author(s)
1 Altman(1968) 20  Foreman (2002) 39  VVestgaard & Wijst
(2001)
2 Altman (1984) 21 Frydman et al (1985) 40 Yang et al (1999)
Altman &
3 Lavallee (1980) 22 Joe et al (1997) 41 Zavgren (1985)
4 Altman et al 23 Kahya & 42 Briggs & MacLennan
(1977) Theodossiou (1999) (1983)
Keasey and .
5 Beaver (1966) 24 McGuinness (1990) 43  Charitou et al (2004)
6  Springate (1978) 25 La'“”eagégL)a'““e” 44 Zhangetal (1999)
7 Ohlson (1980) 26  Linand Piesse (2001) 45 Brabaz?;O‘g‘4;(e””a”
Fulmer et al McKee and Lensberg
8 (1984) 27 (2002) 46 Low et al (2001)
Zmijewski
9 (1984) 28 Moyer (1977) 47 Vuran (2009)
Houghton & Saeedi & Aghaie
10 Woodliff (1987) 29 Park & Han (2002) 48 (2009)
11 Cielen et al 30 Piesse & Wood 49 Raei & Fallahpour
(2004) (1992) (2004)
12 Permachandra et 31 Pompe & Feelders 50 Raei & Fallahpour
al (2009) (1997) (2008)
. . Soleimani Amiri
13 Shirata (1998) 32 Shin & Lee (2002) 51 (2002)
Back et al Fatheali & Haeri
14 (1996) 33 Toffler (1982) 52 (2013)
Beynon & Peel Ebrahimi & Dayabor
15 (2001) 34 Toffler (1983) 53 (2012)
16 Cazey & 35 Toffler and Tisshaw 54 Arab Mazar &
Bartczak (1984) (2977) Safarzadeh (2010)
Coats & Fant . Pourheydari & Haji
17 (1993) 36 Theodossiou (1991) 55 (2010)
18 D'”E'ltg;z;’t al 37 Theodossiou (1993) 56  Moradi et al (2012)
19 ~ ElHennawy& .0 Ward (1994) : :

Morris (1983)
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Methodology

Models

Modeling techniques for failure prediction and credit scoring can
generally be classified into two different groups: structural models and
supervised learning. Parametric learning (linear or non-linear) and
non-parametric learning (Density or Kernel machines) may also be
classified under the latter methods. Supervised learning techniques
learn from data to discriminate between good and bad counterparts.
Based on financial ratios and other potentially relevant information,
the credit-scoring model computes a score that is related to a default
probability. The more powerful the scoring model discriminates
between future defaults and non-defaults, the more the good
counterparts receive high scores and the bad ones get low scores. In
terms of default probability, this means that low scores and high
scores correspond to increasingly higher and lower default rates with
increasingly better discriminative power of the model. Because of the
importance of credit scoring and classification problems in general,
there is a wide variety of models (Gestel et al., 2005).

It is more difficult to validate these kinds of models. According to
Aziz and Dar (2006), one of the most accurate linear models is Logit
model. Also, they claim that Neural Networks are accurate in non-
linear category. As a result, we choose these models for presenting a
new hybrid model. But first, we would review the basic models.

Logistic Regression Model

Logistic Regression (LR) is a predictive model widely used in
classification of two groups using a set of predictor variables (Akkoc,
2012). According to Thomas (2000), LR is a linear regression in
which the target variable is a non-linear function of the probability of
being good. In addition, he stressed that the classification results of
LR model are sensitive to correlations between the independent
variables. Therefore, variables used in developing the model should
not be strongly correlated. Yap, Ong and Husain (2011) stressed that
LR credit scoring model aims to determine the conditional probability
of each application belonging to one class, i.e. good or bad, given the
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values of the explanatory variables of the credit applicant. Lee and
Chen (2005) supported this view by stressing that each application
will be assigned only to one class of the dependent variables.
However, the logistic regression model limits the generation of the
predicted values of the dependent variable to have a value between
zero and one. The LR model is represented as in Eq. (1).

In (1f—lpl) =B+ 3N, Bixi+e @)

Pi is the probability of being good for a particular customer, i,
which is also a function of the predictor variables, xi are attributes that
represent the applicant’s characteristics. - is the intercept, pi (i=1, ...
, ) are the coefficients associated with the corresponding predictor xi
(i= 1, ..., n); Pj is the probability of default (PD), (In(Pj/1 — Pj))
represents the credit decision (CD), and ¢ is errors’ terms.

In this paper, first we used Logit model for estimating the primary
model and errors of this model were fed to the secondary model.

Artificial Neural Networks (ANNS)

Artificial Neural Networks (ANNSs) are fruitful non-linear modeling
tools. ANNs have a biologically inspired capability that mimics
processing capabilities of the human brain (Cao & Parry, 2009).
Artificial Neural Networks (ANNSs) have been used in many business
applications and in classification, pattern recognition, forecasting,
optimization, and clustering problems. ANNs are distributed
information  processing systems composed of many simple
interconnected nodes inspired biologically by the human brain
(Eletter, 2012). In fact, a Neural Network model is composed of a
number of processing units called neurons cooperating across different
layers (Akkoc, 2012) and connected through several connections or
weights. Paliwal and Kumar (2009) asserted that ANNs have been
applied widely in research works focused on prediction and
classification in a combination of fields’ applications. They viewed
Neural Networks and traditional statistical techniques as competing
model building tools. Angelini, Tollo and Roli (2008) pointed out that
ANNs have emerged effectively in credit scoring because of their
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ability to model the non-linear relationship between a set of inputs and
a set of outputs. In other words, ANN, developed by simulating
working principles of the human brain, is a flexible non-linear
modeling tool and has the ability to learn from examples (Bekhet &
Eletter, 2014).

ANN is composed of a number of processing elements which come
together within the frame of particular rules called neurons or nodes
(Haykin, 1999; Zhang, Patuwo & Hu, 1998). An ANN is generally
consisted of three layers of interconnected neurons. A three layer
ANN is shown in Figure 1. The first layer is called the input layer
where the external information, corresponding to independent
variables in statistics, is received. Each neuron in the input layer sends
signals to the hidden layer. Information received from the input layer
is processed in the hidden layer. The output layer transmits the
information outside of the network that corresponds to a dependent
variable in statistics.

Input Layer Hidden Layer Output Layer

—Ox=>0

0 é

Fig. 1. A neural network sample

Since 1990s, ANNs have been widely used in financial prediction
studies, especially in bankruptcy prediction. The majority of these
studies report that prediction accuracies of ANNs are higher than
conventional statistical techniques. Although ANN can be applied
successfully in many fields, it has some disadvantages. ANN requires
a long training process in developing the optimal model. ANN has
also been criticized for its lack of theory. There is no opportunity to
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explain the results produced by ANN, in other words, the model acts
as a black box (Chen & Huang, 2003; Piramuthu, 1999; Trippi &
Turban, 1996; West, 2000).

A hybrid model

Techniques such as Neural Networks are often seen as black box
techniques, i.e. the model obtained is not understandable in terms of
physical parameters. This is an obvious issue applying these
techniques to a credit risk-modeling scenario, where physical
parameters are required. To solve this issue, hybrid models are
developed. They are formed using at least two models and can
eradicate these disadvantages and produce promising results. So, if we
have a hybrid model based on linear and non-linear models, we can
benefit from advantages of both types, while each model brings its
own strengths.

So, in this paper, we propose using a two-stage approach to
combine the good comprehensibility of Logit with the predictive
power of non-linear techniques like NN (Gestel et al., 2005).

In the first stage, a logistic regression is built:

() = B+ Ty B +e @

1-Pj¢

In the second stage,
eir = f(Xip) + ef; 2

where 1 =1, ..., n are companies (sample) and t =1, ..., 6 1s period of
sample (2008-2014).

The residuals of this linear model are estimated with Neural
Network (f(X;;)) in order to improve the predictive ability of the
model.

Doing so, the model takes the following form:

Y =1In () + () + € 3)

1-Pj¢

Y = Bo + Xitg BiXie + f(Xie) + € 4

where €* are the new residuals of estimating .
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In this hybrid model, statistically we expect €* to be less than € and
the accuracy of the hybrid model is expected to be more than either
Logit or Neural Network model.

Variable Selection

A common problem is that there is a large set of candidate predictor
variables, therefore, we need to choose a small subset from the larger
set so that the resulting regression model is simple, yet having good
predictive ability.

In statistics, stepwise regression includes regression models, in
which the choice of predictive variables is carried out by an automatic
procedure (Hocking, 1976). Efroymson (1960) first proposed this
widely used algorithm. This is an automatic procedure for statistical
model selection in case there are a large number of potential
explanatory variables, and no underlying theory is available, on which
the model selection could be based. The procedure is used primarily
in regression analysis, though the basic approach is applicable in
many forms of model selection. Usually, this takes the form of a
sequence of F-tests or t-tests. The main approaches are:

e Forward selection, which involves starting with no variables in
the model, testing the addition of each variable using a chosen
model comparison criterion, adding the variable (if any) that
improves the model the most, and repeating the process until no
more improvement occurs.

e Backward elimination, which involves starting with all
candidate variables, testing the deletion of each variable using a
chosen model comparison criterion, deleting the variable (if any)
that improves the model the most by being deleted, and
repeating this process until no further improvement is possible.

Because there are relations between some variables (as shown
below), and it may cause multi-collinearity among the variables, we
eliminate variables no. 12, 13, 26, and 29. The relation between
variable has been shown below.

Var(12) x Var(2) = Var(11); (5)

1 .
Var(1) = 1+Var(13) '
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Var(21) x Var(1) = Var(3) ;
Var(29) x Var(2) x Var(1) = Var(11);

So, we use 30 variables for modeling.

Sample and Data

In recent years, the panel approach is widely used. Panel data
approach uses additional information from cross sectional dimension
to improve estimations. In panel data approach, there are less
heteroscedasticity and multi-collinearity among the variables.
Therefore, we use panel data in this paper. Data from 175 companies,
listed in Tehran stock exchange, was collected from Comprehensive
Database of Listed Companies (Codal.ir) and dependent variable was
collected from Iranian Credit Rating Institution for a period of 6 years
(2008-2013). A set of 125 samples was used for model estimation and
50 were used as out of sample for testing the models.

For independent variable definition, according to Central Bank of
Iran (CBI) regulation, the non-performing loans divided into 3
categories:

e Past Due: loans that the last payment was maximum 6 months

ago.

¢ Delayed: loans that the last payment was 6 — 18 months ago.

e Doubtful: loans that the last payment was at least 18 months

ago.

Also, according to CBI and Accepted Accounting Principles,
because delayed and doubtful loans are in default or close to being in
default, interest of loans could not be recognized as interest income,
so we define independent variable (probability of default) as 1 if the
cases have a default in year t (delayed or doubtful) or 0 if don’t have.

Empirical results

For model estimation and forecasting, we use E-Views 8 and
MATLAB 20009.

Before analysis and modeling, we need to know if the model
should run with the pooled or panel data.



A hybrid model for estimating the probability of default of corporate customers 665

Estimation with Pooled or Panel data

F-limer test is also known in some sources as Chow test. F-Limer test
has been used for choosing between pooled and panel data method.

Table 4. Output of F-limer test
Redundant Fixed Effects Tests
Equation: SWAPO4LS
Test cross-section fixed effects

Effects Test Statistic d.f. Prob.
Cross-section F 2.912225 (124,621) 0.0000
Cross-section Chi-square 343.783652 124 0.0000

As the results show, F-limer test indicates that panel data should be
used for estimation. In the next step, Hausman test is used for
selecting between fixed effects method and random effects method.

Table 5. Output of Hausman test
Correlated Random Effects - Hausman Test
Equation: SWAP04LS
Test cross-section random effects

Test Summary Chi-Sq. Statistic Chi-Sq. d.f. Prob.

Cross-section random 1.601723 4 0.8085

According to the results, the hypothesis of random effect is not
rejected.

Estimation results

Stepwise Least Square (Forward and Backward approach) and
Swapwise methods were used for estimating LS models up to 17
variables to determine the best explaining variables. Then, 19 Logit
models were estimated and the accuracy of these models was
calculated by the out of sample data. The results show that the best
Logit model is Logit Swap04 model with variables as follows: gross
profit to sale, retained earnings to total asset, fixed asset to total asset,
and interest to total debt (Table 6).
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Table 6. Output of Logit_Swap04 model
Dependent Variable: Y
Method: ML - Binary Logit (Quadratic hill climbing)

Variable Coefficient Std. Error  z-Statistic Prob.
C 0.250555 0.323213 0.775202 0.4382
GP_SALE -6.876968  0.989833 -6.947602 0.0000
RE_TA -1.898408  0.586753 -3.235444 0.0012
FA_TA -3.007578  0.784341 -3.834528 0.0001
INT_TD 11.94440 2.889403 4.133862 0.0000
McFadden R-squared  0.254831 Mean dependent var 0.192000
S.D. dependent var 0.394136 S.E. of regression 0.335773
Akaike info criterion  0.742273 Sum squared resid 83.99402
Schwarz criterion 0.773073 Log likelihood -273.3523
Hannan-Quinn criter.  0.754141 Deviance 546.7045
Restr. deviance 733.6650 Restr. log likelihood -366.8325
LR statistic 186.9605 Avg. log likelihood -0.364470
Prob(LR statistic) 0.000000
Obs with Dep=0 606 Total obs 750
Obs with Dep=1 144

Table 7 shows the variables and accuracy of Logit models.

For NN modeling, we developed a feed-forward back prop NN
with 3 Layers. In each layer, we had 10 neurons and training function
was TRAINLM. Adoption learning function was LEARNGDM and
the performance criteria for choosing the best NN is MSE (Mean
Squared Error). Also, Transfer function between layers is TANSIG.

This Neural Network was created based on forecast errors and the
results show that accuracy of the best Neural Networks is better than
the best Logit model in Type | error, while it is worse in type Il error.
Yet the best Logit model outperformed Neural Network in overall
accuracy.

Then, for hybrid modeling, we first chose Logit_Swap04 model as
the primary model and the errors of this model were fed to a Neural
Network and based on the out of sample forecast errors a secondary
model was developed. Combining these two models (Logit Swap04
and NN), the hybrid model was introduced. The result shows that the
overall accuracy of hybrid model is better than either Logit or NN
models. Table 7 describes the errors and accuracy of models. Also,
Figure 2 illustrates the prediction output of 3 models (Logit SWAPO04,
NN and Hybrid).
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Table 8. Accuracy of 3 models (Logit_ SWAP04, NN and Hybrid)

ol s N McFadden Overall  Error S Type
Model Name for variable Ind. R-squared Threshold Accurac of Type | 3”)
selection Var. q y Error
Model Error
Logit_Swap04 S"(V;":"X;SQ 4 0254831 0265  94.33% 567% 14.46% 2.30%
Neural Network 0.45 94.00% 6.00% 12.05% 3.69%
Hybrid Model 0.975 95.33% 4.67% 13.25% 1.38%

Fig. 2. Actual and prediction output of models

Conclusions

In this paper, we aimed to develop a new hybrid model combining
Logit model (as the linear model) and Neural Network (as the non-
linear model) to reach a superior estimation. The results show that the
overall accuracy of hybrid model outperformed both base models.
Combining linear and non-linear models to benefit from advantages of
both models, as used in this paper, could be done with different
models, e.g. Least Square (LS) and Probit (as linear) and Support
Vector Machine (SVM) and Genetic Algorithm (GA) (as non-linear)
to have a superior hybrid model. So, we recommend other kinds of
combinations in modeling future research works.
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Also, these models could be used for predicting prices, indexes,
and probabilities in other aspects. So, we recommend investigating the
superiority of hybrid models in different fields.

The results of Logit model show us that the most important
explaining variables are gross profit to sale, retained earnings to total
asset, fixed asset to total asset, and interest to total debt. Gross profit
to sale ratio has been used by 4 authors, retained earnings to total asset
by 17 authors, fixed asset to total asset by 5 authors, and interest to
total debt only by 3 authors (as mentioned in Tables 2 and 3). But the
results show that the most used ratios by previous authors like debt
ratio (31 authors), net working capital to asset (23 authors), EBIT to
asset (23 authors), ROA (22 authors) were insignificant in Logit
models. Also, current ratio (27 authors) and quick ratio (19 authors)
were significant only in Logit Swapl7 model. Reviewing the
literature showed that the significant variables in Logit models were as
follows: gross profit to sale, retained earnings to total asset, fixed asset
to total asset and interest to total debt, gross profit to asset, operational
profit to sale, and EBIT to sale.

Due to the importance of credit risk in banks and impact of
accurate default estimation on profitability of a bank, it is
recommended to use introduced hybrid model for estimating the
probability of default of corporate customers.



670 (1IMS) Vol. 9, No. 3, Summer 2016

References

Akkoc, S. (2012). “An empirical comparison of conventional techniques,
neural networks and the three stage hybrid adaptive neuro-fuzzy
inference system (ANFIS) model for credit scoring analysis: the case
of Turkish credit card data”. European Journal of Operational
Research, 222(1), 168-178.

Al-Kassar, T.; Soileau, J. (2014). “Financial performance evaluation and
bankruptcy prediction (failure)”. ARAB ECONOMICS AND
BUSINESS JOURNAL, 9(2), 147-155.

Altman, E.l.; Marco, G. & Varetto, F. (1994). “Corporate distress diagnosis:
comparisons using linear discriminant analysis and Neural Networks
(the Italian experience)”. Journal of Banking and Finance, 18(3), 505-
529.

Altman, LE. (1968). “Financial ratios, discriminant analysis and the
prediction of corporate bankruptcy”. Finance, 23(4), 589-6009.

Altman, I.LE. & Narayanan, P. (1997). “An international survey of business
failure classification models”. Financial Markets, Institutions &
Instruments, 6(2), 1-57.

Angelini, E.; Tollo, G.; Roli, A. (2008). “A neural network approach for
credit risk evaluation”. The Quarterly Review of Economics and
Finance, 48(4), 733-755.

Aziz, M.A.; Dar, H.A. (2006). “Predicting corporate bankruptcy: Where we
stand?”. Corporate Governance: The International Journal of
Effective Board Performance, 6(1), 18-33.

Beaver, W.H. (1966). “Financial ratios as predictors of failure”. Journal of
Accounting Research, 4(3), 71-111.

Bekhet, H.; Eletter, S. (2014). “Credit risk management for the Jordanian
commercial banks: Neural scoring approach”. Review of Development
Finance, 4(1), 20-28.

Bell, T.; Ribar, G.; Verchio, J. (1990). “Neural nets versus logistic
regression: A comparison of each model's ability to predict
commercial bank failures”. Proceedings of the 1990 Deloitte &
Touche/University of Kansas Symposium on Auditing Problems, 029-
053.

Cao, Q.; Parry, M. (2009). “Neural Network earning per share forecasting
models: a comparison of backward propagation and genetic
algorithm”. Decision Support Systems, 47, 32-41.

Casey, C.J. & Bartczak, N.J. (1984). “Cash flow — it’s not the bottom line”.
Harvard Business Review, July-August, 61-66.


http://www.journals.elsevier.com/the-quarterly-review-of-economics-and-finance/
http://www.journals.elsevier.com/the-quarterly-review-of-economics-and-finance/
http://clio.lib.olemiss.edu/cdm/search/searchterm/Auditing%20Symposium%20X:%20Proceedings%20of%20the%201990%20Deloitte%20&%20Touche%2FUniversity%20of%20Kansas%20Symposium%20on%20Auditing%20Problems,%20pp.%20%20029-053/mode/exact
http://clio.lib.olemiss.edu/cdm/search/searchterm/Auditing%20Symposium%20X:%20Proceedings%20of%20the%201990%20Deloitte%20&%20Touche%2FUniversity%20of%20Kansas%20Symposium%20on%20Auditing%20Problems,%20pp.%20%20029-053/mode/exact
http://clio.lib.olemiss.edu/cdm/search/searchterm/Auditing%20Symposium%20X:%20Proceedings%20of%20the%201990%20Deloitte%20&%20Touche%2FUniversity%20of%20Kansas%20Symposium%20on%20Auditing%20Problems,%20pp.%20%20029-053/mode/exact

A hybrid model for estimating the probability of default of corporate customers 671

Chen, M.; Huang, S. (2003). “Credit scoring and rejected instances
reassigning through evolutionary computation techniques”. Expert
Systems with Applications, 24(4), 433-441.

Chen, Y.; Cheng, C. (2013). “Hybrid models based on rough set classifiers
for setting credit rating decision rules in the global banking industry”.
Knowledge-Based Systems, 39(1), 224-239.

Courtis, J.K. (1978). “Modeling a financial ratio categorical framework”.
Journal of Business Finance and Accounting, 5(4), 371-86.

Curram, S. & Mingers, J. (1994). “Neural Networks, Decision tree induction
and discriminant analysis: an empirical comparison”. Operational
Research Society, 45(4), 440-450.

Dimitras, A.l.; Zanakis, S.H. & Zopounidis, C. (1996). “A survey of
business failures with an emphasis on prediction methods and
industrial applications”. Operational Research, 90(3), 487-513.

Durand, D. (1941). Risk Elements in Consumer Instalment Financing.
National Bureau of Economic Research, New York.

Efroymson, M.A. (1960). Multiple Regression Analysis. Mathematical
Methods for Digital Computers, John Wiley, New York.191-203.

Eletter, S. (2012). “Using data mining for an intelligent marketing
campaign”. Global Business and Economics Anthology, 2, 276-282.

Emel, A.; Oral, M.; Reisman, A. & Yolalan, R. (2003). “A credit scoring
approach for the commercial banking sector”. Socio-Economic
Planning Sciences, 37(2), 103-123.

Gestel, T.V.; Baesens, B.; Dijcke, P.V.; Suykens, JAK. Garcia, J. &
Alderweireld, T. (2005). “Linear and non-linear credit scoring by
combining logistic regression and support vector machines”. Journal
of Credit Risk, 1(4), 31-60.

Hand, D.J. & Henley, W.E. (1997). “Statistical classification methods in
consumer risk”. Journal of the Royal Statistical Society, Series A, 160,
523-541.

Haykin, S. (1999). Neural Networks: A Comprehensive Foundation. second
ed. Prentice Hall Int. Inc., New Jersey.

Heiat, A. (2012). “Comparing performance of data mining models for
computer credit scoring”. Journal of International Finance &
Economics, 12(1), 78-83.

Hocking, R.R. (1976). “The analysis and selection of variables in linear
regression”. Biometrics, 32, 1-49.

Jones, S.; Hensher, D. (2004). “Predicting Firm Financial Distress: A Mixed
Logit Model”. The Accounting Review, 79(4), 1011-1038.


http://www.sciencedirect.com/science/journal/09507051
https://www.researchgate.net/journal/1553-1392_Global_Business_Economics_Anthology
http://www.sciencedirect.com/science/journal/00380121
http://www.sciencedirect.com/science/journal/00380121

672 (1IMS) Vol. 9, No. 3, Summer 2016

Kaminski, K.A.; Wetzel, T.S. & Guan, L. (2004). “Can financial ratios
detect fraudulent financial reporting?”. Managerial Auditing Journal,
19(1), 15-28.

Kankaanpéa, M.; Laitinen, T. (1999). “Comparative analysis of failure
prediction methods: the Finnish case”. The European Accounting
Review, 8(1), 67-92.

Khandani, A.; Kim, A. & Lo, A. (2010). “Consumer credit-risk models via
machine learning algorithms”. Journal of Banking and Finance, 34,
2767-2787.

Lahsasna, A.; Ainon, R. & Wah, T. (2010). “Credit scoring models using
soft computing methods: a survey”. International Arab Journal of
Information Technology, 7(2), 115-123.

Lee, T.; Chiu, C.; Lu, C &, Chen, 1. (2002). “Credit scoring using the hybrid
neural discriminant technique”. Expert Systems with Applications,
23(3), 245-254.

Lee, T.S. & Chen, L.F. (2005). “A two-stage hybrid credit scoring model
using artificial Neural Networks and multivariate adaptive regression
splines™. Expert Systems with Applications, 28(4), 743-752.

McKee, T.E. & Lensberg, T. (2002). “Genetic programming and rough sets:
a hybrid approach to bankruptcy classification”. European Journal of
Operational Research, 138, 436-51.

Mossman, C.E.; Bell, G.G.; Turtle, H. & Swartz, L. M. (1998). “An
empirical comparison of bankruptcy models”. The Financial Review,
33(2), 35-54.

Paliwal, M. & Kumar, U. (2009). “Neural Networks and statistical
techniques: a review of applications”. Expert Systems with
Applications, 36(1), 2-17.

Persons, O.S. (1995). “Using financial statement data to identify factors
associated with fraudulent financial reporting”. Journal of Applied
Business Research, 11(3), 38-46.

Piramuthu, S. (1999). “Financial credit-risk evaluation with neural and
neuro-fuzzy systems”. European Journal of Operational Research,
112, 310-321.

Premachandra, I.M.; Bhabra, G.S. & Sueyoshi, T. (2009). “DEA as a tool for
bankruptcy assessment: A comparative study with logistic regression
technique”. European Journal of Operational Research, 193(2), 412—
424,

Thomas, L. (2000). “A survey of credit and behavioral scoring: forecasting
financial risk of lending to consumers”. International Journal of
Forecasting, 16(2), 149-172.



A hybrid model for estimating the probability of default of corporate customers 673

Thomas, L.; Edelman, D. & Crook, J. (2002). Credit Scoring and its
Applications. Philadelphia, PA: Society for Industrial and Application
Mathematics.

Trippi, R.R. & Turban, E. (1996). Neural Networks in Finance and
Investing. Irwin Professional Pub., Chicago.

Tsai, C.F. & Wu, JW. (2008). “Using Neural Network ensembles for
bankruptcy prediction and credit scoring”. Expert Systems with
Applications, 34(4), 2639-2649.

Vuran, B. (2009). “Prediction of business failure: a comparison of
discriminant and logistic regression analyses”. Istanbul Universitesi
Isletme Fakultesi Dergisi, 38(1), 47-65.

West, D. (2000). “Neural Network credit scoring models”. Computers and
Operations Research, 27(11/12), 1131-1152.

West, D.; Dellana, S. & Qian, J. (2005). “Neural Network ensemble
strategies for financial decision applications”. Computers and
Operations Research, 32(10), 2543-2559.

Wilcox, JW. (1971). “A simple theory of financial ratios as predictors of
failure”. Journal of Accounting Research, 9(2), 389-95.

Wu, C.; Guo, Y.; Zhang, X. & Xia, H. (2010). “Study of personal credit risk
assessment based on support vector machine ensemble”. International
Journal of Innovative, 6(5), 2353-2360.

Yalsin, N.; Bayrakdaroglu, A. & Kahraman, C. (2012). “Application of
fuzzy multi-criteria  decision making methods for financial
performance evaluation of Turkish manufacturing industries”. Expert
Systems with Applications, 39(1), 350-364.

Yap, P.; Ong, S. & Husain, N. (2011). “Using data mining to improve
assessment of credit worthiness via credit scoring models”. Expert
Systems with Applications, 38(10), 1374-1383.



