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Abstract

This paper propose a hybrid intelligent system gogdiction the failure of
business based on the financial performance datdioing cluster analysis
with rough set technique. Most variables often pah satisfy the statistical
assumptions in real world, so we propose a novetageh to predict financial
distress prediction of electronics companies basewugh set theory (RST).
This paper is regards to distinguish between fa#lad healthy in electronic
companies, then how we focuses in failed compaoigsopose the improving
strategies to raise profit for companies and gsattse customers’ needs.
Therefore, in this paper we will distinguish threlass of “maybe crisis”,
“common” and “best healthy” in electronic industby different financial
features/characteristics, and can obtain redualscare by through rough set
techniques. And then, this reduced information deduto infer classification
rules form appropriate variables, and can be d&smisand compared with
distress companies. An empirical example of eledtrindustry of Taiwan is
illustrated to demonstrate to infer condition rulean effective identify
discrepancy in the groups of industry, due to theskes based on the
experience of real examples are well so this tgeraentation of the decisions
we make. Therefore, this paper is proposing a ptiedi model based on rough
set theory for Taiwan electronic companies forrdist prediction.

Keywords: Business failure prediction, Financial crisisugter Analysis, Rough

Set Theory, Decision rules



1. Introduction

Evaluation of the business failure has been, fotorg time, a major
preoccupation of researchers. Companies of finhrdistress is a general
problem of companies and, according to a widespdedidition, is the situation
that a firm cannot pay lenders, preferred stockedt@ders, suppliers, etc., or a
bill is overdrawn, or the firm is bankrupt. All tbe situations result in a
discontinuity of the firm’s operations, so thatshecompanies occur crisis. The
number of failing firms is an important indicatar fthe health of the economy
and it can be considered as an index of the der@ap and robustness of the
economy. Clearly, failure affects a firm’s entirdstence and it has high cost to
the firm, the collaborators (firms and organizasiprthe society and finally the
country’s economy (Warner, 1977). In order to avmidis, it needs understand
the cause of financial crisis early, and theseceffactor can be considered a
symptom of financial crisis. The development and abmodels, able to predict
failure in advance, can be very important for thien$ in two different ways.
First, as “early warning systems”, such models lsarvery useful for those (i.e.
managers, authorities, etc.) who have to prevehtréa Second, such models
can be useful in aiding decision-makers of finahaiatitutions in charge of
evaluation and selection of the firms.

In this paper, we propose a two-stage intelliggmstesn combining cluster
analysis and rough set approach. We use clusthnitpees for surveying the
various financial status of companies of electrsrirdustry, which represent
different factors of the most several constitueststhat this financial diagnostic
on their status can be to distinguish and, besidas, be effective in(to)
explained the difference between from the statusthofe discrepancy. In
addition, we propose to predict financial crisiegiction model based on rough
set theory which classifies companies into healdmd failed performs a
selection among the financial ratio. A sample ofwvea electronics companies is
used and general financial ratios as well as thioseare specifically proposed
for predicting electronics industry are employetie Tresults in that can be to
distinguish different groups for electronics indystertainly, where this paper
infer to them which they have certainly commonibtites in different pattern,
such as failed and healthy firms or maybe crisepmon and best healthy
patterns from healthy firms of electronics industiyd then, we can be found
that a firm will to bankrupt if it has a lot of distto on credit. To change another
words, a firm needs to bear risks that can't bgodg. Other, there are three
pattern were divided up from healthy of electridustry, where we can also
found that operating expenses is a key factor. Whiers want to invest new
financial program or dilate factory...etc, they vifitrease operating expenses to
improve or convert so that can increase nice “image&aise company’s income,
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but firms will be to bankrupt if operating expengesoverflow and no have
abundant current capital to pay so that incomegse more than minus.

According to the aforementioned, we can resultiabilities and operating
expenses are important ratios extremely. They danrichination different
groups of electronic industry effective; and weeiméome useful rules to make
out different patterns of electronic industry bygb set theory. This paper is
organized as follows. In Section 2 the financiakisr prediction models are
mainly discussed in the past, this paragraph dessnilevelopment of financial
crisis, it relate to many researcher to propose atsoaf financial crisis
prediction. In Section 3 basic concept of rough thetory is described. In
Section 4, a case of financial crisis prediction decision-making is illustrated
to demonstrate the proposed methods; and its pedpdsita preprocessing
algorithm by rough set theory. In Section 5, welym®mand compare the results
of each groups and conclusions.

2. Financial crisis prediction

Previous studies on financial crisis predictionéhaged financial ratios under
the assumption that these variables are randorablas. Multivariate statistics
indicate significant differences between the averfigancial ratios of crisis and
healthy firms. Financial ratios maybe informationgpresentative for users and
have been extensively used for crisis classificatio

Most early, Altman (1968) introduced Multiple Disaninant Analysis (MDA)
and the issue of selecting independent accountegaies for predicting
financial crisis. Other researches have introdutkd logit model as a
probabilistic model of bankruptcy, to discuss diffiet ratios, and to evaluate
different probabilities for classification erroradapredictive accuracy. Studies
provide extensive discussions and detailed analgelgit, probit, MDA,
ordinary least square (OLS) regression, and otleehniques of limited
dependent variables.

On the above of describe, financial crisis predictmethods such as
traditional statistical methods, multiple discrimim analysis, linear probability
models, and logit and probit analysis have beennlyaised for business
classification problems (Altman, 1968; Altman, Haltan & Narayanan, 1977,
Collins & Green, 1972). Later, the development apglication of artificial
intelligence led some researchers to employ indectearning and neural
networks in business domain (Chung & Tam, 1992{chkr & Goss, 1993;
Odom & Sharda, 1990; Raghupathi, Schkade & Raj@l]1%Balchenberger,
Cinar & Lash, 1992; Tam & Kiang, 1992). Many otimeethods such as multiple
criteria decision analysis (MCDA) and rough set rapph have been
successfully applied to real world classificatiamigems (Siegel, de Korvin &
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Omer, 1993; Slowinski & Zopounidis, 1995). In regeMin & Lee (2005) use

machine learning for business failurepredictione@iically, they propose a
methodology based on support vector machines (S¥M) they to compare
with multiple discriminant analysis, logistic regston analysis and neural
networks. It use a large set of 1888 cases and wad®o stepwise logistic
regression as a feature selection technique, wdiigs 11 attributes to be used
for further modeling of bankruptcy. Support vectoachines outperform the
other techniques and their performance lies betwdeand 83% for the holdout
dataset. Besides, Wu et al. (2007) succeed to usal-&alued genetic algorithm
to optimize the parameters based on SVM for pradjcbankruptcy in non-

linear problems; but these methods is difficulstw decision-maker by using
if-then rule in logic reasoning, wherefore just @aough set theory to rise and
develop.

Recently, Rough set method are the most populdused for financial crisis
prediction and has been reported that its accuiacguperior to that of
traditional statistical methods in dealing with dntial crisis problems,
especially in regards to nonlinear patterns. Rosghtheory, introduced by
Pawlak (1982) and Pawlak, Grzymala-Busse, Slowiaski Ziarko (1995) is a
mathematical tool to deal with vagueness and uaicgyt of information and
proved to be an effective tool for the analysisfinéncial information system
comprised of a set of objects described by a setufi-valued financial ratios
and qualitative variables. Zopounidis (1995) empbtbyough set approach in
business failure prediction. They used 12 finan@tbs and compared rough set
approach with statistical approaches. Rough setsryhbased model has the
following advantages: (1) the rough sets data amalprocess results in the
information contained in a large number of casemgeeduced to a model
containing a generalized description of knowled@, the model is a set of
easily understandable decision rules which do ootally need interpretation,
(3) each decision rule is supported by a set of ezamples in world, (4)
additional information like probabilities in states or grade of membership in
fuzzy set theory is not required (Mckee, 2000).

3. The basic concepts of Rough Sets

3.1. Basic concepts of Rough Sets Theory

Often, information on the surrounding world is irepise, incomplete or
uncertain. This means that to draw conclusion fafrination, we need to have a
way of thinking and concluding which can be procaswxertain and/or
incomplete information. Rough set theory was dgwetbby Pawlak (1982, 1984,
2004). Thephilosophy of the method is based on the assumtiatwith every
object some information (data) cae associated. Objects characterized by the
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same informatiorare indiscernible in view of the available inforinat Rough
set theory can deal with inexact, uncertain, angugadatasets (Walczak &
Massart, 1999). Both fuzzy set theory and roughtlsedry are used with the
indiscernibility relation and perceptible knowledg&he major difference
between them is that rough set theory does not agedmbership function, thus,
it does not need tradition assumption, too.

The rough set methodology assume that is basedritoyv¢he degree of
precision in the data makes the data pattern msieler (Slowinski, 1992), this
approach can be considered as a formal framewarklifwovering facts from
imperfect data.

In this section we briefly introduce rough set tlyedn Section 3.1 basic
concepts of rough set theory. In Section 3.2 isrmftion system and Section
3.3 is Approximation of sets. In Section 3.4 maiesctibes reduction of
attributes and core, Section 3.5 Decision tables.

3.2. Information system

By an information system, IS (or an approximatipace), we understand the
4-tuple IS = (U, AV, f), whereU is a finite set of objects (the universg),

is a finite set of attributes (feature®},= 0 V, andV, is a domain of the
alJA

attributea, and f, :U x A - V_ is a total function such thaf (X, @) 'V, for

everyall A, XU , defines an information function, whevg is the set of
values ofa, called the domain of attribuge

Let IS=(U, AV, f) be an information system and B[] A and
X, X UU . IND(B) is defined in the following wayX, andXj are indiscernible
by the set of attributeB in A, if b(X) = b(X) for everyb [l B. Thus every
B O A generates a binary relation trwhich will be called an indiscernibility
relation, denoted byND(B). Obviously, The equivalence class IbfD(B) is
called elementary set in Because it represents the smallest discerniblepgrou
of objects. For any elemeXtof U, the equivalence class »in relationIND(B)

is represented g ] \\p g -

3.3. Approximation of sets

The rough sets approach to data analysis hingeswonbasic concepts,
namely thelower and theupper approximationsof a set, referring to the
elements that doubtlessly belong to the set, ameldments that possibly belong
to the set. LeK denote the subset of elements of the univgr§X O U ) . The
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lower approximation ofX in B (B[ A), denoted asBX, and the upper
approximation of the se¢, denoted a8X, more formally:

BX = {xi U [ ] (o) O x} (1)

BX ={x 0U X ] ey 0 X # ©
The boundary of setin U is defined as
BNX = BX - BX 3)

The setBNX s the set of objects which cannot be certairhgsified toX using
the set of attributeB only. Inexactness of a set is due to the existaridhe
boundary. The greater the doubtful region of atbetlower the accuracy of that

set, and an accuracy measure of th&Xset3 [1 A is defined as:
Ug(X)=card (BX)/card (BX) 4)

This ratio expresses the percentage of possibleedordecisions when
classifying objects employing knowledge availabiberefore, using the lower
and the upper approximation we can define thosesetsbthat cannot be
expressed exactly using the available attributessigely.

Because we are interested in classifications initiadd it expresses the
percentage of objects which can be correctly diaslsto classes employing the
knowledge available. The quality of classificatisrefined as:

Ve (F) = Zn: card (%)/card u) (5)

i=1

3.4. Reduction of attributes and core

The concepts of core and reduct are two fundameotatepts of the rough
sets theory. If the set of attributes is dependeng want to discussed in all
possible minimal subsets of attributeswhich lead to the same number of
elementary sets as the whole set of attributesictednd the core is common to
all them (reducts).

We say that the set of attributdd ] Adepends on the set of attribul2é1 A
in 1Siff IND(B) O IND(R) . Discovering dependencies between attributes is
of primary importance in the rough set approach todtedgeanalysis Another
important issue is that of attribute reductionsirch a way that the reduced set of
attributes provides theame quality of sorting as the original set ofilatites.



3.5. Decision tables

An information system can be seen as a decisiole tafsuming thaA=
ClI D andC n D= ¢; whereC are called condition attributes, abg decision
attributes. Decision tabltS ={U,C [0 D,V, f} is deterministic iffC — D;

otherwise it is non-deterministic. The determimistiecision table uniquely
describes the decisions to be made when some mnlire satisfied. In the
case of a non-deterministic table, decisions ateun@uely determined by the
conditions. Instead, a subset of decisions is ddfinhich could be taken under
circumstances determined by conditions.

From the decision table, a set of decision rulestmderived. LelND(C) be
a family of all C-elementary sets called condition classes, denbge; (i

=1,2,...K; wherek is the number ofND(C)) Let, moreover]ND(D) be the
family of all D-elementary sets called decision classes, deno};edj b(j

=1,2..., n; wheren is the number ofND(D)).

Des (X;) = Des, (Y,) is called the(C,D)- decision rule. The rules are

logical statements “if...then...” relating descriptioat condition and decision
classes. The set of decision rules for each denisi'msst (j=12,..ns

denoted byfr;} . More precisel{r; = Des( X)= Deg( ¥): X;nY,
=¢,i=12,..kK}, rule {rij} is deterministic iff X, # Xj ; andr; is non-
deterministic otherwise.

4. Empirical study: a case of financial distress pretibn decision -
making

Evaluation of the business failure has been, fotorg time, a major
preoccupation of researchers. Companies of finardistress is a general
problem of companies and, according to a widespdedidition, is the situation
that a firm cannot pay lenders, preferred stockedt@ders, suppliers, etc., or a
bill is overdrawn, or the firm is bankrupt. All tbe situations result in a
discontinuity of the firm’s operations, so thatgeecompanies occurred crisis. In
order to avoid crisis, these firms need understiiedcause of financial crisis
early, and they can be considered a symptom ofi¢iaicrisis.

Most methods applied in the past to predict busifiature are techniques of
statistical nature and use financial ratios asieafiVe variables. These variables
do not normally satisfy statistical assumptionswas propose an approach to
predict electronic corporations based on roughtlsebry. Therefore, in this



section we apply the financial information of comygs using rough set theory
to explore the classification problem.

4.1. Problem descriptions

Now, many corporation was confronted with finanaakis on situation of
possible, especially in real world exist many utaierelement. Therefore, we
search out attributes to recognize as pattern isagnd construct a method that
can be effective predict financial crisis, then feeuses on failed companies to
propose the improving strategies to raise profitdompanies. In addition, the
change in administrative policy allowed financiaists companies to increase
competitiveness in the electronics industry.

The successful corporation does not only warse®® early crisis portent from
financial information/data, but also discovers awgtion strategies and/or
improve it. In this paper, we give a series ofamtilesigned to find information
of quarterly reports, such as the return & incosi®rt-term liquidity, resources
utilization ratio, grow ratio and capital structure

Q—ﬁmpm#
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Figure 1. Concept plot

4.2. Research data and selection of variables

The work presented in this paper used a datelbgtronics industry from
financial information of quarterly reports. The @aomprises from 119 Taiwan
electronic companies from the year 2001 to the 26@&6, where 30 companies
had been failed and 89 companies was healthy. Hte idcludes financial
information such as liquidity, solvency, profit gar and resources utilization



etc. These variables are the inputs to the claasifin, the desired output of the
classification is the variable that states if tbenpanies were bankrupt or not.

The Table 1 of financial features table list eld\ccording to many research
points out some important variables in the passehwill affect companies result
in financial distress. Therefore, this paper usesntto discuss in this research
area, such as: Liquidity, Capital structure, Resesirutilization ratio, Return &
Income, Cash flow, Growth.

Table 1 Features of financial crisis prediction

Financial features Related items

Liquidity Current ratio (%); Acid Test (%)

Liabilities (%); Times Interest Earne; Debt / Eqi#%g);
(L-T Liab.+SE) / FA (%)

Capital structure

Resources utilization A/R&N/R Turnover; Total Asset Turnover; Inventoryiover;

ratio Equity Turnover

Gross Margin (%); Operating Exp. (%); Return onéisg%);
Return & Income
Net Income (%)

Cash flow CFO / CL (%)

YOY (%)Gross Margin; YOY (%) Oper. Income;
YOY (%) Pre-Tax Income

Growth

CFO / CL (%): Cash flow ratio; Operating Exp. (%)perating expenses (%); YOY (%)
Gross Margin: Gross Margin Growth ratio; YOY(%) @p&come: Operating Income
Growth ratio; YOY (%) Pre-Tax Income: Preceding afkTincome Growth ratio

4.3. Factor analysis and cluster analysis

This section is to discuss variables of financiatrdss prediction to selection.
It work has been acquired several financial featimg Factor analysis, and it is
extraction method of principal component analysibere each Eigen value
extract over 1 and it is from great to little ord€here are five main components
are composes of 12 financial features in Rotatethiment Matrix, and they
are return & income, liquidity, resources utilizati ratio, growth, solvency.
Therefore, the first component’s percentage ofara is greatest, others as well.
The original Rotated Component Matrix is detailed able A.1 of Appendix A.
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According to priority all of the above, we has aiced five important
components and will them to discriminate severffiedint groups by cluster
analysis, this five components are respectiveliresirn & Income, Liquidity,
Resources Utilization ratio, Growtland Solvency whereReturn & Incomeis
main comprises Return on Assets(%), CFO/CL, Nebrim&(%) and Gross
Margin(%), and can see that Return on Assets i¢ immrtant components (it's
factor loading is 0.854);iquidity comprises Current ratio(%) and Acid Test(%),
both they are important components (they're faliadings are 0.949 &.946);
and then, Operating Exp.(%) and Equity Turnoveré¥® constitutdResources
Utilization ratio, their effect are the reverse direction (their dadbadings are
0.862 & -0.745), and Equity Turnover(%) can underdtthat a per equity could
created how much sales revenue are, this is mestnwthen it's high more
investors will to gain profit moreGGrowth comprises YOY(%) - Oper. Income
and YOY (%) - Pre-Tax Income (their factor loadirage 0.851 & 0.666); finally,
Solvencyis compose of Debt/Equity and Liabilities, and theg atl important
variables that use to measure degree of finaneiarage (DFL), they could
measured a firm have liquidation ability or notefthfactor loading are 0.927 &
0.800). Other we are also sees that Current ra}iaf¥d Acid Test(%) are 0.967
& 0.968 the most high, and cumulative% of variaisc@4.018.

this paper researches to obtain three groups obenagisis, common and best
healthy firms, where common pattern in healthy éirhas 73.3% market share
ratio most, and market share ratios of maybe cfigiss was 18% more high
than its best healthy of firms 6.7% in electromidustry. The original companies
of electric industry in the market obtain three upe by Cluster analysis
described in Table A.2

In addition, the component of radar plot made usdiscover different
characteristics between each groups certainly, Westithy firms higher
obviously than others in the short — term liquidi®n one hand, maybe crisis
firms has higher in resources utilization ratio araghital structure; on the other
hand, it has lower retur& income and grow ratio relatively. Wherefore, best
healthy firms and maybe crisis firms are differenmaastly in Fig 2.
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Return & Income
4

Capital structure Short-term liquidity

Grow ratio Resources utilization ratio

——~~"maybe crisis """ common +—— Best healthy

Figure 2. Five component of radar plot

4.4. Rough sets approach and empirical results

The information system for season 5 which cgigdi of 119 firms described
with 7 ratios was entered into input file in RO$Hrst step, we have made was
to recode the continuous variables into qualitatirens (very low, low, medium,
high, very high) with corresponding numeric val@gsl, 2, 3 and 4. We have
decided to recode the information table using Sréabvals based on the actual

mark ratio average valueX ={X, X,..., X,} of + 1/2S ('S shows a
standard deviation se§={§ S,..., $}) and* 3/2S of the whole sample.

4.4.1. Empirical results — healthy& failed firms

Table 5 shows the results after rough set analysis performed in five
seasons. As we can see, in 5 experiments we obtaine minimal reducts
{a, a5,8;,a,,85,a,,a,,}, as: Current ratio(%), Liabilities (%), Equity
Turnover, Operating Exp.(%), Return on Assets(% )G / CL(%) andYOQOY (%)
- Oper. Income This result mean that the reducts holds feweibatis but
ensuring the same value of the quality of approtonaas the whole set of
attributes, which 7 attributes are redundant angly thould be eliminated.
Consequently, this result shows the strong suppiothis approach in feature
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selection. This indicates that these variables in&ncial ratios are highly
discriminatory between failed and healthy firmsir sample.

According to all of the above, we can to acquir the reducts should have a
small number of attributes as possible, and it khbave the most significant
attributes to present in our opinion for the evadraof the companies; besides,
after having selected a few reducts containing rtfwest significant attributes.
Therefore, in this test that we discover above sdeatures are important for
financial crisis prediction of area and the tesicdvers quality of classification
to present all is high more, where first experinmismhost high.

The accuracy of the approximation for the two decislasses is shown in
Table 2. The results indicate good accuracies fiderdnt classes. In general,
high values for the quality of classification andcaracies mean that the
attributes selected are adequate for approximatiagclassification. Recall that
the rating of corporation crisis or no takes ondlassification of H = healthy, F
= failed. As shown in Table 2, the experiment #laofuracy of approximation
is 1, other are 84.87%, 88.24%, 89.08% and 82.35%.

Table 2Results after rough set data analysis (H, heaRhfagiled)

) . Lower Upper Quality of
Experimen Minimal Approximatio  Approximatio Accurac classificatio
t# reduct pp pp y
n n n
H F H F H F
1 89 30 89 30 1.00% 1.00% 1.00%
2 77 24 95 42 81.5% 570/'014 84.87%
{a, .a,.
85.42 62.16 o
3 a..a, a,. 82 23 96 37 % % 88.24%
4 Ay ray, } 82 24 95 37 86.32 64.86 89.08%
% %
79.00 47.50 o
5 79 19 100 40 % % 82.35%

The program generates a set df.." then..decision rules calledninimal
covering rules If they are complete and non-redundant, the detisules are
minimal. By complete we mean that the set of rdeser all the objects or
respondents in the data set. By non-redundant, @anrthat there are no other
rules with an antecedent of at least the same vesskand a consequent of at
least the same strength. Thus, the exclusion ofbaeyrule makes the remaining
rules non-complete.
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Table 3 showslassification rules of cagbat we have obtained several rules, all
of them are deterministic because the quality ef dlassification is equal to 1
and this means that the doubtful region is emptyal the firms are highly
discriminated among them, as follow:

Table 3 Classification rules (1, Healthy; 2, Fajled

Rule# Conditions DecisionStrength%
1 E/Z:::’Z(-:‘)nt %=>2) & (Operating Exp.%=>1) & (CFO / CL 1 13.48
2 (Liabilities %=>2) & (Operating Exp.%=>2) 1 22.47
3 (Liabilities %=>1) & ( CFO / CL %=>2) 1 20.22
4 (Current %=>2) & (Equity Turnover=>3) 1 12.3€
5 (Liabilities %=>1) & (Return on Assets %=>2) 1 .29
6  (Return on Assets %=>3) 1 26.97
7 (CFOICL %=>4) 1 11.24
8  (YOY% Oper. Income=>3) 1 12.36
9 (Current %=>1) & (Liabilities %=> 3) & (Return ons&ets 2 16.67

%=> 2) & (YOY% Oper. Income=>2)
10 (Liabilities %=>4) & (CFO / CL=>2) 2 23.33
11 (Liabilities %=>2) & (Operating Exp.%=>3) 2 6.67
12 (Liabilities %=>3) & (Return on Assets %=>0) 2 6.67
13 (Operating Exp.%=>4) & (Return on Assets %=>0) 2 13.33
Liabilities %=>3) & (Equity Turnover=>2) & (YOY% Qer.

14 I(ncome=>1) )& (Eau & > 2 6.67
15 (Return on Assets %=>1) & (CFO / CL %=>1) 2 7.6
16 (Liabilities %=>3) & (Equity Turnover=>2) & (Returan 2 16.67

Assets %=> 2) & (YOY% Oper. Income=>2)

As we have mentioned earlier, on the below pergentsf strength all over
20%, Table 4 converts the original rules into a miggful explanation them
using the strength rate (%), where Rule 2, 3, &;eball equivalent to a rating of
healthy. Rule 2 (percentage of strength 22.47%est#hat if corporation of
liabilities(%)< 2 and operating exp(8 2, then corporation will be rated as
healthy; Rule 3 and Rule 5 (all the percentagetraingth 22.22%) state that if
corporations of liabilities(% 1 and CFO/CL(%2 2 or return on assets(®&y,
then they will also be rated as healthy; in additidkule 6 state that if
corporation of return on assets(®3, then corporation will be rated as healthy.
This means that nearly whole of the companies whithd the corporation’s
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financial quality as healthy did so because theselseveral characteristic can be

described; they identify liabilities(%), operatimxp.(%), return on assets(%)
and CFO/CL(%) as essential financial ratios.

Table 4 Classification rules with cover 20% strén(dt, Healthy; 2, Failed)

. Retur
curren | iapilitie Equity Operatin | ", | CFO | YOY- Strengt
Rules | tratio s (%) Turnover | 9 Exp. Assets /CL | Oper. h %
(%) (%) (%) (%) | Income
2 2 2 22.47
3 1 2 20.22
5 1 2 20.22
6 3 26.97
18 4 2 23.33

However, we can find out that liabilities (%) isnemon feature in Fig .3, if
liabilities(%) of corporatiore 1or2, then as healthy firms; if liabilities(%) of
corporatior2 4, then as failed firms. Thus it is can to diffaiate between
healthy and failed firms. Besides, this means thatrent ratio(%), equity
turnover and YOY (%)-oper. Income are influenceaw.|

Operating Exp. (%)

Healthy
If (Liabilities %< 1or 2) Retum on Assets (%) —, SIS
ﬁ CFO/ CL (%)
Liabilities
N CFO / CL (%) Failed
If (Liabilities %= 4) —> e

Figure 3. Line plo( Healthy and Failed firms)

In additional, a more reliable approach is to usesampling method, such as
k-fold cross validation, Double cross validatiar LOOCV, which main to
consider training set can accepted or not, Wefidd cross validatiorcould used
samples to less so that increase credibility. éntéist, we used the special case of
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the k-fold cross-validation methodith k: 12. With 199 test cases, number of
fold 10 and repetitions were used. In each repaetifll99-(199/10)) of samples

were used for the training set and (199/10) of dasnas a holdout set for testing.
Holdout sets were selected so that their union allaepetitions was the entire

training set. In this way, every case was to p@di® in training and testing

certainly.

This paper discovers better accuracy of each seasgted with healthy and
failed firms’ holdout sample, we can see first s@asutperform the others.
Wherefore, accuracy of classifying failed and Heafirms mainly are all higher
more. (in Table A.3)

4.4.2. Empirical results — maybe crisis, common and besalihy firms

Table 5 shows the results with “maybe crisis'giranon” and”best healthy”
firms, and let minimal reducts &, a;,85,a,,85,d,,,8,,} into data of

healthy firms. The accuracy of the approximationtf@ three decision classes is
shown in follow. The results indicate good accuradior different classes. In
general, high values for the quality of classificatand accuracies mean that the
attributes selected are adequate for approximatiagclassification. Recall that
the rating of corporation crisis or no takes on ¢thassification ofM = maybe
crisis,C = common and = best healthy. As shown in Table 5, the experimen
#1 of accuracy of approximation is 96.63%, other 26.51%, 89.89%, 89.89%
and 89.89%.

Table 5 Results after rough set data analygisMaybe crisisC, Commonf Best healthy firms)

Experimen Lower Upper Quality of
pt 4 Approximatio ~ Approximatio Accuracy (%) classificatio
n n n
M~ c B M ¢c B M C B
1 15 65 6 18 68 6 82'3 93'5 ](')0 96.63%
2 14 65 6 18 69 6 7;'8 9‘(1')'2 ](')0 95.51%
3 12 62 6 21 71 6 51'1 8;'3 ](')0 89.89%
4 12 62 6 21 71 6 51'1 8;'3 ](')0 89.89%
5 12 62 6 21 71 6 51'1 8;'3 ](')0 89.89%

Base on Table 5, we can sdassification rules of caskat we have obtained
several rules, all of them are deterministic beeaule quality of the
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classification is equal to 96.63 and this means tthe doubtful region is empty,
so all the firms are highly discriminated amongnith&@able 6 as follow:

Table 6 Classification rules (1, Maybe crisis; n@non; 3,Best healthy firms)

Rule# Conditions Decision Strength
1 (Operating Exp.%=>2) & (YOY% Oper. Income=>1) 1 5.@%
2 (Equity Turnover=>1) & (Operating Exp.%=>3) & (Retuwon 12.50%

Assets %=>2) & (YOY% Oper. Income=>2)
3 (Return on Assets %=>1) 1 31.25%
(Liabilities %=>2) & (Equity Turnover=>1) & (CFO/CL
4 1 12.50%
%=>1)
(Liabilities %=>3) & (YOY% Oper. Income=>3) 1 (65324
(Liabilities %=>1) & (Equity Turnover=>2) 2 17.94
(Operating Exp.%=>1) & (YOY% Oper. Income=>2) 2 34.33%
(Current %=>1) & (Equity Turnover=>1) & (Operating
8 Exp.%=>2) & (YOY% Oper. Income=>2) 2 8.96%
9 (Current %=>2) & (Return on Assets %=>3) 2 20.90%
10 (Current %=>3) & (Operating Exp.%=>2) 2 8.96%
11 (Equity Turnover=>3) 2 19.40%
(Current %=>2) & (Liabilities %=>2) & (Equity
12 Turnover=>1) & (YOY% Oper. Income=>2) 2 4.48%
13 (CFO/CL %=>3) 2 13.43%
14 (Current %=>2) & (YOY% Oper. Income=>3) 2 10.45%
15 (YOY% Oper. Income=>4) 2 1.49%
16 (Equity Turnover=>4) 2 8.96%
17 (Liabilities %=>1) & (Return on Assets %=>4) 2 1.49%
18 (Liabilities %=>2) & (YOY% Oper. Income=>3) 2 8.96%
19 (Current %=>4) & (Operating Exp.%=>2) 3 83.33%
20 (CFO/CL %=>0) & (YOY% Oper. Income=>1) 3 16%7

As we have mentioned earlier, on the above of Talpercentage of strength
all over 20%, where Rule 1, 3, 8, 10 and 20 aresqilivalent to a rating of
healthy. Rule 3 (percentage of strength 25.00%est#hat if corporation of
operating exp.(% 2 and oper. income(98 1, then corporation will be rated as
maybe crisis, and Rule 3 (all the percentage @hgth 31.25%) state that if
corporations of return on assets@d), then they will also be rated as maybe
crisis; in addition; Rule 8 (the percentage of ragtb 34.33%) state that if
corporation of operating exp.(%)1 and oper.income(%®2, and Rule 10 (all
the percentage of strength 20.90%) state that iparations of current
ratio(%)=2 and return on assets(®3, then they will all be rated as common;
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in addition, Rule 20 (the percentage of strengtl38%)state that if corporation
of current ratio(%2 4 and operating Exp.(98)2, then corporation will be rated
as best healthy.

Fig 6 This means that nearly whole of the companiééch rated the
corporation’s financial quality as healthy did sechuse they have several
characteristic can be described; they identifyenirratio(%), operating exp.(%),
return on assets(%) and YOY(%)-oper income as &aséinancial ratios.

Table 7 Classification rules with cover 20% strén@dt, Maybe crisis; 2, CommopBest healthy
firms)

Curren Liabilitie Equity Operatin l?]eél:]r CFO | YOY-
Rule | tratio g Exp. /CL | Oper. %
o s (%) Turnover o Assets| ',
(%) (%) (%) (%) | Income
1 2 1 25.00
%
3 1 31.25
%
8 1 2 34.33
%
10 2 3 20.90
%
20 4 2 83.33
%

However, we can find out that operating exp.(%)csnmon feature, if
operating exp.(%) of corporatighlor2, then as best healthy and common firms;
if operating exp.(%) of corporatian2, then as maybe crisis firms. Thus it is can
to differentiate between healthy and failed firnlBesides, this means that
liabilities(%), equity turnover and CFO/CL(%) ardliuence to low.
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Current ratio (%) = Best healthy
firms

Return on Assets (%)

If (Operating Exp %=<1o0r2)
YOY-Oper. Income — Common

% firms

Current ratio (%)

Operating Exp. (%)

Return on Assets (%)

If (Operating Exp %=>2) — Maybe crisis
YOY-Oper. Income )f/irms

Figure 4. Line plo{ Maybe crisis, CommoandBest healthy firms

4.5. Discussions

We have presented a new approach to financiakquisgdiction using rough
sets. Through the exposition we have mentioned sacheantages of this
approach so we can conclude that this method e&ffantive tool for supporting
managerial decision making in general, and for détl financial crisis to occur,
in particular.

In the light of the experiments carried out, thisthod is a effective tool that
is existing bankruptcy prediction models in corpimna and have great potential
capacities that undoubtedly make it attractive dpplication to the field of
business classification. Besidesese empirical results show that rough set
model offers better predictive accuracy than tlseritninant one we have given.
And it neither requires the pre-specification offumctional form, nor the
adoption of restrictive assumptions about the atarsstics of statistical
distributions of the variables and errors of thedeloConsequently, for some
real-world problems, the method we have presergaddre attractive showing
that it is a very robust technique especially ie #reas of forecasting and
classification decision problems.

We can to get some information by financial crigigedict model that
regarding to difference between failed and hedfitmys, the main attribute that
liabilities can effective to discriminant and itdemmon attribute with failed and
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healthy firms, when the liabilities(%) is higheirnis are not easy to have crisis;
on the other hand, if the liabilities is lower,nfis are occur crisis easily. This
condition indicates a firm when liabilities(%) atising that it needs have huge
flow cash, operating exp.(%) and return on asseta&all influence. Because a
firm had borrowed huge debt, it needs paid huge ddbrest lead to income
decrease; therefore return on assets(%) is dowd.tien, we can be found that
a firm will to bankrupt if it has a lot of debts tm credit. To change another
words, a firm needs to bear risks that can’t bgdg. On the other hand, we
discuss healthy firms of have 3 groups, include magrisis, common and best
healthy, where can discover that they have alsonommattribute, it is operating
exp.(%). The attribute can effective to discriminaith this three groups, when
the operating exp.(%) is lower, firms are not etsyhave crisis; on the other
hand, firms are occur easily if the operating €%).is higher.

According to on above to describe that can to wtdad maybe crisis firms
are different from others, how maybe crisis firm#l ¥o improve and how to
prevent financial crisis to occur, maybe crisianfir will how to do that is
important topic. Because there are lower profitsmhaybe crisis firms cause to
oper. income(%) is the lower more. Therefore, wipeofits are very lower,
return on assets(%) is lower more. On the aboveameget to maybe crisis firms
different others, and it can to compare with hadkbapted firms. When firms
are not to have profits, they have not huge floghceertainly. Therefore, when
firms aren’t to have huge money, they aren’t inwestny useful programs, and
they needs to raise capital to do, they needs doldbr interest of debts. In
another word, when electronics corporation warnhvest new financial program
or dilate factory...etc, they will increase operatiegp.(%) to improve or
convert so that can increase nice “image” or ragm@pany’s income, but firms
will be to bankrupt if operating exp. (%) to ovest and no have abundant
current capital to pay so that income to less nmthesn minus. It is can also
measures have abundant capital or profits to paybby Return on assets and
YOY (%)-oper income.

Finally, this paper main proposes traditional statal method and rough set
method apply to predict problems of financial arisbrporation, and compare
rough set method with traditional statistical methee can certainly discover to
several similarity. We can easily to illustrateddemonstrate on the above of
way by in Fig.8. First, we found out current ra¥g(of have evident divergence
from failed and healthy firms in Fig.8 (a), thisngan that a healthy firm needs
have huge capital and liquidity quickly (it's meaeeds plenty free money to
deal with any risks may be occur). We can alsoruhisoate failed firms have
highest debts of in Fig.8. (b), where Debt/Equity(#presents each per equity
needs to bear how much debt has, if it's highet tbresents was more risks of
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bankruptcy on each investor's shoulders. In anotherd, Liabilities(%) can
also to represent between asset and debt relaijionsh configuration
management. We can also see obviously that failet thave higher operating
exp.(%) in Fig.8. (d), where common firms have talnd then, Fig.8. (e)
describes that healthy firms have plus return cetasand failed firms have
minus return on assets, to mean healthy firms’'tagsn to create plus benefit.
Certainly, it's not easy occur bankruptcy if a farave huge net cash flow. For
this reason, healthy firms have ample net cash iifokig.8. (f). Finally, a firms’
growth ability can also shows to whether a firmdavake profit ability, we can
see that firms will to maybe occur bankruptcy wliehas negative growth of
profits in Fig.8. (g).

According to on the above demonstration to reigultoth traditional statistical
method and rough set method can distinguish cértdietween failed and
healthy firms of electronics industry, where thegncfound out reason of
financial crisis in time and predict bankruptcy oc¢o ahead of time by five
financial components.

5. Conclusions

This paper proposes a hybrid intelligent systempiadicting the failure of
corporation based on the financial performance databining cluster analysis
with rough set technique. Through the exposition heee mentioned some
advantages of this approach so we can concluddhisamethod is an effective
tool for supporting managerial decision making engral, and for deal with
financial crisis to occur, in particular.

In the light of the experiments carried out, thisthod is a effective tool that is
existing bankruptcy prediction models in corpomatiand have great potential
capacities that undoubtedly make it attractive dpplication to the field of

business classification. Besides, these empirieallts show that rough set
model offers better predictive accuracy than tiseritninant one we have gaved.

The decision rules generated can be used to copgpdni examine more
thoroughly, quickly and inexpensively, therefore,amagement can solve
financial problem in time efficiently. They can alse used to check and monitor
corporation as a “warning system” for investorsnagement, financial analysts,
banks, auditors, policy holders and consumers.

We know the model obtained has some problems amithtions but in spite
of them, our objective is to show the suitabilifytltis methodology as a support
decision method for corporate crisis predictionshort, we believe that rough
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set method, without replacing analyst’'s opinion amaombination with other
methods, whether statistical or otherwise, willyptabright role in the decision
making process in financial crisis predict modetlctronic corporations.

Appendix A

The original variables specification by Factor gai described in Table A.1

Table A.1
Rotated Component Matrix
Return Resources Communilit
Component & Liquidity  utilization ~ Growth Solvency
Income ratio y
Return on
Assets (%) 0.854 -0.005 -0.181 0.193 -0.174 0.829
CFOICL (%) 0.830 0.058 0.240 -0.054 -0.131 0.770
Net ('t;)‘;ome 0.731 0375 0234 0322 0077 0.840
Gros(so A)";'arg'“ 0.617  0.298 0.364 0495 -0.045 0.849
C“"gz; atio 5096  0.949 0110 0024  -0.210 0.967

Acid Test (%)  0.145 0.946 0.119 0.042 -0.189 0.968

Operating BXp. 197 (089 0.862 0288  -0.021 0.869

(%)
Equity
Tumover 0182  -0.143  -0.745 0179  0.163 0.668
(time)
YOY(%) - ) .
Opor moome 0132 -0.093 0238 0.851 -0.019 0.807
YOY (%) - Pre ) )
OV0 - Pre 0190 0.168 0333 0.666 -0.179 0.651
Debg;f)qu'ty 0095  -0.144 0035  -0170 0.927 0919
Liabiliies (%) -0.163  -0376  -0.371 0047 0.800  0.948
Eigenvalue 2520  2.255 1908  1.704  1.695 -

Contri. Rate  20.997  18.795 15.899  14.202 14.125 -
Accu.Con.Rate 20.997  39.792 56.691  69.893 84.018 -

The original companies of electric industry in tharket obtain three groups
by Cluster analysis described in Table A.2

Table A.2
Cluster analysis data
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F'ailed Healthy firms
firms
had
failed maybe crisis common best healthy
16 67 6
30
18% 75.3% 6.7%
Total : 119

we used the special case of thdold cross-validation methodith k: 12.

With 199 test cases, number of fold 10 and repestiwvere used in Table A.3.
Table A.3
Cluster analysis data

first second third fourth fifth
Failed firms 0.87395 0.722689 0.815126 0.7731 0.7647
Healthy firms 0.77528  0.719 0.82 0.77528  0.67415

References

1. Altman, E.I, Financial ratios, discriminant anatysand the prediction of
corporation bankruptcy. Journal of Finance. 23 $8p-609 (1968).

2. Ahn, B.S., Cho, S.S. and Kim, C.Y., The integrateethodology of rough
set theory and artificial neural network for busisefailure prediction.
Expert Systems with Applications. 18 (10), 65-780Q).

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

4. Beaver, W.H., Alternative accounting measures atiptors of failure.
Accounting Review. 43 (1), 113-122 (1968).

5. Blum, M., Failing company discriminant analysisudwl of Accounting
Research. 12 (1), 1-25 (1974).

6. Beynon, M.J. and Peel, M.J., Variable precisiongtoset theory and data
discrimination: An application to corporate failygeediction. OMEGA (the
International Journal of Management Science). 29561-576 (2001).

7. Edward B. Deakin, Discriminant analysis of predictd business failure.
Journal of Accounting Research. 10 (1), 167-179%)9

8. Dimitras, A. I, Slowinski, R., Susmaga, R. and dopidis, C., Business

failure prediction using rough sets. European Jalurof Operational
Research. 114 (2), 263—-280 (1999).



10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

23

Huang, J.J., Ong, C.S. and Tzeng, G.H., Buildingditrscoring models
using genetic programming. Expert Systems Whit Aggpions. 29 (1), 41-
47 (2005).

Lo, AW., Logit versus discriminant analysis: A spation test and
application to corporate bankruptcy. Journal of reguoetries. 31 (2),
151~178 (1986).

Min, J.H., & Lee, Y.C., Bankruptcy prediction usingupport vector
machine with optimal choice of kernel function pasders. Expert systems
with Applications. Uncorrected proof, availableioerl5 (2005).

Ohlson, J.A., Financial ratios and the probabdigtiediction of bankruptcy.
Journal of Accounting Research. 18 (1), 109~13B(@}.9

Patton A. and Baker J.C. Why won't directors rotle tboat. Harvard
Business Review. 65 (6), 10-18 (1987).

Pawlak, Z., Rough sets. International Journal oim@ater and Information
Science. 11 (5), 341-356 (1982).

Pawlak, Z. Rough classification. International Jwlrof Man-Machine
Studies. 20 (5), 469483 (1984).

Pawlak, Z., Grzymala-Busse, J., Staski, R., and Ziarko, W. Rough sets.
Communications of the ACN38 (11), 89-95 (1995).

Segovia, M.J., Gil, J.A., Heras, A., Vilar, J.L.da8anchis, A, Using rough
sets to predict insolvency of Spanish nonlife iasge companies.
Documentos de trabajo de la facultad de cienciasn@uicas y
empresariales. Avaliable: http://econpapers.repafpaper/ucmdoctra/
(2003).

Shuai, J.J. and LI, H.L., Using rough set and wprattice DEA in business
failure prediction. Lecture Notes in Computer ScenVol.3642, 503-510
(2005).

Walczak, B. and Massart, D.L., Rough set theoryer@metrics and
Intelligent Laboratory Systems. 47 (1), 1-16 (1999)

Wu, C.H., Tzeng, G.H., Goo, Y.J. and Fang, W.CreAl-valued genetic
algorithm to optimize the parameters of supportteeanachine for
predicting bankruptcy”. Expert Systems with Apptioas. 32 (2), 397-408
(2007).




