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<Phase I1>-GA based Instance Selection

1. Define the chromosome
(The chromosome for the instance
encoded as a form of binary string)

. Determine parameters of GA

. Generate the initial population

. Select the instance subset for each chromosome

. Calculate the fitness values of different instance
subsets

. Perform GA operations and create a new generation

. Repeat from step 4 to 6 until the termination criteria
are satisfied.

8. Select the optimal instance subset (GAT)

subset is

DA WN

~N

<Phase II> Instance based Bagging

9. Use the optimal instance subset(GAT) as input data
of bagging model

10. Generate a new training data set of size K' by
randomly sampling with replacement
(K'<K(size of GAT))

11. Repeat steplO to generate R new training data sets
— GAT(B), , GAT(B), , ... , GAT(B)

12. Train SMV model for each new training set
(Different SVM models are generated) — SVM;,

, SVMg

13. Apply the validation data set to the SVM models
generated in Step 12
(R different output data) — Oy, ...

14. Combine the output data (O,
combining method
(In this paper, we use majority voting scheme as
a combining method)

, Or
, Or) by a

(Figure 4) Steps of Proposed Model
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2 A /1A BFAR Aol 53 4

AE SVME AHE3SHSTE SVME
714 (kernel) J—’Fi% 71 Bol AHEEA e
linear 783} 1b S35t Astoen

01]/‘1 /\}%??} tlo|El= AT
E7F 109014 709 Aboll = HI97h 713 e
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2 U 91670 = o] FoA Ytk HlolE & g5
& dlo|E(training data), El~E-§ U] o]E(test
data), Z12]31 A58 Hl°]E(validation data)= 1}
ol APE Atk sh5& HolHE 239 g
S Fg dolH=E AFEEHS o, H2ES U]
ol & A EAEEFE o83 HH Y ALY
£ AgE o 32 3H(overfitting)& ¥|8k7] #I3t
SEE AHEEATE HAFE volHe 2Fe v
3 AR&-3HATE.
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A3l F 131709 AFHES HFoRE 1A- L
2 SdFE 737 (Independent-samples t-test)=
A XA T o] & F3 p-value 3k°] 0.05KTF 2
Hes AQsta, ymAl ®gE e R
stepwise methodE ©]&3 EA| g 3I|FEA
(Logistic Regression) & AYAT 23 5& &
FH oz us) HFHTE JASAT. <Table
1> HE ABE dgo o AW 5 W
E FEd S 2y AHES APAFE BoAF
Ak

SVMe| Aol Fa3t e vX= vty
B Ceo} o A5 du] AFs T3l 7P Aot
=8 ZHLiner 71'@: C=1; RBF #g: C=1, =25)%
GO R Meste] o]Fo] AFoA BT
< s AL *1640}09\‘:]' Ao Atel A9

A AFEHE AR Gl AdoA nF
(population)®] =71+ 10022 slar, FX =4
150M 2 AASIF T =3, wHlE(crossover
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(Table 1) Input Variables
Variable Description Reference

Sales coefficient of

Shin and Hong, 2011;

X1 variation Min, 2012
Kim,2010;
X2  |Financial expenses/sales |Kim,2012;
Min, 2012
(Capital surplus + Kim et al.2007;
X3  |retained earnings- Min. 2012
dividend)/total assets ’
(Cash + cash S}.un and Hong,2011;
X4  |equivalents)/ current Kim,2010;
1i21tl>ilvities ’ Kim,2012;
Min, 2012
X5 Working capital Min, 2012
change/sales
X6 EBITDA/interest Kim,2010;
expenses Kim,2012
X7 Trade payable turnover |Ok and Kim,2009;
period Min, 2012
. Ok and Kim,2009;
X8 |Borrowings/total assets Min, 2012
5. &d Ay
B =FolA Ajket nye] AL 353
7] 3 7122 =g} thekdl HlnE shlo,
MRS 91 AHST AT ARZE dSHHE,
ROC #E, AUC7} lth. dibd oz o) &7
Al A 7hs s 7 719 ‘T”}’H}\—% positive class
9} negative class2tal & 49 £F/7] A& F
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T Utk FAAA HE kel o] axm A
positive class®ll &3h= Aldl] FollA] positives}il
A A& AHY F FE YHlEi, be
positive class ol &3F= Akgl] oAl negativest
A AR ST A FE Yt ¢ = 4
A negative classoll 3= ARl Foll A positive
ghal Zx 9 =3 /‘H'ﬂgl T 75 YrlsiH, d=
negative class®ll &3l= Akel]l Foll A negativeﬂ}
i—ﬂ] 04]55} "]‘\?—ﬂ-/] TTE 3t o9}

(Table 2) Confusion Matrix

Predicted
Positive Negative
Positive a b
Actual
Negative c d
(a+d)

Prediction Accuracy (AEHE =)= (a+b+c+d)

(b+c)

Error Rate(dZ 22h= (a+b+c+d)

a
Sensitivity((1E) = (a+b)

d
Specificity(5°1%) = (c+d)

a

True positive rate= (a+b)

c
False positive rate= (c+d)

d
True negative rate = (c+d)

False negative rate= (a+b)
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(Figure 5) ROC curves (linear kernel)
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BaggingSVM(linear) 0.7659 ﬂ Eﬁé%g /‘5]3'»]' f(]-Ol oﬂ EH?_]_' %
SYM(linear) 7‘_"2(__! ‘1@[‘0 /%]_‘%_ ZE‘,E?:)—]'7] %511 EH'
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(Figure 8) Model Prediction Results (AUC) . o -
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(Table 3) McNemar Test - p-value (:linear kemnel, rirbf kernel)

BaggingSVM(I) ISSVM(I) ISBagging(l) SVM(r) BaggingSVM(r) ISSVM(r) 1SBaggingSVM(r)

SVM(1) 0.134 0.035%* 0.000%** 0.002** 0.263 0.000%** 0.000**
BaggingSVM(1) 0.453 0.049%* 0.458 0.727 0.043%* 0.000%*
ISSVM(1) 0.238 0.856 0.267 0.122 0.001**
ISBaggingSVM(1) 0.572 0.027 0.629 0.004**
SVM(r) 0.265 0.337 0.016%*
BaggingSVM(r) 0.020%* 0.000%*
ISSVM(r) 0.021%*
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Abstract

Bankruptcy prediction using an improved
bagging ensemble

Sung-Hwan Min*

Predicting corporate failure has been an important topic in accounting and finance. The costs
associated with bankruptcy are high, so the accuracy of bankruptcy prediction is greatly important for
financial institutions. Lots of researchers have dealt with the topic associated with bankruptcy prediction
in the past three decades. The current research attempts to use ensemble models for improving the
performance of bankruptcy prediction. Ensemble classification is to combine individually trained classifiers
in order to gain more accurate prediction than individual models. Ensemble techniques are shown to be
very useful for improving the generalization ability of the classifier.

Bagging is the most commonly used methods for constructing ensemble classifiers. In bagging, the
different training data subsets are randomly drawn with replacement from the original training dataset. Base
classifiers are trained on the different bootstrap samples. Instance selection is to select critical instances
while deleting and removing irrelevant and harmful instances from the original set. Instance selection and
bagging are quite well known in data mining. However, few studies have dealt with the integration of
instance selection and bagging. This study proposes an improved bagging ensemble based on instance
selection using genetic algorithms (GA) for improving the performance of SVM. GA is an efficient
optimization procedure based on the theory of natural selection and evolution. GA uses the idea of survival
of the fittest by progressively accepting better solutions to the problems. GA searches by maintaining a
population of solutions from which better solutions are created rather than making incremental changes to
a single solution to the problem. The initial solution population is generated randomly and evolves into
the next generation by genetic operators such as selection, crossover and mutation. The solutions coded
by strings are evaluated by the fitness function.

The proposed model consists of two phases: GA based Instance Selection and Instance based

Bagging. In the first phase, GA is used to select optimal instance subset that is used as input data of
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bagging model. In this study, the chromosome is encoded as a form of binary string for the instance subset.
In this phase, the population size was set to 100 while maximum number of generations was set to 150.
We set the crossover rate and mutation rate to 0.7 and 0.1 respectively. We used the prediction accuracy
of model as the fitness function of GA. SVM model is trained on training data set using the selected
instance subset. The prediction accuracy of SVM model over test data set is used as fitness value in order
to avoid overfitting. In the second phase, we used the optimal instance subset selected in the first phase
as input data of bagging model. We used SVM model as base classifier for bagging ensemble. The majority
voting scheme was used as a combining method in this study.

This study applies the proposed model to the bankruptcy prediction problem using a real data set
from Korean companies. The research data used in this study contains 1832 externally non-audited firms
which filed for bankruptcy (916 cases) and non-bankruptcy (916 cases). Financial ratios categorized as
stability, profitability, growth, activity and cash flow were investigated through literature review and basic
statistical methods and we selected 8 financial ratios as the final input variables. We separated the whole
data into three subsets as training, test and validation data set. In this study, we compared the proposed
model with several comparative models including the simple individual SVM model, the simple bagging
model and the instance selection based SVM model. The McNemar tests were used to examine whether
the proposed model significantly outperforms the other models. The experimental results show that the

proposed model outperforms the other models.

Key Words : Bagging, Instance Selection, Ensemble, Bankruptcy Prediction, Genetic Algorithms
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