J. Inf. Technol. Appl. Manag. 23(1): 45~59, March 2016 ISSN 1598-6284 (Print)
http://dx.doi.org/10.21219/jitam.2016.23.1.045 ISSN 2508-1209 (Online)

A4 Fue)F 7 5 P2 23

L -

=S|L*
ol A

Genetic Algorithm based Hybrid Ensemble Model

Sung-Hwan Min*

Abstract

An ensemble classifier is a method that combines output of multiple classifiers. It has been widely
accepted that ensemble classifiers can improve the prediction accuracy. Recently, ensemble techniques
have been successfully applied to the bankruptcy prediction. Bagging and random subspace are the most
popular ensemble techniques. Bagging and random subspace have proved to be very effective in improving
the generalization ability respectively. However, there are few studies which have focused on the integration
of bagging and random subspace. In this study, we proposed a new hybrid ensemble model to integrate
bagging and random subspace method using genetic algorithm for improving the performance of the model.
The proposed model is applied to the bankruptcy prediction for Korean companies and compared with other
models in this study. The experimental results showed that the proposed model performs better than the
other models such as the single classifier, the original ensemble model and the simple hybrid model.
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Table 1) Steps of Random Subspace Ensemble Method

Random Subspace Ensemble

. Partition Data Set(Training Data Set : T, Validation Data Set : V)
. Generate a new training data set with randomly selected f features from T
(f' < F(total number of features in T)

Do —

3. Repeat Step 2 to generate n new training data sets — T(RS);, T(RS), -+, T(RS),
4. Train a learning algorithm using each new training set(Different base classifiers are generated) — Cy, -, Cy
5. Apply the base classifiers to the validation data set — n different output data(Oy, -, Oy)
6. Combine the output data(Oi, -, On) by a combining method
(Table 2> Steps of Bagging Ensemble Method
Bagging Ensemble
1. Partition Data Set(Training Data Set : T, Validation Data Set : V)
2. Generate a new training data set with randomly selected N’ instances from T
3. Repeat Step 2 to generate n new training data sets — T(B);, T(B)s, -, T(B)n
4. Train a learning algorithm using each new training set — Different base classifiers are generated(C;, -, C,)
5. Apply the base classifier to the validation data set — n different output data(Os, -+, Oy)
6. Combine the output data (O, +*+, On) by a combining method
3. 97 By 2 Adsr] A F34 nPES BEHY
o Autxel dxte <Figure 1>3 #t}

= e V19e R CdEE A = <Figure 1>014 HiE npe} o] Ay Ay
7719 A el B Aot olE 9 2o 28f 7 M e 7tz AR e
s WA AE B AFol A VIS Sestal 7R BE2 YAt w3 o] F 7|He A
ol HHgtet= MR LI& Atesith A go 23 AL ARRIE YA o)A
ool 74 B Qe dAE BRde B S 2 9 g3 dHolHERE 747 thers w o
Al Agstel= vFg A7 UAARE of A AP HE O 7|4 ERsS9 zdal
AA AE = VIS s AT ¥ 7NA 2R EC, o, G AR ST
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<Figure 1> The Overall Architecture of the Proposed Model

Selected Classifier Subset={C,, C;, Cs, ... .C.}
(Figure 2 Example of Encoding for a Genetic Algorithm
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B oAolA Aekst Wye 7|E 55 4 = oA 71Ee] bdad B dAE By
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(Table 3) Steps in the Proposed Model

Genetic algorithm based hybrid ensemble model

1. Partition Data Set(Training Data Set(Ta), Test Data Set(Tg), Validation Data Set(V))
2-1. Generate a new training data set with randomly selected f features from Ta
(f' < F(total number of features in Ta)

2-2. Generate a new training data set with randomly selected N’ instances from Ta

3-1. Repeat Step 2-1 to generate n/3 new training data sets — Ta(RS);, Ta(RS)s, -+, Ta(RS)us

3-2. Repeat Step 2-2 to generate n/3 new training data sets — Ta(B);, Ta(B)z, -+, TaB)us

3-3. Generate a new training data sets with randomly selected N’ instances from TA(RS) G=1, - n/3)

- TA(RS+B)1, TA(RS+B)2, HAA TA(RSJrB)n/s

4. Train a learning algorithm using each new training set generated in Step 3
—> Different n base classifiers are generated(Cy, -, Cy)

5. Define the chromosome corresponding to the classifier pool(Cy, -+, C,) generated in Step 4.
(The chromosome for the classifier pool is encoded as a form of binary string)

6. Determine parameters of GA

7. Generate the initial population

8. Select the classifier subset for each chromosome

9. Apply each classifier subset generated in step 8 to the test data set(Tg)

10. Calculate the fitness value of each classifier subset

11. Repeat GA operations and create a new generation

12. Repeat from step 8 to 11 until the termination criteria are satisfied

13. Select the optimal classifier subset

14. Apply the optimal classifier subset to the validation data set(V)

15. Combine the output data(Oy, -+, O,) by the majority voting scheme

of HEdA 9 g2 sdH = E77]19 A9 B 90072 A" F 1,80071e = vzt
FE5 dHFA J o & 59, <Figure 2> 4 7199 dolHE AFESIATE A& AFEH d)
A HA HES] ge 17 ol HsHE B/ OlH & AMFEZE 1094 709 Afelql &
Cro] Agdnt= & ovjstn, + WA v E9  dlolE 2 1999 dFE 20021 Akel<] A5 d
0 dSHE 77 Corb AesA] ekt olHZ FAHo Utk FE7|H2 0Y o]
= AL ol o]} & HRA o7 <Figure AAe FS dAHT e FAE AF5S A
2>l A= A /77 F FolA {C, Cy G, o, 718 g, A AAA EAE Hesta Al
Coto] E/71E0] Ae=A At 2 =olA SRS s A4S Tl APste VPe=
= Az dagEss w7 49 VA 771 TAACH HFEE 7192 B Al sid
235 2] 98 HEESR HolHol A o A B 7Ides skl
AIEE AT 52 AL B =2 teolel= 2ge dgs 93 sk tlolE ot
A ARFSE gl A daelEE o] &3 i 32 & (overfitting) S 817 93] A& H 2~
A W B AH o~ GarEo] HA 5 B3t Eg dHoly, 181 2y HSE A& AHE
o] Mk el 528 <Table 3>l ¢} et & HAEE HelHE Eiste 43S skt
Aol A = 10-8 #HZ(10-fold cross vali-
4, N M7 dation) o2 AYE stdon, HA B 5

)
1,30071& F4gt =(18071)<] 10719] fold= ‘/P

B oATdA Add mye) AZE N8l B ® T 9709 fold SE UAES HojEz
% 199 dol8 S0sh HRE 99e] Aol @gsa A 9] fdie 92 del 2
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(Table 4) Input Variables 5. /él%:-ll JE=|_TI_|.
Category Description

EBITDA to Seles B Ao Aotd nge) 42 sla) 42
F%nanc%al Expenses to Sales & glolE o] A9 ]% QT2 v ws] 5ok
e & e 0 Amtee 343 59
Profitability | Ordinary Income to Sales I w7 e 2y ks B3 2y F
Net income to sales S 8o HA wyS Aokslot) Aots »
Inte.rest Expenses to Ne.t income 8ol A3} vlao] kAl zbzbe] A AE w
ot 4o 4 i e 2 0

Fixed Asset to Owner’s Equity + <Figure 3>3 <Figure 4>°l o} Ut
Quick Asset to Current Liability <Figure 3> AA Y&AFo] 4=(F =24) 5
Debt Ratio ol ARSI e el fDel mE
Current Liability to Total A.SS§t. AY A8 so] s P ATE welZy
Stability Curr.ent Asset to CuTTent Llal?111ty ; H ~ . o Lo
(Capital surplus+retained earnings-— ALt 7|4 DTE gAEAY Eg ¢ 23S
dividend)/total assets on|sln] RSE AR EdE 74 BR)E
B 1o S ApgahE AE A sso] s T v o
T @tk BCE A ABssols s RyS 7
Growth | Coefficient of variation of sales At e 7A EFHVIES 9|3t} <Figure
Cash Flow oL TOU SIS RN 10 s 3ol e gte 7t mYolA o] e ZES olu]g}
Sales to net change in working capital Uﬂ’ BCOﬂ HQ ghe dd 2 O]i OOU\O]—%% T
Activity | Total assets turnover period Astal Qe 714 ER7IEY Hit dFES 97
Sales to net change in account receivable st oAb AAd Ef @Y ¥ A9 <Table
4o e BE I WEE ARgste] XY
BEEHATG P RS A 103 WRAS oo o mae A
A S Fstaien, 103 A8 Azt Hirgk AF A W ZoA] QA 7] w2 Al
& mtEe R AgSR. ¥dS 28 I g0 514 w8018 248 F 052 UeA ¥
T H71 25 JAA4 E8](Decision tree) B8-S Ao o3 Adetrh B Ago A mE
ARl e Zhzke] e BN V1A & 9 =2 Ao o] gale] Al Y wss
71¢] & = 10002 148t A8S a9k Hestadnh AE AsfoA oF S 9l%o] Ay
w Ewo s 7Yl B R dS5s e MHExF o2~ FAES dFES 19 Fho] AR
AR &S 48 HEZ ARETh 94, ¢t 22 Z715 07} 9] o] 119 ) 71 =& A
A4, 433, s 2 da 550 E +RH W= HO & o3 R AAR 7ATS I F
Z 131719 AFHES gidez g 18 t4A Attt <Figure 3>°14 RS2| #ko] BC gtHth
(independent-samples t-test)¥} 7 e TS & g Jder o= WH AHEAFo|A
(backward selection)& ©]-&3%F 22| ~8 3|7 FEE B ey @ Aok F V1A +
qg ge 4% wes Agsdon 1 Ane w58 dudons A4 B8/l 9 A3
<Table 4>9} #t}. F B} Ayl 2L oE mEs Al 2= 9]
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<Figure 3>9A] H+= uls}

H

o & F(F = 24)9] W3 f T
2 Ee A%E non, { = 1A 73
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Ais BYdS & 5 Ak AvtA

o] 050 sFE 7
7P Fe At 24
Fa ek 2 Al A

(bootstrap sample)2] =712

H] &2 Bag ratio® A 9)5}al o]o] w2 A= n)
L AsEom 1 A= <Figure 4>9F 2Tk 1
2
=

ratiool A © EFH7] REn £ AE 19
& o 4 itk % A mPel 3 Bag
ratio gkl Al we} F71etth7t Bag ratio®]
gro] 08 wj 7P FL e HYdS & S 9l

Bag ratio’} T7}45 w7 FES A

H7 e 2o A 93-S 7 ulk & o o 38
o SeE e PP AT 714 BF Pol Agst e ol f2 AN F Yrk F
of T ¢ ¢ deolHEHYH dHdsA HMEH B2 HolHE AFEEE 714 27715 o5
dlolele] $7b ik ¥ Aol 2 sl Qa7 PS¢ 5 A

Table 5) Experimental Results

¢ DT RS RS-Bagging(1) RS-Bagging(2)
EOC BC Q EOC BC Q EOC BC Q
1 65.78 57.16 0.21 71.14 61.60 0.31 65.08 56.58 0.19
2 70.32 60.74 0.30 73.27 63.65 0.39 68.53 59.93 0.28
3 70.49 62.91 0.38 73.73 64.37 0.42 69.85 61.72 0.31
4 71.31 64.03 0.44 73.46 62.10 0.45 71.11 61.82 0.33
5 71.30 64.89 0.46 7297 65.08 0.45 71.80 63.06 0.37
6 71.62 65.03 0.47 73.32 62.50 0.47 72.34 63.17 0.37
7 72.79 65.58 0.50 73.32 65.76 0.48 72.79 63.70 0.38
8 73.06 65.79 0.50 73.59 65.90 0.49 72.91 63.84 0.38
9 72.97 66.01 0.51 74.24 65.96 0.49 73.06 64.29 0.39
10 72.88 66.32 054 74.59 66.07 0.49 73.45 64.47 0.41
11 73.33 66.78 0.55 74.14 66.08 0.50 73.33 64.78 0.42
12 69.44 7311 66.78 0.57 73.24 66.32 0.52 73.72 65.04 0.43
13 ' 72.75 67.07 0.59 74.08 66.38 0.53 73.93 64.53 0.42
14 71.89 67.12 0.62 74.62 66.43 0.54 73.75 65.08 0.43
15 71.62 67.66 0.65 73.22 66.70 0.55 73.57 64.77 0.42
16 71.30 67.60 0.66 73.24 66.84 0.58 74.92 65.02 0.44
17 71.19 67.77 0.68 72.51 66.91 0.57 74.02 65.49 0.45
18 71.30 67.92 0.74 71.89 66.89 0.60 74.05 65.20 0.45
19 71.19 68.19 0.80 70.70 67.05 0.61 73.60 65.31 0.46
20 71.62 63.44 0.82 70.54 67.24 0.61 73.60 65.61 0.47
21 71.30 63.66 0.88 70.27 67.19 0.65 73.48 65.42 0.48
22 70.49 68.90 0.93 70.07 67.44 0.67 73.99 65.66 0.48
23 69.46 69.17 0.97 69.66 67.53 0.69 7357 65.66 0.47
24 69.44 69.44 1.00 69.46 67.64 0.71 74.08 65.60 0.49
Mean 69.44 71.35 66.25 0.61 72.55 66.07 0.53 72.69 63.99 0.41
Maximum 69.44 73.33 69.44 1.00 74.62 67.64 0.71 74.92 65.66 0.49
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<Figure 7> Average Q-Statistic Value of base Classifiers in Each Ensemble Model
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