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T

NEAE nefA] e stddhen]s e vy

a T
%—’"dfj =\/Zf(Yivp _Y.i,p)r (Yi,p _Y./lp)

Mahala-w/o w

VNS neld vhatehen) 2 A 2

. -1 T
with _md,, =JZ wi (Y, ~Y, TN, ~Y; )

Mahala-with w

Huzk gtk (F e ol 710l that Al 744w

&), W4 X1, X2, X39 W3 =

&) g& HoFa g9ksta gl .30, .45, 2582 7Fg3< W, Eucli -with w
2o o2 714 13 719 29 Ade v 2]

(E 4) ctAl 7|Holl Theh M| 7HX| ek

AR

714 No. X1 X2 X3
] 0.72 RE ol [30(0.72-0.55) 45(0.18-0.45) 25(1.21-1.54)]
2 0.55 0.45 1.54 1 0 0] |0.72-0.55
3 031 097 0.98 x|0 1 0]x]|0.18-0.45
: ' ' 00 1| |[121-154
4 0.24 0.88 0.75
5 1.25 0.45 0.87
AR Mahala -w/o w 28] oat 719 13} 7]
d= S0 719 13 719 29 AR= Axgre  F 29 ZAge v 2ol Alddn
o] vl 74 gL v} o] 2lo] & Holi gitt.

AR, Eucli -w/o w 28 92 714 13} 714

[0.72-0.55 0.18-0.45 1.21-1.54]
-1

0.1304 —0.0695 0.0009 0.72-0.55
28] AvlE vt el Ak, x| —0.0695 0.0871 —0.0444| x|0.18-0.45
) 0.0009 —0.0444 0.0782 1.21-1.54
[0.72-0.55 0.18-0.45 1.21-1.54
1 0 0] [072-0.55
x[0 1 0[x]0.18-0.45 JA, W4 X1, X2, X3 dig 7teE 474
00 1| |121-1.54 .30, .45, 25%}3 7M & W, Mahala-with w
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0.1304 -0.0695 0.0009 0.72-0.55
‘x —0.0695 0.0871 —-0.0444| x|0.18-0.45
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o reference data set9 <&
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o] B reference data setollA9] dSHF=E
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719 2, 3, 4, b2l 2| Alth 2o P2 =9
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719 No. 1 1 1 1
2 0.2107 (1% 0.0687 (1%) 6.8852 (2") 2.4450 (1%)
3 0.8451 (3" 0.3445 (4™ 9.7041 (4™ 5.0613 (4™)
4 0.9320 (4™ 0.3425 (3% 5.8178 (1% 2.4817 (2™
5 0.4694 (2") 0.1459 (2" 8.7452 (3 3.2567 (3%

ZHstolTL Hi3sA AM5E 20094 10¥

1175



A3} et W 7ER S ZE kA vHEEg)

t}. o] & 7}$AE testing data setol & &3}
HEHo 2 By oSgg Hrletyitt. vk 7t

=

TAE 1A ¥ FEFEUSt AY 23 7t
A5 eekA] & npEehwn|s Ay B =
6007H<] training data setS2FE 40071<]
N #5329 A E

% (nearest neighbor)& A

testing data setdl] &3l&
Tt 7HE 7Pk ol
28Tt

training data setol| 4] 7}7H2
€} A G-
=N B =

# 2] 7} 5 A & testing data setel] 2§

ato] o =3
(38 2) 71EX|E D8t Al7|EER o
Testing data set9] 7|¥ =) U3t &

£ o238 v 1% nearest nelghbors«] F=

k =5, 15, 25 52 o] &3t du|2ALE 3t &
A3, k = be 93] fi gojxa, k = 159

1176

k = 259 Aol 7tk Aol 5 HolA| o},
FHoZ k = 155 ALYy 1570 nearest
neighbors& FAT o= 199 o]%0] 15
9e] o] %ol vzt €5 £ dS5EE T
kAl 0}71 3522 democracy ¢3S A-E31%ih.
2, £33 48 s v 2
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{O, otherwise
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otherwise
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(% 6 ) CBR 2¥9| ¢ 4714
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CBR-Eucli-w/o CBR-Eucli-with w CBR-Mahala-w/o CBR-Mahala-with
X1 n/a 0.1880 n/a 0.1476
X2 n/a 0.1569 n/a 0.0183
X3 n/a 0.1486 n/a 0.0513
X4 n/a 0.2447 n/a 0.1273
X5 n/a 0.2193 n/a 0.2352
X6 n/a 0.0066 n/a 0.2853
X7 n/a 0.0359 n/a 0.1350
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APARE Foto] dA A v 2ol 894 RIYPL VA E 123 rideheH| s Y Hoe
T At d&go] okt AR FHAZ FL2 oS8T
AR, 7V FEEIE 2 7t E 18 vid BoFm 9o, training data set¥ testing

g~ 23 (Mahala-with w)©| training data data set7te] o|=¥ zjolm Aol Ads] <kAH
set¥} testing data set =5 Aol (0.7520, A3E HojFa 99T

0.7475%4) T2 W BF BT 5& ARREL A, JABRUR BYe A%d gFuss
BAFE AT RO T A 9 BERES I8 U2Y FEELE 435 A 9

d

A01(0.0045)% 2428 HAR(0.0050)% & AE ¥elo) AARZAA eAZee] Bojaeks 7
A Vg Aol Mwd e A5EE velFn 9 29 RS ARAY 5 U HEAE
£ Fe %

=

o} =,
e ¢ F Utk A B AR 293 3 P v dS

A, 7VEAE nelotA] B ntdebwn| 2 1Y S HoFa it

< training data setlA= (0.74002.24) &< R Rro 2 (3 2)9] B 7F ATEEA A A
HAPJEE HoFa glont, =E dolHo 5?"4 gele = e AAH, g Tt Ag Ay
H7td Alde 1 9557 (0.697524]) AE3] o] #1s] EAFAE EF3laL o] & BF FAlst
HojH& Ko gl T2t AZE ol &ste] AHPIVFE 2

AR, frEetet HEM] 7125 std npdetes| A& 7 Folle o590l 7120l ol AHeH 1 3
2 AP 7125 319 F AS BT FsAE A = A3AAY B, EXAE 39 BY, HEA
3} gk mglo] W 7}?213 dEAHC R g Y 23 Hrp "ojdE gl et

B} o &3o] 24 (0.7475 vs. 0.6975, 0.6650 Testing data seto] Uig ASHIEE t)ifoz

=

(B 7) 2 2o ¥EFeE 21

Training data set Testing data set difference

CBR-Eucli-w/o w 0.6200 0.5900 0.0300
CBR-Eucli-with w 0.7000 0.6650 0.0350
CBR-Mahala-w/o w 0.7400 0.6975 0.0425
CBR-Mahala-with w 0.7520 0.7475 0.0045
Neural (1347%) 0.7350 0.7125 0.0225
Logit (2X]29 3|AEA4) 0.7200 0.7150 0.0050
MDA (Zhd#4) 0.7217 0.7100 0.0117

T (AEH U 0.6883 0.6200 0.0683
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McNemar test® AASHAL 1 A= (& 8)q ek gtk AFE2 AA AFAT 71 &
Loso] itk 72t gl o & sl Uik FA St leH o] FAME AFAAY I FRE
A frod A 23 A a2 vk olR3 dae & U B A eE |
2 R A3 Bg3 2A2E AN & wHt Pl o AEA FAVIE 2A~
e A uA gA 7k Bk ol Ak g IARAS wEEAe] 7P Bol ARE
olF Holx ATt ARIZIFEFE Y o] 7kA b o E dFe ddA R Afde] d HojE A7)
de &7 ZRAF AT b2 deida s WEE RES AAA 9582 FINA Ea
= @ F AT QAR B, 22 FAE Aot AR 23] 4L S oi
MRy, RN B e &7 ddo] dold < #3A| g A o' ARG o] ASAES 4
< T i 5 Adezie Adste] yie dd v 71E9
ATEs 2RI F fele EE A2 B
ol el FEevet Al 71xeta sle€ 3t
V. ZE U AJARE S, Hep, B AP We e FRATE
£ etste] AR Artele vtdehen| 2 AR E
A& gk 747 ol Aol Adeisit 1
7189 FRATFE AHEY Ve Fd Sl gste], npdehen s AR S AEeta, 2 dS
(Z 8) McNemar test Zot
Maha-no Eucli-w Eucli-no Neural Logit MDA DT
Mahaow 9.025 9.570 24.800 2.28412 1.694 2.925 20.661
(0.003)**  (0.002)**  (0.000)**  (0.131) (0.193) (0.087)* (0.000)**
Mahaw/o 1.321 12.000 0.338 0.444 0.213 7.087
(0.250) (0.001)**  (0.561) (0.505) (0.644) (0.008)**
Fucliw 7.645 2.919 3.112 2.535 2.094
(0.006)** (0.088)* (0.078)" (0.111) (0.148)
Rucli-w/o 15.258 16.223 14.926 0.688
(0.000)**  (0.000)**  (0.000)**  (0.407)
Neural 0.000 0.000 10.537
(1.000) (1.000) (0.001)**
Logit 0.023 11.802
(0.880) (0.001)**
MDA ©0.002)"
1. Chi-square value / 2. (p-value)
*significant at 0.10 / **significant at 0.05
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Case-Based Reasoning Approaches by Considering Variable

Covariance Structure and Variable Weight:
Corporate Bankruptcy Prediction

Hyojung Hong® - Sungbin Cho™*

Abstract

Case-Based Reasoning (CBR) Approach has been used to predict future events by comparing
past similar events. This paper proposes case-based reasoning models for corporate bankruptcy
prediction problem and compares its performance with traditional statistical and artificial
intelligence techniques. The Statistical techniques include multiple discriminant analysis and
logistic regression, whereas artificial intelligence techniques include neural networks and
decision trees. The purpose of this study is to develop a case-based reasoning model that reflects
the covariance structure of variables and considers variable weights.

The literature review reveals that existing approaches in the area of CBR have mainly used
the Euclidean distance for measuring dissimilarity between subjects and further differentiated
variable weights for improving prediction accuracy. The distances between subjects are fairly
different depending on whether the covariance structure of variables as well as variable weights
are considered or not. Thus, we introduce four CBR models: Euclidean distance-based CBR
without variable weight: Euclidean distance-based CBR with variable weight: Mahalanobis
distance-based CBR without variable weight: Mahalanobis distance-based CBR with variable
weight. We incorporate the covariance structure of input variables because the input variables
of the model are commonly correlated with each other.

The data collected for analysis are the financial variables from the small-and medium-sized
manufacturing firms in Korea during the fiscal year of 2001 to 2003. We selected 500

bankrupt firms and 500 non-bankrupt firms. After normalizing 132 variables, we obtained 15

* Research Fellow, School of Business, Sogang University
** Associate Professor, School of Business, Sogang University
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variables by applying t-test, stepwise logistic regression, and decision trees induction. Then,
by consulting former research, we finally selected seven variables, which include the various
aspects of corporate activities such as profitability, liquidity, activity, stability, growth, and
productivity.

The data are divided into the training data and the testing data set. The training data set is
then divided into the training data set and the reference data set. Using 5,000 Monte Carlo
simulations, the optimal weights of variables are determined while the nearest neighbors are
searched from the training data set for predicting the bankruptcy of the reference data set.
Then, these weights are used to predict the bankruptcy of the testing data set.

The experiment results indicate that the CBR based on the variable covariance structure and
variable weight produces a higher correct classification ratio than other CBR models and currently-
in—use approaches. The future study might improve practicality by applying different costs for
the false positive prediction (predicting bankrupt for non-bankrupt firms) and the false

negative prediction (predicting non-bankrupt for bankrupt firms).

Key words: Case-based Reasoning, Bankruptcy Prediction, Variable Covariance Structure,
Variable Weight
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