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Abstract

We need to explore the inter—relation
among financial data to diagnose the
health of a firm. Predicting bankruptcy is
a typical application.

tn order to perform data reduction
process of large financial database, we
use self-organizing map neural
network(SOM). SOM is an appropriate data-
mining tool for exploring the
characteristics of data, prior to any
model ing because it can be used to expfain
the inter-relation of the data with their
distinctiveness. Thus SOM makes it
possible to acquire an intuitive
understanding of structures of data.

Compared with conventional statistical
techniques, for example, stepwise method
or factor analysis, SOM can be used to
summar ize complex information in an
effective and intuitive way.

Using SOM, We also expiore time variant
retationships between financial ratios,
and the differences between failed and

non—filed firms.
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RN
A7V Z2AGA e AFFH k-Hd 41 E

AT 5o A AlE3HMarket Segmentation)
o tigt A7t AAedH, AVIEAGgA T 4l
Aol k-H7F LueERY g9d HIE
B Aew BI3t (Balakrishnan, et al,
1992; Balakrishnan, et al., 1996).

Consider iteration number t, lattice
element i, dimension of input data N

Step 0 : Randomly initialize Wi:
<wi1'wi2 ..... WIN) for eaCh
Kohonen PE i

Set  t=0

Step 1 : Take an input data
X=(x1,x2 ..... xN) randomly from

the set of input vectors.

Step 2 : Compute Di=ij—wi(”|[

for 1<;<M

Step 3 : Fine the winner c=i such that
Di(t) is minimum for over all i

Step 4 : Update the winner ¢ and its

neighbors
e —W“’+a(“(X —W“’) if / ¢ Né”
i - i i i
w o if /Ny
where &' is a small linearly
decreasing function

Nc(t) is the neighborhood of

lattice element c, with
decreasing radius

Step 5 : Increase t, Return Step 1,
unless a stopping condition is
reached.

ad 2. A7 ZARAE NAG duEE

ANZAs} ARE o] §¢ EAF oS o
g AT o]ZF Fo|l BAtdEFE A W
ZzgAlAEY £ Ao, 4 dolg
A TEALS B I g A o
Az A7zAgdAs A73%F g5 dE &
A3} (Learning Vector Quantization) A7 %
2 AMgste AFES FAAZ T (Lee et al .,
1996) .
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E7 gla AR A ZARAE ARG
2 olgsto] uHY AY B4 WP ALE
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A7 23 A% N7 GE AFE-3th(Kaski and 2oy | 2R Aol &
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AAS A &
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g Aol BAH R Azgsy | 0 | THE| FAERVSE
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AgdolHE W F71d 2056 ) (T4 54| wranEsLE
1028 70, WA : 1028 71)719d 9] AEAE R, sAEHAE
Fd8R dlo}e(Training Data) 14867, A= dEAdRdE
£ dlo}El (Validation Data) 570 7§= s}, gz | waqaaas
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2 g TE | e
@8, A ZARAE AAF P A A7IE
oA Hd A3 2 F(Average Quantization e
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Alste 2345 2o

%, HF FAS /57 Ide AL do
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ojujste], ¥4 Heg FAoAMe 4 d
olg o] B Wkl Zee] W ol
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A=Distinct) dFHF7 2 5 Ut

dExgolel F91E A & dHolHES
HEF 3} (Standardization) Al o, 2} 4@
dEHr TF, d¥x= & L F3H(Hidden)
xE FolAet Aol d& $(14-28-1 o
16-32-1), Yoz 2A2 FAdd FEistalA
Aol FAHAT. #z49 dFAFde oF
E 2o Yedsd, 714 23 1(BPN_1)
SAA W debyel o AF HiolH
2y 2(BPN_2)E A7ZAZFA T P o
e detye A9 diolo.

A58 dojgel oA, AA HFE2
1.6% 4= FAAAY, ogd7jdA 7173
Fag 2R A28 P (Type 11 Error)o]
597+ HotA = F& AAE BT

o o
o <=2

5. A7 zAHA el Ao AR
g o] 4¢ =4 3F Fof
A712A A E ARGl wE FHs A
Tol| HZF&(Validation) Hl°|HE FHH
g dHole7t 54 #A HEoz o]Fdd
TAGEA . £ Hojx=, o9 e ¥
g #ido 5HIAY AWEF do|HE
Ast] £3 A=A olF AHE AT

BPN_1 FHgdlolE d5 4 dolE
(76.8%) (77.0%)
AANGE | T | HEA | BAF | BEAl
EAb | 538/743 | 205/743 | 210/285 | 75/285
72.4% | 27.6% | 73.7% | 26.3%
B ZAF | 140/743 | 603/743 | 56/285 | 229/285
18.8% | 81.2% | 19.6% | 80.4%
BPN_2 FHgdolE A5 & dol#
(77.3%) (78.6%)
AANE | = | BEAF | Zab | oHEA
TAF | 544/743 | 199/743 | 224/285 | 61/285
73.2% | 26.8% | 78.6% | 21.4%
Bl AF | 156/743 | 604/743 | 61/285 | 224/285
21.0% | 79.0% | 21.4% | 78.6%

¥ 2.z deAgydd o Ao

T Jx 1 olF HHoER AT AFE
gtotat= Ho| 7hg .

2 do dPolde T AHAA 60789
% 168719 AFdlolHE 19914958 19954
7t o] &8kt

AdAdA AA AT e A=

ARAEE FE7] do MFE s,

T A7) 22
EES
F5A
34 9
F4 BAAEYd 0 E
FdEd AfdF
@l e 2] %) A7) AEn &
w12/ 4773
dEEF 2d A @858
254 A R R
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WMol s & 168749 A F-dlo]E 9
A AL HETHY dEez 6742 Fa
Moo dAA WY, aF2Z-des
(Kruskal-Wallice) A&, d¥ #AEA F9
EAA wo] o3 10712 ZAAFHG.

HZE He HMgsd $F9 ¥ 33 o
olE dolHe AVIEZAFAE UG ¥4H
18 AwstAlF oo ot ® 49 #2
geivg 2 FEAZG.

of ofsta] Aeojsf BH R 59 g},

1995 1991-95

oA order
-ing -ing

tuning { order |tuning

&34 | 1,000 | 50,000 | 1,000 {50,000

HzxoEE& | 0.05 0.02 | 0.05 | 0.02

TN 8 2 8 2

0.355655 0.902112

® 4. A712A3AE ABF FoH
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k= %*35‘]5%‘ FT&d dge 14 37
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<3 | 9 54
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< 44

G 3 254, AL 2%, o
71 A5 Tt
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X5 7 239 54

APHFEA(91-95)2 A& HF 8 FTES
2 Bxat @ A 2 3sRARE 67 71
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of 2oy ofale} T 49 B A|HF
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