Vol.7 No.5

2004 10 JOURNAL OF MANA GEMENT SCIENCES IN CHINA Oct. 2004
GARCH SV VaR
( , 300072)
VaR , VaR
CGARCH S/ , S/ . S/
VaR , GARCH , S/
VaR ,VaR
: VaR; ; GARCH Y
: F830.91 A : 1007 - 9807 (2004) 05 - 0061 - 06
O H
. Harvey AT Kim™!
0 <Y, GARCH :
S/
,VaR (vaue at risk) o \
1 y S\/
VaR CGARCH
VaR ,
VaR
VaR.
& LY, GARCH
VaR s
(WTN) Y, VaR
] . ’ y VaR;
,GARCH
VaR , EGARCH
2 4
varl? * , GARCH 1 VaR
1 Va.R 1
Y
) ) . VaR
: 2004- 02- 24.

: 2002- 07- 05;
; (70171001) .
(1978 5 , .



— 62 — 2004 10
, {n¢ {h} a B . ® N
P{R >- VOR} =1-0 ()] Ch . Vi =R- R,h =
R t a logo3.0% w , R= 0,
VOR, t « VaR, v=RO2 R
, VOR : Y, ’
SV . ,
' , SV
R| lei NME 09 2 : (Qvm)
I 1 , Durbin  Koopman
U, + VOR (Mavo) 1, :
o, = Ui.a (3 -
Usa 1-0 (@) sy
(3 , ap
VOR, = - U + Upd0, (4 oF ,
,VOR, O, . @) :
log 5 = h; + log€ ? (9)
1 Y, = log V%, % = h & = loge 2,
—CGARCH & (9) (8)
’ ’ Y = X +&, (10)
vaRr X =0 +BXc1+0, (12)
2 GARCH SV . o B o) |
VOR; .
SV GARCH
Yo N9 (5) _— @
oF v t-1 VaR
O-t2
0t2:w+q t-1+&52t-1 (6) 3
(5 (6) GARCH(1,1)
02 .
, GARCH(1,1)
. , GARCH(1.1) SV CGARCH VaR
wafp (6)
Yo Oo
"y “ ”
_ht ’
Vi =€©2,€, nid(0,1) (7 K 0y
he =0 +Bh.1 +N¢, Ny nid(00H  (8) _ GARCH ,
{e , 1 GARCH(1,1) K O

un ; o?



5 : GARCH sV VaR — 63 —
1- Xt , Y, VaR
b G _ M + A 12
PTo3(1-kgh (12)
Harvey!®! v
; SY K 4 N
o)
1/31 ) Co 3 VaR
o Ka - Ky -
ch -~ KS/ -1 ]B - 3(KS/ _ 1)'3 (13)
(12) (13) 1 2 4.1
2 1992 - 05 - 21 —2001 - 12 -
31 , R =log P - log
Pi.1 , 2 367 , P
t 1
1
Table.1 Satidicd characteridics o returns ratio for Shangha stock merket
nﬂ I(]..(;f: l;;2l [.];é (I]124l|- l[).'f*E) lﬂjS.Ei.[]l.‘I.-n. = JB
A6€F R 0.00010175 0.029095 1.3424 15.472 24320
,S( ) =0K( ) =3,
1 GARCH K-ACF1 JB= X2(2) 1
Fig. 1 Relationship betweenk and ACFL on the GRACH nodel . '
40 X?(2
3 “
« 20 ——a \ , , VaR ,
—a—h
—t
10 v
ol S 4.2
0 004008 0.12 0.163.200.24 0.28
ACF | ! S\/
, GARCH(1,1)
2 v K-ACFL , Matlab
Fig.2 Relationship betweenK and ACF;on the SV nodel
1 ao +fB = 0.98:ba +B = 0.%; GARCH
oo +B =0.9. 2 @B =0.9;b)B =0.95;cP = Vi €0,
0.98. ACFL @y 0.3 02 = 6.54E - 6+0.157 04y} + 0.8 160, 1
, K , (O] 6.2 @19 (aLEm)
., ®, 0% K 10. 2 S »
=€
ACR (003, K 33 ARCH ): teot 217 372 + 0.972 861h
;= - U + 0. -1+ 1Ny
K , (O 0.3 K (a1 1655261
1 ,ACR (004, K N¢= N(0,0.286 3707
(2.05,19). SV CGARCH (512.79)
“ 4.3 VaR,
” ] 0!
; { v} Hi
K o, . . M 0. 000 101 75,
Y GARCH U = 1.65, 4,




— 64 — 2004 10

d, 9%5% VaR - 0.040 062, sV
VOR; = - 0.000 101 75 + 1.650, (14) : 2002 - 01 - 01
GARCH SV , - 0.037 441.
1992 - 05- 21 2001- 12- 31
{04, (14
{Vary} , )
' 2 VaR 3 0 1996 1997 1998
2001 - 12 - 31, GARCH VaR
0.040 062, ,2002- 01 - 01 Fig.3 Resunssof VaR for Gc\Rc:::d SV models
2 GARCH SV VaR
Table 2 Resultsof VaR based on GARCH and SV nodels
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1997 - 02 - 17 0. 029 669 0.053 904 2001 - 12- 25 0.040 702 0. 038 637
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Comparison of VaR based on GARCH and SV modd s

YU Su-hong, ZHANG Shi-ying, SONG Jun
School of Management , Tianjin Univerdty , Tianjin 300072, China

Abgrct : This paper reviews the concept and the calculating method of Vaue at Risk(VaR) and pointsout the imr
portance of predicting the volatility of market factor for calculating VaR. Gonmpared with GARCH noddl's, SV nodd
i's superior to describe the charactersof financial market. A SV noded is used to define the volatility which is needed
to edimate VaR. The experimental research manifeg that the SV nmodd predicts the volatility of merket return per
fectly and the following VaR reflect the risk level of Chinese dock market properly.

Key words: VaR; market factor; GARCH nodd ; S/ nodd

( 5 )

while how to salect gppropriate benchmerk isthe bottleneck of this method. Aiming at this problem, this paper dis
cusses how to collect and andyze the characterigics of supply chainswith dendty- based clugering mining techrolo-
gy, D that it can provide decison support to conpare and inprove supply chain performance with benchmarking. In
the gpproach , firdly , the index vaues of supply chain performance are sandardized. Then, they are classfied by
dengty- based clustering techrology (improved K-average clugtering method) . After the andyssof each cluger , the
problem of benchmark selectionis olved. Fndly, a numerical exaple is diven to illugrate the proposed gpproach.
Key words: SCM ; performance assesament ; benchmarking; densty-based clustering method ; data mining



