T2
#2058 2%
2007 118 15

g 4] ol Eoll dfdt Extreme £3E9] A&
7Fs Aol Bslod*

*%
7 A

On the Applicability of the Extreme Distributions
to Korean Stock Returns*
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— Abstract W

Weekly minima of daily log returns of Korean composite stock price index 200 and its five industry-based business
divisions over the period from January 1990 to December 2005 are fitted using two biock-based extreme distributions :
Generalized Extreme Value (GEV) and Generalized Logistic (GLO). Parameters are estimated using the probability
weighted moments. Applicability of two distributions is investigated using the Monte Carlo simulation based empirical
p-values of Anderson Darling test. Our empirical results indicate that both the GLO and GEV models seem to be com-
parably applicable to the weekly minima. These findings are against the evidences in Gettinby et al. {71, who claimed
that the GEV model was not valid in many cases, and supported the significant superiority of the GLO model.
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1. Introduction

Modeling the extreme loss of returns on the
stock markets has been a particular interest to
many academic authors as well as to the mar-
ket practitioners due to its critical impact to
the whole capital markets. In the beginning,
normal distributions were applied for modeling
the extreme losses. However, the failures of
the normal distribution assumption have been
reported in many papers, and the direct ex-
treme distribution based modeling has been
suggested. Furthermore, the extreme distribu-
tions have been applied to the value at risk
(VaR) computation (De Vries and Danielsson
[4D). Login [16, 17] suggested applying a Fre-
chet distribution to modeling the extreme stock
returns in US refuting the normal assumption.
Nam and Kim [18] showed invalidity of ap-
plying the normal distribution assumption to
measuring the VaR for the Korean composite
stock price index (KOSPI) 200. Similar study
was in Gettinby et al. [7]. They considered se-
veral distributions such as normal, Frechet,
Gumbel, Weibull, Generalized Pareto (GP), Ge-
neralized Extreme Value (GEV), and Genera-
lized Logistic (GLO) in modeling some extre-
me values on US, UK, and Japan stock mar-
kets. Using the Anderson Darling test, they
selected the GEV and GLO models among the
aforementioned distributions as available dis-
tributions. In particular, they advocated the GLO
distribution, which provided apparently better
fitness than the GEV distribution in most fi-
nancial dynamics.

Motivated by Gettinby et al. [7], we inves-
tigate the applicability of two generalized ex-
treme distributions ; the GEV and GLO to the

weekly minima of the KOSPI 200 and its five
industry-based business divisions. Considered
period is ranged from January 1990 to Decem-
ber 2005. Due to significant increments of va—
riances of the underlying dynamics since Inter—
national Monetary Funds (IMF) aids to the
Korean government in the middle of 1997, we
analyzed two sub-periods separately ; before the
aid and after that. In order to catch the detai-
led tail behavior in the extreme distributions,
the quantile estimates are also provided at the
end of the paper. According to Gettinby et al.
{71, the GEV model is not valid in many cases
and the GLO provided significantly better fits
than the GEV on the whole. On the other
hand, our empirical results indicated that both
models appear to be comparably applicable to
the KOSPI 200 over the considered periods.
Some reason for the different results will be
mentioned in the main text.

Our paper and the article by Gettinby et al.
[7] seem to be similar in the sense that the
probability weighted moment (PWM) techni-
que and the Anderson Darling test are applied
m the main analysis. However, our paper is
mainly different from Gettinby et al. [7] in the
following two aspects. First, we clearly ex—
plained our estimation procedures step by step.
We transformed the original weekly minima
into maxima via the sign switch. Then, we
apply the GEV and GLO distributions to the
sign transformed data in order to obtain the
PWM based parameter estimators. Second, we
directly compute the empirical p-values of the
Anderson Darling test statistics via Monte Ca-
rlo simulation studies. Through this approach,
we show that the applicability of the afore-

mentioned extreme models to the considered
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data sets can be investigated without using a
well-made test table. Meanwhile, Gettinby et
al. [7] did not clearly detail their estimation
procedures. As an undesirable result, some ina-
ppropriate parameter estimates were obtained
in their paper. Furthermore, they applied the
Anderson Darling test table made by Ahmad
f11, which is not easy to access.

The rest of the paper is organized as fol-
lows. In Section 2, two block-based extreme
distributions and their parameter estimation me-
thod are described. The Anderson Darling test
and its general decision rule using the p-val-
ue is briefly explained in Section 3. The wee-
kly minima of the KOSPI 200 and its indu-
stry-based business divisions are considered
to fit two extreme distributions in Section 4,
where their applicability is investigated using
the empirical p-value of Anderson Darling test.
Some quantile values are also computed and
compared in various business divisions. Some

concluding remarks are given in Section 5.

2. Block-based Extreme
Distributions

Maximum or minimum values in time ser-
ies can be defined by two approaches ; block
and threshold. Examples for the block-based
approach are a collection of daily maximum
values, a set of weekly minimum values, etc.
Threshold-based one includes sets of bigger
(smaller) values above (below) some cut-off
point. The GEV distribution has been popular
for modeling the first type, while the GP dis-
tribution has been useful for modeling the se-
cond one (Hosking and Wallis [11], Gilli and
Kellezi [8]). Later, the GLO was suggested as

an alternative to the GEV in case of left fat-
ter tailed processes by Robson and Reed [20].
Since we are interested in modeling the first
type, the GEV and GLO distributions are ex-
plained in this section. Note that we are con-
sidering the weekly minima, where the week
works as a block.

Jenkinson [14] introduced the GEV distri-
bution for the maxima. Its cumulative distri-

bution function (cdf) is
F(z)=expl~ {1-q(z—oy )/(12}1/%] , ay #0,

where « is bounded as o, +oy/ay <z <00 if o
<0 and as —oo <z <o top/ay if o5 >0, Para-
meters, a;, o, and a, are referred to the loca-
tion, scale, and shape, respectively. The GEV
is a generalized version for three types of li-
miting distributions of maximum values ; Gum-
bel, Frechet, and Weibull. Three distributions
are characterized by the shape parameter, «,
=0, o, <0, and «, >0, respectively. According
to Fisher and Tippett [6], asymptotic distri-
butions of maximum values belong to one of
three distributions above. Regarding the mini-
mum values, the sign transformation is reque-
sted to fit the GEV model (Ferguson, [5], Ch.
14). On the other hand, the inverse distribu-
tion function of the GEV distribution is :

F) il g, 00 1)

Using this function, the qunatiles are computed.
Note that the g-quantile is z(g), where P(X <
z(¢)) =¢q and 0v<q<1.

The cdf of GLO is as follows :

ey
F(z):l/m{kﬁ(zw])] ], 0, =0

Qg
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Again, z is bounded as & +a,/0; <z <0 if o
<0 and as —w <z <o, +a,fa, if oy >0. Under
oy =0, this distribution reduces to a logistic dis-
tribution. Parameters, o, o,, and o, represent
the location, scale, and shape, respectively. Note
that the GLO model above is built on the ma-
ximum values. Regarding the minimum values,
a negative sign transformation is necessary to
fit the GLO model. The quantile of the GLO
distribution is obtained from the following in-

verse distribution function :
2(F) =0, o, [(1-{1-F)/F}*"Va,, =0 (2)

The PWM method was introduced by Green-
wood et al. (9] as a parameter estimation me-
thod for extreme distributions. The maximum
likelihood estimator (MLE) approach is its co-
unferpart, and was studied in Prescott and
Walden [19]. Since the MLE is derived based
on the large sample theory, its performance in
small or moderate sample sizes were not sa-
tisfactory. Furthermore, it is reported that the
MLE sometimes does not have the local max-
imum of log likelihood in practice (Hosking et
al,, [12]). On the other hand, the PWM pro-
vided superiority in small sample properties
(Landwehr et al. [15] and Hosking et al. [12]).
However, the week point of the PWM in GEV
and GP parameter estimation is that it is ava-
ilable only when the shape parameter is loca-
ted between -0.5 and 0.5 (Hosking and Wallis
[13] and Hosking et al. [12]). Even though the
shape parameter is located within this range,
its estimation accuracy is reduced as the shape
parameter approaches to the boundary values.
In case that the shape parameter exists outside
the range, the MLE can be considered as an
alternative. Some details for the PWM are ex-

plained in the followings.
The rth PWM of a random variable X with

‘ cdf F(X) is defined as

b =E[X{F(X)}Y], r=0,1,-- 3)

Hosking et al. [12] estimated (3) by & = =3
i=

p.x;), where p,, is a plotting position and
z;) Is an ordered sample. A plotting position
is usually applied as a graphical distribution-
free cdf estimator. According to some literature,
its reasonable choice is known to depend on
the underlying distribution. One choice is

itk
Pin = n+v’

v>kr>—1 4)

Hosking et al. [12] and Hosking and Wallis [13]
suggested p,, = (i—0.35)/n for the GEV and GP.
Cunnane [2] and Harter [10] also suggested
several choices for the plotting position. In par-
ticular, Gettinby et al. {7] estimated the GEV
and GLO distributions using a plotting posi-
tion with n={ n(n—1) —(n+1)}/2 and v=1+
2« in (4). For the parallel comparison purpose
with the results in Gettinby et al. [7], we ap-
plied their version to the Anderson-Darling
test application in this paper.

The PWM estimators for various distribu-
tions including the GEV and GLO were stud-
ied in Hosking [11]. Hosking [11] showed some
relationships between the L-moments and the
PWM such as 6, =b,, 6, =2b, —b,, 6, =6b, —6b,
+b,, where 6,, ¢,, and 6, are first, second, and
third L-moments, respectively. The correspon-
ding L.-moments estimators 6,, 6,, and 6, can
be obtained by replacing b, with 5. For the
GEV distribution, parameters can be estima-
ted from the followings :
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2=2/(3+6,/6,)~log 2/log 3

0y~ T.85902 + 2.95542

Using the same approach, parameters for the
GLO distribution can be sequentially estima-
ted as follows :

ay==0,/0,,

ay=0,/T(1+a )l (1-ay)

o =0,+ 0, ) /ay
Note that the PWM methods here are built on
the maximum series since the underlying ex-
treme models are based on maxima. Regard-

ing the minimum series, the sign transforma-

tion is requested to apply the methods above.

3. Anderson Darling Test

When a continuous cdf and its parameter(s)
are completely specified as £, the hypothesis
of the goodness of fit test is built as follows :

Hy:F=F, vS. H :F#F,

where F is the cdf for the population. Several
empirical distribution function (edf) based tests ;

Kolmogorov-Smirnov, Cramer-von Mises, and

Anderson-Darling were considered for this
goodness of fit test. Among these, the Ander-
son-Darling has been popular due to its sen-
sitive detection of departures in the tail of #,.
Its stronger power over the other edf based tests
was investigated in Stephens [21] and I'’Agno-
stino and Stephens [3]. In particular, Stephens
[22] applied this test statistic to the extreme
value distribution case.

In practice, the Anderson-Darling test sta-

tistic is computed as follows :

Al= _n_%i(gi—l){log(Fo(m(i)))

i=1

Hlog(1—Fylag, - )}, i=1,2n,

where z;, is the ith order statistic and = is
the sample size. If 4% > A2, the null hypoth-
esis is rejected at the significance level o, whe-
re a=P(A*>A?). A usually suggested crite-
rion for the evaluation of fit using the p-val-

ue {p) is as follows:

o If p > 0.2, then it is an “excellent fit” of the
H, distribution.

oIf 0.1 < p < 0.2, then it is a “good fit” of
the #, distribution.

o 1f Q05 < p < 0.1, then it is a “moderately
good fit” of the #, distribution.

o If 0.01 < p < 0.05, then it is a “poor fit” of
the #, distribution.

o If p < 0.01, then it is an “unacceptable fit”
of the H, distribution.

In this paper, the empirical p-values for the
observed Anderson-Darling test statistic are
computed using Monte Carlo simulation studies.
More specific procedures are explained in the

next section.

4. Empirical Results

In this section, we apply two extreme distri-
butions to the weekly minima of daily log re-
turns of KOSPI 200 and its five industry—-ba-
sed business divisions such as manufacturing,
electronics and communications, construction,

service, and banking. The daily log returns are
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obtained as follows :
xi :10g(17i/p,-_1), 1= 17 27 sy n,

where p, is a daily released price index. Particu-
larly, the daily ending prices of the underlying
series are considered. Such data sets are released
from the Korea Exchange. The KOSPI 200 is an
index of a portfolio, which is composed of 200
companies. This is categorized into five in-
dustry-based business divisions mentioned
above. Over the period ranged from January 1990
to December 2005, we obtained the minimum
values for each week, ie, weekly minima. After
that, we considered separating the whole period
into two sub-periods based on a cut-off point
when the Korean government asked for the
IMF remedy. From this point ; October 24,

1997, the abrupt increments of variances are

o

A

documented. Nam and Kim [18] also commented
that there have been significant increments in
the variance magnitude since that. <Figure 1>
verifies such changes in the weekly minima of
daily log returns of KOSPI 200. These phenom-
ena lead the whole process to non stationary series.
Therefore, modeling the underlying process
during the whole period does not seem to be ap-
propriate. To avoid such situation, we basically
analyze two sub periods separately. As is to be
shown later, the extreme distribution modeling
crossing two does not prdvide better fit than the
modeling separating two periods.

First, two sub-periods (before the IMF reme-
dy and after that) are considered separately.
Total numbers of observations for the weekly
minima before and after the bailout are 408 and
428, respectively. By multiplying a negative uni-

Weekly minima of KOSPI 200

0.04 T T T

0.02f

)
-0.08 | T
-01F -
-—— Before IMF remedy  —
0.12 | -J
~+——  After IMF remedy — -
014 1 1 1 i 1 B L 1
0 100 200 300 400 500 600 700 800 S0a
Time based observations
<Figure 1> Weekly minima of daily log returns of KOSPI 200 ranged from January 1990 to

December 2005. There have been significant increments in the variance since
October 24, 1997 (starting point of the IMF remedy)
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ty, the minima were transformed into maxima.
Two extreme distributions were applied to these
sign transformed values. Using the PWM meth-
od, parameters of two distributions were es-
timated. The observed Anderson Darling test
statistics were computed from the sign trans-
formed data sets. Using these parameter esti-
mates for each set of data, the Anderson Darling
test statistics were generated 5,000 times. From
the distribution built with these 5,000 test sta-
tistics, the empirical p-value can be computed
using the observed test statistic. <Table 1> and
<Table 2> provide the GEV and GLO model fits,
respectively. In the tables, ‘bf’ and ‘at’ imply be-
fore and after the IMF remedy, respectively. As
mentioned, for the validness of the PWM appli-
cation, we need to check if the shape parameter
is located between -0.5 and 0.5. All the docu-

mented shape parameter estimates were very

within the range. According to the documented
empirical p-values, both models seem to be ap-
propriate in the weekly minima. Using the crite—
rion for the evaluation of fit introduced in
Section 3, we can conclude that most of them
provide the excellent fits in both GLO and GEV
models except for some cases. The weekly min-
ima of electronic industry stock returns provided
just good fits in the GLO fits of before the IMF
aids and the GEV fits of after the IMF help. The
weekly minima of bank industry provided only
a moderately good fit in the GEV fits of before
the IMF bailout. Overall, both GEV and GLO
modeling seem to be applicable in the sense of
providing appropriate p-values in the Ander-
son-Darling test.

These results are against the evidences in
Gettinby et al. 17). According to them, the signi-
ficantly better fits were recorded in the GLO

(Table 1> The PWM based parameter estimates and observed Anderson Darling test statistics (A2) for
the GEV distribution with application to the sign transformed weekly minima of KOSPI 200 and
its industry-based business divisions. Here ‘Kospi’, ‘Man’, ‘Elect’, ‘Const’, ‘Serv’, and ‘Bank’
imply the KOSPI 200, manufacturing, electronics and communications, construction, service, and
banking divisions. The p-values were empirically computed through Monte Carlo simulation of
5,000 iterations. The whole period is divided into two intervals, before the IMF remedy (from
January 1990 to October 1997) and after that (from October 1997 to December 2005). Here ‘bf
and ‘at’ imply before and after, respectively

GEV Type location Scale shape A2 p-value
week Kospi 0.010 0.008 0.08 1.119 0.29%
(bf) Man 0.010 0.008 0.077 1.376 0.209
Elect 0.013 0.010 0112 0.900 0.405
Const 0.013 0.011 0126 1.029 0.33%
Serv 0012 0.000 0.110 1139 0.263
Bank 0015 0.009 0.067 2.187 0073
week Kospi 0.015 0.017 0.041 0.605 0.643
(at) Man 0.015 0.017 0.010 0.366 0.882
Elect 0.017 0.016 -0.056 1.666 0.138
Const 0.020 0.022 0.023 1.368 0.218
Serv 0.017 0.018 -0.038 0541 0.6%
Bank 0.020 0.021 0.04 0.452 0.793
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(Table 2> The PWM based parameter estimates and observed Anderson Darling test statistics (A2) for the
GLO distribution with application to the sign transformed weekly minima of KOSPI 200 and its
industry-based business divisions, Here ‘Kospi’, ‘Man', ‘Elect’, ‘Const’, ‘Serv’, and ‘Bank’ imply
the KOSPI 200, manufacturing, electronics and communications, construction, service, and ban-
king divisions. The p-values were empirically computed through Monte Carlo simulation of 5,000
iterations. The whole period is divided into two intervals, before the IMF remedy (from January
1990 to October 1997) and after that (from October 1997 to December 2005). Here ‘bf and ‘at’

imply before and after, respectively

GLO type location scale shape A2 p-value
week Kospi 0.013 0.005 -0.117 0544 0.707
(bf) Man 0.013 0.006 -0.122 0.605 0632
Elect 0.017 0.006 -0.101 0.897 0.109
Const 0.017 0.007 -0.092 1.018 0.346
Serv 0.015 0.006 -0.102 0.700 0556
Bank 0.018 0.006 -0.128 1.298 0.556
week Kospi 0.021 0.011 -0.144 1.039 0.343
(at) Man 0.022 0.011 -0.164 0.994 0.351
Elect 0.023 0.011 -0.206 1.015 0.3%
Const 0.029 0.014 -0.156 0.743 0530
Serv 0.024 0.0{2 -0.194 0.893 0.405
Bank 0.028 0.014 -0.136 0.624 0629

model than in the GEV on the whole. Further-
more, the GEV model was not valid by doc~
umenting poor fits and unacceptable fits in many
cases. Regarding the different results, we care—
fully investigated some possible reasons, and
found some parameter estimation problems in
Gettinby et al. [7]. If we look into the shape pa-
rameter estimates for the GEV model in <Table
2> of Gettinby et al. [7], most of them are out-
side the range between -0.5 and 0.5 or are near
the boundary values. Since Gettinby et al. [7]
also used the PWM method, the shape parame-
ter estimates should exist within the range in
both theory and practice for the valid appli-
cation. Searching for some possible reasons for
these, we found that these results can appear
when the raw minimum data are directly used
to the GEV distribution. As mentioned, the min-

ima are requested to have the sign trans-

formation to fit the GEV or GLO models. As a
pilot experiment, we applied the GEV model to
our weekly minima without the sign trans-
formation, and examined the outcomes. Intere-
stingly, similar results from Gettinby et al. [7]
were obtained. The shape parameter estimates
were near the boundary values or outside the
range between -05 and 0.5. If their estimation
procedures were like above, their conclusion that
the GLO model significantly outperforms the
GEV model on the considered financial markets
appears to be problematic.

Next, we considered modeling the weekly
minima during the period crossing the cut-off
point, the IMF bailout timing. Since we have
significant changes in volatility of the dynamics
in the middle of this period, an extreme dis-
tribution modeling with some regime switching

may be recommended in this particular case.
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However, that is beyond the scope of this paper.
Some related studies will be considered in other
places. In this paper, by simply modeling the dy-
namics without a regime switching factor for
this kind of period, we will just show the re-
duced goodness of fit. In order to carry out par-
allel comparison with the previous two sub—pe-
riods analysis, we consider the similar number
of observations like 400 from December 25, 1993
to August 18, 2001 ; 200 observations before the
IMF remedy and another 200 observations after
that. Note that the larger sample size can lead
to the bigger power in the Anderson-Darling
test, which may cause a distortion in the inter-
pretation of the test results. Same approach used
in two sub-periods analysis was applied here.
Some results are in <Table 3>. According to
<Table 3>, the weekly minima of KOSPI 200

returns in both GEV and GLO models still pro-
vided excellent fits documenting bigger than 0.2
p-values. The weekly minima of electronic bu-
siness returns in the GLO model also showed
excellent fits. However, the degrees of fitness
in these dynamics were significantly reduced
from the values in <Table 1> and <Table 2>.
Similar results were observed in other stock
returns. Most of all, the weekly minima of the
banking industry provided poor fits in both GEV
and GLO models. These results imply the decre—
ments of goodness of fit under the existence of
volatility change factors, and confirm the neces-
sity of some model including regime switching
factors.

Concluding this section, we investigated the
0.01 and 0.05 quantiles of the weekly minimum
returns for the GEV and GLO models over two

{Table 3> The PWM based parameter estimates and observed Anderson Darling test statistics (A2) for
the GEV and GLO distributions with application to the sign transformed weekly minima of
KOSPI 200 and its industry-based business divisions. Here ‘Kospi’, ‘Man’, ‘Elect’, ‘Const’, ‘Serv’,
and ‘Bank’ imply the KOSPI 200, manufacturing, electronics and communications, construction,
service, and banking divisions. The p-values were empirically computed through Monte Carlo
simulation of 5,000 iterations. The implemented period is ranged from December 25, 1993 to

August 18, 2001.

GEV type location Scale shape A2 p-value
week Kospi 0.013 0.014 -0.065 1.390 0214
(cross) Man 0.013 0.014 -0.086 1.706 0132
Elect 0.017 0.016 -0.066 1538 0.165
Const 0.018 0.019 -0.064 3618 0.015
Serv 0.016 0.015 -0.137 2089 0.075
Bank 0.019 0.018 -0.054 2524 0.043

GLO type location Scale shape A2 p-value
week Kospi 0.019 0.009 -0.212 1.310 0225
(cross) Man 0.019 0.010 -0.226 1562 0.159
Elect 0.023 0.011 -0.213 1161 0.274
Const 0.025 0.013 -0.211 2145 0.076
Serv 0.022 0.011 -0.261 2.093 0.081
Bank 0.026 0.012 ~-0.205 2625 0.043
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sub-periods. Hosking et al. [12] compared the
quantile estimates based on the PWM and MLE
through simulation studies. According to them,
the MLE quantile estimators have smaller var-
iance than the PWM estimators, but provide rel-
atively large biases. Although the MLE is sli-
ghtly more efficient than the PWM, the magni-
tude of biases of the MLE is not negligible in
some cases. They also pointed out the impor-
tance of plotting position selection in the PWM
quantile estimation, and suggested applying
p;., =(i—0.35)/n. Following them, we obtained
the PWM estimates using this plotting position.
We applied the PWM estimates to the quantile
equation (1) and equation (2). By plugging 0.99
and 0.95 into the equation (1) and equation (2)
for the GEV and GLO, we obtained 099 and 0.95
quantiles for the sign transformed values. In or-
der to obtain the quantiles for the original mini-
ma, we made the sign transformation again,
which lead to the corresponding 0.01 and 0.05
quantiles of the weekly minima. <Table 4> sum-—
marizes the results. Throughout the studies, the
0.01 quantile values for the GLO model were

smaller than those of the GEV model. Mean-
while, such systematic pattern did not appear in
the 0.05 quantile values. From the obtained quan-—
tile values, we could compare the industry-
based business divisions’ weekly minima pat-
terns in the tail areas. Overall, the construction
industry showed the smallest 0.01 and 0.05 quan-
tile values among the industry-based business
divisions after the IMF remedy. This implies
that the construction business is likely to pro-
vide more extreme weekly minima of returns
than other industry'baséd business divisions
after the IMF bailouts. The banking and service
industries followed the construction business.
The KOSPI 200, a portfolio index of these in-
dustry divisions indicated relatively bigger 0.01
and 0.05 quantile values leading to less extreme
weekly minima of returns than other individual
industries. Finally, to make a complete analysis,
we also considered computing the PWM quan-
tile estimators using the plotting position by
Gettinby et al. [7], and compared the outputs.
In most cases, the observed differences in two

PWM quantile estimators were negligible. Due

{Table 4> Estimates of 0.01 and 0.05 quantiles of weekly minimum returns for the GEV and GLO models
over some time periods. Here ‘Kospi’, ‘Man’, ‘Elect’, ‘Const’, ‘Serv’, and ‘Bank’ imply the KOSP
200, manufacturing, electronics and communications, construction, service, and banking divisions.
The of" and ‘at” imply the before the IMF remedy and after the IMF remedy, respectively.

Kospi Man Elect Const Serv Bank
GEV week (bf) -4.16% -4.17% -489% -5.14% -454% -5.34%
(00D week (at) | -861% -9.33% -10.27% -11.93% -11.22% -10.92%
GEV week (bf) -3.14% -3.12% -3.71% -397% -349% -4.04%
(0.05) week (at) -6.15% -6.51% -6.86% -8.43% -7.54% -7.90%
GLO week (bf) -4.48% -4.47% -5.24% -555% -4.86% -5.74%
(0.01) week (at) -9.29% -9.97% -10.82% -12.77% -11.87% -11.74%
GLO week (bf) -311% -3.08% -372% -3.94% -3.44% -4.02%
(0.05) week (at) -6.09% -6.40% -6.72% -8.30% -7.39% -7.80%
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to the negligible differences in most places, we
do not report the details here.

5. Conclusion

In this paper, we have investigated the applic-
ability of two extreme distributions, the GEV
and GLO to the weekly minima of the KOSPI
200 and its five industry-based business
divisions. Due to the existence of a significant
variance change in the middle of concerned peri-
od, we carried out the analyses after dividing
the period into two sub-periods. Our empirical
results indicated that both the GEV and GLO
models seem to be comparably applicable to the
underlying weekly minima series. These results
are against the evidences in Gettinby et al. [7],
who claimed the invalidity of GEV models in
many cases. Regarding their results, we have
pointed out some possible parameter estimation
problems.

We also considered extreme distribution mo-
deling over the period with significant vola-
tility changes. Significantly reduced goodness
of fits including poor fits in the Anderson-
Darling test were documented in this analysis.
These outcomes imply that some new models
including regime switching factors need to be
developed to increase the model fitness accu-
racy. Such studies will be interesting, and
some works will be done in other places.

Furthermore, we investigated the tail beha-
viors of the weekly minima of returns in var-
ious industry-based business divisions using
the 0.01 and 0.05 quantile values. Among the
five industry-based business divisions, the
construction industry provided the most ex-
treme minima of returns in the 0.01 and 0.05

quantile values after the IMF aids. This im-
plies that the construction industry is likely to
provide more extreme minima than other in-
dustry business sectors after the IMF bai-
louts. The banking and service industries fol-
lowed the construction field.
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