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1. Introduction
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In recent vears, a string of financial failures resulted from inappropriate*x\\‘\

overwhelming speculation on derivatives and lack of sufficient internal controls have

A A1
raised considerable concern of market risks among regulators, financial institutions, AN e e
financial analyst and other participants jn the financial markets. For example, in A q
’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’ > - Aai

December 1994, Orange County in U.S. had suffered a ever recoded loss of US$1.6
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millions attributed to the unsupervised investment of its treasurer in derivatives
securities. In February 1995, a U. K. merchant bank, Barings, was forced into

insolvency as a result of huge losses of US$1.3 billions on its trading in Nikkie stock

index future in Japan. In September 1995, a similar incident took place at New York

branch of Daiwa Bank resulted from futures trading. In 1997, Eastern Europe and

Asila also encountered considerable currency and financial market wvolatility, Thls_

volatility was further magnified throughout 1998 with large losses on Russian bonds

as the Russia’s ruble depreciated and the price of Russian bonds collapsed. That

volatility had forced many large U.S. banks to write off hundred millions of dollars
losses on holding Russian government securities.

In response to the above financial disasters, Bank of International Settlement, (BIS)

mstitutions from over risk-taking. Subsequently, BIS encourages financial institutions
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to develop more sophisticated tailor-made model of measuring risks in Basel accord IT

2006, The market risk is commonly refereed as value change resulting from a change

in price, interest rate, market volatility and market ligmdity. It can be formally deﬁned

as value at risk (VaR) which measures the expected maximum loss (or worst loss)

over a target horizon within a given confidence interval. The methods to estimate the

VaR can be categorized into parametric and non-parametric. Initially, the most popular

model was Riskmetric developed by J. P. Morgan Stanley 1994 because of easy use.

This traditional variance-covariance-based VaR meodel, however, fails to account for

two important natures of return series: stochastic volatility and fat-tail distribution.

More specifically, the traditional method 1s focused on the confidence interval rather

than tail probability of financial return series. Financial literature has well

documented that return series in the financial markets are stochastic and fat-tail

distributed in nature (Bollerslev ,1986, 1992 Diebold, 2000). In fact, risk managers .-
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are _more concerned with the tail behaviors of market returns. Mathematically { A4 Q& 2w A AF
Extreme Value theory (EVT) approach holds promise for more accurate capturing the
extreme quintiles and tail probabilities of financial return series. Nevertheless
traditional EVT techniques assume that finical asset return is iid and hence fails to - (44 38 % 5. 4%
account for the other behavior of the asset return series, dyvnamic clustering of
asymmetric stochastic volatility (Iiebold et al., 2000; McNeil et al. , 2000). On the /"{’Lhﬂ%: 1999
other hand, ARCH/GARCH family models are well recognized as a successful k\"*{/ﬂé} 9le: zm A RE
method 1n capturing the stochastic volatility (Bollerslev ,1986, 1992: Nelson, 1991;
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Koutmos et al. 1995) After the pioneer work of McNeil (1997, 1998, 2000) in the .-

finical risk management, the EVT-based dynamic GARCH model has evolved as a
preferred approach in the estimation of VaR (McNeil, 2000, Longin, 2000, Bystrom




2004; Gencay et al.. 2004:Fernandez, 2005). Yet, previous works ignore the possible .| 441 2: -
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correlation between the financial asset return and trading volume. Numerous financial

studies have well documented this important relationship. Clark (1973) and Epps and { B I = e ]
Epps (1978) suggested that trading volume 1s a good proxy for information armval {"1&] Ve 28 W AE J
. . .. A2 91 8-1 22 Times New
from the capital market. The hypothesis has been further supported by empirical Roman, 12 pt, 22 A1l 2p2
evidence; Lamoureux and Lastrapes (1990), Kim and Kon (1994), Andersen {1996) [ A4 Qe sdnT] A = J
Gallo and Pacini (2000) found the same effect for the US stock market; Omran and 227
. . ] 2] 912 =2 Tirnes New
McKenzie (2000) observed this effect for the UK stock market; Bohl and Henke [Raman 12pt, 2 TSl A }
imi i i ."f A 4] 981 =22 Tires New
(2003 reported similar evidence for the Polish stock market. ” [ R 13 1. = R et ]
Ying (1966) was the first to provide strong empirical evidence supporting an - :"" [ A Qe == Tlﬁﬂﬁs New ]
asymmetric relation between trading volume and price-change. By investigating six ] Romn, 12, 28 1 A5
] ] ] ] ] A4 98- 22 Tirnes New
series of daily data from NY SE. Ying made the following conclusions: a small Rornan, 12 pt, =x A RF
trading volume 1s usually accompanied by a fall in price; a large volume 1s usually gl:ja f’l&;ﬁ :LETA‘FF‘;]N%EW ]
accompanied by a nise in price; and a large increase in volume 1s usually A4l 9le: = Tlmﬁs New
. . . . . . . o ; Romau 12pt, 22 A 27
accompanied by either a large rise in price or a large fall in price. This hypothesis is :
Al
also documented by Karpoff (1987) in an extensive survey of research into the { A= 1
. . . . Al Al o]lo.-
relationship between stock_price change and trading volume. Karpoff suggests [Rkiaﬁﬁpr:muﬁﬁéﬁgw J
several reasons why the volume_prnce change relationship is important and provides 4 A4 e é“?é} Tirnes New
”””””””””””””””””””””””””””””””””””””””””””””” | Roman, 12 pt, =& A A&
evidence to support the asymmetric volume—price change hypothesis. His asymmetnc {
''''''''''''''''''''''''''''''''''''''''''' 1-}] J
hypothesis implies that the correlation between volume and price change is positive R
''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''' A Qe T Ni
when the market trend is going up. but that this correlation is negative whenthe {leau”llz oL 2B AT 1
market trend is downwards. This is again important and highlights that we should not "1 2] Q15 2% Times New
'''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''' " Rornan, 12 pt, :"'2‘1 Bz}
simply add a linear exogenous volume term to the mean equation in a GARCH model 1’ . ]
"""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""" ALA
for stock returmns. To capture the possible nonlinearity we will also consider an
’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’’ A2 Qls: = TlmesNew
asymmetric Jinear relationship between price (return) and volume, as can be captured |, " | Romar, 125, 2% 4 75
A4 91L& =2 Tirnes New
by GIR GARCH and EGARCH models. \[me & 2 Tl ]
Departing from traditional work that focused on the contemporaneous relation 4% [Ahﬂ a. J
between return and trading volume. Chordia and Swaminathan (2000) examine the ' Err——
' V- ==. [1Mmes New
causal relationship and the predictive power of trading volume on the short-term "[Rﬂman 12 p, 22 A A% ]
. .. . . 1 o.-
stock return. Their empirical evidence suggests that volume playvs a substantial role [gl:nau”llzﬁ E:LEETAIF e;}}\lgw J
in the dissemination of national market-wide information. In a dynamic context, Lee REP ]
and Rui (2002) utilize the GARCH(1.1) model to investigate the relationship between A0 98 = Tlmes Now J

stock returns and trading volume using the New York, Tokvo and London stock Roman, 121, 22 ) A&

) .. ) } } 2] 98 )
markets. Their empirical results suggest that US .financial market variables, in 14 s EN
particular US trading volume, have extensive predictive power in both the domestic A - J
and cross-country markets. after the 1987 market crash. . ["1 A ... [5] ]
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documented by an extensive study in the derivative literature (Cooper, 1999; Fung [ A e ok ]
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and Patterson 1999 Lee and Swaminanthan, 2000; Besseminder and Seguin, 1992:
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Locke and Savers, 1993; Moosa, Silvapulle and Silvapulle, 2003). In particular, Fun -
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et. al. (1999) utilize Vector autoregressive analysis to examine the relationship of

volatility, volume and market depth, and the direction and speed of the information /| Roman, 12 pt, 22 4 245
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flow between variables in five currency futures markets. The finding suggests that the

return volatility 1s subject to strong reversal effects form trading volume and market

depth. In addition, Moosa et al. (2003) employ a bivariate VAR model and find

“.1?

significant mean level asymmetry in the price—volume relationship for the future /

market in crude oil prices; they did not consider a heteroscedastic model and they

: .1 Ak = .
enforced the threshold variable to be zero. The above findings further enforce our A
belief th il i ftradi | 1 iabl ioh 1 A2l 81 22 Times New
elief that a consideration of trading volume as an explanatory varable might not only Koman, 17 pt
add to the understanding of derivatives market behavior in general but improve the ! [ ;}3’4 %%3 FE S zhr):
} } } . } 4 2R
accuracy in the estimation of market risk in particular. A4 e ou Tl{ﬂﬁs New
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volume improve the accuracy in the estimation of VaR in future markets. Consistent

with our a-priori expectation, our results indicates EVT-based GARCH family VaR

models with volumes, in general, outperform the standard dynamic VaR model and AFA 2 data,
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shed the light on the use of trading volume as determinant of dynamic VaR in Futures S A
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market.
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The remainder of this study proceeds as follows. Section 2 describes the®
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Section 3 presents an evaluation of alternative models via backtestings. The paper
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concludes with a summary analysis of the findings in section 4.
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financial asset returns. They conclude that traditional EVT-based works by Longin
(1997, 2000) and McNeil et al. (1997, 1998) failed to account for the stochastic
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family in a dynamic framework will be provide more accurate estimation on the VaR ' L
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of financial assets, More specifically, McNeil et al. (2000) filter return series via

GARCH model and then utilize a threshold-based EVT technique to estimate VaR in

\| Ab# @ IL Data and
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the extreme return series. Recently, Bystrom (2004) expend McNeil’s study by adding

A A viewing

one extra dimension. the Block Maxima method, to model the tail return distribution
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and generate similar result. Following Byvstrom (2004), we adopt two-stage estimation

procedure to estimate the dynamic VaR. In the first stage, we filters different financial

1.

(
[
[
{
{
-
{
f
{ A1 Seetion 3 discugse
| N
{
[aa
[
(
[
[
[
[
[
[
E

e A A

A g




time series with a GARCH model. More specifically. the study fits a GARCH-type

model to the return data by maximum likelihood. That is, maximize the log-likelihood

function of the sample assuming normal innovations, finally, we consider the

standardized residuals computed in stage 1 to be realizations of a white noise process

and estimate the tails of innovations using EVT. In particular, we extend the previous

work by adding the GJR and EGARCH meodels to account for asymmetric conditional

volatility effect. Furthermore, we formulate the above models adding trading volume

as an explanatory variable in the estimation of Var. The empirical process of this

study is presented in the following subsections.

2.1_GARCH-type models

In the investment literature, there are several different approaches have been

utilized to model financial asset retums. Following the pioneer work of Bollerslev :

(1986, 1992, the GARCH class model has become a superior model in assessing the

stochastic volatility of financial instruments. The most successtul and popular among
the others 1s the GARCH family model with AR-GARCH({1.1) specification {Engle
1982 Bollerslev, 1986; Gerlach et al., 2006). This popularity is also the motivation

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

behind our choice of GARCH as representing a parametric model for filtering stock i‘:
returns. As opposed to the EVT-based models described above., GARCIH models do 5:
not focus directlv on the returns in the tails. Instead. GARCIH models explicitly model L

the conditional volatility as a function of past conditional volatilities and returns.

For simplicity, we adopt standard GARCI(1.1) model to capture the stochastic
return volatility of the underlving assets. The AR-GARCH{1.1) model can be defined

as follow:

K=o, Toh  +&

_ 2
h=wtoae  + fh_

where, residual s, ‘QH ~ N(0,07)_with mean=0, Varance= g, A is the conditional

variance at time t, and €2 is the information set of all information through time ¢

Whereas, o, ,czand fare parameters to be estimated. When the AR-GARCH

model in Eq. (1) has been fitted to data by maximization of the likelihood function

one can estimate (or forecast) dynamic VaR, measures by assuming either the normal

* | A¥4 9: 2.1 Modelling the
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/| AkA B the very important

" | nature of current financial

return series,
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| tails of stock return

estimation. Therefore, this

\‘:‘ I:: study adopts POT method to
estimate the underlying VaRs.
I“ Under POT method, we

distributions .

Traditional methods to
estimate the tail distribution
under EVT theory can be
divided into two groups: the
peaks over threshold (POT)
method which looks at those
events in the data that exceed a
high threshold, and block
maxima method (BMM) which
divides the data into
consecutive blocks and focuses
on the series of maxima (or
minima) in these blocks
(Embrechts et al., 1997;
Kellezi & Gilli, 2000; McNeil,
1998; Bystrom (2004)).
Bystrom (2004) suggest that
both BMM and POT generate
similar results in estimating
and forecasting both
conditional and unconditional
VaR. Nerveless, BMM

requires long histories for
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distribution or the ¢ distribution, multiplying one's estimates (or forecasts) of o, with

the standard quantiles of each distribution, and finally adding the conditional mean.

As cited by previous literature, in comparing to the unconditional EVT-based methods
described earlier, the AR-GARCH models have the advantage of producing time
varving VaR, measures (Engle, 1982; Bollerslev, 1986, Diebold et al. 1999; Gerlach

et al.., 2008). Yet, the recent literature further suggest that return series of current

financial markets tends to have volatility clustering behaviors and the asymmetric

type GARCIH model will provide better estimation of conditional volatility (Nelson

1991; Gerlach et al., 2006). The nature of clustering volatility in the financial asset

has been ignored in the previous EVT-based VaR models. This study fills in the gap
by adding two asvmmetric type GARCH models, GJR and EGARCH.

The model specifications of asymmetric GARCH models are addressed in the

following subsections. In GJIR framework, the effects of positive shocks (or upward

movements in the patent share) on the conditional variance, i, are assumed to be the .-~

same as the negative shocks (or downward movements in the patent share) in the

symmetric GARCH model. In order to accommodate asymmetric behaviour, Glosten

et al. (1992) proposed the GJR model, for which GJR{1.1) is defined as follows:

ho= @+ (o+ 107 &L + Phy, @ /

where w>0, =0, 0x+ ¥ > 0, 4 > 0are sufficient conditions for A:>0, and I(#;) is an

indicator variable defined by

1 g <0
I(n,)=

0, &=0"

as 1, has the same sign as g, The indicator variable differentiates between positive and

negative shocks, so that asymmetric effects in the data are captured by the coeflicient

y. with ¥ =0, The asymmetric effect. ». measures the contribution of shocks to both

short run persistence, a+/2, and to long run persistence, a+S+y/2.

As for the alternative asymmetric volatility in the conditional variance. the
Exponential GARCIH (EGARCII(1.1)) model of Nelson (1991). can be formulated as

logh, = o+ aly|+ .+ flogh.._|f]<1. 6)///
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According to Nelson (1991) and Shephard (1996), there are five distinct differences
between EGARCIH and the previous two GARCH models: (1) EGARCIH is a model

of the logarithm of the conditional variance, which implies that no restrictions on the

parameters are required to ensure k>0, (2) |5|<] ensures stationarity and ergodicity for
EGARCIH(1.1). (3) |A<1 is likely to be a sufficient condition for consistency of Quasi
Maximum Likelihood Estimation (QMLE) for EGARCH(1.1), (4) |F|<1 would seem

to be a sufficient condition for the existence of moments as the conditional {(or

standardized) shocks appear. (5) in addition to being a sufficient condition for

consistency, |5<1 1s also likely to be sufficient for asymptotic normality of the QMLE
of EGARCH(1,1). Furthermore, EGARCII captures asymmetries differently from
GJR. The parameters a and » in EGARCH{(1.1) represent the magnitude {or size) and

sign effects of the conditional (or standardized) shocks. respectively, on the

conditional variance. whereas a and aty represent the effects of positive and negative

shocks, respectively, on the conditional variance in GJR(1.1). Furthermore, as our

a-priorl expectation from theoretically ground stated in the introduction of this study

an incorporation of trading volume into the traditional EVT-based VaR models might
improve the accuracy in estimating VaRs. Therefore, we add wvolume as an

explanatory variable, denoted as V., into each of the previous GARCH-family

equations to examine such effect. For example, the conditional variance equation of
alternative GARCH model, GIR model and EGARCH model can be formulated in the

— A A A

equation (4) through (&), respectively. /,’{A}xﬂ =111
h=w+oas’ + ph  +V. (4‘)_ ,,»"‘{A}ﬂ]%:u
AR = -
h=w+(x+yI(_ Nl +ph  +V (5) - {’% Af:12
{ AbA 2
IOghz:m+0“77t—1‘+777¢—1+ﬁ103hr—1+Vt ‘ﬁ‘<1 ®y ]
e e {é}xﬂ,ﬂj: 13
Follow Bystrom (2004), we scale our unconditional EVT-based tail estimates with
the expected return and volatility. Than, we obtain the forecasts of tail risks that are
conditional on the actual market conditions. Thus, after the standardize residual, #;
from the AR-GARCH model in the first stage in Eq. (1) and the residual distribution {1:.‘21]%1: 8
quantiles, a,. ar obtained, we can calculate the forecasted VaR, quantiles of our return
distribution tomorrow as
’[’:hﬂ%] 14

VaRr+1,p =0+ oy T 0,0,




where agtai#: 15 the conditional mean and g:+ 1s the GARCH forecast of tomorrow's

conditional volatility. Note that the major advantage with first filtering the returns is

to obtain IID series which can straightforward to apply the EVT technique. Yet, it is

common in the finance literature to apply the EVT technique to financial return series
that are known to be non-1ID (McNeil et al., 2000; Bystrom, 2004).

2.2. Modeling the tails of sample return distributions

Traditional methods to estimate the tail distribution under EVT theory can be

divided into two groups: the peaks over threshold (POT) method which looks at those
events in the data that exceed a high threshold, and block maxima method (BMM)

which divides the data into consecutive blocks and focuses on the series of maxima
{or minima) in these blocks (Embrechts et al., 1997. Kelleaa & Gilli, 2000; McNeil
1998:; Bystrom (2004)). Bystrom (2004) suggest that both BMM and POT generate

similar results in estimating and forecasting both conditional and unconditional VaR.

Nerveless, BMM requires long histories for estimation. Therefore. this study adopts
POT method to estimate the underlying VaRs.

Under POT method, we collect those returns in the sample series that exceed a

certain high threshold, u. and model these returns separately from the rest of the

distribution. Note that the choice of threshold wvalue, u, is the most important
implementation issue in the estimation of EVT. McNeil et al.(2000) set 10% as the

value of threshold, u, after a careful simulation. Following the study, we set 10% as

our threshold value in our empirical implementation at backtesting stage.

As Bystrom (2004), we define a daily return in our data series as R and assume that

it comes from a distribution Fs. The returns above the threshold # then follow the

excess distribution F,(y) that is given by

F(»)=PRu<y|R >u)=FR(”1t?(£R(”),_0 <y<R,-u (8)

where y 15 the excess over i, and Ry is the right endpoint of Fr. If the threshold, u, is
high enough, Balkema et al. (1974) and Pickands (1975) show that for a larpe class of

distributions, Fr. the excess distribution, Fi.(y), can be approximated by the so-called

generalized Pareto distribution (GFD), which can be formulated as

lim sup
BlongysRp-u

F,(3)- G, ,(3)|=0 (9)
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Ggla(y):[l(l+§y)}? if £=0
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G, (»)=1-e* if &£=0 (10)

for O<p<Rzu. & is the tail index and for the fat-tailed distributions found in finance

one can expect a positive & @ 1s just a positive scaling parameter. Empirically, the tail

index, & as well as the scaling parameter, @, have to be determined by fitting the GPD

to the actual data. These parameters are typicallv estimated via the maximum
likelihood method:

maxLG(g’,fx;y):maxz:ln(g'f,cr (yi.)), (11)

g

1

- 1+=
=) [ 'f] 1s the density function of the GPD distribution if
o

Wh&gm(y):l(br
' [24

&20 and 1+&/ay>0. When the GPD distribution and its parameters are estimated. we

continue by calculating VaR, quantiles of the underlving return distribution Fr which

can be written as

o+ 3) = (1= F(u)F, () + Fe(u). (12)

Note that Fz{a) can be written as (n—=N,)V#n where #n 1s the total number of retums and

N, 1s the number of returns above the threshold u, and that F,(3") can be replaced by

G, (v) (as well as rewriting u+y as x), this expression can be simplified to

1

-

g

(2

(13)

FR(x)leu{lJr (xu)}

71

By inverting this expression. we get an expression for (unconditional) VaR, gquantiles

associated with certain probabilities p:
x| n N
VaR =u+—| | — —11. (14
S [Nu "’J




the underlving models on the historical log return series of three major U.S. futures

markets, Nasdag Index future, S&P 500 Index future and Natural Gas, future, over the [ Al
period from Jan. 1997 to Dec. 2001. The plot of sample future indexes and their return b Té}'xﬂ 4: ASDAQ
series in Figure 1 to 3 shows that an exastence of stress. high volatility, in 2001 during “
the iternet bubble. Jn our implementation, we follow McNeil et al. (3000) and set { AENDER
1000 daily returns for the estimation pericd, an approximation of 4- year duration, and ",‘[’%‘7‘“ H:NDEX
reestimate the model with a one-day sliding window for the testing period from ]an,”:\ [ AFA|H: ATURAL
2001 to Dec., 2001. More specifically, we reestimate the above various moedels using ;"
the past 1000 days’ returns. Using each of the estimates of the underlving models. we I“.‘[AW%: A5
produce (1-day) VaR, forecasts for the following day. [ A8

These VaR, forecasts are then compared to the actual return in the particular day. ““‘I““A“{{\_]-}]]%:In
Several procedures can be utilized to valid the accuracy of an EVT-based VaR: [&Xﬂ% .
however, for practical pumpose. we adopt the way enacted by Basel Committee in
1998 (McNeil et al., 2000, Longin, 2000). The current verification procedure consists “‘x[&xﬂ'ﬂj
of recording daily wviolations of the 99 percent VAR over the last vear. More \[A]-;q]%l:that
specifically, one would expect on average one percent o 250, or 2.5 instances of
violations (or exception} over the last year ( Jorion,, 2002). An exception Js said to »"'{’L}Xﬂ%: violation
occur when the actual loss is larger than the forecasted VaR, . Therefore, the number { AT
of exception,is refers to as the number of days when the actual loss is larger than the
forecasted VaRy. The Basel commitiee has regulated that up to four exceptions are {M B vilaion
acceptable, which defines as green light zone with no corrective action. If the number | 4t =: Cite Joring™s Basel
of exceptions is five or more, the underlying financial institution falls into a vellow or Rule hrer
red zone and is subject to progressive penalty. { A der = 4 AE
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To ensure the appropriateness of using GARCH family models, we perform a*

careful preliminary check on the characteristics of the returns in the sample futures

markets. For comparison, kev descriptive statistics including mean, medians

maximum, minimum, standard deviations, Skewness, Kurtosis, Jarqu-Bera test

results of Augmented Dickey Fuller (ADI) tests. and results of ARCII effect tests. for

three sample return series are summarized in table 1. The kurtosis estimates of Nasdag,
S&P 500 and natural gas are 6.98, 5.82 and 6.07, respectively. This highlight that our

sample returns are far from normal distributed. The P-values of Jarque-Bera normality

tests for the three sample returns further confirm the non-normality at high level of

statistical significance. The sample sleekness of Nasdzg and S&P 500 are -0.22 and

-0.12, respectively. This indicates that the asymmetric tails extends more towards

negative value than positive value. Overall, high excess kurtesis, high skewness and

highly significant Jarque-Bera statistics evidently indicate the sample returns are not
normaly distributed. The statistics of the ADF tests on the unit roots indicates that all

of sample returns are stationary financial time series at highly statistical significant

10



level. Moreover. the statistics of the ARCII-LM test are 189.69. 71.76 and 35.88. for

return series of Nasdag., S&P 50 and Natural gas, respectively. Their significant

p-values show that the three sample returns present the volatility clustering behaviors

and hence conclude that the usage of GARCH family model is appropriate. Finally

i
2
i}
=
=
=
=
(¢}
&
g
[\
i

Table 2 reports the estimation of asymmetric terms in four asymmetric GARCH .’:

models. The estimates of all asymmetric volatility models, GIR and EGARCH, in the ;)

44413 the ]

table are all highly significant at reasonable levels. This conclusion also further Ak A B Taiwan’s capit:

... [20]
confirmed by the sign and bias test. This evidence further lends to the support of using A g
GJIA and EGARCH models in the study.
. . . . o . . .o AbA &: four option-b
For the tail estimation with POT method, tail index, & is estimated by fitting .. [21]

GPD to the sample data. The results are presented in table 3. The estimated tail value
ranges from 0.013 to 0.021, 0.014 to 0.027, and 0.074 to 0.101, for Nasdag, S&P 500

and Natural gas, respectively. These values are greater than zero and highlight that all

AbAE: that mf[nr_u:r;:
A accoutt oy

A Yo =E AT

)
e EE J

of them are fat-tailled distributions. This reconfirms the appropriateness of our
EVT-based approach.

AkA) = : listed converti

Finally, the relative performance of each model with one 1-day at 99% quantize . 1231
VaR are summarized as number of exceptions (or violations) in Table 4. All of our ALAE: of J
proposed alternative models outperform the traditional EVT-based GARCH model A D credit risk ]
GARCH+GPD, 1n two stock index future markets. Note that the number of exceptions
is 4 for the traditional EVT-based GARCH model in all sample return series. This is HAB J
fall into the vellow zone and might result into a penalty under the current Basel 44A F: which gener e

Accord. Therefore, the performance of traditional EVT-based GARCII model is

relative poor In comparison to our alterative models. Especially, those models adding

i
2
i}
ul

L —

AbA H: of having m:

=
[

trading volume do improve the accuracy of in all sample markets. In particular, the

asymmetric type GARCH models incorporation with trading wvolume., namely.

GIR+GPD+V model provide the best estimate than the others in terms of violation N

L ArAl g 1977

ratios. The same conclusion also applies to the result based on accuracy of forecasting
via RMSE in Table5.

A+A] 2 ; Cheung and Nelken,

favored approach in measuring the market risks in the risk management literature. On

o
A N A A L AL )

the other hand, trading volume has well-documented as a important determinant in the

assets pricing literature. Nerveless, previous works in the estimation of market risk

ignore the importance and fail to account for the variable in the risk valuation process

The objective of this study is to formulate alterative models which adding tradinghl A F: European call

11

A+A) = lemma to deriv:

Ak H: ? equation and
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o2

_/



=l : n option-based

... [33] ]
: Empirical (ﬁ
: listed converti ks

p—

volume as an explanatory variable in variance equations. In particular, this study

extends previous works in two wavs: (1) adding asymmetric GARCH family models

to account for the possible asymmetric volatility effects; (2) departing from the
traditional EVT-based GARCH family frameworks, this study formulate models jhat

account for the trading volume pf futures market, Our empirical implementation

proceeded in two-stages. First of all, GARCH family models are gstablished to filter

the three sample return senies in three U.S. major future markets, Second, we consider

the standardized residuals computed in stage | to be realizations of a white noise

process, and estimate the tails of innovations using POT.

Using alternative dvnamic EVT-based GARCII family VaR models including
GARCH+GPD+YV, GIR+GPD+V and EGARCH+GPD+YV, over the period from Jan.
1997 to Dec 2001, the study examine the value at risk of three major US futures
markets, NASDAQ INDEX, S&P 500 INDEX and NATURAL GAS. Consistent

with our a-priori expectation, the finding indicates that the proposed alternative

dynamic EVT-based Asymmetric GARCH model; in general, outperform the
traditional standard dynamic EVT-based GARCH type VaR model. Moreover, an
incorporation of trading volume 1n the model improve the accuracy of VaR estimation.
In particular, GIR+GPD+V is the best model among the others in terms of both rate of
violation and Root Mean Square Errors (RMSE).
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Figure 1.Time Series and Return Series of Nasdag Index future
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Table 1. Descriptive statistics and diagnostics of the log daily returns R
Future Index NASDAQ S&P 500 INDEX NATURAL GAS
Mean 0.000551 0.000437 0.000630

Median 0.001238 0.000478 0.000000

Maximum 0.167013 0.058176 0.231148

Minimum -0.11512 -0.07468 -0.16744

Std. Dev. 0.022236 0.013517 0.038116

Skewness -0.224135 -0.125803 0.237519

Kurtosis 6.986243 3.822081 6.077583
Tarque-Bera Test 1686.211 (0.000y*** 1420.103  (0.000)***|504.6574 (0.000yk**
ADF Unit Root Test |-27.936  (0.000)*** |.36.276  (0.000)#** |_38.249 (0.000)***

1o




ARCH Effect Test 189.698  {(0.000)**/7] 764  (0.000)%**|35 883  (0.000yk**

Note: P-values are in parentheses.

*% *#*+and* indicate level of statistics at 1%, 5% and 10% respectively. *"""'{215%;}%: A7l A 2 ]
Table 2. Estimation of asymmetric terms in alternative models *-;>::"{ MY glg a8 4 AE |
= { A Qg P )
| [Futwre Index ~~ |NASDAQ S&P 500 INDEX  [NATURAL GAS
| EGARCH -0.4140 (0.000)*** 10.83059  (0.000y***|0.03773  (0.0293y**
| EGARCH+V 0.06121  (0.0007***10.94071  (0.000y***|0.9893  (0.000 yk**
| GIR 0.06786  (0.0007***10.22965 (0.000y***|0.00238  (0.0449y**
| GIR+V 0.93908  (0.000)**/10.21660 (0.000)%k*10. 89408  (0.000yk**
Note: P-values are in parentheses.
ok kkgnd* indicate level of statistics at 1%, 5% and 10% respectively. . "{5_15%%%: Selzrl A 2 J
Table 3. Estimation of tail indices *-;,;_"{}‘1 4 Qe 2E EAE
= “{/}1&! P &, ST J
| NASDAQ S&P 500 INDEX NATURAL GAS A E 023
| lgarRCH 0.02116 0.01949 0.10105 PRREEE U S
| (A Qe zzas )
| [EcaRCH 0.01311 0.02220 0.10148 AR e sEaAs |
| EGARCH+V 0.01969 0.01469 0.07413
| GIR 0.01514 0.02663 0.09984
| GIR+V 0.01676 0.02733 0.09760
w A2 918 Sofzr] fE
0 e, LHOZA?}:‘_IQZ %URLh?}ﬂ
Table 4. Number of exceptions of forecasted 1-day 99% VaRs = 102 27 wEd HE
(A4 g 9= )
| NASDAQ S&P 500 INDEX NATURAL GAS
| GARCIIHGPD 4 2 4
| EGARCH+GPD 2 2 4
| GIR+GPD 2 2 3
GARCH+GPD+V |2 2 4
EGARCH+GPD+V |2 2 2
| laIr-GPD+V 2 1 2
Table 5. RMSE(%0) of forecasted 1-day 99% VaRs . { e S J
R EECE S R

| NASDAQ s&P 500 INDEX NATURAT GAS

| GARCH+GPD 4.98
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HlolA 1: (1] &A1E unknown 2008-02-29 AM 11:48:00
Moreover, more recent bond valuation studies have clearly demonstrated that credit

risk is an important factor related to the profitability of a convertible bond portfolio. The
objective of this study is to formulate an option-based dynamic hedging model which
accounts for credit risk for practitioners in managing convertible bond portfolio. This
paper adopts four option-based dynamic delta-hedging models to account for the
transaction costs and credit risk for convertible bond portfolio management. Departing
from the traditional dynamic hedging strategy, this study incorporates the KD technical
index to formulate a selective hedging strategy to account for asymmetric behavior of
investors under bull and bear market conditions. Empirical investigations of five TSE-
listed convertible bonds are provided to validate our proposed method. Congsistent with
the hedging literature, the valuation model with minimum tracking errors outperforms
the others. In line with our expectation, transaction cost is an important issue. Moreover,
the model takes into account theof credit risk which generates the highest profitability.
Finally, an incorporation of the KD index as threshold hedging scenario considerably

improves the profitability of the underlying CB portfolio.
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Option-based dynamic hedging
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Credit risk, CB portfolio
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Section 3 discusses
the estimated results for each model, and compares the finding with the existing

literature. Section 4 contains concluding remarks.
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II. Data and Methodology
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2.1 Modelling the tails of stock return distributions

Traditional methods to estimate the tail distribution under EVT theory can be divided
mto two groups: the peaks over threshold (POT) method which looks at those events in
the data that exceed a high threshold, and block maxima method (BMM) which divides
the data into consecutive blocks and focuses on the series of maxima (or minima) in
these blocks (Embrechts et al., 1997, Kellezi & Gilli, 2000; McNeil, 1998; Bystrom
(2004)). Bystrom (2004) suggest that both BMM and POT generate similar results in
estimating and forecasting both conditional and unconditional VaR. Nerveless, BMM

requires long histories for estimation. Therefore, this study adopts POT method to



estimate the underlying VaRs.

Under POT method, we collect those returns in the sample series that exceed a certain
high threshold, #, and model these returns separately from the rest of the distribution.
Note that the choice of threshold value, u, is the most important implementation issue in
EVT, McNeil et al.(2000) set 10 as the value of threshold, u, after a careful simulation.
Following their study, we set 10 as our threshold value in our empirical implementation

at backtesting stage.

As Bystrom (2004), we start by calling a daily return in our data series R and assume
that it comes from a distribution F. The returns above the threshold u then follow the
excess distribution F,(y) that is given by

Folu+y)-F ()

F.(3)=PRu<y|R>u)= . 0<y<R.-u 1
L) =PR-u<y |R>u) - F ) VSR, 1

where y is the excess over #, and Ry is the right endpoint of F. If the threshold, u, is
high enough, Balkema et al. (1974) and Pickands (1975) show that for a large class of
distributions, Fx, the excess distribution, F(v), can be approximated by the so-called

generalized Pareto distribution (GPD), which can be formulated as

lim sup |F,(3)-G, () =0 (2)

#1 QzyzRp—u

-1

s y)r Af £#0

(24

Gg,a(y)=[l—(l+

-y
G.,()=1-e*  if £=0 (3)
for 0<y=<Rp—u. ¢ is the tail index and for the fat-tailed distributions found in finance, one
can expect a positive & a is just a positive scaling parameter. Empirically, the tail index,
&, as well as the scaling parameter, a, have to be determined by fitting the GPD to the

actual data. These parameters are estimated via the maximum likelihood method:

max L, (’g’,a;y)=malen (gm (», )), (4)

1

—|1+=

where g, .(y)= l(1+ H 3) [ .;j is the density function of the GPD distribution if &0
o o

and 1+&/ap>0. When the GPD distribution and its parameters are estimated, we continue



by calculating VaR, quantiles of the underlving return distribution / which can be

written as

Fr(uty)y=A=Fu)l, (V) + 1, () . ()

Note that Fr(z) can be written as (n—N,)/n where # 1s the total number of returns and N,
is the number of returns above the threshold u, and that F,(y) can be replaced by G, (1)

(as well as rewriting u+y as x), this expression can be simplified to

1

FR(x)=1—N“ (1+§(x—u)f. (6)
n

o

By inverting this expression, we get an expression for (unconditional) VaR, quantiles

associated with certain probabilities p:

i

-4
VaRp=u+§ {Nip] -1 )
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Following the pioneer work of Bollerslev (1986, 1992), the GARCH class has become a
superior model in assessing the stochastic volatility of financial instruments (Gerlach et
al., 2006). The literature on the valuation of CB has documented that the exponential
GARCH models have some advantages over the GARCH class of models (Nelson
(1991), Vetzal (1997)). For simplicity, we adopt standard GARCH(1,1) model to capture
the stochastic retum volatility of the underlying assets. The GARCH model can be

formulated as follows:

Convertible bonds (CBs) are sophisticated financial instruments and widely traded in
the Taiwan’s capital market. The static hedging of CB was a standard trading strategy of
more sophisticated Taiwanese investors in the past few years. However, the profitability

of such a strategy has been eroded resulting fro

#Ho]A 11: 119] AAE unknown\ 2008-03-07 PM 4:34:00
m price change in underlying stock due to recent regulatory change on the conversion
practice of CBs in 2003. In contrast to the static hedging strategy which is subject to the
risk exposure of price change in the underlying stocks, the dynamic hedging strategy
could eliminate the risk of price changes in the underlying stocks. Thus, the latter is

evolving as a preferred trading strategy in

oA 11: [20] AkAIE unknowm 2008-03-07 PM 4:34:00
Taiwan’s capital market.
Yet, valuation literature presents a variety of model specifications for CBs with no
conclusive finding on the best model. Moreover, the traditional approach failed to
account for default risks of CB issuers. More recent studies of bonds have clearly
demonstrated that credit risk indeed affects the profitability of a convertible bond
portfolio (Tong, 1995; Krueger, 1999; Hung et al., 2002; Meyer, 2003; Beltratti, 2004).
The objectives of this study are two-fold: first, to investigate which model is more
appropriate for convertible bond valuation; second, to formulate a dynamic hedging

strategy for convertible bond practitioners. This paper adopts
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four option-based dynamic delta-hedging models

Hlo]A] 11: [22] AHAIE unknown\ 2008-03-07 PM 4:34:00

that account for the transaction costs and credit risk for convertible bond portfolio
management. Departing from the traditional dynamic hedging strategy, this study
extends the previous study by incorporating the KD technical index to formulate a
selective hedging strategy to account for asymmetric behavior of investors under bull

and bear market conditions. Empirical investigations of five TSE-

wo]A] 11: 23] AHA1H unknowny 2008-03-07 PM 4:34:00
listed convertible bonds are provided to demonstrate the feasibility of our proposed
method. Consistent with the hedging literature, the valuation model with minimum
tracking errors outperforms the others. In line with our expectation, transaction cost is

an important issue. Moreover, the model takes into account the

oA 11: [24] AHAIE unknowm 2008-03-07 PM 4:34:00
which generates the most attractive profitability. Finally, application of the KD index
enhances the profitability of the underlying portfolio.
The remainder of this paper is organized as follows. Section 2 presents a review of the
relevant literature on bond valuations. Section 3 provides a discussion of the experiment
design in the study, which is followed in section 4 by an evaluation of the model via
numerical examples. The paper concludes with a summary analysis of the findings in

section 3.

I1. Brief review of the literature

The value and hedge of a CB is sophisticated because of the nature

#lo]A] 11: 251 AHAIE unknown\ 2008-03-07 PM 4:34:00
of having many embed options. Traditional methods of pricing a convertible bond
decompose value of a CB into the value of a straight bond and the conversion value.

The optimal value of a convertible bond at any time before its maturity can be obtained
by the discounted value of the straight bond and the conversion value that is higher. Tt



can be formulated as:

max (strai ght value, conversion Value)
Value of CB=

discount rate
The optimal time for the holder to exercise the conversion option is when the
conversion value exceeds its market value. This method has been widely used by
Poensgen (1965), Baumol ef al. (1966), Weil et al. (1968) Walter ef al. (1973) and
Jennings (1974). The traditional method has serious shortcomings and tends to

under-estimate the intrinsic value of a CB (Ingersoll,

Hlo]A 11: [26] AHAIE unknowm 2008-03-07 PM 4:34:00
).
There are two other distinctive approaches to value a CB. The first type is the
contingent-claim approach. This more sophisticated approach values the convertible
bond as a sum of a straight bond and a call option on the underlying stock. The pioneer
of this approach can be traced back to the work of Black and Scholes (1973). They
established the price of a

Hlol A 11: [27] AHAIE unknownt 2008-03-07 PM 4:34:00

European call option through a well known formula, which is the solution to a second
order partial differential equation. This closed analytical solution conferred elegance to
the proposed formulation and multiplied in extensive and complementary studies.
However, Ingersoll (1977) indicated that the embed option of a convertible bond is of
the American type. Thus, the risk discount rate can not be determined easily. Ingersoll
(1977), who assumes the specific stochastic process of interest rate and underlying

equity price and then applied Ito’s

#lo]A] 11: 28] AHAIE unknown\ 2008-03-07 PM 4:34:00

lemma to derive a partial differential

slo]A] 11; [29] AbAIE unknownl 2008-03-07 PM 4:34:00
? equation and priced the CB with closed-form solution. Among the others, Brennan and
Schwartz (1977, 1980) extend the previous work by incorporating arbitrage-free
argument and exploiting the appropriate boundary conditions. Then, they price CB by
solving the partial differential equation. Since the work by Ingersoll (1977) and Brennan

et al. (1977), the contingent-claims approach to pricing CBs is the norm. However, the



presence of senior debts and multiple classes of common stocks in a capital structure of
a firm makes this approach difficult to capture the value of a CB (Brrone-Adesi ef al.
2003). In addition, this method is not exact, since the exercise price on the equity option
is not fixed. Recently, Gong et al. (2006) adopted the finite difference method to solve
the Black and Scholes equation through a multi-stage compound-option model and

provide

#HolA 11: [30] AR unknowm 2008-03-07 PM 4:34:00
evidence to support the assertion that finite difference method generates higher accuracy
and efficiency.

The second type

HlolA 11: [31] AAIE unknown 2008-03-07 PM 4:34:00
is the traditional binomial (or tree) approach. To price a CB under this approach, the
first step is to determine the payoff at the terminal nodes of the stock price tree, and
subsequently roll back to the initial node to obtain the price of the underlying CB. This

approach has been widely used in
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The recent CB valuation literature has focused on the price effect of a default risk or,
more specifically, the potential price change resulting from default of an issuing firm

(Tong,
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n option-based dynamic hedging model which accounts for credit risk for

practitioners in managing convertible bond portfolio.
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adopts four option-based dynamic
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delta-hedging models t
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n costs and credit risk for convertible bond portfolio management
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Departing from the traditional dynamic hedging strategy, this study incorporates
the KD technical index to formulate a selective hedging strategy to account for

asymmetric behavior of investors under bull and bear market conditions.
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four option-based models are
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estimate the Delta value
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appropriate hedge ratios are calculated to rebalance bond portfolio to circumvent

the risk of price change in the underlying securities.
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Empirical investigations of five TSE-
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listed convertible bonds are provided to demonstrate the feasibility of our proposed
method. Consistent with the literature in dynamic hedging, the valuation model with
minimum tracking errors outperforms the others, and dynamic delta hedging in our CB
portfolio produces significant positive return (Krishnan ef al.,
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). In line with our expectation, transaction cost is an important issue as documented by
Gondzio et al. (2003). Moreover, the model takes into account
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credit risk, which generates the most attractive profitability. In comparison to the
dynamic traditional hedging strategy, our scenario modeling for selective hedging with
incorporation of KD as threshold variable could considerably improve performance of
CBs. Overall, our results further sh
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light on the application technical trading strategies
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practitioners in CB investment management.

#lo]A] 12: [40] A4 Sle unknown\ 2008-03-07 PM 7:20:00

=% (91 9]) Times New Roman, (F=) PMingLiU, 12 pt, &% A: 2 %5

HlolA 12 [41] AH 2 user 2008-03-07 PM 10:34:00

RE, FE S92V 95 Oom, Wo2v]r 128 =4, A &0 -1.28 24

dlo]A] 12: [42] AA unknown\ 2008-03-07 PM 7:20:00
N4 9

HlolA 12 [42] AA 2S unknown 2008-03-07 PM 7:20:00
A

HlolA 12 [42] AA A= unknown\ 2008-03-07 PM 7:20:00
A4 98

HlolA 12 [42] AA A= unknown\ 2008-03-07 PM 7:20:00
SR =

HlolA 12 [42] AA 2S unknown 2008-03-07 PM 7:20:00

(]
A2 e



HlolA 12 [42] AA 2S unknown 2008-03-07 PM 7:20:00
=8 7S E

HlolA 12 [42] AA A= unknown\ 2008-03-07 PM 7:20:00
=& 7edE

HlolA 12 [42] AA 2S unknown 2008-03-07 PM 7:20:00
A

HlolA 12 [42] AA A= unknown\ 2008-03-07 PM 7:20:00
A

HlolA 12 [43] AA A user 2008-03-07 PM 10:34:00

ok Sod 2] 92 Ocem, Wol27]: 14 24, A & -14 4

Hlo]A 12 [44] AA A= unknown 2008-03-07 PM 7:20:00
=& (4 o)) Times New Roman, (§F=) PMingLiU, 12 pt, & A: A5

HlolA 12 [44] AA RS unknown 2008-03-07 PM 7:20:00
=& (9 o)) Times New Roman, (3+5) PMingliU, 12 pt, & . A&

Hlo]A 12 [44] AA A= unknown 2008-03-07 PM 7:20:00

=% (91 9]) Times New Roman, (F=) PMingLiU, 12 pt, &% A: 2 %5

HlolA 12 [44] AA RS unknown 2008-03-07 PM 7:20:00

=8 7S YUE

Hlo]A] 12; [44] A4 Ql& unknown\ 2008-03-07 PM 7:20:00

=& (9 o)) Times New Roman, (3+=) PMingLiU, 12 pt, 7| 2 &, & 4. A=

Hlo]A] 12; [44] A4 Ql& unknown\ 2008-03-07 PM 7:20:00

E: 7| ELE

e
e

Hlo]A] 12: [44] M4 unknownt 2008-03-07 PM 7:20:00



s

8 A

=& (4 o)) Times New Roman, (§H=) PMingLiU, 12 pt, 7| & &, &

HlolA 12 [44] AA RS unknown 2008-03-07 PM 7:20:00
=8 7S E
Hlo]A 12 [44] AA A= unknown\ 2008-03-07 PM 7:20:00

=& (4 o)) Times New Roman, (§+=) PMingLiU, 12 pt, 7| &Y &, &3 A: A&

HlolA 12 [44] AA RS unknown 2008-03-07 PM 7:20:00
=8 7S E
Ho] A 12: [44] A4 L= unknow 2008-03-07 PM 7:20:00

=% (91 9]) Times New Roman, (F=) PMingLiU, 12 pt, &% A: 2 %5

HlolA 12 [44] AA RS unknown 2008-03-07 PM 7:20:00
=& (9 o)) Times New Roman, (3+5) PMingliU, 12 pt, & . A&

Hlo]A 12 [44] AA A= unknown 2008-03-07 PM 7:20:00
=& (4 o)) Times New Roman, (§F=) PMingLiU, 12 pt, & A: A5

HlolA 12 [45] A4A & user 2008-03-07 PM 10:34:00
ok Zo| A7 9% Ocem, Wol27]: 14 23, 3 & -14 3

#Hlo]A 12: [46] A4 = user 2008-03-07 PM 10:34:00
ARE A S U] 08 A Bg, dEH Gol A4

= 7
— )
AFoz 2UAA RS, ¥2H 24 B4E AFoE 2UAA $3

oA 13 [47] A4 U= user 2008-03-07 PM 10:34:00
AGe EA o dagle] SEE Zojrry] A &E, F odof 3FHE
Asor ZHA G, dFE =4 14 AR ZHA &g

oA 13 [48] A4 U= user 2008-03-07 PM 10:34:00
E9227]: 9% Ocm, Wol2rv]: 1.02 4, A & -1.02 4, wa

ol ==

T



HlolA 13: [49] AA 2 unknown 2008-03-07 PM 7:20:00

=& Times New Roman, 12 pt, &2 A #}&

#Ho]A 13; [50] A4 = unknown\ 2008-03-07 PM 7:20:00

=& : Times New Roman, 12 pt, &% Al 2} &

HlolA 13 [51] AA 22 unknown 2008-03-07 PM 7:20:00

=& Times New Roman, 12 pt, &2 A #}&

dAlolA] 13 [521 A4 & unknownt 2008-03-07 PM 7:20:00
Z&: (94 o]) Times New Roman, (3+3) PMingLiU, 12 pt, 2% A: A%

1=
)
e

HolA 13 [53] A4 2} user 2008-03-07 PM 10:34:00
orge S 2hv] g2 Ocem, Wo A7) 122 =4, A Z=: -1.22 4,
AR B4 ol BH 0EZ Sy 4% 24, 9T 9o HAL

5 7

AEow x4, $FW 54 4L AEoR &3

o] A 13 [54] A4 2= unknown 2008-03-07 PM 7:20:00
=& (4 o)) Times New Roman, (§F=) PMingLiU, 12 pt, & A: A5

HlolA 13 [55] AA RS unknownt 2008-03-07 PM 7:20:00
=& (9 o)) Times New Roman, (3+5) PMingliU, 12 pt, & . A&

o] A 13 [56] A4 D= unknown 2008-03-07 PM 7:20:00
=& (4 o)) Times New Roman, (§F=) PMingLiU, 12 pt, & A: A5

HlolA 13 [57] AA 22 unknown 2008-03-07 PM 7:20:00
=& (9 o)) Times New Roman, (3+5) PMingliU, 12 pt, & . A&

HlolA 13 [58] AA 2S unknownt 2008-03-07 PM 7:20:00
=& (9 o)) Times New Roman, (3+5) PMingliU, 12 pt, & . A&

o] A 13 [59] A4 & user 2008-03-07 PM 10:34:00

AR BA 7o Ange] e @2 del AL

% go27] 34 &
AFow ZASA B, H2H 52 AL AFow AR B

=



HlolA 13 [60] AA RS unknown 2008-03-07 PM 7:20:00

=& (FH=) AdvTimes

Hlo]A] 15 [61] A4 Sle unknown\ 2008-03-07 PM 7:20:00

=% (91 9]) Times New Roman, (F=) PMingLiU, 12 pt, &% A: 2 %5

2008-03-07 PM 10:34:00
27 122 24, A = 2122 24,
A7) A% xA, B2 Aol A4S

&
=)
X
v
B
2
=
R/
e
5
Q

AW B g0l B 0E% 5
AFow 24, B2H 24 AL AFOR 24

HlolA] 15: [63] A4 U= unknownt 2008-03-07 PM 7:20:00

=% (91 9]) Times New Roman, (F=) PMingLiU, 12 pt, &% A: 2 %5

HlolA] 15: [64] AA U= user 2008-03-07 PM 10:52:00

=& (9 o)) Times New Roman, (3+=) PMingLiU, 12 pt, 7| 2 &, & 4. A=

N

o] A 15 [65] A4 D= unknown 2008-03-07 PM 7:20:00
=& (4 o)) Times New Roman, (§F=) PMingLiU, 12 pt, & A: A5

HlolA 15 [66] AA RS unknown 2008-03-07 PM 7:20:00
=& (9 o)) Times New Roman, (3+5) PMingliU, 12 pt, & . A&

o] A 15 [67] A4 D= unknown 2008-03-07 PM 7:20:00
=& (4 o)) Times New Roman, (§F=) PMingLiU, 12 pt, & A: A5

HlolA 15 [68] AA RS user 2008-03-07 PM 10:34:00

=927]: f&: Oem, Uj227]: 11 24 A & -L1 A

HlolA 15 [69] A RS unknown 2008-03-07 PM 7:20:00
& (3H2) AdvTimes
o] A 15 [70] A4 9= unknown\ 2008-03-07 PM 7:20:00

=% (91 9]) Times New Roman, (F=) PMingLiU, 12 pt, &% A: 2 %5



= user 2008-03-07 PM 10:34:00
27 122 24, A = 2122 24,
A7) A% 2%, W23 G0l 1AL

&
i)
X,
—
e
3
=
X
ik

o] A 15 [72] A4 9= unknown 2008-03-07 PM 7:20:00
=& (4 o)) Times New Roman, (§F=) PMingLiU, 12 pt, & A: A5

HlolA 15 [73] AA 2S unknownt 2008-03-07 PM 7:20:00
=& (9 o)) Times New Roman, (3+5) PMingliU, 12 pt, & . A&

HlolA 15 [74] AA RS unknown 2008-03-07 PM 7:20:00
=& (4 o)) Times New Roman, (§F=) PMingLiU, 12 pt, & A: A5

HlolA 15 [75] AA RS unknownt 2008-03-07 PM 7:20:00
=& (9 o)) Times New Roman, (3+5) PMingliU, 12 pt, & . A&

o] A 15 [76] A4 D= unknown 2008-03-07 PM 7:20:00
=& (4 o)) Times New Roman, (§F=) PMingLiU, 12 pt, & A: A5

HlolA 15 [77] AA 2S unknown 2008-03-07 PM 7:20:00
=& (9 o)) Times New Roman, (3+5) PMingliU, 12 pt, & . A&

o] A 15 [78] A4 2= unknown 2008-03-07 PM 7:20:00
=& (4 o)) Times New Roman, (§F=) PMingLiU, 12 pt, & A: A5

HlolA 15 [79] AA RS unknownt 2008-03-07 PM 5:20:00

Sol2 7] 9% Ocm, Yoj27]: 1.02 27, 3 = -1.02 F7, =79

b

Hlj

e

HolA 18 [s0] A4 2 unknown 2008-03-07 PM 5:20:00
S22 7] g2 Ocem, We2A7]: 1.02 2xF, A = -1.02 Z4, T

=

gk



Hlo] A 18: [81] AHAIE unknownt 2008-03-07 PM 5:21:00

Fung, H. G and G. A. Patterson (1999), “The Dynamic relationship of volatility, volume,
and market depth in currency futures markets,” Journal of International Financial
Markets, Institutions and Money, 9,33-59.

Clark, P.K. (1973), “A subordinated stochastic process model with finite variance for
speculative prices,” Fconometrica, 41, 135-155.

Epps, TW. and M.L. Epps (1976), “The stochastic dependence of security price
changes and transaction volumes:

implications for the mixture distributions hypothesis,” Econometrica , 44, 305-321.

Lamoureux, C.G. and W.D. Lastrapes (1990), “Heteroskedasticity in stock retum data:
volume versus GARCH

eftects, Journal of Finance, 1221-229,

Kim, D. and S. Kon (1994), “Alternative models for the conditional heteroscedasticity
of stock retumns,” Journal of Business, 67, 563-588.

Krause, A. (2003), “Exploring the 1Limitaions of Value at Risk: How good Is It in
Prace?”, Joumal of Risk Finance, Winter, 19-28.

[20] T.G. Andersen, Return volatility and trading volume: an information .ow
interpretation of

stochastic volatility, J. Finance 51 (1996) 169-204.

[21] G. Gallo, B. Pacini, The effects of trading activity on market volatility, Eur. J.

Finance 6 (2000)

163-175.

[22] M. Omran, E. McKenzie, Heteroscedasticity in stock returns data revigited: volume

versus GARCH

effects, Appl. Financ. Econ. 10 (2000) 553-560.

[23] M.T. Bohl, H. Henke, Trading volume and stock market volatility: the Polish case,

Int. Rev. Finane.

Anal. 12 (2003) 513-525.

[24] C.C. Ying, Stock market prices and volumes of sales, Econometrica 34 (1966)

676-685.

[25] I M. Karpoff, The relation between price changes and trading volume: a survey, J.

Financ. Quant.

Anal. 22 (1987) 109-126.

[26] H. Tong, in: K. Krickegerg (Ed.), Threshold Models in Non-linear Time Series

Analysis, vol. 21,

Lecture Notes in Statistics, Springer, New York, 1983.

[27] T. Chordia, B. Swaminathan, Trading volume and cross-autocorrelations in stock



returns, J. Finance

55 (2000) 913-935.

[28] B.S. Lee, O.M. Rui, The dynamic relationship between stock retums and trading
volume: domestic

and cross-country evidence, J. Bank. Finance 26 (2002) 51-78.

[29] I. Moosa, P. Silvapulle, M. Silvapulle, Testing for temporal asymmetry in the
price—volume

relationship, Bull. Econ. Res. 4 (2003) 0307-3378.

Ammann, Manuel, and A K Chrstian Wilde (2003), “Are convertible bonds
underprinced: An analysis of the French market,” Journal of Banking and Finance,

#Ho]A 18: [82] AHAIE unknown\ 2008-03-07 PM 5:19:00

27, 1801-1831.
Beltratti, Andrea, Andrea Laurant, and Stavros A. Zenios (2004), “Scenario modeling
for selective hedging strategies.” Journal of Economic Dynamics and Conirol,

#Hlo]A 18: [83] A4 = unknown\ 2008-03-07 PM 5:16:00

=& Times New Roman, 12 pt

Hlo]A] 18: [83] A4 U= unknownt 2008-03-07 PM 5:16:00

=& Times New Roman, 12 pt

#Hlo]A 18: [83] A4 = unknown\ 2008-03-07 PM 5:16:00

=& Times New Roman, 12 pt

Hlo]A] 18: [83] A4 U= unknownt 2008-03-07 PM 5:20:00

=& Times New Roman, 12 pt

Hlo]A] 18: [83] A4 U= unknownt 2008-03-07 PM 5:20:00

=& Times New Roman, 12 pt

Hlo]A] 18: [83] A4 U= unknownt 2008-03-07 PM 5:16:00

=& Times New Roman, 12 pt

#Hlo]A 18: [83] A4 = unknown\ 2008-03-07 PM 5:16:00

=& Times New Roman, 12 pt



Hlo]A] 18: [83] A4 U=

=& Times New Roman, 12 pt

unknowmn\

2008-03-07 PM 5:16:00

#Hlo]A 18: [83] A4 =

=& Times New Roman, 12 pt

unknown

2008-03-07 PM 5:16:00

Hlo]A] 18: [83] A4 U=

=& Times New Roman, 12 pt

unknowmn\

2008-03-07 PM 5:16:00

#Hlo]A 18: [83] A4 =

= & : Times New Roman, 12 pt

unknown

2008-03-07 PM 5:16:00

Hlo]A] 18: [83] A4 U=

=& Times New Roman, 12 pt

unknowmn\

2008-03-07 PM 5:16:00

#Hlo]A 18: [83] A4 =

=& Times New Roman, 12 pt

unknown

2008-03-07 PM 5:16:00

Hlo]A] 18: [83] A4 U=

=& Times New Roman, 12 pt

unknowmn\

2008-03-07 PM 5:16:00

#Hlo]A 18: [83] A4 =

=& Times New Roman, 12 pt

unknown

2008-03-07 PM 5:16:00

Hlo]A] 18: [83] A4 U=

=& Times New Roman, 12 pt

unknowmn\

2008-03-07 PM 5:16:00

Hlo]A] 18: [83] A4 U=

=& Times New Roman, 12 pt

unknowmn\

2008-03-07 PM 5:16:00

#Hlo]A 18: [83] A4 =

=& Times New Roman, 12 pt

unknown

2008-03-07 PM 5:16:00

Hlo]A] 18: [83] A4 U=

unknowmn\

2008-03-07 PM 5:16:00



=& Times New Roman, 12 pt

Hlo]A] 18: [83] A4 U= unknownt 2008-03-07 PM 5:16:00

=& Times New Roman, 12 pt

#Hlo]A 18: [83] A4 = unknown\ 2008-03-07 PM 5:16:00

=& Times New Roman, 12 pt

Hlo]A] 18: [83] A4 U= unknownt 2008-03-07 PM 5:16:00

=& Times New Roman, 12 pt

Ho]A 18: [83] A4 = unknown\ 2008-03-07 PM 5:16:00

=& Times New Roman, 12 pt

Hlo]A] 18: [83] A4 U= unknownt 2008-03-07 PM 5:16:00

=& Times New Roman, 12 pt

#Hlo]A 18: [83] A4 = unknown\ 2008-03-07 PM 5:16:00

=& Times New Roman, 12 pt

Hlo]A] 18: [83] A4 U= unknownt 2008-03-07 PM 5:16:00

=& Times New Roman, 12 pt

#Hlo]A 18: [83] A4 = unknown\ 2008-03-07 PM 5:16:00

=& Times New Roman, 12 pt

Hlo]A] 18: [83] A4 U= unknownt 2008-03-07 PM 5:16:00

=& Times New Roman, 12 pt

Hlo]A] 18: [83] A4 U= unknownt 2008-03-07 PM 5:16:00

=& Times New Roman, 12 pt

#Hlo]A 18: [83] A4 = unknown\ 2008-03-07 PM 5:16:00

=& 12pt



HlolA 18 [84] AA RS unknown 2008-03-07 PM 5:19:00

LE, FE FALI): A% Oem R F 0 BA AR BA
goglol LER Bolzy] 84 %, $2% 9ol 148 ABOR
2244 BE, GEN 54 HAL AFOR 2ERA L. wFol BEA
©) o

e

Hlo]A] 18: [85] AAIE unknowmn 2008-03-07 PM 5:19:00
27, 635-653.

Avache, E., P.A. Forsyth and K.R. Vetzal (2003), “Valuation of Convertible Bonds with
Credit Risk,” The Journal of Derivatives, 10-30.

Barone-Adesi, Giovanni, Ana Bermudez, and John Hatgioannides (2003), “Two-factor
convertible bond valuation using the method of characteristics element,” Journal of
Economic Dynamics & Control,

#Hlo]A 18: [86] AMAIE unknown\ 2008-03-07 PM 5:19:00

28, 95-974.
Black, F., and M. Scholes (1973), “The Pricing of Options and Corporate Liabilities,”
Journal of Political Economy ,

#Hlo]A 18 [87] AHAIE unknown\ 2008-03-07 PM 5:19:00

81, 637-654.
Bollerslev, Tim (1986), “Generalized autoregressive conditional heteroskesdasticity,”
Journal of Econometrics,

Hlo]A] 18: [88] AHAIE unknownt 2008-03-07 PM 5:19:00

31, 307-327.
Bollerslev, Tim, and Hao Zhou (2006), Volatility puzzles: a simple framework for
gauging retum-volatility regressions,” Journal of Econometrics,

Hlo] A 18: [89] AHAIE unknownt 2008-03-07 PM 5:19:00

131, 123-150.

Bollerslev, Tim, and R. Y. Chou, and K. F. Kroner (1992), “ARCH modeling in
finance,” Journal of Econometrics, Yol. 109, 33-65.

Brennan, M.J. and Eduardo S. Schwartz (1977), “Convertible Bonds: Valuation and
Optimal Strategies for Call and Conversion,” Journal of Finance,

#Hlo]A 18 [90] AHAIE unknown\ 2008-03-07 PM 5:19:00

32, No. 5, 1699-1715.
Brennan, Michael J. and Eduardo S. Schwartz (1980), “Analyzing Convertible Bonds,”
Journal of Financial & Quantitative Analysis,

Hlo] A 18 [91] AHAIE unknownt 2008-03-07 PM 5:19:00

15, 907-918.
Cheung, W., I. Nelken (1994), “Costing the convert,” Risk,

Hlo] A 18 [92] AHAlIE unknownt 2008-03-07 PM 5:19:00



7, 47-31.

Connolly, K. B. (1998), Pricing Convertible Bonds, John Wiley & sons, Inc., N.Y., N.Y.
Epstein, David, Richard Haber and Paul Wilmott (2000), “Pricing and Hedging
Convertible Bonds under Non-Probabilistic Interest Rates,” Journal of Derivatives,

#Hlo]A 18: (93] AHAIE unknown\ 2008-03-07 PM 5:19:00

7, 31-40.

Gerlach, Richard, Cathy W. S., Doris S. Y., and Ming-hsiang Huang (2006),
“Asymmetric responses of intemational stock markets to trading volume,” Physica A,
360, 422-444.

Gondzio, jacek, Roy Kouwenberg and Ton Vorst (2003), “Hedging options under
transaction costs and stochastic volatility,” Journal of Economic Dynamics & Control,

#Hlo]A 18: [M] AAIE unknown\ 2008-03-07 PM 5:19:00

27, 1045-1068.
Gong, Pu, Zhiwei He, and Song-ping Zhu (2006) “Pricing convertible bonds based on a
multi-statge compound-option model,” Physica A,

Hlo] A 18 [95] AHAlIE unknownt 2008-03-07 PM 5:19:00

366, 449-462.
Greiner, Daniel, Avner Kalay, and Hideaki Kiyoshi Kato (2002), “The Market for
Callable-convertible Bonds: Evidence form Japan,” Pacific-Basin Finance Journal,

Hlo]A] 18: [96] AHAIE unknownt 2008-03-07 PM 5:19:00

10, 1-27.

Hull, John C. (2003), Options, Futures, & other Derivatives, 5th edition., Upper Saddle
River, NJ: Prentice-hall.

Hung, Mao-Wei, and Jr-Yan Wang (2002), “Pricing Convertible Bonds Subject to
Default Risk,” The Journal of Derivatives,

#Ho]A 18: (971 AAIE unknown\ 2008-03-07 PM 5:19:00

10, 75-87.
Ingersoll, Jonathan E. Jr. (1977a), “An Examination of Corporate Call Policies on
Convertible Securities,” Journal of Finance,

Hlo]A] 18: [98] AHAlIE unknownt 2008-03-07 PM 5:19:00

2, 463-478.
Ingersoll, Jonathan E. Jr. (1977b), “A Contingent-Claims Valuation of Convertible
Securities,” Journal of Financial Economics,

#Hlo]A 18: [99] AHAIE unknown\ 2008-03-07 PM 5:19:00

4,289-322.
Ito, Akitoshi (1999), “Profits on technical trading rules and time-varying expected
returns: Evidence from Pacific Basin equity markets,” Pacific-Basin Finance Journal,

Hlo]A] 18: [100] AHAIE unknown\ 2008-03-07 PM 5:19:00

7, 283-330.
Jarrow, R. A., and S. M. Turnbull (1995), “Pricing Derivatives on Financial Securities



Subject to Default Risk,” Journal of Finance,

Hlo] A 18: [101] AAIE unknownt 2008-03-07 PM 5:19:00

50, 53-58.
King, Raymond (1986), “Convertible Bond Valuation: an Empirical Test,” Journal of
Financial Research,

Hlo]A] 18: [102] AHAIE unknown\ 2008-03-07 PM 5:19:00

9, 53-69.

Krishnan, Hari P, and Norman Mains (2002), “Hedging and diversification among
convertible bond arbitrage strategies: An option-based approach,” Derivatives Use,
Trading & Regulation,

Hlo]A] 18: [103] AHAIE unknown\ 2008-03-07 PM 5:19:00
8, 67-75.
Lai, Ming-Ming, and Siok-Hwa Lau (2006), “The profitability of the simple moving
averages and trading range breakout in the Asian stock markets,” Journal of Asian
Feonomics,

Hlo]A] 18: [104] AHAIE unknown\ 2008-03-07 PM 5:19:00

17, 144-170.

Leland, H. (1994), “Corporate Debt Value, Bond Covenants, and Optimal Capital
Structure,” Journal of Finance, Sept., 1213-1252.

Lin, Ji-Chai and Michael S. Rozeft (1995), “Price Adjustment Delays and Arbitrage
Costs: Evidence form the Behavior of Convertible Preferred Prices,” Journal of
Financial and Quantitative Analysis,

Hlo] A 18: [105] AHAIE unknownt 2008-03-07 PM 5:19:00

30, 61-80.
Longstaff, F. A. and E. S. Schwartz (1992), “Interest rate volatility and the term
structure: A two factor general equilibrium model,” Journal of Finance,

Hlo]A] 18: [106] AHAIE unknown\ 2008-03-07 PM 5:19:00

47, 1259-1282.
Longstaff, F. A. and E. S. Schwartz (1995), “A Simple Approach to Valuing Risky Fixed
and Floating Rate Debt,” Journal of Finance,

Hlo]A] 18 [107] AHAIE unknown\ 2008-03-07 PM 5:19:00

50, 789-819.
McConnell, John J. and Eduardo S. Schwartz (1986), “ LYON Taming,” Journal of
Finance,

Hlo]A] 18: [108] AAIE unknownt 2008-03-07 PM 5:19:00

41, 561-577.
Merton, Robert C (1974), “On the pricing of Corporate debt: the risk structure of
interest rates,” Journal of Finance,

Hlo]A] 18: [109] AHAIE unknown\ 2008-03-07 PM 5:19:00



29, 449-470.
Meyer, Thomas O. (2003), “Calculation and comparison of delta-neutral and

multiple-Greek dynamic hedge returns inclusive of market frictions,” International
Review of Economics and Finance,

Hlo]A] 18 [110] AHAIE unknown\ 2008-03-07 PM 5:19:00

12, 207-235.
Nyborg, K. G (1996), “The Use and Pricing of Convertible Bonds,” Applied

Mathematical Finance,



