
Index Futures Trading, Spot Volatility and Market

Efficiency

Chen Zonghao∗

Abstract: This paper examines the impacts of the listing of index futures trading

on spot market volatility, market efficiency and volatility asymmetric responses. To

study the effects of the introduction of index futures contracts, a modified GJR-GARCH

model has been applied to examine the structural change of conditional variances before

and after the introductions of index futures trading in S&P 500, Nikkei 225, ASX all

Ordinaries, and an equally weighted international portfolio. Additionally, the coeffi-

cient dynamic tests have been adopted to examine whether the identified impacts of

index futures are consistent over time in both the individual indices and international

portfolio. This paper finds the increases of conditional volatility and market efficiency

in both Nikkei 225 and the equally weighted international portfolio in a post-futures

period. In the U.S. and Australia, however, no significant structural change on con-

ditional variance has been found in a post futures period. The identified increases of

volatility and market efficiency in the international portfolio are consistent over time.

Keywords: Trading, spot volatility, GARCH, international portfolio and
stock market.

1 Introduction

A stock index futures contract can be defined as a futures contract with the un-
derlying asset is a stock index. In finance, a futures contract is a standardized
contract between the two parties to buy or sell a specified asset of standardized
quantity and quality for a price agreed today, with delivery and payment occur-
ring at a specified future date1. Since 24 February 1982, Kansas City Board of
Trade has introduced the world’s first stock index futures contract-Value Line
futures. The index futures contracts have grown to become one of the main
instruments of portfolio diversification, price discovery, and risk hedging. From
the statistic of futures industry association, the total volume of traded equity

∗Student at School of Economics and Finance, Faculty of Commerce, Victoria University
of Wellington. Email:chenzong@myvuw.ac.nz I am grateful to Dr Chia-Ying Chang, Dr Leigh
Roberts, Prof Graeme Guthrie, Dr Toby Daglish, Tahir Suleman and Imtiaz Arif for their
insightful and constructive comments, especially on the empirical findings. All remaining
errors are my own.

1The definition of future contract sourced from Federal Reserve Bank of Chicago.
http://chicagofed.org/webpages/publications/understanding derivatives/index.cfm
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index futures and option were 8.46 billion2 in 2011, which is 14.1% growth
compared to 2010.

To discuss the effects of index futures trading on the spot market volatility,
we need to identify the clear definition of volatility. In literatures, there are two
distinct meanings of volatility. The first one means the variability of bond prices
as interest rates alter3, and the second one defines the volatility as a measure of
variability over some period of time. The second concept is typically described
as the standard deviation of return4. Our discussion of volatility is based on
the second concept.

Index futures trading allows the investors either to hedge some pre-existing
risks in the spot markets by taking an opposite position in the futures mar-
kets, or to take the advantage of leverage to profit more from the anticipated
price movements. Because of the lower transaction cost and higher degrees of
leverage, the futures market is a natural entry point for the new information
(Miller, 1991). However, some studies criticize5 that an introduction of futures
market tends to make the spot market more volatile by encouraging speculation
from uninformed traders and there is a social cost associated with the “excess”
volatility. This belief seems to be prevailing during the stock market crisis such
as those of 1987, 1989 and 2007.

On the other hand, researchers6 argue that futures market brings more
traders into the spot market and, therefore, increases the liquidity in the spot
market, and then the spot volatility may actually be reduced. In addition,
Friedman (1953) suggests that the uninformed traders cannot survive in the
market in the long run since informed traders can take advantage of their infor-
mation and arbitrage uninformed traders away.

To solve above debate, a lot of empirical researches have been undertaken.
However, there are several problems associated with previous empirical studies.
Firstly, many previous works just focus on the stabilization-destabilization ef-
fects and failed to recognize the link between information and volatility, leading
to inappropriate policy implements since there may be a trade-off between the
market efficiency improvement and volatility reduction7. Secondly, most previ-
ous empirical studies concentrates only on the impacts of certain single index
and the results are mixed even for the same underlying index. Thirdly, major
previous works ignore the asymmetric response to information, leading to an in-
appropriate model specification. Fourthly, most previous works simply compare
the spot volatility of pre-futures period to the spot volatility of one post-futures

2Sourced from 2011 annual volume survey report published by Future industry association.
The measured volume by the number of contracts traded.

3Macaulay (1938)
4(Taylor, 2011), Asset price Dynamics, Volatility, and Prediction. Princeton University

Press .Chapter 8.Page 189.
5As Cox (1979), Figlewski(1981)
6Danthine (1978); Powers (1970); Schwartz and Laatsch (1991)
7Ross(1989), evidences a perfectly positive correlation between the volatility of price and

information flow under an arbitrage-free assumption, which can be expressed as equation
σp = σs. According to this relationship, any regulation can reduce the volatility may reduce
the market informativeness simultaneously.
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period; This ignorance of the development of futures may lead to an improper
conclusion.

Different from previous studies, this paper identifies the impacts of the list-
ings of index futures trading on spot market volatility, market efficiency and
volatility asymmetric response. Furthermore, we expand the scope from the sin-
gle index to international portfolio, thereby helping us understand more about
the general impacts of an introduction of index futures trading. Besides, by
lagging the post sample period, we study whether the identified impacts of the
listing of index futures trading on spot volatility and information flow vary over
time.

The rest of the paper proceeds as follows. In Section 2, we briefly review the
previous theoretical and empirical studies about the impacts of index futures
trading on spot volatility. Besides, we have a comparison of three main methods
used to study the impacts of index futures trading on spot volatility in previous
studies. In Section 3, we describe our methodology and provide the results of
several preliminary statistic tests. In Section 4, we provide the results of our
empirical research. Section 5 concludes the paper and has several extensions for
further studies.

2 Literature Review

2.1 Theoretical Discussion

In the previous literature, Cox (1976) demonstrates that if futures prices can
quickly adjust to the arrival of innovation (new information) and if this process
could be transferred to the spot market through arbitrage mechanisms, spot
market volatility and market efficiency would increase simultaneously. On the
other hand, Weller and Yano (1987) conduct a general equilibrium analysis and
find that the listing of futures market may reduce cash market volatility and
how large does this volatility reduction impact may depend on people’s risk
preference to income. Pericli and Koutmos (1997) suggest that it is possible
that derivatives increase market liquidity by bringing more investors to the
cash market and thus resulting in a less volatile spot market.

2.2 Empirical studies in US

Many empirical studies are conducted to compare the level of stock market
volatility before and after the introduction of stock index futures, in the U.S.
equity market. Santoni (1987) finds no statistically significant change in both
daily and weekly return volatility in the S&P 500 index following the intro-
duction of index futures. However, Edwards (1988b, 1988a) studies the daily
price volatility of S&P 500 from 1972 to 1987 and finds the volatility of S&P
500 decreased significantly (excluding 1979-1982) after an introduction of in-
dex futures trading. By using a cross-sectional analysis of covariance regression
model to estimate the volatility difference between the S&P 500 stocks and a
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comparable set of non-S&P 500 stocks, (Harris, 1989). However, discovers a
significant increase of volatility after an introduction of index futures and sug-
gests that trade in the index futures market increases cash market volatility.
Being different from the normal volatility studies8, Becketti and Roberts (1986)
analyse the frequency of jumps in daily stock returns and conclude that stock
market volatility is not related to either the existence of, or the level of activity
in the stock index futures market. Brorsen (1991) finds that S&P 500 stock
index futures lead to a reduction of the autocorrelations and an increase in
volatility in daily spot price. In addition, Darrat and Rahman (1995) present
a Granger-causality test to study the relationship between index futures and
spot market jump volatility. They suggest that the index futures trading is not
a force behind the increase of jump volatility. Excluding the 1987 stock crash,
Pericli and Koutmos (1997) employ an E-GRACH model to study the effect
of index futures on the volatility of S&P 500 in the period between 1953 and
1994. They conclude that the introduction of index futures produced no further
structural changes on either the conditional or unconditional variance. Simi-
larly, Rahman (2000) examines structural changes of conditional variance of the
component stocks in the Dow Jones Industrial Average after the introduction
of index futures. He finds that the conditional volatility of component stocks
does not change with the introduction of derivatives.

2.3 Empirical studies in Japan and Australia

Hodgson and Nicholls (1991), by using a test of equity of variances, find that
the introduction of neither the index futures, nor option trading has had any
effect on the long term volatility of the All Ordinary Index, either on a daily or
weekly basis.

Similarly, Lee and Ohk (1992) reveal that the spot volatility does not change
in All Ordinary index, but increases significantly in the Nikkei 225 index after
a listing of index futures trading. However, different result about Nikkei 225
has been given by Antoniou, Holmes, and Priestly (1998). By applying a GJR-
GARCH model, they find indifference on the spot volatility after the introduc-
tion of index futures trading. In order to control the broader economic factors,
Chang, Cheng, and Pinegard (1999) form a new group of volatility tests by
decomposing PVOL (spot portfolio volatility) into the CSD (cross-sectional dis-
persion) and the AVOL (average volatility). Their study suggests that the listing
of futures trading on the Osaka Securities Exchange (OSX) increases the spot
volatility of Nikkei stocks. Through employing the same GRJ-GARCH model as
AHP Antoniou et al. (1998); Gulen and Mayhew (2000) find an inconsistent re-
sult with AHP that there is a significant increase of spot volatility in the Nikkei
225 but a significant decrease in All Ordinary after the introduction of index
futures trading. On the other hand, Yu (2001) employs a symmetric GARCH

8Stock market volatility can be divided into two types, normal volatility and jump volatility.
Normal volatility represents to the ordinary ups and downs in stock prices while jump volatility
refers to the sudden extreme price movement(Becketti & Sellon, 1989)
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model rather than asymmetric GARCH model (GJR-GARCH, EGARCH) to
test the spot volatilities in both Nikkei 225 and All Ordinary. His result shows
that the spot volatilities in both indices increase significantly after the listing of
index futures trading.

Overall, in the existing literature, the results of the impacts of the index
futures trading on spot volatility are mixed. The mixed results may be caused by
three reasons. First, they study different indices with different macroeconomic
structures or macroeconomic fundamentals. Second, the empirical results may
be sensitive to the frequency and interval of time series data which has been
used. Third, different model in each case was applied to examine the volatility
change.

2.4 Methodology comparison

In the previous studies, three main methods have been applied to examine the
impacts of index futures trading on spot market volatility. In order to choose
a proper method for our study, we make a comparison of these three methods
here.

2.4.1 Cross-sectional analysis

The cross-sectional comparison of the covariance regression model, which ini-
tially applied by Harris (1989), can be used to identify volatility differences
between underlying assets and control group assets. This approach is reliable
only when determinants of volatility are properly modelled by cross-sectional
regression. Harris (1989) estimates the mean difference in return standard de-
viation for S&P 500 stocks and a comparable set of non-S&P 500 stocks as
following equation.

STDi = β0 + β1lnS&P1 + β2(AbsBetai ∗MkSTD) + β3InvPricei+

β4LogMkV ali + β5NoTradeFreqi + εi

where STDi is the log return standard deviation of stock i,lnS&Pi is a
dummy variable which takes the value of one if the stock is on the S&P 500
list and zero otherwise. Other four independent variables are used to control
the cross-sectional differences in beta, price level, market value, and trade fre-
quency in each stock. The parameter estimates reported in Harris’s paper as
the main interest of study. The result suggests that the listing of index futures
trading increase, decrease or unaffected spot volatilities if β1 are significant pos-
itive, significant negative or statistically insignificant to zero respectively in the
postfutures trading period.

However, there are several drawbacks to conduct a cross-sectional research
1) In order to control the cross-sectional differences, the cross sectional study

requires a bundle of firm-specific data, such as equity beta, price level, market
value and trade frequency of each individual stocks which may not be available
in any indices
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2) Regardless of well control for cross-sectional differences, cross-sectional
analysis is likely to underestimate the volatility increase if index futures trade
does increases volatility. This is because that well diversified portfolios can
be very good substitutes for each other and, therefore, a spill-over effect of
volatilities between the underlying index and control group index is resulted
from stock-to- stock arbitrage and pricing of indices, making the difference of
post-futures volatilities decrease in the cross-sectional comparison.

3) The cross-sectional analysis cannot be used to identify the relationship
between the volatility and information flow and, therefore, it says nothing about
the relationship between the volatility and information flow therefore the rela-
tionship between the futures trading and market efficiency.

2.4.2 Decomposition method

The Decomposition method has been employed by Chang et al. (1999) in their
research about the impacts of futures trading on spot volatilities of Nikkei stocks.
In their tests, they decompose spot portfolio volatility (PVOL) into the cross-
sectional dispersion (CSD) and the average volatility of returns on the portfolio’s
constituent securities (AVOL). Basing from the relationship between these three
variables, they develop regressions from the common volatility test which could
be expressed as following single factor regression:

PV OLt = α1 + αpostDpost,t + εt

Where, PV OLt is the measure of spot portfolio volatility at the time t,
α1 is the intercept of regression, εt is the residual at the time t, Dpost,t is a
dummy variable that equals 1(0) after(before) the listing of futures trading on
the exchange. The impacts of futures trading on spot market volatility can
be captured by the coefficient αpost. If αpost is significantly positive(negative),
the listing of futures trading increase(decrease) the volatility of spot portfolio
and has no effect otherwise. Since this method is the lack of control for board
economic factors, the change in volatility may be attributed to the change of
board economic factors rather than the listing of futures trading.

To filter out the effects of broad economic factors, they develop the above
test to four new tests and since we are just being interested in how the future
trading affects the spot market volatility. Only the expression of test first is
provided here as below9

PV OLt = γ0 + γ1AV OLt + γOCTDOCT + γOSAKADOSAKA + εt

PV OLnon,t = γnon,0 + γnon,1AV OLnon,t + γnon,OCTDnon,OCT

+γnon,OSAKADnon,OSAKA + εnon,t

Where AV OLt is the average volatility of individual security and could be
used to capture the subtle, persistent, effects of broad economic disturbances.

9Other three tests and relevant proofs can be found in Chang et al.(1999)’s paper.
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DOCT is the dummy variable equal 1 in the 1987 October Crash period and 0
otherwise to control the big crash effect. Dpost,t and DOSAKA are the dummy
variables that equals 1 for the whole post-future period and OSAKA post-future
period10, respectively, and Zero otherwise. The non-subscription in the equation
(2) is for the non-Nikkei 225 securities traded on the same exchange which could
be used as a control group. If there is a change of volatility only caused by the
introduction of index future trading, the coefficients of cpost and cOSAKA should
be significant while the coefficients of c(non,post) and c(non,OSAKA) should be
insignificant11.

However, there are several issues in the decomposition method:
1) Chang et al.(1999) assume the return Ri can be explained by a single

factor model which is an oversimplification of real-world uncertainty and misses
some important sources of dependence In stock returns such as industrial fac-
tor12

2) Similar to the cross-sectional analysis, the decomposition method can
test the effects of futures trading on volatility, but is silent to the relationship
between the futures trading, spot volatility and market efficiency.

2.4.3 Conditional variance analysis

The conditional variance analysis is to use bundle of ARCH family models to
model the conditional variances of stock returns to see whether there is a struc-
tural change in the conditional variance after an introduction of index futures
trading. The first ARCH model was derived by Engle (1982) in his study of
UK inflation rate. Since that time, researchers have developed numerous exten-
sions to the basic linear ARCH model. For example, Bollerslev (1986) develops
a generalized form of ARCH model (GARCH), and Nelson (1991) provides an
exponential GARCH model (EGARCH) that captures the volatility asymmetry
that bad news have a greater impact on volatility than good news. Glosten,
Jagannathan, and Rundle (1993) suggest another asymmetric GARCH model
(GJR-GARCH) to deal with the volatility asymmetry of stock returns.

In the current literature, there are two potential explanations of the volatility
asymmetry: leverage effects and volatility feedback. The former was introduced
by F.Black (1976) who suggests that volatilities seems to go down when the

10OSAKA post-future period indicates the time period from 3 September to 30 December
and whole post-future period starts from 3 September 1986 to 30 December. The reason for
this specification is that the first future contract for the Nikkei 225 had been introduced by
SIMEX(Singapore International Money Exchange) at 3 September 1986 and second Nikkei
225 future contract had launch by OSE(OSAKA Stock Exchange) at 3 September 1988 and
may both have effect on spot market volatility of Nikkei 225 since their large trading volume
and closely time zone.

11The change of spot volatility may still only caused by the futures trading even the coeffi-
cients of Cnon,post and Cnon,Osaka are significant if there is a spill-over effect between Nikkei
225 and non-Nikkei 225 stocks.However the insignificant values of Cnon,post and Cnon,Osaka

reported in their paper had excluded the spill-over effect hypothesis.
12The industrial factor is the factor may affect many firms within an industry without

substantially affecting the broad macro-economy.
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stock prices go up (positive shocks) and volatilities seems to go up when the
stock prices go down (negative shocks). He explains that as the negative re-
turn drops more value in the firm’s equity than its debt and then it increases
the financial leverage ratio of the firm which implies a stock of firm should be
more risky and volatile. However, Christie (1982) and Schwert (1990) find that
volatility asymmetry cannot be fully accounted by the leverage effect hypothe-
sis. Therefore, some scholars13 suggest a feedback story to explain the different
impacts of positive and negative shocks on volatility. They claim that a higher
risk premium required by investors when there is an anticipated increase in
volatility, leading to an immediate stock price decline (negative shock). Alter-
natively, the feedback story claims that the negative shocks are caused by the
increase of volatility level, whereas the leverage effects theory contends that
negative shocks actually lead to a volatility increase. It is still an open question
that which story can explain the volatility asymmetry better.

Since there are plenty of ARCH family models, it is worth to know which
ARCH model will perform best in modelling the stock volatility. Engle and Ng
(1993) apply three diagnostic14 tests to several ARCH family models. They
find that GJR-GARCH(1,1) is the best model to fit the daily stock return
data and model the asymmetric volatility, while EGARCH(1,1) works poorly
for modelling the asymmetric volatility when there are extreme shocks in the
market.Gulen and Mayhew(2000) test both symmetric GARCH model (basic
GARCH) and three alternative asymmetric GARCH models (GJR-GARCH, the
nonlinear GARCH model (NGARCH), EGARCH) in their study about the ef-
fect of futures trading on spot volatility in international equity markets and find
asymmetric GARCH models fit the data better than the symmetric GARCH
model, with GJR-GARCH performing marginally better than the other two
asymmetric models.

Therefore, motivated by the above arguments, we apply a modified GJR-
GARCH model to model the conditional volatility of daily stock return in this
paper.

3 Methodology and Data

3.1 Model

3.1.1 The ARMA model

In order to model the conditional variances of return, an ARMA (p, q) model
is applied to remove the serial autocorrelation of return data. The ARMA (p,
q) model can be defined as follows:

13French and Stambaugh (1987) Campbell and Hentschel (1992).
14The Sign Bias Test, the Negative Size Bias Test and the Positive Size Bias Test.
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Rt = ω0 + εt +

p∑
i=1

ωiRt−i +

q∑
j=1

θjεt−j,εt ∼ iid(0, σt) (1)

Where ω0 is a constant, Where are ωi and θj are the parameters, Rt is the
natural log return at time t and εt is the error terms at time t. P and q are
the orders of AR and MA processes respectively . In order to fit ARMA (p, q)
model, firstly, we need to set the values of p and q .Since the ACF (autocorre-
lation function) and PACF (partial autocorrelation function) are the powerful
instruments to identify the appropriate orders for ARMA (p, q) process. We
choose (p, q) for each index based on the ACF and PACF graphs (Appendix)
.Besides, the results of Ljung-box (1976) tests will be provided to justify our
choices.

3.1.2 The ARCH model

The ARCH stands for autoregressive conditional heteroskedasticity. It was ini-
tially introduced by Engle (1982) to model the inflation in the UK and is com-
monly employed in modelling financial time series that exhibit time-varying
volatility clustering and leptokurtosis. An original ARCH (q) process can be
defined as:

σ2
t = α0 + α1ε

2
t−1 + ...+ αqε

2
t−q (2)

With α0 > 0 and αq ≥ 0, q > 0, Where q is the length of ARCH lags
α0 is the constant and αq are the parameters εt is the error term at time t
(which is the residual of equation 1) σt is the conditional variance at time t.
Since the value of σt (conditional variance of εt) depends on the values of past
error terms, larger past shocks(εt−1, ε(t−q)) indicate larger conditional variance
of recent shocks (εt). Alternatively it indicates the large past shocks tend to
induce large recent shock. This character makes ARCH(q) powerful to model
the volatility clustering which had been well documented in financial time series
studies.

3.1.3 The GARCH model

Although ARCH(q) model can be used to model the time-varying volatility.
It requires many parameters and a high order q to get the effective results
from the data. Bollerslev (1986) solved this problem by introducing a GARCH
(generalized autoregressive conditional heteroskedasticity) model. The general
GARCH(q, p) can be defined as:

σ2
t = α0 +

p∑
i=1

αiε
2
t−i +

q∑
j=1

βjσ
2
t−j (3)

Similarly, p and q are the orders of the ARCH terms and the GARCH terms
respectively, α0 is the constant term in the equation, αi and βj are the pa-
rameters, ε2t−i and σ2

t are the previous squared shocks and previous conditional
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variances respectively. Usually, a GARCH(1,1) model is good enough to capture
the ARCH effect of financial time series. Therefore, compared to the ARCH(q)
model, GARCH model requires less lags to have a good model fit, which makes
the GARCH model more efficient and flexible. Even it performs quite well in ex-
plaining the time-varying volatility, the symmetry GARCH model fail to model
the volatility asymmetry of financial time series data since it assumes that the
magnitude of positive and negative past shocks have the same effects on condi-
tional variance. This could be clearly observed in the equation (3). The value of
conditional variance σ2

t just depends on the value of past shock εt−1 rather than
their signs. Therefore, the positive and negative shocks have the same impact
on conditional variance σ2

t .

3.1.4 GJR-GARCH model

Since the asymmetric effect cannot be modelled by the symmetric GARCH
models, several asymmetric GARCH models have been introduced. One famous
example of them is the GJR-GARCH model which was introduced by Glosten,
Jagannathan and Runkle in 1993. The standard model can be defined as:

σ2
t = α0 + (α1 + γ1D

−
1 )ε2t−1 + β1σ

2
t−1 (4)

Where dummy variable

D−
1 =

{
1, if εt−1<0

0, if εt−1>0

Where p and q are the orders of ARCH and GARCH terms, α0 is the constant
term. α1,γ1 and β1 are the parameters. Different from the symmetric GARCH
model, the GJR-GARCH model includes a dummy variable D−

1 which takes on
a value of 1 if the past shock is negative and 0 otherwise. The coefficient of
dummy variable γ1 describes the difference in impact on volatility between the
positive and negative shocks. A significant positive (negative) value of γ1 means
that the bad news has a larger (smaller) impact on the conditional variance than
the good news does.

3.1.5 The modified model

To test the relationship between the spot volatility, index futures trading and
market efficiency, we take an ARMA (p, q) process to remove the serial auto-
correlation of daily stock return data and then model conditional variance by
applying a modified GJR-GARCH (1, 1) model15. Our model can be defined as:

15A lot of empirical studies had showed that the GARCH (1, 1) model is sufficient to capture
the ARCH effect of daily stock return.Besides, our residuals have not been found any ARCH
effect after a GJR-GARCH (1, 1) fitting.
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The ARMA (p, q) process:

Rt = ω0 + εt +

p∑
i=1

ωiRt−i +

q∑
j=1

θjεt−j , εt|Ωt−1 ∼ N(0, σt)

The GRJ-Garch(1,1)Process:

σ2
t = α0 + µ0Dt + (α1 + γ1D

−
1 )ε2t−1 + β1σ

2
t−1, (5)

or,
σ2
t = α0 + (α1 + γ1D

−
1 + δ1Dt)ε

2
t−1 + β1σ

2
t−1, (6)

or,
σ2
t = α0 + (α1 + γ1D

−
1 + γ2Dp

−)ε2t−1 + β1σ
2
t−1 (7)

Where,D−
1 =

{
1, if εt−i<0

0, if εt−i ≥ 0

D−
t =

{
0, if 1 ≤ t ≤ t* -1

1, if t∗ ≤ t ≤ T

D−
p =

{
1, if εt−1<0 and t∗ ≤ t ≤ T,

0, Otherwise

In the above model, the dependent variable, Rt, denotes the rate of return at
time t; Rt = ln( pt

p(t−1) ), where pt is the stock index value at time t. The shock

εt is assumed to follow a conditional normal distribution. The set of all relevant
and available information at time t-1 is denoted by Ω(t−1), t

∗ is the event date
(the listing date of stock index futures) and T is the last sample day. Dt is
the dummy variable which takes a value of 0 in the pre-futures trading days
and 1 in the post-futures trading days. Equation (5) is used to test whether
there is a change in the overall level of conditional variance. Equation (6) and
equation (7) can be used for the information flow test and asymmetric effect test
respectively. If there is no structural change on the conditional volatility after
the start of trade in stock index futures, the coefficients µ0, σ1 and γ2 would not
be significantly different from zero. Similarly, the significant positive(negative)
value of µ0, σ1 and γ2 indicates an increase(decrease) in the overall level of
conditional variance, information flow and asymmetric effect.

3.2 Volatility and Information Flow Test

Since the main interest of this paper is to test the general effects of futures trad-
ing on spot market rather than a simple multi-countries volatilities comparison,
we conduct both individual market volatility and international portfolio volatil-
ity tests. Following the literature which have controlled for the factor of 1987
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crash, we report both the original (including 1987 crash) and adjusted (exclud-
ing 1987 crash) results in both individual market volatility and international
portfolio volatility tests16

3.2.1 Individual market volatility

In our individual market volatility study, the daily spot price data of S&P 500,
ASX All Ordinaries and Nikkei 225 have been collected from Data Stream,
CRSP and Yahoo Finance. The selection of the sample based on the following
five criteria.

1) To avoid the downside bias, the underlying indices needed to be the first
or nearly first introduced the equity futures contract in the country.

2) The selected spot indices should be one of the most representative equity
indices and its futures contract had been well developed after the listing.

3) Since we do not sure that whether the difference of calculation methods
applied by the futures index has impacts on our volatility study and arithmetic
average indices dominate the world equity index futures market17. In order to
simplify our study, only the sample spot index data which are underlying by
arithmetic average index futures contracts had been collected.18

4) The selected data are the highest frequent index data available.
5) The selected market indices required to have long enough data19 to fit

the GARCH model.
In order for robust inferences to be made, 16 February 1982 (S&P500), 16

February 1983 (ALL Ordinary) and 3 September 1986 (Nikkei 225 (SIMAX))
are the threshold points to separate pre-and post-stock index futures periods.
The total sample size for each country is 1000 trading days and covering period
is from the 500th trading days before the listing of the index futures trading to
the 500th trading days after the listing in each three stock markets.

Since then non-stationary price series is non-sense to model the conditional
volatility, we transform daily price data to daily natural logarithm returns data
by using the following equation.

Rt+1 = logPt+1 − logPt (8)

Where Rt is the log return of underlying index at time t and Pt is the price
level of underlying index at time t.After modelling conditional variance of Rt by
our modified GJR-GARCH(1,1), the Coefficients µ0 and σ1 could tell us that
whether any spot volatility and information flow change occur after the listing

16For the individual market test, only results of the Nikkei 225 have been report both
including 1987 crash and excluding 1987 crash because only sample period of Japan had
experienced 1987 crash.

17ValueLine index futures was the only geometric average futures index and had employed
arithmetic average method from March, 1988.

18Even Value Line index contract is the world first index future contract and had been
introduced at 24 February 1982 by Kansas City Board of Trade, we exclude Value Line in our
research because it was a geometric average contract.

19Since we need to study the structural change of volatility between pre-future period and
post-future period, at least 500 observations in each period need to be guaranteed.
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of index futures trading in each market.

3.2.2 International portfolio volatility

Some studies20 suggest both macroeconomic factors and market micro-structures
have substantial effects on stock return volatility, and from macroeconomic con-
ditions, trading mechanisms, settlement days, forms of taxation and regulation
differs from country to country, our individual market study may not be able to
identify the general relationship between the futures trading listing, the change
of volatility and the change of market efficiency. Therefore, in order to control
the impact of other determinants on volatility, we apply Lee and Ohk (1992)
method to conduct an international portfolio volatility study. According to
their study, there are two ways to build up the international portfolio. The
first one is an equally weighted international portfolio, which gives equal weight
to each component index in the portfolio. The second one is a value weighted
international portfolio which is constructed by using the ratios of total market
capitalization. Since the results from both methods are similar and we do not
have the data of market capitalization, we only apply equal weighted method
to build up our international portfolio in this research. Besides, to control for
extraneous influences better and make our results more robust , we remove our
first criteria to allow more stock indices (show in table 1) to be included in our
international portfolio21

Table 1: The Composition of International Portfolio
Country Underlying index launch date
Australia All Ordinaries 16 February 1983
Belgium BEL 20 29 October 1993
EuropeanUnion Euro Stoxx 50 22 June 199822

Japan(SIMEX) Nikkei 225 3 September 1986
(Osaka) Nikkei 225 3 September 1988
United States S&P 500 21 April 1982

NASDAQ-100 4 October 1996
DJIA 6 October 1997

Sources : Gulen and Mayhew (2000)

After the release of this constraint, our international portfolios are con-
structed by eight stock indices (Table1), centered on the futures trading listing
date of each market. That is, a compilation is made of returns of a portfolio
made up by investors who buy a stock index in each stock market on the 500th

trading day before the stock index futures listing and subsequently sell the stock

20Anihund, Mendelson and Murgia (1990) find the volatilities of same stocks differ signifi-
cantly over different market structures in the Italian stock market.

21Downside bias does not affect our conclusion since our result of international portfolio is
statistically significant.
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index 1000 trading days later. Then, similar to our individual market volatility
study, we regress the daily return data of international portfolio by our mod-
ified GRJ-GARCH model and the coefficients µ0 and σ1 tell us whether any
volatility and information flow change associated with a list of index futures
trading. Besides, we use equation (7) to test whether the volatility asymmetry
changes after the listing of index futures. If the coefficients γ2 are significantly
positive (negative), it means that there is an increase (decrease) in the volatility
asymmetric response.

3.2.3 Coefficients dynamic test

The existing literatures just focuses on one period change of spot volatility
and information flow, which ignores the fact that the effects of index futures
may vary with the development of index futures market. Besides, without the
confidence on control for extraneous influences, one period regression may not
give us a reliable result. Then, it is necessary to have multiple period regressions
for conditional variance and see whether our coefficients µ0, σ1 and γ2 (for the
individual index market we use µ0 and σ1 are consistent over time. In order to
have multiple period regressions, we lag our listing date for 20 business days23

each time. Therefore, we have a new post-futures period data (500 trading days)
each time. After taking the above manipulation for 25 times, we have 25 groups
of new post-futures period data . The same modified GJR-GRACH model was
applied to get 25 groups of new coefficients of µ0, σ1 and γ2

24 (both for our
individual index and international portfolio.

3.3 The Descriptive Statistics of Data and the results of
preliminary statistic tests

The descriptive statistics of logarithmic first-difference of the daily spot prices in
all indices has been reported. The basic statistical properties such as standard
deviation, excess skewness and kurtosis have been provided. The Jarque-Bera
test for departure from normality has been conducted in logarithmic first dif-
ference of spot prices. Besides, for testing the stationarity of data, we use two
groups of Augmented Dickey Fuller tests (1981) in both the logarithm and the
logarithmic first-difference in the daily index price data. The Ljung-Box test
has been applied here to test the independence of residual and squared residual
data. The ARCH-LM test has been applied here to test the heteroskedasticity
of logarithmic first-difference in the daily index price data. The P-value has
been reported to indicate the significance level of confidence to reject the rele-
vant null-hypotheses.

23Since 20 trading days are almost a calendar month, we can study the coefficient dynamic
month by month.

24Coefficient γ2 is not for individual index study
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In a statistician’s Utopia one can simultaneously minimize both types of er-
rors. However, as type 1 error is decreased (the significance level moved from
10% to5%, or 5% to 1%) type 2 error is increased. Most introductory statistics
textbooks suggest that the exact relationship between two types of errors de-
pends on the underlying probability distributions for the test statistic and on
the hypothesis and alternative hypothesis. Mandersheid (1965) suggests that
people must consider following three points to choose a “best” significance level.
1) the costs associated with each type of error, 2) the prior probabilities of the
hypothesis and the alternative, and 3) the size of the type 2 error associated
with each significance level. However, since we have no idea about the costs as-
sociated with each type of error to choose the best significance level, we provide
both 1%,5% and 10% statistic significance levels in this study.

In table 2, which is divided into nine panels and each panel, indicates one
group of sample. Two main characteristics are worth to be mentioned here.
First, none of our samples follow the normal distribution since they all get very
large value in the J-B test and strongly reject the normality hypothesis at the
1% significant level. Second, although the null hypothesis of non-stationary in
the first group of ADF tests fail to be rejected by prices data in all our samples.
The logarithmic first difference of price data strongly rejects the non-stationary
hypothesis in the second group of ADF tests. It means that the first order dif-
ference is powerful enough to transfer the index prices data from non-stationary
to stationary.

Table 3 provides the results of Ljung-Box tests for both residual and squared
residual series. Except for Nasdaq100, all sample residual series reject the Null-
hypothesis of Ljung-Box test at 1% significance level ,which indicates that they
are all serial-correlative before an autoregressive process adjustment. Besides,
all samples reject the Null-hypothesis of Ljung-Box in squared residual level ,
which indicates all the samples are heteroskedastic25 . The results above show
us that an adjustment of ARMA (p,q) process may be necessary for our data
and the GARCH (p, q) may be a good fit model.

After taking an ARMA (1,0)26 and GARCH (1,1) process, we report an-
other group of results for both Ljung-Box and ARCH-LM tests27 in table 4.
Different from table 3, all sample fail to reject the null-hypothesis of the Ljung-
Box test in residuals, which indicates autoregressive models capture the serial-
correlation in the residual series, suggesting that the ARMA procedure removes
the predictable part of the return series. Besides, the results of squared resid-

25Since the null hypothesis of Ljung-Box test is that the data are independent, a rejection of
null hypothesis in squared residual level means the squared residual series is no independent.
Therefore, the variance of residual at time t [the quadratic form of residual] is dependent on
the past residuals.

26For BEL 20 and All Ordinaries, ARMA (2,0) and ARMA(1,2) have been taken respec-
tively.

27ARCH-LM test also be named as Lagrange multiplier test.

87



Journal of Management Sciences

uals and ARCH-LM test both suggest that there is no ARCH effect left after
the adjustment .Therefore GARCH(1,1) model is good enough to remove the
heteroskedasticity from our time series data.
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Table 3: Ljung-Box Statistics for Residuals without Autoregressive Process
Sample Q(1) Q(12) Q2(1) Q2(12)
S&P500 8.8792*** 18.739* 1.2156 88.590***
All Ordinaries 79.327*** 102.27*** 27.974*** 74.370***
Nikkei225(SIMAX) 5.4232*** 20.910** 161.73*** 185.84***
DJIA 5.1852*** 14.392 51.139*** 156.30***
BEL 20 14.808*** 25.270*** 2.024 12.084***
NASDAQ 100 0.3455 12.302 68.248*** 141.08***
Euro Stoxx50 5.8626*** 34.409*** 31.521*** 344.77***
Nikkei225(OSX) 0.0866*** 33.563*** 158.53*** 196.36***
International portfolio 2.5687*** 7.7833 24.769*** 50.101***

Q(L) and Q2(L) are the Ljung-Box (1978) Q statistics on the first L lags of the sample
autocorrelation function of the residual series and squared residual series without any
autoregressive process. These tests are distributed as χ2(L). The null hypothesis for Q(L) is that
the residual series is independent. The null hypothesis for Q2(L) is that the square residual series
is independent.
*** indicates statistic significance at the 1% level.
**indicates statistic significance at the 5% level.
*indicates statistic significance at the 10% level.

Table 4: Ljung-Box and ARCH Statistics for Residuals with Autoregressive
Process

Sample Q(1) Q(12) Q2(1) Q2(12) L ARCH-LM
S&P500 0.0342 7.6321 2.0586 11.345 -0.152
All Ordinaries 0.1395 9.2316 0.0911 6.998 -0.7632
Nikkei225(SIMAX) 0.0863 12.142 0.1295 5.6085 -0.7194
DJIA 0.0482 8.4496 0.3637 9.2272 -0.5477
BEL 20 0.0387 4.7589 1.519 7.5715 -0.2186
NASDAQ 100 1.0684 8.6529 0.0657 11.449 -0.798
Euro Stoxx50 0.0722 10.022 0.5824 16.861 -0.4464
Nikkei225(OSX) 0.1396 13.771 1.9741 5.9844 -0.1608
International portfolio 0.0797 5.2385 0.9696 15.614 -0.3256

Q(L) and Q2(L) are the Ljung-Box (1978) Q statistics on the first L lags of the sample
autocorrelation function of the residual series and squared residual series from several
Autoregressive processes. ARCH is the ARCH-LM test for heteroskedasticity and only probability
value had reported. All these tests are distributed as χ2(L).The null hypothesis for Q(L) is that
the residual series is independent. The null hypothesis for Q2(L) is that the square residual series
is independent. The null hypothesis for ARCH-LM test is that the series is not heteroskedastic.
*** indicates statistic significance at the 1% level.
**indicates statistic significance at the 5% level.
*indicates statistic significance at the 10% level.
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4 Empirical results

4.1 The empirical results for individual market volatility
tests

Rt = ω0 + εt +

p∑
i=1

ωiRt−i +

q∑
j=1

θjεt−j

εt|Ωt−1 ∼ N(0, σt)

σ2
t = α0 + µ0Dt + (α1 + γ1D

−
1 )ε2t−1 + β1σ

2
t−1, or,

σ2
t = α0 + (α1 + γ1D

−
1 σt +Dt)ε

2
t−1 + β1σ

2
t−1,

Table 5 provides the results of one period modified model. The coefficients
ω1,θ1 and θ2 are all in the 1% significance level, which shows us that our ARMA
processes are good to fit our data. The negative values of µ0 for S&P 500 and
All Ordinaries indicate a decrease of volatility in these two indices in the post-
futures period. However, these decreases are not reliable since the coefficients
µ0 are statistically insignificant. In contrast, both the original and adjusted
(excluding the 1987 crash data) samples of Nikkei 225 indicate a significant in-
crease of volatility and information flow in the spot level after the introduction
of index futures trading. No surprisingly, the original sample shows a greater
increase in volatility and information flow since extreme volatile data have been
included. For the asymmetric volatility, the coefficient γ1 is positively signif-
icant for Japan but insignificant for other two countries, which indicates only
Japan has the volatility asymmetry.

Comparing our results to the previous studies, we find that our findings in
the Nikkei 225 and All Ordinary are consistent with the results of (Hodgson &
Nicholls, 1991; Lee & Ohk, 1992; Chang et al., 1999; Gulen & Mayhew, 2000)28,
while our findings are inconsistent to Antonious, Holems and Priestley(1998).
By using the same asymmetric conditional variance model (GJR-GARCH) as
AHP, We believe that the inconsistency should not result from the model selec-
tion, but the listing date selection since they use 5 September 1988 (OSAKA)
as the listing date in the Nikkei 225.

28Our Australian result is not fully consistent with Gulen and Mayhew since they find
a significant decrease in spot volatility in All Ordinaries after the listing of index futures
trading, while we find an insignificant decrease in spot volatility. We believe this difference
may contribute to the control of macro-economic factors because they had used a world index
to control the macro-economic factors in the individual index study.

91



Journal of Management Sciences

T
ab

le
5:

in
d

ex
fu

tu
re

s
li

st
in

g
a
n

d
st

ru
ct

u
ra

l
ch

a
n

g
e

in
co

n
d

it
io

n
a
l

va
ri

a
n

ce
fo

r
in

d
iv

id
u

a
l

in
d

ex
In

d
iv

id
u
a
l

m
a
rk

e
t

in
d
e
x

S
&

P
5
0
0

A
ll

O
rd

in
a
ri

e
s

N
ik

k
e
i2

2
5

N
ik
k
e
i2

2
5
C

P
a
ra

m
e
te

r
ω
o

0
.0

0
0
2
1

0
.0

0
0
1
9

0
.0

0
0
1
3
2

0
.0

0
0
1
1
2

0
.0

0
0
7
3
6
*
*
*

0
.0

0
0
8
3
1
*
*
*

0
.0

0
0
9
7
6
*
*
*

0
.0

0
1
0
1
4
*
*
*

-0
.4

9
6
4

-0
.5

3
5
9

-0
.7

5
3
2

-0
.7

9
4

-0
.0

1
5
2

-0
.0

0
8
3

-0
.0

0
0
5

-0
.0

0
0
3

ω
1

0
.0

9
6
4
9
*
*
*

0
.0

9
8
2
1
9
*
*
*

0
.8

8
9
3
0
9
*
*
*

0
.8

8
8
6
5
6
*
*
*

0
.1

2
4
5
0
4
*
*
*

0
.1

3
9
9
6
0
*
*
*

0
.1

0
7
4
0
0
*
*
*

0
.1

0
9
3
3
4
*
*
*

-0
.0

0
4
8

-0
.0

0
4
1

0
0

-0
.0

0
3
8

-0
.0

0
1
6

-0
.0

0
4

-0
.0

0
2
4

ω
2

θ
1

-0
.5

6
4
3
3
*
*
*

-0
.5

6
7
2
6
*
*
*

0
0

θ
2

-0
.2

5
0
7
4
*
*
*

-0
.2

4
8
4
0
*
*
*

0
0

α
0

3
.2

7
E

-0
6
*
*
*

3
.4

1
E

-0
6
*
*
*

6
.4

8
E

-0
6
*
*
*

4
.8

1
E

-0
6
*
*
*

1
.9

0
E

-0
5
*
*
*

2
.0

5
E

-0
5
*
*
*

6
.9

3
E

-0
6
*
*
*

5
.1

0
E

-0
6
*
*
*

-0
.0

0
1
2

-0
.0

0
1
3

-0
.0

0
5
8

-0
.0

0
7
7

0
0

0
0

α
1

0
.0

4
3
1
2
7
*
*
*

0
.0

3
5
2
6
6
*
*

0
.1

0
5
6
3
6
*
*
*

0
.1

1
1
0
1
5
*
*
*

0
.0

6
0
6
7
2
*

0
.0

3
2
9
9
5

0
.0

5
4
7
0
2
*
*
*

0
.0

4
2
5
0
1
*
*
*

-0
.0

0
1
6

-0
.0

2
3
5

0
-0

.0
0
0
5

-0
.0

5
2

-0
.2

1
0
6

-0
.0

0
5

-0
.0

0
5
5

γ
1

0
.0

0
8
7
3
5

0
.0

1
7
0
0
1

-0
.0

0
3
4
9
7

-0
.0

0
0
8
7

0
.7

6
0
5
1
9
*
*
*

0
.5

6
8
8
8
5
*
*
*

0
.2

1
0
3
3
9
*
*
*

0
.1

4
2
2
3
5
*
*
*

-0
.6

8
1
2

-0
.4

4
9
4

-0
.9

0
2
1

-0
.9

7
6
1

0
0

0
0

β
1

0
.9

1
8
9
8
6
*
*
*

0
.9

1
5
1
3
0
*
*
*

0
.8

1
7
1
9
0
*
*
*

0
.8

3
1
1
8
*
*
*

0
.3

4
9
3
3
8
*
*
*

0
.4

2
3
9
4
0
*
*
*

0
.7

2
1
1
4
1
*
*
*

0
.7

9
8
6
7
1
*
*
*

0
0

0
0

0
0

0
0

µ
0

-4
.0

8
E

-0
7

-1
.6

0
E

-0
6

1
.9

9
E

-0
5
*
*
*

6
.4

7
E

-0
6
*
*
*

-0
.4

4
6
9

-0
.1

4
3
4

0
-0

.0
0
0
2

σ
1

0
.0

0
7
2
6
4

-0
.0

1
7
0
8
7

0
.2

1
5
4
0
2
*
*
*

0
.0

5
2
5
1
1
*
*
*

-0
.3

5
6
5

-0
.3

2
4
8

-0
.0

0
0
2

-0
.0

0
5
8

L
o
g

L
ik

e
li
h
o
o
d

3
2
6
7
.2

9
4

3
2
6
7
.3

9
3

3
3
8
7
.1

3
2

3
3
8
6
.4

1
5

3
3
4
6
.5

2
2

3
3
3
5
.9

9
9

3
3
8
1
.9

3
8

3
3
7
9
.3

3
1

N
o
t
e
:R
t

is
t
h
e

lo
g

fi
r
s
t

d
if
fe

r
e
n
c
e

o
f
d
a
il
y

s
p
o
t

p
r
ic

e
in

e
a
c
h

in
d
e
x

a
t

t
h
e

t
im

e
t
;
D

− i
=

1
if
t
<

0
a
n
d

z
e
r
o

o
t
h
e
r
w
is
e
,
D
t
=

1
if

t
h
e

t
is

a
t

t
h
e

p
o
s
t
-f
u
t
u
r
e
s

p
e
r
io

d
a
n
d

z
e
r
o

o
t
h
e
r
w
is
e
;

t
h
e

c
o
e
ff
ic

ie
n
t
s
µ
0

a
n
d
σ
1

a
r
e

t
h
e

in
t
e
r
e
s
t

o
f
o
u
r

s
t
u
d
y

w
h
ic
h

in
d
ic

a
t
e

t
h
e

c
h
a
n
g
e

o
f
a
v
e
r
a
g
e

c
o
n
d
it
io

n
a
l
v
o
la

t
il
it
y

a
n
d

in
fo

r
m

a
t
io

n
fl
o
w

r
e
s
p
e
c
t
iv

e
ly

.
F
ig

u
r
e

in
t
h
e

b
r
a
c
k
e
t
s

(
.)

in
d
ic

a
t
e
s

p
-v

a
lu

e
.
N
i
k
k
e
i
2
2
5
c

is
t
h
e

d
a
t
a

e
x
c
lu

d
in

g
t
h
e

1
9
8
7

O
c
t
o
b
e
r

s
t
o
c
k

m
a
r
k
e
t

c
r
a
s
h
.

L
o
g

L
ik

e
li
h
o
o
d

is
t
h
e

v
a
lu

e
o
f
t
h
e

m
a
x
im

iz
e
d

li
k
e
li
h
o
o
d

fu
n
c
t
io

n
.

*
*
*

in
d
ic

a
t
e
s

s
t
a
t
is
t
ic

s
ig

n
if
ic

a
n
c
e

a
t

t
h
e

1
%

le
v
e
l.

*
*
in

d
ic

a
t
e
s

s
t
a
t
is
t
ic

s
ig

n
if
ic

a
n
c
e

a
t

t
h
e

5
%

le
v
e
l.

*
in

d
ic

a
t
e
s

s
t
a
t
is
t
ic

s
ig

n
if
ic

a
n
c
e

a
t

t
h
e

1
0
%

le
v
e
l

92



Journal of Management Sciences

4.2 The empirical results for international portfolio tests

Rt = ω0 + εt +

p∑
i=1

ωiRt−i +

q∑
j=1

θjεt−j

εt|Ωt−1 ∼ N(0, σt)

σ2
t = α0 + µ0Dt + (α1 + γ1D

−
1 )ε2t−1 + β1σ

2
t−1, or,

σ2
t = α0 + (α1 + γ1D

−
1 σt +Dt)ε

2
t−1 + β1σ

2
t−1,

Table 6: Structural change in conditional variance for international portfolio
International portfolio

Original sample Adjusted sample
Parameter
ω o 0.000634*** 0.000661*** 0.000659*** 0.000699*** 0.000698*** 0.000697***

0 0 0 0 0 0
ω 1 0.121387*** 0.113630*** 0.111395*** 0.108044*** 0.112139*** 0.113174***

-0.0003 -0.0004 -0.0005 -0.0011 -0.0007 -0.0006
ω 2
θ 1
θ 2
α 0 5.44E-06*** 2.19E-06*** 2.13E-06*** 1.44E-06*** 1.30E-06*** 1.26E-06***

-0.0018 -0.0027 -0.0027 -0.0058 -0.0023 -0.0014
α 1 0.034855 -0.000759 0.012187 0.012292 0.000273 0.009126

-0.3648 -0.9727 -0.5669 -0.5383 -0.987 -0.55853
γ 1 0.198520*** 0.11029*** 0.087664*** 0.049054* 0.041784* 0.019088

-0.0017 -0.0026 -0.01 -0.0982 -0.0723 -0.5168
β 1 0.460748*** 0.792972*** 0.797711*** 0.845406* 0.875735*** 0.880822***

-0.0024 0 0 0 0 0
µ 0 2.21E-06** 5.30E-07*

-0.0153 -0.0821
σ 1 0.029189 0.023736*

-0.1798 -0.1
γ 2 0.049286 0.047233*

-0.235 -0.0854
Log Likelihood 4122.054 4118.996 4118.694 4166.061 4164.903 4165.202

Note: Rt is the log first difference of daily spot price in each international portfolio at the time t;D
−
i

= 1 if t < 0

and zero otherwise, Dt = 1 if the t is at the post-futures period and zero otherwise; The coefficients µ0 ,σ1 and
γ2 are the interest of our study which indicates the change of average conditional volatility, information flow and
asymmetric volatility respectively. Figure in the brackets (.) indicates p-value. Adjusted sample is the data
excluding the 1987 October stock market crash in an equally weighted international portfolio. Log Likelihood is
the value of the maximised likelihood function. *** indicates statistic significance at the 1% level **indicates
statistic significance at the 5% level *indicates statistic significance at the 10% level

For the results of international portfolio, the significantly positive coefficient
µ0 in both samples indicate that an increased volatility is associated with the
listing of index futures trading and this volatility increase is not correlated with
the 1987 stock crash itself(our adjusted sample come up with similar result as
original sample and just be less statistically significant). Actually, figure. 1 and
2, Shows that it is clear that the conditional volatility jump to a higher level
after the listing of index futures trading.

Besides,the positive σ1 is observed in both samples that indicate an increase
of information flow in the post-futures period. However, we are not too confident
in the information flow increase since the significance level of coefficient σ1

are weak. Come to the asymmetric volatility, the coefficient γ1 are positively
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significant in both original and adjusted samples, which indicates the existence
of volatility asymmetry in both samples. Therefore the asymmetric conditional
variance model should be preferred to the symmetric conditional variance model
for the international portfolio.

Figure. 1 : The conditional standard deviation of international
portfolio(excluding 19 crash)

Figure. 2 : The conditional standard deviation of international portfolio
(including 87 crash)
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4.3 The empirical results for coefficients dynamic tests

Table 7 shows us how the coefficients µ0 and σ1 vary over time for each in-
dividual market index. For the S&P 500 and All Ordinaries, the coefficients
µ0 are changing from insignificantly negative to significantly negative, which
indicates the volatilities in these two indices decrease after an introduction of
index futures trading. These decreases in volatilities are getting bigger over
time. Similarly, in S&P 500 and All Ordinaries, the coefficients of information
flow σ1 are changing from significantly negative to insignificantly negative over
the lagged periods, which is the same pattern of change as is identified with
volatility. It indicates that the market efficiencies in these two markets are de-
creasing over the time.

However, the conditional variances of Nikkei 225 experience a different pat-
tern of change to previous two indices. The coefficients µ0 and σ1 are signif-
icantly positive in the first several lagged periods and then become insignifi-
cantly positive and then finally change to negative. It indicates that both the
spot volatilities and market efficiencies in Japan decrease over time29. The re-
sults of the Nikkei225c are quite similar to the results of unadjusted Nikkei
225 samples (including 1987 Crash) and the only difference is the change of µ0

and σ1 are smaller, resulting from the exclusion of extreme shocks (we plot the
time-varying coefficients µ0 and σ1 in Appendix).

In the individual market time-varying study, nevertheless, we do not find the
clear pattern for either the coefficients or the change of coefficients in all indices.
Since we have not control for the macro-economic factors in each individual in-
dex, hence these results may be influenced by the difference of macro-economic
conditions in different indices over different sample periods.

Since the results of individual index cannot tell us too much about the general
effects of index futures trading on volatility, we need to move on to the results of
international portfolio in Table 8. In Table 8, it is clear that coefficients µ0 for
both original and adjusted samples are positively significant over all lag periods.

29The identified decrease in volatility in the Nikkei 225 is consistent with the change in
spot prices of the Nikkei 225. The Nikkei 225 experienced a booming market in the sample
periods. As we discussed before, the positive returns (positive shocks) tend to be related to
the decrease in volatility.
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The finding indicates that there is volatility increases associated to the list-
ing of index futures trading, and the identified volatility increases are consistent
over time. For the change of information flow, both samples evidence an im-
provement of information flow over time. Even though some values of coefficients
σ1 are not significant at 10% confidence level in original and adjusted samples,
most of p values are close to 10%. Besides, there is a clear trend that both
the significance level and value of coefficients σ1 are increasing over the lagged
sample periods, which implies that the impact of index futures trading on mar-
ket efficiency is increasing over time. This evidence is consistent with the fact
that the index futures trading have been developed quickly after their listings.
Regarding the change in volatility asymmetric effects, most coefficients γ2 in
original samples are significant positive (at either 5% or 10% significance level),
while most coefficients γ2 in adjusted samples are insignificantly positive.

This suggests that there is an increase in volatility asymmetric effect in orig-
inal sample, but no difference in the adjusted sample (the increase in volatility
asymmetric effect means that the post-futures negative shocks have more im-
pacts on volatility than pre-futures negative shocks). In addition, the value
of coefficients γ2 in original sample is far bigger than those in the adjusted
sample(167%-2126%). The above difference of change of volatility asymmetric
effect in two samples may be caused by the exclusion of 1987 crash data (we
plot the time-varying coefficients µ0 and σ1 in Appendix).

5 Conclusion

This paper examines the impact of index futures trading on the spot market
in three individual indices and an equally weighted international portfolio. We
apply a modified GJR-GARCH model to test the relationship between the list-
ing of index futures trading, spot market volatility and market efficiency. In
order to test whether the identified impacts are consistent over time, we lag the
post-futures data to allow multiple period regressions to be included, therefore
the coefficient dynamics can be studied.

There are several striking findings from our study. First, without any control
for macro-economic factors, the impacts of individual index futures trading on
spot volatility and information flow vary over the indices and time. Second, after
using an equally weighted international portfolio to control the macro-economic
conditions and market micro structures, we find that there is a general increase
in both spot volatility and information flow in both original and adjusted sam-
ples.
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When we go further and apply a coefficient dynamic test to our international
portfolio, different from the results of individual index, the identified increases
in spot volatility and information flow are consistent over time in both origi-
nal and adjusted samples. Third, the amount of increase in spot volatility and
information flow increase over time in the adjusted sample, which is consistent
with the fact that the index futures trading have been developed quickly after
their listings. Finally, we find that there are increases in asymmetric volatility
in the international portfolio (original sample) in the post-futures periods. Nev-
ertheless, the increases of asymmetric volatility response in the international
portfolio may be partially contributed by the October 1987 crash since that the
increases of asymmetric volatility response become less statistically significant
in the adjusted sample (in Table 8, less the values of coefficient γ2 is statistically
significant at each given significance level).

In the comparison with previous literatures, our identified volatility increase
is consistent with those results from the cross-sectional and decomposition meth-
ods. Besides, our results are consistent with Lee and Ohk (1992) symmetric
GARCH international portfolio study. However, by using an asymmetric model,
we find a significant volatility asymmetric feature in the international portfolio,
which has been ignored by Lee and Ohk (1992). Different from all prior litera-
ture, we introduce a coefficient dynamic test to examine whether the identified
structural changes of conditional variance are consistent over time. Our re-
sults for individual index in the coefficients dynamic test may partially explain
two inconsistencies in the previous studies. The first, without controlling for
macro-economic factors control, studies in different indices may come up to the
mixed results for the impacts of index futures on spot volatility. Second, some
similar studies utilize an analogous sample model, however through the use of
different data period in the same index a mixture of results has been observed.
Our results from the international portfolio tend to be stable through time.
Alternatively, they should be more reliable than most of the previous studies
since we exclude the possibility that our identified increase in spot volatility are
influenced by the data periods we used.

Areas for Future Research

However, there are still some problems we need to solve to make our results
more robust. First, we do not find a method to estimate that how good is
our international portfolio in controlling the extraneous influences (especially
macro-economic factors). So, we cannot confidently reject the hypothesis that
our identified increase of spot volatility does not result or partially result from
the change of macro-economic conditions. We believe, our results of interna-
tional portfolio can be more robust if more indices data is incorporated (a more
diversified international portfolio) or if we have the data of a comparable world
equity index to remove the macro-economic factors. Besides, similar to the
previous empirical studies, what we only identify is the correlation rather than
the causation between the index futures trading, spot volatility and information
flow. Second, we find no concrete reason to explain why the original data have
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a higher increase in spot volatility but less significant increase in information
flow. Third, without the availability of the data on open interest, futures trading
volume and futures price, there are two things we cannot do i.e.

1) We cannot study the direct link between the spot market and the futures
market, which may help us to understand whether the introduction of a volatile
futures market leads to the increase in volatility in spot market.

2) We are not able to relate the identified increase in the increase of spot
volatility to the development of futures market.

Fourth, since our increased volatility results come from the study of an in-
ternational portfolio, which is less volatile than the individual stock indices, the
identified volatility increase may be underestimated when we apply it to esti-
mate the general effect of index futures trading on spot volatility for individual
countries. The above empirical issues remain to be examined in the future study.
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Appendix

Figure 1: The movement of coefficients µ0 and σ 1 in the international portfolio
(excluding 1987 crash)

Figure 2: The movement of coefficients µ0 and σ 1 in the international portfolio
(including 1987 crash)

Figure 3: The movement of coefficients µ0 and σ 1 in S&P 500
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Figure 4: The movement of coefficients µ0 and σ 1 in the all ordinary

Figure 5: The movement of coefficients µ0 and σ 1 in the Nikkie 225 (including
1987 crash)

Figure 6: The movement of coefficients µ0 and σ 1 in the Nikkie 225 (excluding
1987 crash)
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Figure 7: 9
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Figure 8: 6
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Figure 9: 3
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