The Relationship between Trading Volume and
Volatility in Korea’s Financial Markets

Shiyong Yoo*

Department of Finance, School of Business and Economics, Chung-Ang University

June 28, 2013

Abstract The aim of this study is to identify the relationship between trade volume
and volatility in Korea’s financial markets, including the KOSPI 200 Index, KOSPI 200
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options and the futures markets. The expected trading volume of the underlying index has a
positive relation with VKOSPI, which is the options market volatility measure; further, the
unexpected components have a positive relation with the volatility of the futures market. In
short, the trading volume of the underlying index is positively related with the volatilities
of options and futures markets. Moreover, with regards to the relation between derivatives’
trading activities and the underlying index volatility, open interests of call and futures,
trading volume of futures, and its expected and unexpected components are positively related
with the volatility of the KOSPI 200 Index. On the other hand, open interests of put options
and their expected components have a negative relation with the volatility of the KOSPI
200 Index. Our empirical results imply that volume and volatility relations have some
cross financial markets effects in both the underlying and derivatives markets; furthermore,
the trading volumes and volatilities of the underlying and derivatives markets are deeply
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Keywords: expected trading volume, unexpected trading volume, volatility, sequential

information arrival model (SIAM), mixture of distribution hypothesis (MDH)

JEL Classification Numbers: G12

*Address: 303-1331, School of Business and Economics, Chung-Ang University, Seoul, Korea, telephone:
82-2-820-5578, e-mail:sy61Qcau.ac.kr.



1 Introduction

A large volume of academic papers convey that the trading volume and volatility of
stock returns are correlated. Karpoff (1987) documents some “stylized facts” about the
price changes and trading volume by surveying many empirical studies on the topic. A
particular fact to note is that asset price changes and trading volume are positively related.
Most studies focus on the relationship between the absolute value of returns and trading
volume, where the absolute value of returns or the squared returns can be considered as a
volatility measure.

In terms of the theoretical background on the relationship between price changes and
volume, there are two main approaches to explain the relationship between trading volume
and returns: the mixture of distribution hypothesis (MDH) model by Clark (1973) and
the sequential information arrival model (STAM) by Copeland (1976, 1977). Both models
propose a positive correlation between volatility (the absolute value of returns) and trading
volume. However, the empirical evidence on the relationship between volume and volatility
(or price changes) shows mixed results and is far from conclusive. In addition, both theories
on the relation between price changes and trading volume of the same asset are true for the
same asset. However, the theories do not mention the relationship between the volume of
one market and the price changes of the other market.

Research on the relationship between trading volume and volatility across different fi-
nancial markets is relatively rare. Most papers deal with the volatility-volatility relationship
of the same financial product or market. Thus, it is natural for researchers to explore the
relationship between the trading volume of one market and the volatility of the other market.
For example, it is meaningful to figure out the volume-volatility relationship among the un-
derlying stock market and its derivatives markets (options and futures markets) because as
the underlying stock market and its derivatives markets deeply integrate, the trading volume
of each market may have some effects on the volatilities of the other markets. Kyriacou and

Sarno (1999) demonstrate that the omission of any of these two options and futures trad-



ing activities may generate a serious misspecification problem, which produces misleading
estimation and statistical inference.

Hence, we specifically consider the volume-volatility relationship across Korea’s financial
markets, including the KOSPI 200 Index, KOSPI 200 options, and KOSPI 200 futures. The
following volatility measures are considered as the dependent variables: historical volatility
of the underlying KOSPI 200 index market, range-based Garman-Klass (1980) volatility
of KOSPI 200 futures, and VKOSPI for KOSPI 200 options. For volatility measures of the
underling KOSPI 200 index, the GJR-GARCH model,! range-based Garman-Klass volatility,
and realized volatility are additionally considered as measures to check the robustness of the
empirical results. Key explanatory variables include the trading activities of the underlying
KOSPI 200 index, KOSPI 200 futures, and KOSPI 200 options.

The rest of the paper is organized as follows. Section 2 provides some theoretical back-
grounds and previous works. Section 3 explains the data set and model specifications for the
volume-volatility relationships. Section 4 presents the discussions on the empirical results

and section 5 concludes the paper.

2 Theoretical Backgrounds and Previous Works

2.1 Theoretical Background

Two major theoretical approaches have been applied to explain the volume-volatility
relationship in the stock markets: the mixture of distribution hypothesis (MDH) model by
Clark (1973) and the sequential information arrival model (STAM) by Copeland (1976, 1977).
Both models imply a positive correlation between volume and volatility.

In one of the MDH models, Tauchen and Pitts (1983) derive a joint probability density
f(AP,V) of the daily price change AP, and the trading volume V' contains all of the relevant

information regarding the price variability-volume relationship. They also portray that the

!Glosten, Jagannathan, and Runkle (1993).



conditional expectation of the squared price change, E(AP?|V), is increasing in the trading
volume, which is in agreement with Clark’s (1973) findings. Further, the daily volume
and volatility in their model depend on three factors: the average daily rate at which new
information flows to the market, the extent to which traders disagree when they respond to
new information, and the number of active traders in the market.

In the SIAM by Copeland (1976), there is a positive volume-volatility correlation with
high values occurring when traders have unanimous opinions with regards to new information
and low values occurring when they disagree. As a special case of the sequential information
arrival model, Copeland suggests a simultaneous information arrival model, where there is
a negative volume-volatility correlation.

The number of studies on the equilibrium model for the role of financial derivatives is
relatively small (Cox, 1976; Brennan and Cao, 1996; Kraus and Smith, 1996). However, many
empirical studies exist on this topic. It is known that informed traders utilize derivatives
markets, such as futures or options markets. A group of authors have suggested that informed
traders use options markets and that options trading volumes have some informational roles
(Easley et al., 1998;, Cao et al., 2000; Lee and Rui, 2000; Jayaraman et al., 2001; Pan
and Poteshman, 2006; Chakravarty et al., 2004; Ahn et al., 2008; Ni et al., 2008, Chang et
al., 2010). For futures markets, there are many empirical studies on the volume-volatility
relationship within the futures market (Bessembinder and Seguin, 1993; Daigler and Wiley,
1999; Wang, 2002).

There are several previous works on the volume-volatility relation across financial mar-
kets. Most of them are on the relation between options, futures, or both trading activities
and the underlying spot volatility. As mentioned in Kyriacou and Saron (1999), it is better
to consider both options and futures trading activities simultaneously in order to avoid the

misspecification problem from the omitted variable.



2.1.1 The mixture of distribution hypothesis

In Clark’s seminal model (1973),? the speed of information flow is a latent common factor
that influences both the trading volume and return volatility simultaneously. He finds that
an obvious measure of the speed of information flow is the trading volume, by empirically
demonstrating the positive contemporaneous relationship between the trading volume and
volatility.

Epps and Epps (1976) also explain the positive volume-volatility relationship in the
context of the MDH model. They derive a simple model of the price-formation process,
where the volatility follows a mixture of distributions, with trading volume as the mixing
variable. The disequilibrium generated by the new information is described in terms of
the discrepancy between market price and the individual’s reservation price,®> where the
discrepancy is expressed in terms of individual excess demand or supply. The degree of
disagreement between different groups of investors tends to increase with the absolute value
of the overall changes in the expectations.* Further, their equation of the volatility-volume
relationship implies that volatility is positively related to trading volume and that trading
volume increases with the degree of disagreement between two investor groups.

Tauchen and Pitts (1983) assume a variance-components model, where price changes are
decomposed into two parts, common and specific components. Adding the random number
of within-day price changes and volumes offer the daily values of each variable. In addition, a
bivariate normal mixture model with a likelihood function is obtained. This joint probability
density function of the daily price change and the trading volume contains all of the relevant

information regarding the volatility-volume relationship. They reveal the positive relation

2In Clark’s model, the daily price change is a function of a set of distributions that are characterized by
different variances and the sum of a random number of within-day price changes. The variance of the daily
price changes is proportional to the mean number of daily transactions, where the daily trading volume is
positively related to the number of within-day transactions. Therefore, trading volume and volatility of price
changes are positively related.

3Epps and Epps call it a “null” price.

4In the MDH model of Epps and Epps (1976), all the investors are always divided into two groups, i.e.,
sellers or buyers. Membership in the groups is not fixed and changes each time.



between volatility and volume by numerically obtaining the conditional expectation of the
squared price changes.’

Park (2010) extends the bivariate mixture model of Tauchen and Pitts (1983) in order
to break the information into three types: non-surprising and signed (positive/negative)
surprising information. Even though he does not derive the explicit joint distribution of
volatility and volume, he empirically demonstrates a positive relationship for non-surprising
information and a negative relationship for positive and negative surprising information,
using the 4-minute frequency data of the KRW/USD spot exchange rate. He argues that
although the trading volume can be regarded as a proxy for the rate of general information,
it is a poor proxy for the arrival rate of surprising information.

The MDH model indicates the volatility-volume relationship in the same financial market.
However, it does not inform how the trading volume in one financial market can have an
effect on the volatility of the other financial market. The sequential information arrival
model conveys how the trading volume in the derivatives markets can have an effect on the

underlying stock market.

2.1.2 The sequential information arrival model

The academic background of the relationship between the underlying return volatility
and the trading volume of derivatives is based on studies on price discovery and information
flow between the underlying stock market and its derivative markets.

Mougoué and Aggarwal (2011) show that trading volumes and return volatility are nega-
tively correlated in the three major currency futures markets using the generalized method of
moments (GMM) for contemporaneous correlation. They argue that their empirical results
from the contemporaneous correlation estimates as well as from both linear and nonlinear

Granger causality tests support the sequential information arrival model (SIAM). However,

®Tauchen and Pitts (1983) further show that the relationship between volatility and volume depends on
three factors: 1) the average daily rate at which new information flows to the market, 2) the extent to which
traders disagree when they respond to new information, and 3) the number of active traders in the market.



estimates of lagged correlation coefficients of volume and volatility show positive signs, which
imply that their results may not support the STAM.

Easley et al. (1998) examine the informational link between options markets and the
underlying equity markets. According to their results, under certain conditions, there exists
a pooling equilibrium where some informed traders may choose to trade in the options
markets, resulting in particular option trades being informative for the future movement
of stock prices. Their empirical tests reveal that stock prices lead options volumes and
particular options volumes lead stock price changes. This result implies that options markets
are a venue for information-based trading. Easley et al. (1998) suggest that volume is not
the outcome of the trading process, but does contain some information.®

Chan et al. (2002) analyze the intraday interdependence of order flows and price move-
ments for actively traded NYSE stocks and their CBOE (Chicago Board Options Exchange)-
traded options. They find that the stock net trade volume (buyer-initiated volume minus
sell-initiated volume) has a strong predictive ability for stock and option quote revisions; yet,
the option net trade volume has no incremental predictive ability. They argue that informed
traders initiate trades in the stock market, but none in the options market.

Regarding the direction of the information flow between the underlying stock market and
its options market, Holowczak, Simaan, and Wu (2006) find that the price discovery on the
directional movement of the stock price mainly occurs in the stock market rather than in
the options market due to real-time updates on quotes and transactions of U.S. stocks and
stock options.” Regarding the informativeness of the option quotes, they discover that such
informativeness increases as the options trading activity generates a net sell or buy pressure
on the underlying stock price.

Using the unique data set of options trading volume, which is subdivided into 16 cate-

gories defined by four trade types and four investor classes,® Pan and Poteshman (2006) find

6Blume et al. (1994) show the information content of volume in the equity markets. Easley et al. (1998)
suggest some role of the volume in the option markets.

"This is done by automated quote updating algorithms.

8The four trade types are “open-buys” which are initiated by a buyer to open a new option position,



that the predictability of options volume for the underlying stock price is increasing in the
concentration of informed traders as well as in the leverage of options contracts. However,
they find no evidence of informed trading in the index options market, and explain this out-
come as a result of informed traders tending to possess firm-specific rather than market-wide
information. Although they focus on the information in options volume with regards to the
future direction of the underlying stock prices, they suggest an investigation on volatility

information in options volume as a future research topic.

2.2 Derivative trading volume and underlying volatility

There have been numerous empirical studies on the relationship between derivative vol-
ume and the underlying volatility.

Chatrath, Kamath, Chakornpipat, and Ramchander (1995) investigate the causal rela-
tionships between options trading activity and trends in the underlying S&P 100 cash index,
and find that options trading has a stabilizing impact on cash markets.

Hagelin (2000) examines the Granger causality relationship between options market ac-
tivity and cash market volatility on the OMX index in Sweden. He finds unidirectional
causality from cash market volatility to call option market activity and a bilateral causality
between put option market activity and cash market volatility.

Bessembinder and Seguin (1992) provide empirical evidence on the interrelation between
spot-trading volume, future-trading activities (trading volume and open interest), and equity
volatility. They find that the unexpected futures-trading volume is positively related to spot
volatility, but that the open interest of futures and expected futures-trading volume are
negatively related to spot volatility.

Using the 15-minute intraday data of the selected Chicago Board Options Exchange

options volume and underlying stock prices, Boluch and Chamberlain (1997) observe the

“open sells” which are initiated by a seller to open a new position, “close-buys” which are initiated by a
buyer to close an existing short position, and “close-sells” which are initiated by a seller to close an existing
long position. The four investor classes are firm proprietary traders, public customers of discount brokers,
public customers of full service brokers, and other public customers.



feedback relationship between options volume and stock price changes, implying that the
options market does not show any evidence of being a leading indicator of stock price changes.

The put-call ratio (PCR) in the options market is found to have a significant predictive
power in the underlying index markets by Billingsley and Chance (1998), Chance (1990), and
Simon and Wiggins (2001). However, Cassano and Han (2008) suggest the strike distribution
as a better predictor of both direction and volatility of the exchange rate movements as
compared to the put-call ratio. They also criticize that the put-call ratio and the put-call
signal are very blunt and imperfect measures of market sentiments.

Bollen and Whaley (2004) investigate the relationship between the net buying pressure
from public order flow and the shape of the implied volatility function for index and individual
stock options. According to their results, the implied volatility of S&P 500 options is most
strongly affected by the buying pressure for index puts, whereas the implied volatility of
stock options is dominated by the call option demand.

Ni, Pan, and Poteshman (2008) find that options volume is informative about the future
volatility of the underlying stocks by showing that the non-market maker net demand for
volatility in the options market is positively related to the subsequent realized volatility of
the underlying stocks. That is, they find that options volume has a predictive power of the
realized volatility of the underlying stocks. Their findings are consistent with those of Bollen
and Whaley (2004).

Bhargava and Malhotra (2007) examine the relationship between volatility and trading
activity in four major currency futures markets, using daily trading volume and open inter-
est. They use the bivariate VAR (vector autoregression) model with volume and volatility
variables and find that futures trading volume destabilizes the futures market, whereas it is
unclear as to whether open interest increases or decreases.

Kyriacou and Sarno (1999) investigate the dynamic relationship between the FTSE 100
index return volatility, futures trading, and options trading in the context of a trivariate

simultaneous equations model. They point out the statistical problem when any of the three



trading volumes of the underlying index, options, and futures is omitted. They use various
volatility measures as dependent variables and find out that contemporaneous relative futures
trading activities normalized by open interest are positively related with all of the considered
volatility measures; and that contemporaneous relative option trading activities normalized
by open interest are negatively correlated with all of the considered volatility measures.
Schlag and Stoll (2005) investigate the relation of index futures price change and signed
volume using the five-minute transaction data for options and futures on the German DAX
Index.” They find that futures traders react more quickly to information about the index;
moreover, they, not the options traders, provide a price discovery in the DAX. Regarding
the relation between options and futures volume, they discover that the option traders are
the followers in price discovery and that neither options nor futures volume predict the

underlying price changes at the next interval.

3 Empirical Analysis

3.1 Data

The data set ranges from 6 February 2003 to 29 December 2011 and consists of 2017 daily
observations. All of the trading volume variables are re-scaled by the appropriate scalars; we
then take the natural logarithms of all variables in order to convert all the trading volume
variables into single-digit numbers.'® All the data used in this research come from the Korea
Exchange.!

According to the Augmented Dickey-Fuller unit root test, all variables, except futures

trading volume, are stationary. Thus, de-trended futures trading volume is used.'> The

9Following Easley et al. (1998), positive option trades are buying a call or selling a put and negative
option trades are selling a call or buying a put.

10Trading volume variables of stock, options and futures are divided by 10° and the number of contracts
traded and open interests of options and futures are divided by 103. They all are converted into the natural
logarithms.

Uhttp:/ /www.krx.co.kr.

2Futures trading volume is de-trended with the linear and squared time trends.
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volatility variables are as follows: HVikopo, VGKgogo, VEKOSPI, and VGKpr. HViog is the
historical volatility of the KOSPI 200 index return. The index returns are conventionally
defined as r;, = 100 x In(.S;/S;_1). HViago is estimated from a past 23-day sample standard
deviation of the KOSPI 200 index return. VG Ko is a type of intra-day price change-based

volatility developed by Garman and Klass (1980), and estimated as follows:

VG Kooy = \/0.5[ln(SZ‘/Sé)]2 — (2In2 — 1)[In(Sg/S9)]2, (1)

where, S is the highest price of KOSPI 200 at trading day t, S! is the lowest price, S? is the
opening price, and Sy is the closing price at trading day ¢. Likewise, VG K is defined and
estimated in the same way for the futures market of the KOSPI 200 Index. VKOSPI is the
volatility index from the KOSPI 200 index options markets. Thus, VKOSPI reflects the
implied volatilities of call and put options and has some predictive power of future volatility.
The daily trading volume variables are T'Vg the trading volume of stocks of KOSPI 200, TV
trading volume of KOSPI 200 call options, TVp trading volume of KOSPI 200 put options,
and TV trading volume of KOSPI 200 futures. The open interests for the derivatives
markets are Ol open interests of KOSPI 200 call options, OIp open interests of KOSPI
200 put options, and OIr open interests of KOSPI 200 futures.

The basic statistics of the considered variables and correlation coefficients are summarized
in Tables 1 and 2, respectively, and the time-series graphs are shown in Figure 1. The trading
volume variables, TVs, TV, TVp, and TV are for the KOSPI 200 Index, call options, put
options, and futures, respectively. Ol¢, OlIp, and Ol are open interests of call options, put
options, and futures, respectively. The mean of the trading volume of KOSPI 200 futures is
0 because it is demeaned.

As documented in previous studies such as Bessembinder and Seguin (1992, 1993), Daigler
and Wiley (1999), and Wang (2002), we partition each trading activity series into expected

and unexpected components. Unlike previous models in which univariate time-series models
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are used to partition the trading volume, in this study, a VAR (vector autoregression) model
is used for the deeply-integrated the KOSPI 200 Index and its derivatives markets. All of the
trading activity variables (T'Vy, TV, TVp, TVE, Olc, Olp, and Olf) are included in order
to estimate the VAR(2) model.'® The estimated trading activities from the estimation of
VAR(2) are the expected components, which are interpreted as forecast parts of the trading
activity. The unexpected components are residuals of the estimation of the VAR(2) model,
which are interpreted as daily shocks of the trading activity. The expected components of
each series are denoted as Eg, E¢, Ep, Er, Eor., Eorp, and Epp,, for the KOSPI 200
Index, call options, put options, futures, open interests of call options, open interests of
put options, and open interests of futures, respectively. The unexpected components of
trading activity are denoted as Ug, Uc, Up, Up, Uoi., Uor,, and Uopy,., respectively. Table
3 provides the summary statistics on these trading activities. Tables 4 and 5 show the

correlation coefficients of these variables.

3.2 Model specification
3.2.1 Bivariate Linear Granger Causality

We run a bivariate regression of the form to test the linear Granger causality relations

between two variables volatility Vol and trading activity T A:

N1 N2

VOlt = ag+ Z (Ilﬂ'VOthi + Z CLQJTAt,j + EVol,t, (2)
i=1 j=1
N3 Ny

TA = bo+ Y bTA 1+ bonVolip +eray. (3)
=1 m=1

The variable T'A is said to not to Granger cause Vol if as; = 0, for any j = 1,2,..., Ns.
This means that the past values of T'A do not provide any additional information to predict

the future values of h. Similarly, Vol does not Granger cause T'A if by,, = 0, for any

13The optimal lag length is determined as 2 by the Schwarz information criterion.
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m =1,2,..., Nys. The linear causal relations between Vol and T A can be tested by testing

the following null hypotheses separately:

H& CoG21 = Q22 = = A2 Ny, = 0, (4)

Hg : bQ’l - b272 — = b27N4 = 0. (5)

3.2.2 Volatility-volume Relationship

We use two model specifications to scrutinize the relationship between volatility and
volume. A linear regression model and a GARCH (generalized autoregressive conditional
heteroskedasticity) model are considered.

In a linear regression specification, contemporaneous expected and unexpected trading

activities are used as explanatory variables:

N
Voly = co + Vol + Z d;TA; ¢ + e, (6)

=1

where, Vol; is the volatility measure such as HVgagy, VGKkogy, VKOSPI, and VGKFp.
TA;; is the trading activity of 7 at date t. The trading activity T'A;; includes contempora-
neous expected and unexpected components of trading activities in the KOSPI 200 Index,
options, and futures markets: Eg, Ec, Ep, Er, Eor,, Forp, Eor., Us, Uc, Up, Ur, Uor,,
Uorp, and Upy,..

It is meaningful to figure out whether trading volume can have any predictive power for
the future realized volatility. Therefore, a realized volatility for one month ahead is used as

a dependent variable:
N
RV, = fo+ AiRVioi+ > gTAis+er, (7)
i=1

where, RV, is a realized volatility for one month ahead and is defined as RV; = HVk200,1423-

It is known that the volatility index VKOSPI has a predictive power of the realized volatil-
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ity. Using this specification, we attempt to figure out whether trading activities also have
additional explanatory power for the one-month ahead volatility.
Additionally, a linear regression model with one-day lagged unpartitioned trading vol-

umes is used to check the robustness of the linear regression model:

N
Voly = jo+ jiVolis + > kiTAy 1 +e, (8)

=1

where, T'A; ;_1 the trading activity of ¢ at date ¢t — 1, including TVs;—1, TVey—1, TVpy_1,
TViy—1, Olcy—1, Olpy_y, and Olpy_.
For a conditional heteroskedasticity model, the Glosten-Jagannathan-Runkle GARCH

(GJR-GARCH) model is used to capture the asymmetry of the conditional volatility:

Ty = fo + &, (9)
N

af = w+ aaf_l + ,36?_1 + L1 - 63_1 + Z 5iTAi,t7 (10)

i=1

where, g, = 0y2¢, 2, ~11d(0, 1), I, = 1 if &, < 0 and 0 otherwise. If v > 0, bad news increases
the volatility and also causes asymmetric volatility. Here, 7, is the underlying KOSPI 200
index return. Further, additionally lagged trading activities T'A;;_; are also used to check

the robustness of the model.

3.3 Estimation Results
3.3.1 Bivariate Linear Granger Causality

The results of a linear Granger causality test are summarized in Table 6. The expected
components of trading activities in stock, options, and futures markets, such as Fg, E¢c, Ep,
and Er, have feedback linear causal relations with both HViko99 and VG Kgogg. Regarding
VKOSPI, it has a unidirectional causal relation from VKOSPI to most trading activities,

feedback linear causal relations with TVp, F¢, and Ep, and no linear causal relations with
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Olc, Ug, and Up,. This is because VKOSPI has predictive information for the one-
month ahead volatility and further, V KOSPI is made of prices of call and put options.
In particular, the trading activities in the KOSPI 200 put options market have feedback
linear causal relations with many volatility measures. The trading volume of puts, TVp,
has feedback linear causal relations with VG K gog9, VKOSPI, and VGKpr. The expected
components of the trading volume of puts, Ep, has feedback linear causal relations with
HVio00, VGKgogg, VKOSPI, and VGKpr. And expected components of open interests
of put options have feedback linear causal relations with VG Kga09. These imply that the

trading activities in put options markets are informative for volatility.

3.3.2 Volatility-volume relationship

The estimation results of the linear regression models are summarized in Tables 7 and 8.

For the underlying historical volatility HVkoo and a range-based volatility V G K ka0,
open interests in options and futures markets, such as Olc;—1, Olp;—1, and O, have
statistically significant explanatory power. In particular, the expected components of open
interests do have such power, whereas the unexpected components of open interests do not.
Further, open interests of KOSPI 200 put options (OIp) and their expected components
(Eor,) have negative estimates. However, none of the trading activities in the options
markets, such as TVe,—1, TVpi—1, Ec, Ep, Uc, and Up, are statistically significant. The
trading volume of KOSPI 200 futures (7'Vr) and its expected and unexpected components
(Er and Up) have significant positive estimates. Regarding the underlying index return
volatility and trading volume relationships, only the unexpected components of the under-
lying trading volume (Ug) have a statistically significant negative estimate. Therefore, for
the underlying stock volatilities (H Va0 and VG Kgan), open interests and their expected
components (Ol¢cy_1, Olpy_1, Olp,_1, Eor,, and Epp,.), and trading activities in futures
(T'Vp, Ep, and Up), are significant explanatory variables. Open interests of puts (OIp;_1)

and their expected component (Ep;,) serve to mitigate the underlying historical volatility
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(HVika00) and a range-based volatility (VG K gag0)-

For the volatility measure of the KOSPI 200 options markets, the volatility index VKOSPI
is used as a dependent variable. The trading volume of put options (T'Vp,_;) has a significant
negative estimate, whereas the underlying trading volume (7'Vs;_1) has a significant positive
estimate. When trading activities are decomposed into expected and unexpected parts,
more trading activities become statistically significant. For call option trading activities,
the expected parts (E¢) have a significant positive estimate, whereas the unexpected ones
(Uc) have a significant negative estimate. Put option trading activities, however, show
opposite results. That is, the expected parts (Ep) have a significant negative estimate,
whereas the unexpected ones (Up) have a significant positive estimate. Unexpected open
interests of call, put, and futures, Uoy., Uor,, and Upy,, are statistically significant and
expected open interests of put options, Epy,, are also statistically significant. Both the
expected and unexpected components of open interests of put options (Epy, and Upy,) have
negative estimates. Most of the unexpected components of trading activities are statistically
significant to explain VKOSPI.

For the volatility measure of the KOSPI 200 futures markets, the Garman-Klass range-
based volatility VG K is chosen. One interesting thing to note is that the trading activities of
futures markets (7T'Vp,;—1 and OIr;_1) are not statistically significant. Instead, the underlying
trading volume (7'Vs;_1), call option trading volume (7'V¢;_1), and open interests of calls and
puts (Ol and Olp;_1) are statistically significant. Only the unexpected components of
futures trading volume and open interests (Ur and Upy,.) are statistically significant and have
positive estimates. Most of the unexpected components of trading activities are statistically
significant to explain the volatility of the KOSPI 200 futures markets. Open interests of
puts (Olp;_1), their partitioned parts (Eos, and Upp, ), trading volume of calls (TVey—q),
and their expected parts (E¢) serve to reduce the volatility of futures market (VG Kp).

Regarding the relationship between the trading volume of the KOSPI 200 Index and the

volatility of the KOSPI 200 derivatives markets, the trading volume of the underlying index
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(T'Vs4-1) is found to increase the volatilities of KOSPI 200 options and futures markets. The
expected trading volume of the underlying index (Eg) has a positive relation with VKOSPI
the options market volatility measure in Korea, and the unexpected components (Ug) have
a positive relation with the volatility of the futures market. In short, the trading volume of
the underlying index is positively related with the volatilities of options and futures markets.

Regarding the relation between derivatives’ trading activities and the underlying index
volatility, open interests of calls and futures (Olc¢—1 and Olp;_1), the trading volume of
futures (T'Vi—1), and its expected and unexpected components (Er and Ur) have a positive
relation with the volatility of the KOSPI 200 Index (HVkago and VG Kkag). On the other
hand, open interests of put options (Olp;—1) and their expected components (Egpy,) are
negatively related with the volatility of the KOSPI 200 Index (H Voo and VG K gog0). These
results are similar to the results of Kyriacou and Sarno (1999) and are mostly opposite to
the results of Bessembinder and Seguin (1992).

For realized volatility RV, all trading volumes of the underlying stock, options, and
futures (T'Vsi—1, TVei—1, TVps—1, and TV, 1), are statistically significant, particularly the
expected components of them (Eg, E¢, Ep, and Er). Further, the trading volumes of put
options and futures (TVp;_1 and TVg;_;) and their expected components (Ep and Er) have
negative estimates. Therefore, the trading volumes of the underlying stocks, options, and
futures, particularly their expected components, have a predictive power for the underlying
realized volatilities. Additionally, open interests of futures Olp;_; and unexpected trading
volume of the underlying stocks (Us) have significant negative estimates.

For the GJR-GARCH model, the expected and unexpected components of trading ac-
tivities are separately used as explanatory variables due to perfect linear dependency. The
estimation results are summarized in Table 9. The estimate of the indicator function I; is
statistically significant and positive. This means that the KOSPI 200 index return volatility
shows asymmetric and negatively skewed patterns. The underlying stock trading volume and

its expected components (7T'Vs;_1, Es) have statistically significant and negative estimates.
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The trading volume of futures and its expected and unexpected components (I'Vg,_1, Ep,
and Up) have statistically significant and positive estimates. These results are consistent
with those of the linear regression models of historical volatility (HViksg) and range-based
volatility (VGKgano). Open interests of call options (Ol¢;—1) and expected components of
them (FEoj.) have statistically significant and negative estimates. These results are opposite
to the linear regression model of historical volatility (HVkono), where they have positive

signs.

4 Conclusion

We estimate to figure out the relationship between volatility and volume across Korea’s fi-
nancial markets, including the underlying KOSPI 200 Index, KOSPI 200 options and futures.
The volatility measures of the KOSPI 200 Index are a past 23-day sample standard deviation
of the index return (HVian) and a range-based volatility (VG K gag), proposed by Garman
and Klass (1980). A volatility measure of KOSPI 200 options market is VKOSPI, which
is the volatility index of KOSPI 200 options. For KOSPI 200 futures, the Garman-Klass
range-based volatility measure (VGKp) is used.

According to a bivariate linear Granger causality test, the historical volatility of the
underlying KOSPI 200 index is Granger-caused not only by the underlying trading volume
but also by the trading volume of derivatives, such as call, put and futures. Garman-
Klass range-based volatility of KOSPI 200 (VG K kaq) is also Granger-caused by the trading
volume of both the underlying and derivatives markets. Volatility index VKOSPI Granger-
causes the trading volume of both the underlying and derivatives markets. However, the
trading volume of only put options Granger-causes VKOSPI. The volatility of KOSPI 200
futures market (VG Kp) also Granger-causes the trading volume of both the underlying and
derivatives markets. Similarly, the trading volume of only put options Granger-causes the

volatility of futures market (VGKp).
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The linear regression model specification with the dependent variable of various volatility
measures are used to find out the volume-volatility relationship. Additionally, the GJR-
GARCH model is used. We partition volume into two parts: expected and unexpected
ones. Bessembinder and Seguin (1992) interpret the expected part of volume as the daily
activity shock and the expected component of volume as activity that is forecastable, but
highly variable across days. When levels of volume are used as explanatory variables, lagged
measures are used, whereas when decomposed volume variables are used as explanatory
variables, contemporaneous ones are used.

For historical volatility of the KOSPI 200 Index, levels of futures trading volume and open
interests of call, put, and futures have the explanatory power. In particular, the estimate of
level of futures open interests has a negative sign. All other estimates have a positive sign.
When partitioned volume variables are used as explanatory variables, the expected open
interests, expected futures trading volume, unexpected underlying index trading volume,
and expected futures trading volume are statistically significant. The expected open interest
of puts and the unexpected index trading volume have negative estimates.

For the dependent variable of Garman-Klass volatility of the KOSPI 200 Index, futures
trading volume, open interests of call, put, and futures have significant estimates. The
estimate of futures open interests has a negative sign. When partitioned trading volumes
are used as explanatory variables, the expected volumes of the underlying index, futures,
open interests of put, open interests of futures, and unexpected futures trading volume have
statistically significant estimates. The estimates of the expected underlying index and open
interest of put have negative signs.

Therefore, for the underlying stock volatilities (H Voo and VG Kgago), open interests
and their expected components (Ol¢i—1, Olpi—1, Olri_1, Eor,, and Epy,,), and the trading
activities in futures (T'Vri—1, Ep, and Up), are significant explanatory variables. Further,
the open interests of puts (OIp;_;) and their expected component (Epy,) serve to mitigate

the underlying historical volatility (HVia00) and the range-based volatility (VG K ga0)-
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For the dependent variable of the Korean volatility index VKOSPI, as implied volatilities
from options markets, the trading volumes of the underlying index and puts have statistically
significant estimates. The sign of estimate in the trading volume of puts is negative. When
decomposed trading volumes are considered as explanatory variables, all but the unexpected
trading volume of the underlying index have significant explanatory power.

For the Garman-Klass volatility of KOSPI 200 futures, except for futures trading volume
and open interests, other trading volumes have significant explanatory power. The signs
of estimates are negative for the trading volume of call and open interests of put. When
decomposed trading volumes are considered as explanatory variables, except for the expected
trading volume of the underlying index, the expected open interests of futures, and the
unexpected open interests of call, all other dependent variables are statistically significant.
Parameter estimates for the expected trading volume of call as well as both the expected
and unexpected open interests of put have negative signs.

Regarding the relationship between the trading volume of the KOSPI 200 Index and the
volatility of KOSPI 200 derivatives markets, the trading volume of the underlying index
(T'Vs4—1) is to increase the volatilities of KOSPI 200 options and the futures markets. The
expected trading volume of the underlying index (Eg) has a positive relation with VKOSPI,
which is the option market volatility measure, and the unexpected components (Usg) have a
positive relation with the volatility of the futures market. In conclusion, the trading volume
of the underlying index has a positive relation with volatilities of options and futures markets.

Regarding the relation between derivatives’ trading activities and the underlying index
volatility, open interests of call and futures (OIc;—1 and OIp;_4), the trading volume of
futures (T'Vp;—1), and its expected and unexpected components (Er and Up) are positively
related with the volatility of the KOSPI 200 Index (HVka9o and VG Kgogo). On the other
hand, open interests of put options (Olp;—1) and their expected components (Egy,) are
negatively related with the volatility of the KOSPI 200 Index (H Voo and VG K gono)-

Our empirical results imply that volume-volatility relations have some cross financial
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markets effects in both the underlying and derivatives markets. Furthermore, the trading
volumes and volatilities of the underlying and derivatives markets are deeply interrelated

with each other.
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Table 1: Summary Statistics of Volatilities and Trading Volumes

Variable Mean Median Max Min Std Skew Kurt Obs
HVia00 1.43 1.27 5.54 0.47 0.69 2.32 11.35 2107
VG K k00 0.01 0.01 0.10 0.00 0.01 4.37 38.99 2107
VKOSPI 25.53 22.99 89.30 14.15 9.51 2.40 11.34 2107
VGKr 0.01 0.01 0.11 0.00 0.01 3.86 36.55 2107
TVs 8.29 8.35 9.51 7.03 048 -—-0.25 2.15 2107
TVo 6.02 6.00 7.51 4.74 0.48 0.18 2.54 2107
TVp 6.01 5.98  8.46 4.49 0.56 0.32 2.76 2107
TVg 0.00 0.01 079 -—-1.12 024 -0.28 3.37 2107
Ol¢x 7.41 7.46  8.41 554 043 -0.52 3.12 2107
Olp 7.48 7.55 8.61 5.88 043 —0.54 3.01 2107
Olr 4.55 4.56  4.90 3.60 0.13 —-1.26 881 2107

Note: HVikopo is the historical volatility of the KOSPI 200 index return, VGKgooo a Garman-Klass
range-based volatility measure of the KOSPI 200 Index, VKOSPI the volatility index from KOSPI 200
options markets, and VGKpr a Garman-Klass range-based volatility measure of KOSPI 200 index futures.
Trading volume variables, TVg, TVe, TVp, and TVp, are for the KOSPI 200 Index, call option, put option,
and futures, respectively. OlIc, OIp, and Ol are open interests of call options, put options, and futures,
respectively. Trading volume variables of stock, options and futures are divided by 10° and the number
of contracts traded and open interests of options and futures are divided by 103. Then, hen they all are
converted into natural logarithms. The mean of the trading volume of KOSPI 200 futures is 0 because it is

demeaned.
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Table 2: Correlation Coeflicients of Varialbes

HViooo VGKgoo VKOSPI VGKp| TVs TVe TVp TVe | Olc Olp
VGKKQOO 0.64
VKOSPI 0.91 0.69
VGKp 0.64 0.69 0.73
TVg 0.03 0.10 0.07 0.06
TVe 0.24 0.24 0.23 0.26 0.69
TVp 0.27 0.29 0.31 037 0.64 0.81
TVp 0.17 0.31 0.23 0.46 0.24 0.46 0.53
Olx 0.13 0.11 0.11 0.08 | =0.08 0.29 0.31 0.19
Olp —0.28 —0.20 -0.26 —-0.27 | 0.09 0.23 0.08 0.09 | 0.65
Olp 0.14 0.16 0.16 0.13 022 023 029 0.05]0.10 0.00

Note: HViago is the historical volatility of the KOSPI 200 index return, VG K209 a Garman-Klass range-
based volatility measure of the KOSPI 200 Index, VKOSPI the volatility index from KOSPI 200 options
markets, and VGKr a Garman-Klass range-based volatility measure of KOSPI 200 futures. Trading volume
variables, TVs, TVe, TVp, and TVp, are for the KOSPI 200 Index, call option, put option, and futures,
respectively. Ol¢, Olp, and Ol are open interests of call options, put options, and futures, respectively.
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Table 3: Summary Statistics of Partitioned Trading Volumes

Variable Mean Median Max Min Std Skew Kurt Obs

Eg 8.29 8.36 9.43 713 046 -0.25 207 2105
Ec 6.02 6.00 7.42 5.05 0.41 0.26 242 2105
Ep 6.01 5.99 8.01 490 0.48 0.33 254 2105
Er 0.00 0.00 050 -080 0.17 -0.23 3.38 2105
Eor. 7.41 744  8.20 5.75 034 052 3.31 2105
Eor, 7.48 7.53 8.35 595 034 059 3.21 2105
Eorp 4.55 4.55 4.86 3.80 0.11 -1.08 7.95 2105
Us 0.00 0.00 0.70 -0.52 0.16 0.13  3.30 2105
Uc 0.00 —0.01 087 —-0.81 0.24 0.10 3.31 2105
Up 0.00 -0.02 1.16 -0.93 0.28 0.40 3.55 2105
Ur 0.00 0.00 0.60 -0.78 0.17 —-0.10 3.45 2105
Uor, 0.00 0.04 073 -2.01 027 =335 17.66 2105
Uor, 0.00 0.04 058 —-1.78 0.26 —3.21 16.20 2105
Uorp 0.00 0.00 0.72 -046 0.07 048 23.57 2105

Note: Estimated trading activities from the estimation of VAR(2) are the expected components. Unexpected
components are residuals of the estimation of the VAR(2) model. Expected components of each series
are denoted as Eg, Ec, Ep, Er, Eor., Eorp., and Eor,, for the KOSPI 200 Index, call options, put
options, futures, open interests of call options, open interests of put options, and open interests of futures,
respectively. Corresponding unexpected components of trading activity are denoted as Ug, Ug, Up, Up,
Uoi., Uorp, and Uopy,., respectively.
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Table 4: Correlation Coefficients of Expected and Unexpected Components of Variables

HViooo VGKgow VKOSPI VGKp Es Es Ep FIEp
VGKK200 0.64
VKOSPI 0.91 0.69
VGKp 0.64 0.69 0.73
Eg 0.04 0.09 0.07 0.02
Ec 0.24 0.23 0.23 0.16 | 0.76
Ep 0.29 0.29 0.29 0.24 0.75 0.96
Er 0.19 0.34 0.23 0.26 0.27 0.41 0.44
Eor, 0.18 0.13 0.15 0.13 | —=0.09 0.37 0.35 0.27
Eor, —0.32 —0.24 —-0.29 —0.27 0.12 0.23 0.08 0.14
Eor, 0.17 0.19 0.18 0.11 0.29 0.35 042 0.10
Us 0.00 0.05 0.02 0.14 0.00 0.00 0.00 0.00
Ue 0.06 0.08 0.06 0.26 0.00 0.00 0.00 0.00
Up 0.05 0.08 0.11 0.34 0.00 0.00 0.00 0.00
Ur 0.06 0.11 0.10 0.39 | 0.00 0.00 0.00 0.00
Uor, —0.02 0.01 —0.02  —0.05 0.00 0.00 0.00 0.00
Uor, —0.04 —0.01 -0.05 —0.09 | 0.00 0.00 0.00 0.00
Uory 0.00 0.02 0.01 0.07 0.00 0.00 0.00 0.00

Note: HViopo is the historical volatility of the KOSPI 200 index return, VGKgooo a Garman-Klass
range-based volatility measure of the KOSPI 200 Index, VKOSPI the volatility index from KOSPI
200 options markets, and VGKr a Garman-Klass range-based volatility measure of KOSPI 200 futures.
Expected trading activities are denoted as Eg, Ec, Ep, Er, Eor., Eor., and Eor,, for the KOSPI
200 Index, call options, put options, futures, open interests of call options, open interests of put options,
and open interests of futures, respectively. Corresponding unexpected components of trading activity are
denoted as Ug, Uc, Up, Ur, Uor., Uor,, and Upy,., respectively.

Table 5: Correlation Coefficients of Expected and Unexpected Components of Variables (2)

Eor. For. FEor, Us Uc Up Ur | Uor, Uorp
Eor, | 050
Eor, | 029 0.14
Ug 0.00 0.00 0.00
Uc 0.00 0.00 0.00 0.43
Up 0.00 0.00 0.00 0.18 0.38
Ur 0.00 0.00 0.00 0.27 0.57 0.75
Uor. 0.00 0.00 0.00 | —0.05 0.15 0.24 0.10
Uor, | 0.00 0.00 0.00 0.00 0.21 0.09 0.03 0.91
Uorp 0.00 0.00 0.00| —0.05 —-0.08 —-0.05 —-0.01] —-0.26 —-0.28

30



Table 6: Estimation Results of a Bivariate Linear Granger Causality Test

TVs & HViog | TVs & VGKgago | TV < VKOSPI | TVyg < VGKr
TVe = HVigoy | TVe = VGKgo |TVe <« VKOSPI | TVe = VGKp
TVp = HVko | TVp -~ VGKKQ()O Ve & VKOSPI | TVp < VGKp
Ol¢s = HVigoo | Ol < VGKgkoy | Ol <« VKOSPI | Ol <% VGKp
Olp < HVgag | Olp & VGEKko | Olp < VKOSPI | Olp < VGKpg
Olr = HViko | Ol = VGKgko | Olr < VKOSPI | Olr = VGKr
Es < HViogo | Eg & VGKgo | Es < VKOSPI | Eg < VGKp
Ee. & HViwo | Ee < VGKiow | Ec < VKOSPI|E. <« VGKp
Ep & HVigogo | Ep =4 VGKK200 Ep & VKOSPI | Ep & VGKr
Er < HViogo | Er ~ VGKKQOO Er < VKOSPI | Er < VGKp
EOIC < HVioo EOIC <~ VGKK200 EOIO < VKOSPI Eo[c < VGKp
EOIP < HVkano Eo]P ~ VGKKQO() onp < VKOSPI EOIP < VGKp
EOIF =  HVkao EOIF = VGKKQOQ EOIF < VKOSPI EOIF < VGKp
Ug = HVkaoy | Us = VGKkao | Us < VKOSPI | Ug & VGKr
Uc < HVgkoo | Uo = VGKkao | Uc < VKOSPI | Us = VGKpg
Up = HVkaoo | Up = VGKkao | Up < VKOSPI | Up = VGKpg
Ur < HVigog | Ur = VGKkao | Ur < VKOSPI | Up = VGKr
UOIC < HViogo UOIC &+ VG Kxao Uo]c < VKOSPI UOIC &+ VGKrp
UOIp < HVkaoo UOIp = VGKka0 UOIp < VKOSPI UOIp &% VGKr
UOIF <& HViogo Uo]F = VGKK200 UOIF & VKOSPI Uo[F = VGKp

Note: Estimation results are from a bivariate linear Granger causality relations between two variables volatil-
ity (Vol) and trading activity (T'A):

Ny N3
Vol, = ao+ Y ariVolii+ Y as;TArj+ v,

i=1 j=1

TA,

N3 N4
bo + Z b1 TA— + Z bom Voli—m + €14

=1 m=1

Optimal lag lengths are determined by Schwarz information criterion. A < B means that A does not
Granger cause B. A = B means that B does not Granger cause A. A < B means that A and B have a
feedback linear causal relation. A < B means that A and B do not have any linear causal relation. H Vo
is the historical volatility of the KOSPI 200 Index return, VGK k209 a Garman-Klass range-based volatility
measure of the KOSPI 200 Index, VKOSPI the volatility index from KOSPI 200 options markets, and
VGKp a Garman-Klass range-based volatility measure of KOSPI 200 futures. Trading volume variables,
TVs, TVe, TVp, and TVE, are for the KOSPI 200 Index, call option, put option, and futures, respectively.
Expected trading activities are denoted as Eg, Ec, Ep, Er, Eor., Eorp, and Eor,., for KOSPI 200 index,
call options, put options, futures, open interests of call options, open interests of put options, and open
interests of futures, respectively. Corresponding unexpected components of trading activity are denoted as
Us, Uc, Up, Ur, Uoi,, Uorp, and Upr,., respectively.
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Table 7: Estimation Results of Linear Regression: Contemporaneous Expected and Unex-
pected Components of Trading Activities

Variable HVK200 VGKKQOU VKOSPI VGKF RV
constant —0.212 * 0.007 —-3.821 * 0.014 * —0.098
Lagl 0.977 ** 0.535 ** 0.978 ** 0.536 ** 0.998 **
Eg 0.000 —0.001 0.334 * 0.000 0.032 **
Ec 0.037 0.002 0.994 —0.003 ** 0.069 **
Ep —0.021 0.000 —1.134 ** 0.003 ** —0.083 **
Er 0.068 ** 0.006 ** 0.410 0.001 —0.038 **
Eor, 0.028 ** 0.001 0.308 0.002 ** 0.020
Eor, —0.041 ** —0.003 ** -0.360 * —0.003 ** —0.011
Eor, 0.055 ** 0.004 ** 0.622 —0.001 —0.034
Us —0.030 ** 0.001 —0.196 0.002 ** —0.028 *
Uc 0.018 0.001 —0.418 * 0.002 ** —0.007
Up —0.010 0.000 4.186 ** 0.004 ** —0.020
Up 0.051 ** 0.002 * —2.433 ** 0.009 ** 0.032
Uor, 0.017 0.001 1.331  ** 0.000 —0.005
Uor, —0.012 —0.001 —1.452 *f —0.002 ** 0.007
Uor, —0.013 0.001 1.296 ** 0.005 ** —0.020
Adj-R? 0.98 0.50 0.97 0.60 0.98

Note: Estimation results are from the following linear regression specification:

N

VOlt = Cp + 01V0lt,1 —+ Z diTAi’t + €t,

i=1

where, Vol; is a volatility measure, such as HVgkaoo, VGKk200, VKOSPI, VGKp, and RV. TA;; is
the trading activity of ¢ at date t. The trading activity T'A;; includes contemporaneous expected and
unexpected components of trading activities in the KOSPI 200 Index, options, and futures markets: Eg,
Ec, Ep, Er, Eor., Fory, Eor., Us, Uc, Up, Ur, Uor., Uor,, and Upr,. Expected trading activities
Es, Ec, Ep, Er, Eor., Eorp, and Eor,., are for the KOSPI 200 Index, call options, put options, futures,
open interests of call options, open interests of put options, and open interests of futures, respectively.
Corresponding unexpected components of trading activity are Ug, Uc, Up, Ur, Uor., Uor,, and Uor,.,

respectively.
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Table 8: Estimation Results of Linear Regression: Lagged Unpartitioned Trading Activities

Variable  H V00 VG K k200 VKOSPI VGKp RV
constant  —0.221 ** 0.001 —2.803 0.005 —0.008
Lagl 0.979 ** 0.568 ** 0.979 ** 0.580 ** 0.997 **
TVsi 0.005 0.000 0.298 * 0.001 * 0.018 **
TVei— 0.012 0.001 0.249 —0.001 ** 0.021 **
TVpi_1 —0.004 0.000 —0.475 ** 0.001 —0.031 **
TVei 0.045 ** 0.002 ** 0.295 —0.001 —0.024 *
Olcia 0.030 ** 0.002 ** 0.285 0.003 ** 0.008
Olp;_y —0.032 ** —0.003 ** —0.178 —0.003 ** 0.002
Olpiy 0.040 ** 0.002 * 0.313 —0.001 —0.032 *
Adj-R? 0.98 0.47 0.96 0.43 0.98

Note: Estimation results are from the following linear regression model with explanatory variables of one-day
lagged unpartitioned trading volumes:

N
Voly = jo + j1Vols—1 + Z kiTA; 1+ e,

i=1

where, Vol; is a volatility measure such as H Vg0, VGKgao00, VKOSPI, VGKp, and RV. TA;;_; is
the trading activity of ¢ at date ¢ — 1. T'Vg;_; is one-day lagged trading volume of the KOSPI 200 Index,
TVc+—1 is one-day lagged trading volume of KOSPI 200 call options, T'Vp,_; is one-day lagged trading
volume of KOSPI 200 put options, T'Vg;_1 is one-day lagged trading volume of KOSPI 200 futures, Olc ;1
is one-day lagged open interests of call options, OIp,_; is one-day lagged open interests of put options, and
OlIp ;1 is one-day lagged open interests of futures.
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Table 9: Estimation Results of GJR-GARCH

Variable Estimate Variable Estimate Variable Estimate
140 1.177 ¥ | o 1.570  ** | puo 1.544 **
g2, —0.010 g2, —0.012 g2, 0.068 **
I, 0.181 ** | I, 0.180 ** | I, 0.071 **
ol 0.855 ** | o2 , 0.861 ** | o2, 0.462 **
TVsiq —0.099 **| Eyg —0.136 ** | Ug 0.689
TVei-1 0.003 Ec —0.031 Uc 0.900
TVpi—1 0.100 * | Ep 0.160 Up 1.035
TVri—1 0.193 **| Ep 0.255 **| Up 1.905 **
Olcy —0.092 * | Eor. —0.141 ** | Upy,. —0.102
Olp;— 0.018 Eor, 0.032 Uorp —0.540
Olpy— —0.066 Eor, —0.064 Uor, 1.449

Note: For a conditional heteroskedasticity model, the GJR-GARCH model is used:

Tt = Mo + Et,
N
07 = whaol +Bel +yli_1l+ Z(SiTAi,ty
i=1
where, &, = op2¢, 2t ~ 4id(0,1), I; = 1 if & < 0 and 0 otherwise. Expected trading activities Eg,

Ec, Ep, Er, Eor., Eorp, and Eor,., are for the KOSPI 200 Index, call options, put options, futures,
open interests of call options, open interests of put options, and open interests of futures, respectively.
Corresponding unexpected components of trading activity are Ug, Uc, Up, Up, Uor., Uor,, and Uoy,.,
respectively. Additionally one-day lagged trading activities (T'A; ;1) are also used: T'Vs;_; is the trading
volume of the KOSPI 200 Index, TV¢;—1 is the trading volume of KOSPI 200 call options, TVp;_1
trading volume of KOSPI 200 put options, TV ;_; is the trading volume of KOSPI 200 futures, Ol¢;—1 is
open interests of call options, OIp;_ is open interests of put options, and Ol ;_; is open interests of futures.
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