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ABSTRACT

Large fluctuations are observed in various financia variables, such as stock price, foreign
exchange rate, interest rate, and trading volume. Many empirical evidences show that the Levy
or power-law digtributions can describe these movements. We eaborately investigate the
movement of trading volume imbalances in KOSPI 200 index futures market. T he empirical
phenomenon, so called two-phase behavior, that the distribution changes from unimoda to
bimodal as the variation increases is observed. We aso examine the statistical properties of
trading volume and number of transactions, which determine the trading volume imbalance. The
trading volume and number of transactions within one minute shows power-law property but
individual trading volume does not. Contrary to Maria and Yamazaki (2005), the power-law of
trading volume B not the necessary condition to generate the two-phase behavior.
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1. Introduction

For many years, the distributions of variables in the financid market have been studied
extensively. Many articles show that large fluctuations which cannot be explained by Gaussian
distribution are observed and that the power-law or Levy distribution can describe these
movements. In the early 1960s, Mandelbrot (1963) and Fama (1965) documented that the
distributions of returns can be well approximated by a Levy stable distribution. In recent years,
many researchers examined various financia markets and found the power-law distributions in
stock price, trading volume, and number of transations. (For example, see Galaix et. d. (2003),
Gopikrishnan et. al. (1999), Plerou et. d. (2000).)

A large price fluctuation is induced by a large shock in the market. If demand and supply for
the assets are balanced, the change of price is mild. On the other hand, if a large information
shock arrives in the market, the imbalance between demand and supply can result in
considerable price movement. Plerou et. al. (2003) examined the distribution of trading volume
imbalancewithin afixed time interval and they empiricaly found that aunimodal distribution
changed into a bimodal distribution as the variation increased. They interpreted this
phenomenon that the market moves between the two phases as “equilibrium” state and “out-of-
equilibrium” state. Maria and Yamazaki (2005) performed the numerical smulation w here
trading volume and number of trades are sampled from power-law distribution and showed that
the two-phase behavior is induced when the distribution of trading volume has fat-tail.

In this paper, we examine the distribution of trading volume imtalance in KOSPI 200 index
futures market. The trading volume imbaance within one minute explicitly shows the two
phase behavior. We aso examine the statistical properties of trading volume and number of
transactions, which determine the trading volume imbaance. Asin other financia markets, the
power -law distributions are observed in KOSPI 200 index futures market. As Martia and
Yamazaki pointed out, the two-phase behavior observed in KOSPI 200 index futures market
may be a consequence of the dtatistical propaty of trading volume and number of trades.
Though the trading volume which is accumulated within afixed time interval has a power-law

property, the empirica evidence shows that it is hard to say the individua trading volume of



KOSPI 200 index futures has a power -law distribution. This shows the two-phase behavior of
trading volume imbalance is not the consequence of the power-law distribution of trading
volume.

The rest of this paper is organized as follows. Section 2 describes the properties of KOSPI
200 index futures market and presents how to construct our sample. Section 3 shows the two
phase behavior of trading volume imbalance in the KOSPI 200 index futures market. Section 4
plots the distributions of other market variables and discusses the dtatistical properties of those
variables. And section 5 suggests a potentia explanation for the two-phase behavior and

concludes briefly.

2.KOSPI 200 Index FuturesM arket and Data Sampling

Since the KOSPI 200 index futures were introduced in May 1996, they have grown
tremendoudy. Based on its trading volume, the KOSPI 200 index futures market has become
one of the top derivative markets in the world. The average daily trading volume in 2003 wa
251, 841 contracts®

Aside from its sheer trading intensity, the KOSPI 200 index futures market has a peculiar
characteristic compared to other derivative markets of developed countries. While the trading
activities of indtitutional investors dominate those of individua investors in most derivative
markets of developed countries, the domestic individua investor’s trading volume is twotimes
more than the sum of domestic and foreign ingtitutiona investors. Individua investors are
generaly considered unsophisticated traders, (i.e. uninformed or noise traders), who do not
trade based on true information. In the emerging market dominated by individua traders, such
as the KOSPI 200 index futures market, there may be more room for sophisticated ingtitutional

investors to exploit lesssophigticated individua investors using their information and trading

2 To more specific, 128,058 contracts in 2001, 175,689 contracts in 2002, 223,329 contracts in 2004 and
176,099 contracts in 2005.



skill. So, we may observe some peculiar phenomenon uniqueto KOSPI 200 index futures
market.

Our sample period is from September 2001, to December 2004°. There are four kinds of
index futures that have different maturities. But only the nearest month's future is actively
traded while other months futures are barely traded at any given time'. So we use only the
nearest month future data.

One futures contract size is 500,000 Korean Won (KRW, heresfter) times the current level of
the KOSPI 200 index value. Tick size is 0.05 points (i.e. 25,000 KRW) Using the historical
Trade and Quote (TAQ) database of the KOSPI 200 index futures provided by Korea Stock
Exchange (KRX), we organize a limit order book. We cdculate hid-ask price, quoted spreads
and effective spreads just before every transaction. Since al orders and trades are ten
milliseconds time-stamped, we can easily identify who initiates trade (buyer or seller).

We use dl trades and quotes recorded during continuous trading secession of each day and
wediscard the call trading secession data. The trading secesson of KOSPI 200 index futures
market consists of pre-opening call market (8:00~9:00), closing call market (15:05~15:15) and

continuous double auction market (9:00~15:05).

3. Two Phase Phenomenon

Asin Plerou et al (2003), to quantify demand, we define the volume imbalance, W(t) , as the

volume weighted sum of trade indicators within  Dt.

N(t)

W) =Qs- Qs =a ga D

i=1

3 TAQ datais not available from December 19, 2002 to March 31, 2003. Because we found some errors
(omission of raw data) on several days such as December 8, 2004 or andD ecember 20, 2004, we discard
those days. So, total sample size is about (little more than) three years. (36 months, 760 trading days)

* Even on the day of maturity of the nearest month’ s future, the transaction volume of that future is about
five times morethan that of the second nearest month’s future. ‘ Roll Over’ does not exist.



N denotes the number of transaction within timeinterval Dt

g denotes the i-th transaction volume.
il

=i 1 a , trade indicator, is 1 if ith transaction is buyer -initiated trade, and -1 if i-th
P -

transaction if seller-initiated trade. Unlike a quotedriven market or a hybrid market such as
NASDAQ or NY SE, there is no mid-quote transaction in a pure order-driven market. So we let
a have only two vaues depending on who initiates the trade.

The local noise density, S(t), is defined as the first centered moment of volume weighted

trade indicators.

st) =(|aa - (aa))). @

where <> means |ocal expectation value.

W ad S arenormalized so that they have zero mean and first unite centered moment.

We draw probability density functions conditional on S. Figure 1 shows how P(W] S)
changeas S changes. (Normalized) Loca deviation interval has following six intervals.

(DSE£-1 (9-1<SEO0 (3)0<S£1 H1<SE£2 (52<S£3 (6)3<S

We find explicit twephase behavior when order imbalance fluctuates. PDF shows single-

peaked shapefor small S values and double peaked shape for large S values.

[Figure 1l isabout herg]

Asin Plerou et a (2003), to investigate wherein the phase shift phenomenon occurss, we
split local deviation to atighter interval and calculate order parameter Y (S). The order
parameter Y =Y(S) is defined as the vaue of W, where P(W S) has its maximum
value

We find a phase shift arise when S is around -0.2. In other words, the critical point of
S(S,) iswhere the behavior of system suffers quditative change, at about -0.2, and there



exists only one peak in conditional PDF P(W S) if S issmdlerthan S_ and there exists
double pesks in conditional PDF P(W] S) if S islarger than S._.

Figure 2 shows that
Y (S)=Owhere S<S, ad Y (S)=(S- S,)/3 where S>>S_.

[Figure 2 is about her€e]\

4. The Characteristicsof M arket Variables

Thetwo-phase behavior that we reported in the last section can be relate to the properties of
variablesthat compose W axd S as pervious works pointed

Using smulation, Matia and Y amasaki (2005) finds that two-phase behavior arises when the
market variable, ¢ , follows power-law distribution. They insist that the fat tail property of
power law distribution relates the two phase behavior of the volume imbalance (W) when it is
volatile. Their results show that if each transaction volume( ¢ ) generated by power-law
distribution, one can observe a two-phase behavior irrespective of other variables didtributions
such as the number of transactions( N') or the trade indicator( a ). They explain since the
volume imbalance W, is functionof g , then W dso has a functional form of power-law,
and this directly relates to bifurcation of conditional PDF, P(W S).

In the case of KOSPI 200 index futures market, the large portion of @ is just 1. This is
becausethe individual trader (who are mostly regarded as noisy traders) dominates other type of

traders in our market.

And since institutional traders often summit very large orders, ¢ can sometimes have a
very large value. Sowecan find any fat tailed property of empirical PDF of ¢ and we are sure
that q doesn't follow power-law distribution. Matia and Y amaseki (2005) insist that the only
important factor that generates the two phase behavior is the power-law distribution of ¢ and

the distribution of N or & doesn't matter. But we suspect ther argument because g



doesn’t follow as power law distribution of fat-tail distribution.
We investigate how market variables are empiricaly distributed.
Table 1 shows the rough distribution of ¢, . Nearly half of thetransaction volume is just one

contract and 1.16(%) of thetransaction volumeis more than one hundred contracts.

[Table 1 isabout here]

Figure 3 shows the PDF of log transformation of the following variables’. Comparing

Gaussiandistribution, they are skewed and fat-tailed.

Market variables

() N : number of transactiors during Dt

N(t)
(2 q(t): Average transaction volumeduring Dt, q(t) = Ni(t) aq.
i=1
N(t)

(3) Q(t) : Summationof whole transaction volumeduring Dt, Q(t) = é_ q;

i=1
All market variables are calculated during time interval, Dt.

Basic time interva is one-minute. Dt =1min.
[Figure 3isabout here]

Figure 4 shows the CDF of above variables. When compared to Gaussian distribution, they

are more similar to power -law distribution which has fat tail.

[Figure 4 isabout here]

5 It is usually known, the market microstructure variables, proxies for liquidity (number of transaction,
trading volume, bid-ask spread) show intra day U-shape or downward sloping patterns To eliminate this
trend, we divide each variable by the mean value which is estimated by the values included in the same
intraday interval of whole sample day. For example, the variables calculated from 9:00 to 9:01 of
September 2, 2001 should be divided by the mean value of the variables calculated from 9:00 to 9:01 of
whole sample day.



And weuse the method of detrended fluctuation to measure power -law time correlaions in
each market variable if it follows power-law didtribution The procedure of detrended
fluctuation analysis® follows. For normalized market variables which iminate intraday pattern,
we make integrated process

Figure 5 shows detrended fluctuation of each market variable.
[Figure5isabout here

Each point is calculated as follows

First, we divide the whole sequence of each market variable into N/t non-overlapping
interval. In each time interval, the number of data pointsist. We make integrated process and
use the linear least square method to get the locally detrended residual (detrended fluctuation

function) in each interval.

The detrended fluctuation function is cal cul ated from

2 _1 Ig 2
Fit)== a |y(n)- zn)|" k=123,.,N/t

n=(k-1t +1

y(n) is market varidble.
z(n)=an+b islocal trend

For example, inthecaseof N (n) for the t =4,

The 4 pointsN;, N;+N,, N;+N,+N;, N;+N,+N,+N, are regressed loca time

4
points 1, 2, 3, 4. And we get the residud and calculate lé e’ for each interval. Findly we

i=1

4
average the time series of lé e? and this average vaue is the one point in figure
i=1

corresponding t =4.

® For more details on this procedure, refer Vandewalle et. al. “Detrended fluctuation analysis of the
foreign exchange market”



Second we average detrended fluctuation function, F(t ), overthe N/t intervals and get

afunction which dependson theinterval size t . We settimesizet as 4, 8, 16, 32, 64, 128, 256,
512, 1024 and 2048 minutes. Ifthe F () follows power-law distribution ({F)~t*), the log

log plot of detrended fluctuation function versusinterval size t is straight line.

5. The Possible Cause of TwoPhase Behavior and Concluding Remarks

The two phase behavior may be generated by power-law distribution property of market
variables as Matia and Y amasaki (2005) insist. But according to their argument, even in the case
when N is generated from power-law didtribution, if g does not follow power-lav
distribution, they can't observe atwo-phase behavior. But in our market, dthough three market
variables (N, q(t), Q(t)) seem to follow power-law distribution and have fat tailed property,
g does not. It still may be important for g(t) or Q(t) to have fat tailed property for two-
phase behavior. Or the autocorrelation of & is an important factor for twophase behavior. In
Matia and Y amasaki (2005), they ignore serial corrdation of each variable

Without information shock in the market, there is no reason to occur statistically net demand
or net supply. Namely, the probability that a transaction is initiated by buyer is equal to the
probability that a transaction is initiated by sdller. This state corresponds to ‘S< S_' market
phase. We can observe symmetric single modal distribution of the volume imbalance if the net
demand staysin the equilibrium state.

If the information shock arrives a the market, however, the transactions are drived by one
side, ask or bid dde depending on the sign of information shock (positive or negative
information). Furthermore, if the information shock arrives at the liquidity-abundant and
efficient derivative market, such as KOSPI 200 index futures market, it is swiftly reflected to
price and volume imbalance. So if this happers, the fluctuation and local noise intensity of

volume imbalance increase.



This is why we can observe a two-phase behavior when the local noise intensity is large

enough. This state corresponds to ‘S > S’ market phase. We can observe symmetric bimodal
digtribution of the volume imbalance. When information shock arrives, the autocorrelation of
trader indicator a is not zero. It will show that price continuation and this reflects that the
transactions are biased on oneside.

This may be the important reason we can till find the two-phase behavior even when q
doesn’t follow power-law distribution. The twophase behavior is not just an echo of ¢ 's
power -law distribution as Matia and Y amasaki(2005) insst, rather it relates to the information
effect.
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Table 1

g (%)

g=1 47.534(%)
1<g<=5 290.612
5<g<=10 8.858
10<g<=50 10.651
50<qg<=100 2.1834
100<q 1.1617
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Figurel
Figure 1 shows conditional density of the volume imbalance, P(W] S) for varying S interval.

()SE-1 (9-1<SE£0 3)0<SE£1 41<SE2 (52<SE3 (63<S

N(t)
W is the volume imbalance, W(t) = Q, - Qg = é_ ga and S is the local noise intensity,

i=1

S(t) :<|qq - <qq>|> W ad S are normalized so that they have zero mean and first unite

centered moment.
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Figure2

Order parameter 'Y = Y(S) means, given S, where the maximum value of the conditional

density of the volume imbalance. We split local deviation to 0.1 interval to calculate order parameter

Y (S).
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Figure3
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Figure4
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Figure5
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