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Abstract

This paper provides empirical evidence on the degree of long run dependence of volatility and
trading volume in the Korean Stock Exchange using the semiparametric estimators of Robinson (1994,
1995a). The results of testing for long memory support the argument for long run dependence in both
Garman-Klass volatility and trading volume (turnover). Total and domestic trading volume exhibit
very similar long memory characteristics for all sample periods. The degree of long memory in foreign
volume is signiOcantly lower than that experienced in domestic volume. Interestingly, the results for
trading volume are not in&uenced by structural breaks in the mean of the series. On the other hand,
the long range dependence in volatility is quite sensitive to the dizerent sample periods considered
and comparable to foreign volume. Furthermore, the null hypothesis that volatility and volume share
a common long memory parameter is only accepted for foreign volume and Garman-Klass volatility in
all three subperiods. This result is consistent with a modiQed version of the mixture of distributions
hypothesis in which volatility and volume have similar long memory characteristics as they are both
inauenced by an aggregate information arrival process displaying long range dependence. Finally, we
Ond no evidence that foreign volume and volatility share a common long memory component.

Keywords: futures markets; range-based volatility; Onancial crisis; foreign investors; trading
volume

JEL classiOcation: C32, C52, G12, G15.

I thank Andrea Carriero, George Kapetanios and Chrisostomos Florackis, for their valuable sug-
gestions. | have also beneOted from the comments given by seminar participants at Queen Mary
University of London, University of York and Brunel University..



1 Introduction

The analysis of long-run dependence in time series has provided a wealth of statistical tools, paramet-
ric and non parametric, in order to test and measure the persistence of macroeconomic and Onancial
processes. One of the most popular statistics used to describe long run dependence is the long memory

parameter d



volume in the Korean Stock Exchange. We employ semiparametric analysis in the frequency domain and
estimates of the long memory parameter are reported for the whole sample as well as for subsamples
subject to prior investigation for structural break in the mean of the two series. The same analysis
is performed for domestic and foreign investorsi trading volume. We also test whether volatility and
trading volume have the same degree of long memory as a modiCed version of the mixture of distributions
hypothesis suggests. Finally, we examine if both processes are driven by the same long-memory component
in case both volume and volatility possess the same long-memory parameter.

Our results support the argument that long run dependence is evident in both Garman-Klass volatility
and trading volume. The degree of long memory in total and domestic trading volume ranges from 0.55 to
0.65 while across dicerent sample periods similar long memory characteristics are experienced. The degree
of long range dependence in foreign volume is signiOcantly lower (almost half) than that experienced in
domestic volume and no signiOcant change is evident for the dicerent periods considered. The long
range dependence in Garman-Klass volatility for the whole sample is 0.50 and diminishes to 0.25 for
the pre-crisis period and 0.38 for the post crisis one. As we can see, neglecting the structural break
in the mean of Garman-Klass volatility may overestimate the degree of long memory. This result is
consistent with Granger and Hyung (2004) who Ond that the volatility series may show the long memory
property because of the presence of neglected breaks. Moreover, when we test for a common long memory
parameter the null hypothesis is only accepted for foreign volume and Garman-Klass volatility in all three
subperiods. Therefore, it appears that there is a close correspondence between the estimated degrees of
fractional integration as predicted by the modi®ed MDH (see Andersen and Bollerslev, 1997, Bollerslev
and Jubinksi, 1999). Finally, we Ond no evidence that foreign volume and volatility share a common long
memory component.

Section 2 reviews the several versions of the mixture of distributions hypothesis that give rise to

common long run dependencies in volatility and volume. Moreover, some empirical evidence is provided.






volatility process which is characterised by a highly persistent, though stationary, autocorrelation function

(veij)  j2



() = Cov(Xe; Xesj) e j2 1
where ¢y is a slowly varying function at inOnity and positive and &~ Tindicates that the ratio of left
and right hand sides tends to 1. The parameter d governs the intensity at which the autocorrelation
function decays and summarizes the degree of long range dependence of the series X;.
In the frequency domain long range dependence is replicated in the spectral density fu( ) of X,
deOned by
(J')=Ru f()eld , j=0 1,
where fx( ) asymptotically converges to Gy j jf2d as ¥ 0 for some Onite constant Gy > 0. The
spectral density has a pole at zero frequency when d > 0,
HO=4# ' @=1
and this indjigz;tés the increasing contribution of low frequency components to the variance decompo-
sition of X¢. When d = 0, the series is weakly dependent and fx( ) is bounded and positive. In addition,
the above asymptotic relations do not provide any information about the short run, seasonal or cyclical
behavior of X;. Robinson (2003) argues that semiparametric deOnitions of the long range dependence
indicate that short-run modeling is almost irrelevant at very low frequencies and very long lags, where d

dominates.

3.2 Estimation of long memory parameter d

To test the hypothesis of long-memory we follow Robinson® (1995) semiparametric bivariate approach.

To this end, let the sample periodogram for yi;, i = v;g, at the r-th Fourier frequency,



vector of the residuals u, be given by
uir = 1i( ) log(ei) +  (7) + Bmif2log( )];

with estimated variance-covariance matrix

_-(n )[1 X u u:.
= rUg:

r= +*-

A test of whether the two variables, dmy; dmg, have the same degree of fractional integration, dm, is

given by

W = Bf)e,(Z22) te)f 2 % (2)

where f denotes the 2 1 vector (1; 1)"
Finally, the corresponding restricted least squares estimator that imposes this commonality on the
fractional orders of integration is expressed as

P
B S 3)
2 1 L. 7

dm

P
where {lisa2 1vectorofones, risther-throwof and ., 2log( () ["=(n )] ?: +=[ 2log( )]



where u and c are the dicerences in the natural logarithms of the high and low, and of the closing and
opening prices respectively. Garman-Klass (1980) show that their volatility estimator is about eight
times more e¢ cient than using the close to close prices to measure volatility. Moreover, Alizadeh et al.
(2002) and Chen and Daigler (2006) argue in favor of using range based volatility measures due the bias
introduced by microstructure ecects. Shu and Zhang (2006) Ond that the range estimators quite close to
the daily integrated variance.!

As regards trading volume disaggregated data concerning domestic and foreign investorst trading
activity is also available. We use turnover as a measure of volume. This is the ratio of the value of
shares traded to the value of shares outstanding (see, Campbell et al., 1993; Bollerslev and Jubinski,
1999; Lo and Wang, 2000). Because trading volume is nonstationary several detrending procedures for
the volume data have been considered in the empirical Onance literature (see, for details, Lobato and
Velasco, 2000).2 We form a trend-stationary time series of turnover (yyt) by incorporating the procedure

used by Campbell et al. (1993) that uses a 100-day backward moving average

_ VLM¢ )
Yvt = Wlo ilg(i VLMtui’
where VLM denotes volume. This metric produces a time series that captures the change in the long
run movement in trading volume (see, Brooks, 1998; Fung and Patterson, 1999). The moving average
procedure is deemed to provide a reasonable compromise between computational ease and ecectiveness.
We also extract a linear trend from the volume series. As detailed below, the results for the linearly
detrended volume series are very similar to those reported for the moving average detrending procedure.

In what follows, we will denote volume by y\(,? (s = total



The structural break tests for volatility reveal two change points. The Orst break is detected on the
15th of October 1997 and, thus, we break the entire sample into two sub-periods. The Orst subperiod
runs from 3rd January 1995 to 15th October 1997, the pre-Asian crisis sample (or Sample A). The second
subperiod runs from 16th October 1997 to 26th October 2005, the post-Asian crisis sample (or Sample
B). The second change-point for volatility is detected on the 6th of October 2000. For total/domestic
volume the testing procedure reveals the existence of a single change-point that is detected on the 20th of
January 1999. A single structural break is also detected for foreign volume and it coincides with the Orst
break in volatility. That is, the results of the structural break tests do not support the null hypothesis of
homogeneity in the two variables. In order to ensure that the results of this study are not inéuenced by
the break in volume, we also examine the post-crisis period excluding data from 16th of October 1997 to

20th of January 1999 (Sample C). 3

Table 1. Testing for long-memory

Long memory tests Volume Volatility

Total Domestic Foreign Garman-Klass

KPSS 0:94"7  0:977"7  0:51"F 5:



4.2 Long run dependence in volatility and volume

In this section we are interested in exploring the long run dependence of Garman-Klass volatility as well
as that of domestic and foreign investorsi trading volume. We employ semiparametric analysis in the

frequency domain and estimates of the long memory parameter are reported for the series under study.



Table 2. Semiparametric estimates of dpm;

Sample Volume Volatility
Total Domestic Foreign Garman-Klass

Total Sample  0:64 0:65 0:34 0:50
(0:04) (0:04) (0:04) (0:04)
Sample A 0:57 0:60 0:26 0:28
(0:04) (0:04) (0:03) (0:04)
Sample B 0:59 0:62 0:36 0:38
(0:03) (0:03) (0:03) (0:03)
Sample C 0:55 0:59 0:30 0:39
(0:03) (0:03) (0:04) (0:03)

Notes: In all cases =0 and ® = 2. For sample Total (A) we use

n = T (T85). For the two post-crisis periods we use N = T 5.

The numbers in parentheses are standard errors.

It is worth mentioning the empirical results in Granger and Hyung (2004). They suggest that there is
a possibility that, at least, part of the long.-memory may be caused by the presence of neglected breaks
in the series (see also Diebold and Inoue, 2001). However, the fractional integration parameters are
estimated for the various sub-periods, after taking into account the presence of breaks. The long-memory
character of the dicerent volume series remains strongly evident while in the case of volatility there is a

signiGcant reduction in the long memory parameter d for the pre and post crisis periods.

4.3 Common long run dependence in volatility and volume

In this section we test whether the Garman-Klass volatility and trading volume have the same degree of
long memory as a modiOed mixture of distributions model may suggest. Empirical results in favor of this
common long memory property are reported in Bollerslev and Jubinski (1999) and Lobato and Velasco
(2000) for individual stocks. It is very appealing to see whether this property holds for an emerging
market® stock index volatility and its trading volume. Additionally, we are interested in investigating
whether digerent types of investorsitrading volume show quite similar long memory characteristics.
Because it has been repeatedly shown that a main feature of return volatility and volume is the
presence of long-memory, it is of interest to test if the two variables share the same stochastic properties.
The results of Robinson 2 test for a common long-memory parameter in volatility and any of the
three volumes are reported in Table 3. A formal test of this hypothesis is available in equation 2. In
all four samples the total and domestic volumes produce chi-squared statistics that are higher than the
5% chi-squared critical value of 3.841. In sharp contrast, in all three sub-periods, the null hypothesis

that the volatility and foreign volume share a common long-memory parameter cannot be rejected at
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any conventional signiOcance level. Therefore, it appears that there is a close correspondence between
the estimated degrees of fractional integration for the two series as predicted by the MDH (see Bollerslev
and Jubinski, 1999). Restricting the value of the d, to be the same across the volatility and the foreign
volume, as in equation 3, results in estimates of dy: 0.42, 0.27, 0.37 and 0.35 (see the last column of

Table 3).

Table 3. Test for equality of dm; estimates

Sample A5 Zdmg A Zdmg A5 L dmg A= dimg

Total Sample 5:59 6:21 6:84 0:42
[0:02] [0:01] [0:01] (0:03)

Sample A 24:47 29:94 0:13 0:27
[0:00] [0:00] [0:72] (0:02)

Sample B 23:85 30:66 0:25 0:37
[0:00] [0:00] [0:62] (0:02)

Sample C 13:92 22:14 3:12 0:35
[0:00] [0:00] [0:08] (0:02)

Notes: The table reports Robinson® (1995) 2 test statistic for the null hypo-
thesis that volume and volatility have the same long-memory meanparameter
Odm. The last column reports the restricted long-memory parameter Oy, for
foreign volume and volatility. The numbers in [ ] are P-values. The numbers in

parentheses are standard errors.

The semiparametric estimates and test statistics also point toward a remarkable commonality in the

degree of fractional integration for foreign volume and volatility.®

4.4 Fractional cointegration and a common long-memory component

Because it appears that both foreign volume and volatility possess the same long-memory parameter, it
is of interest to examine if both processes are driven by the same long-memory component. One way of
doing that is to examine whether the two variables are fractionally cointegrated. Fractional cointegration
has received much attention lately. Following Davidson (2002) we attempt a fractional bivariate analysis.
We employ two versions (the generalised and the regular one) of the fractionally cointegrating vector
error correction model (FVECM). General cointegration as deOned in Davidson et al. (2006) is the case
where the cointegrating variables may be fractional dicerences of the observed series. The generalised
FVECM is given by
[ (L W W I="v

6These results are in line with those obtained from the fully parametric bivariate ccc AR-FI-GARCH model.
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where isa 2 1 vector given by o[1 21, isal 2vectorgivenby ,[1 ],and "(L)is
a 2 2 diagonal matrix polynomial with diagonal elements (1 L)%, i =v;g, with 0 d,;  dmi.
"¢ iidd: (0; )with  , [ 1 2]. Inthe case of regular cointegration linear combinations of fractionally
integrated variables are integrated to lower order. Since there are just two variables in the system their
order of integration must be equal: dm; = dm2 = dm. This implies that the orders of integration of the

error correction terms must also match to ensure cointegration: d,; = d,,, = d,,. In the generalised






those reported for the 100-day moving average detrending. Further work using Gaussian semiparametric
estimators and fractional cointegration analysis as suggested by Robinson (1995b) and Robinson and

Marrinucci (2001, 2003) for an Index as well as its constituent individual securities is a subject of future

research.
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6 Appendix

6.1 Testing for Long Memory

In order to test for long memory we use the Los modiCed R=S test (Lo, 1991), the KPSS test
(Kwiatkowski et al., 1992), and the é¢HML test (Harris et al. 2008). Lo (1991) proposed a modiCed
version Hurstk (1951) &escaled rangeior éR=S fstatistic. The &R=S i statistic is the range of partial
sums, Si, of deviations of a time series from its mean, Sk = Pj-(zl(Yj Yn), rescaled by its standard
deviation, ., and is deGned as

ReS = SLIa S i, Sd

Lo® modiCed version of the &escaled rangef statistic dicers from the &R=S ideOned above only in

itF1084F52(g)S5ned above only inl(a)1(leN2d[(7)-129(d)-1(e Td.7295)124(ned)-407(00(7)-129(d)-1(e Td.72911.494ns.7295)1:
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