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Abstract

This paper characterizes the volatility in Hong Kong Stock Market based on a 2-year sample of
5-min Heng Seng Index. By using the method of Flexible Fourier Form Filtering, we have successful
removed the periodicity and have built a model of ARMA (1,1)-FIAPARCH (2, 0.300165,1). Further,
the intraday volatility exists with long memory and asymmetry; the negative shock from the mar-
ket will give rise to a higher volatility than the positive ones.
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1. Introduction

An extensive literature has characterized the systematic features of return volatility at the daily and lower fre-
quencies for all major primary financial assets, including foreign exchange, equity, fixed-income, and commod-
ity related securities, although there are some important differences across this diverse set of assets. The qualita-
tive findings are remarkably uniform, enabling a variant of the nonlinear time-series models within the stochas-
tic volatility and ARCH class to provide a good first-order approximation to the underlying volatility dynamics
in practically all cases, see Bollerslev et al. (1992) [1] and Ghysels et al. (1995) [2].

Some research focuses on the volatility-volume relationship in contemporaneous period. Karpoff (1987) [3]
reviews lots of papers studying the volatility and volume and points out that the positive correlation relationship
exists between the two market variables. Lamoureu and Lastrapes (1990) [4] initially apply the GARCH model
into the study on 20 stocks traded in NYSE and find that stock return volatility is positively influenced by trad-
ing volumes. Among others, Majand and Yung (1991) [5] and Sharma et al. (1996) [6] use different models in
different financial markets and basically come to the same conclusion on the positive influence of trading vo-
lume on return volatility.

The purpose of this paper is to focus on the properties of high frequency trading data in Hong Kong. To iden-
tify what is the difference between Hong Kong and any other markets, we use a method of FFF and build up a
model on volatility, which is very useful for investors involved in the quality trading and interested in Hong
Kong Stock Market.

This paper is organized as follows. Data description and preliminary analysis are presented in Section 2. The
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methodology to build up a model and the empirical results are explained in Section 3. Section 4 gives a conclu-
sion.

2. Data and Intraday Periodicity
2.1.Data

The sample we selected is five minute return of HSI (Heng Seng Index), for the following reasons. First, HSI is
a capitalization-weighted stock market index in Hong Kong, It is used to record and monitor daily changes of
the largest companies of the Hong Kong Stock Market, which is the significant indicator of the overall market
performance in Hong Kong. Second, the sample frequency we choose to be 5 minutes is based on the research
proposed by Hansen and Lunde (2006) [7], they showed as the sample frequency increased, the problems result
from the market microstructure noise will be more serious. In order to balance the issue of accuracy and noise, 5
minutes return will be the most suitable choice, showed by Andersen (2001) [8] and Koopman (2005) [9]

The intraday HSI data covers the 2-year-period from March 26, 2012 to December 30, 2013. We partitioned
the series into 5-min intervals and computed continuously compounded returns based on the last quotation
within each interval. The daily interval covers the period from 9:20 a.m. to 12:00 a.m., 13:00 p.m. to 16:00 p.m.
The initial return of the trading day, 9:20-9:25, largely reflects the adjustment to information accumulated over-
night, and consequently displays a much lower average return variability than any other 5-min interval. In order
not to confound our statistical inference, we deleted this “unusual” return interval. This leaves us with a sample
of 427 trading days, each consisting of 67 intraday 5-min returns.

2.2. The Descriptive Statistics of 5-Minute Return

The daily return {I’t(i)} is calculated by
Yy = [ln(pt([)) - ln(pt(i—l) )1*100 (D

where, represents the index on the moment i, # day. In this paper, we mainly focus on the property of daily return
volatility, so the daily overnight return (the return between the daily closing price and following open price) is
out of our consideration.

As Table 1 shows, the sample mean of this 5-min return series equals 0.00068, given the standard deviation
of 0.083, the high-frequency mean return is effectively zero from a statistical perspective. On the other hand, the
p-value of Q-statistics on both raw data and square data are all less than 0.05, which means the five-min return
and volatility exists strong autocorrelation and has the ARCH effect.

Figure 1 depicts the raw and absolute returns over the 427 trading days. The raw return appear to be syste-
matically lower at the opening and then tend to be fluctuate around 0, but increase towards the end of the trading
day and finally decrease. A similar tendency for low returns at the open and close have been documented for
SHSZ300 Index returns by Bianxia Sun [10].

In contrast, the average absolute returns in Figure 1(B) display a strikingly regular pattern. Starting out about
0.22% in the morning, they drop almost quarter during the late morning and afternoon session. Specially, there
are two bulges associated with the lunch break and the close time separately, both of these two bulges are in-
crease at first and then decrease rapidly, which is different from the Japanese Market, showed by Andersen and
Bollerslev (2000) [11], the absolute return in Japanese market stays high level at both the beginning and closing
time.

Turning to the time-series dependencies, Figure 2 plots the auto correlograms for the absolute returns with a
lag of 340 5-min intervals, or 5 trading days. For the absolute returns all of the autocorrelations in Figure 2 dis-
plays a pronounced repetitive pattern. These results are in line with the earlier evidence in Andersen and Bol-
lerslev pertaining to the US equity and foreign exchange markets. Because of this strong periodicity, Standard
ARCH and stochastic volatility models, which generally imply a monotone geometric decay in the autocorrela-
tion of the absolute returns, are not directly applicable.

3. Modeling the Volatility
3.1. Periodicity

In order to address this issue, we rely on the general frame work developed by Andersen and Bollerslev (1997b,
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Figure 1. Five-minute return of HIS.
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Figure 2. ACF squared 5-min return.
Table 1. The descriptive statistics of data.
¢ Mean Std. dev Skewness Excess Kurtosis ~ Jarque-Bera o) (4 ©) Number of
: observation
—0.41027 12.807 1.9¢+005 18.6776 550.304
T 000068 0.0833 ; 4r60e-176) (0.000) (0.000) (0.002) (0.00) 28743

1998a) [12] for analyzing high-frequency return series. The basic idea involves the following decomposition

where N denotes the number of high-frequency returns per day, o
refers to the periodic intraday volatility component, and Z,

level on day ¢, Sty

oy = EHD]+ 0,080,200 / N2 o

is intended to capture the overall volatility

) is an i.i.d mean zero, unit
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variance error term,  E[r,,] is the expectation of return
To separate the periodic factor from the equation, let move E[r,,] to the left side, square it and then take
logarithmic on the equation , we can get

= 21In[(r;,, — El1; ]]-In o2, +In N =2Inss

t(i) t(i) +2In Zt(i) (3)

Xy T

In application, first, we need to estimate E[r,,] and O, to make the left side of the equation available.
Suggested by Anderse and Bollerslev (1997) the sample mean 7, can be used to replace E[r Tl
~2 12

O = o, /n"? can be used to instead of O't 0> where O-t @) is the Realized Volatility, which is calculated by
RV, =2 ) @)
By using the method of OLS,
X = 2In[(7;,)) = Fiy ]~ In G +In N = £(6:4()) + i) (%)
where
. 2 .
. J ; i i 2l7i . 2lm
f(6;t(D)) :ijo[ai/ (uy,; +“1,jﬁ+”2,17+z,11(71,j cos7+5 )+Zk AL ((0))] 6)
1 2

where t refers the observation date, i denotes the time of the observation day, n is the number of intraday
observation N, =(n+1)/2, N,=(n+1)(n+2)/6 and Ug > Uy s Uy s V) 51j are parameters to be es-
timated. The second and third terms in the square brackets on thé right-hand side of Equation (5) respectively
represent linear and quadratic time trends during one day, and the fourth term with trigonometric functions cap-
tures the intraday periodic patterns. The last term 7(7(;) is an event dummy with value 1 if a certain event oc-
curs at time i on day t, and 0 otherwise

Figure 3 represents the ACF-Squared 5-min return after deseasonalizing by using the method proposed above.
Clearly the periodicity do not exists any longer.

3.2. Modeling the Volatility

To take into account asymmetric responses of volatility to positive and negative shocks along with volatility
persistence behavior, Tse (1998) [13] extended the Asymmetrc Power GARCH model of Ding, Granger and
Engle (1993) [14] by incorporating a fractional filter in the conditional variance equation. The obtained model is
known as FIAPARCH.

ACF-Squared Deseasonalized FFF 5-min returns
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Figure 3. ACF squared deseasonalized 5-min FFF returns.
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In the following, we present the ARFIMA-FIAPARCH model which generates long memory properties in
both the first and the second conditional moment. In this dual long memory framework, in the conditional mean,
we fit a ARFIMA (p,d,q) specification given formally by

O(L)(1-L)" (1, —u) = ©(L)e,, &, |y, ~ D(0,h,) (10)

where u is the mean of the process, dm is a fractional number, @(L) =1-6, L_,'__gp [? and
O(L)=1+D,(L)+...+ D L* are the AR and MA polynomials in the lag operator of respective orders p and ¢
(with all roots lying outside the unit circle), {, | stands for the information set available at time 7—1 whereas
the residuals are assumed to follow the conditional distribution D the conditional variance is express as a power
transformation of the standard deviation and is given formally by

P =+ {1-(1-BL) a(L)1-L)* (2 | -1)° ®)

where —1<y <1 and & >0. Here the power term s plays the role of a Box-Cox transformation of the con-
ditional standard deviation ht” > while y denotes the asymmetry coefficient accounting for the leverage ef-
fect.

When y >0, negative shocks give rise to higher volatility than positive shocks. The reverse applies if
7 <0; the magnitude of the shocks being captured by the term (| ¢, | —y¢,)

3.3. Selection of the Optical Lag

In terms of the lag order selection of model ARFIMA (p, dm, q)-FIAPARCH (P,dv,Q). We decide to use the
method of “Identify” “Estimate” and “Diagnosis”. Fist, in order to get the ARFIMA (p,dm,q) model, we choose
the most suitable lag with the minimum AIC. Second, the same method to determine the lag of FIAPARCH (P,
dv, Q). Finally, after the model has been established, the residuals should be checked by using Ljung-Box. If we
can not reject the null hypothesis that the data exists autocorrelation under the significance level of 5%, we will
see the model is fine. Once the check has been rejected, we should restart it from the beginning.

3.4. Estimation Results

According to the method proposed above, we determine to establish the model of ARMA (1,1)-FIAPARCH
(2,dv,1), More details about the estimation results, reported as Table 2.

The parameter of dv is used to measure the long memory of volatility. In the model, dv is estimated to be
0.300165 and showed to be significant under the level of 5%, which represents, the five-min return of HSI has
the property of long memory in volatility,

Empiricalresearch has showed asset daily return are usually information asymmetric. In our case, y can
used directly to decide whether this phenomenon exists or not. As y is estimated to be 0.032518 and is not
significant under 5%

Table 2. Estimation results of ARMA-FIAPARCH.

Parameter estimated Model testing

(p,dm,q) (1,0,1) AIC:-2.307132 o05) 0.3572993
(P,dv,Q) 2,d,1) AIC:-2.304244 0(10) 0.3895877
dv 0.300165 0.0000 0(20) 0.2380653
9 ~0.653418 0.1906 0(50) 0.6741483
@ 0.669702 0.0011 0’ (5) 0.2347658
4 0.032518 0.4096 0*(10) 0.3792242
) 1.840505 0.0000 0*(20) 0.6397935
0.000491 0.0005 0°(50) 0.7566594

B, 0.836175 0.0000 ARCH 1-2 test 0.5155

B, -0.077317 0.0000 ARCH 1-5 test 0.7178

@ 0.627616 0.0004 ARCH 1-10 test 0.6811
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4. Conclusion

This paper provides a detailed characterization of volatility in Hong Kong Stock Market based on a long sample
of high-frequency 5-min Heng Seng Index returns. Our major findings are as follows: different from other stock
markets like Japan that the intraday volatility is not acting as completely U-shaped Pattern, what is special in
Hong Kong Stock Market is the volatility tending to decrease dramatically at the closing time. Meanwhile, the
high frequency data contain very useful information about the salient long-lived interdaily volatility dependen-
cies. This long-memory component in turn explains most of the day to day variation in Heng Seng volatility.
Our results further show that in Hong Kong Stock Market, the negative information will give rise to a higher
volatility than the positive ones.
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