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Abstract

Given the growing importance of the Taiwan stock market, the present study sets out to pro-
vide a comprehensive investigation of the intraday time series of the Taiwan Stock Exchange
Capitalization Weighted Stock Index (TAIEX). We begin by exploring the intraday volatility
patterns and then go on to examine their impact on intraday volatility forecasting. We find
that the volatility of the TAIEX returns exhibits an L-shaped intraday periodic pattern, which
is distinct across each day of the week. Our empirical results indicate that taking the intraday
periodic pattern into account in a generalized autoregressive conditional heteroskedasticity
model can substantially improve the precision of intraday volatility forecasting.
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Taiwan; Volatility
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1. Introduction

The availability of high-frequency prices in financial assets promotes continuing
growth in our knowledge of price reactions to information and the evaluation of
intraday market risk. This knowledge is of particular benefit to market participants
who are involved in intraday trading, such as day traders, high-frequency portfolio
managers, and program traders. Because volatility is a key input for market risk
evaluation (particularly in the value-at-risk arena) and derivatives pricing, intraday
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volatility modeling and forecasting become increasingly important for those market
participants. They become increasingly important also because the market risk of
their positions should be evaluated much more frequently than a daily interval.
Comparing the performance of intraday and interday models for various applica-
tions, Angelidis and Degiannakis (2008) find that the intraday model consistently
produces the most accurate volatility forecasts. This finding for the superiority of
intraday information also motivates us to investigate the potential problems for
intraday volatility modeling and forecasting.

Following the work of Engle (1982), Bollerslev (1986) and Taylor (1986), a few
generalized autoregressive conditional heteroskedasticity (GARCH)-type volatility
models have been extensively studied and proven to be quite successful in daily
volatility forecasting, although none of them in particular is found to be superior
across datasets and applications. However, a periodic volatility pattern can seriously
affect the volatility modeling of high-frequency time series (Areal and Taylor, 2002)
if the models are utilized without taking the pattern into account, if the latter
exists. It is already well documented that for some major stock markets, such as
the USA and the UK, return volatility that varies systematically over the trading
day are generally U-shaped (Mclnish and Wood, 1990; Abhyankar et al., 1997;
Andersen and Bollerslev, 1997; Cai et al., 2004). As a consequence, standard
time-series models of volatility have proven to be inadequate when applied to high-
frequency returns of financial assets with such periodic patterns (Andersen and
Bollerslev, 1997).

This study sets out to determine whether there are intraday volatility patterns
present in the Taiwan stock market, and, if so, whether they have any impact on
intraday volatility forecasting. Although Taiwan encompasses a very small geograph-
ical area, the importance and trading properties of its stock market provide strong
motivation for our study. In terms of market value, the Taiwan stock market usu-
ally ranks somewhere between the 10th and 15th largest in the world. Furthermore,
as indicated by Barber ef al. (2005) and Chou et al. (2008), intraday trading is very
prevalent in the Taiwan market.! Therefore, intraday volatility forecasting is impor-
tant for risk management practice in this market.”

The motivation to study the Taiwan stock market is further enhanced by the
fact that it shares several common characteristics with other Asian markets, such

'Barber et al. (2005) find that day traders account for over 20% of the total volume in the
Taiwan stock market from 1995 through 1999. Chou et al. (2008) also show that the percent-
age is over 30% in the Taiwan futures market from 2001 through 2006. According to a
research report of the Taiwan Futures Exchange, the percentage for the TAIEX futures is as
high as 56% during 1998-2005.

“According to the 2007 survey of the World Federation of Exchanges, TAIEX options and
futures were, respectively, ranked the 4th and 14th most frequently traded index options on a
global scale. Therefore, the demand for futures and options risk management in this market
is not negligible.

© 2010 Korean Securities Association 71



Y.-H. Wang and Y.-Y. Wang

as a high turnover rate, price limits, and a high participation rate by individual
investors.” The characteristics are markedly different from those of the major stock
markets in North America or Europe. In addition, what we learn from Taiwan’s
stock market has important implications for other Asian markets.* As well as
providing a comprehensive examination of the high-frequency stock prices of the
Taiwan stock market, the present study offers important information on, and
insights into, areas such as intraday volatility factors, which should be useful to
those interested in modeling or forecasting the intraday volatility characteristics of
such markets.

Based upon our examination of the Taiwan Stock Exchange Capitalization
Weighted Stock Index (TAIEX), our empirical results reveal the existence of an
L-shaped intraday periodic pattern in the volatility of TAIEX returns, which differs
significantly from that found in many prior studies on the US and UK equity
markets. We also find that the intraday volatility pattern is distinct across each day
of the week, with Monday being the highest and Friday being the lowest, which
should also prove to have an association with the protracted period of non-trading
during weekends. Taking into account both the intraday and day-of-the-week effects
of volatility modeling, we further investigate the impact on intraday volatility fore-
casting and discover that filtering the intraday periodic pattern can substantially
improve forecasting performance, whereas the incremental contribution of the day-
of-the-week effect is not always significant.

To the best of our knowledge, only a few studies have set out to investigate
intraday volatility forecasting.” In one such study, Martens et al. (2002) undertake a
comparison of the intraday volatility forecasts produced by “flexible Fourier func-
tions” (FFF) (Andersen and Bollerslev, 1997), the “periodic GARCH” (P-GARCH)
model (Bollerslev and Ghysels, 1996), and the common GARCH model (Bollerslev,
1986; Taylor, 1986).° They conclude that the FEF approach is computationally more
efficient than, and only marginally inferior to, the P-GARCH model, in terms of
forecasting performance.

*For example, the stock markets in South Korea and Thailand have high turnover rates as
well as high participation rates of individual investors. Price limits are also adopted in the
stock markets of China, Japan, South Korea, and Thailand.

*We thank the referee for this revision suggestion.

>Several studies also investigate intraday volatility forecasting, but do not focus on the impact
of the periodic intraday pattern on volatility forecasting. For example, they deal with extreme
value distribution (Bali and Weinbaum, 2007), the fractal model (Gordon, 2004), model
comparison (Angelidis and Degiannakis, 2008), and the multivariate model for a lognormal-
normal mixture distribution (Andersen ef al., 2003), by using high-frequency intraday data
on volatility forecasting.

®Martens et al. (2002) compare volatility forecasts over a 30-min horizon for the spot
exchange rates of the deutsche mark and the Japanese yen against the US dollar.
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Martens et al. (2002) present that modeling the intraday periodic pattern explic-
itly improves the out-of-sample forecasting performance, but they fail to consider
the distinct intraday patterns that are discernible across different days of the week:
patterns that have been extensively documented for various equity markets
by Ho and Cheung (1994) and Clare et al. (1997). As stressed by Andersen and
Bollerslev (1997), taking the inter-day effect into account may be equally important
and could in principle be incorporated along the same lines. This study therefore
sets out with the aim of helping to fill this gap, by considering both the intraday
and day-of-the-week patterns.

The remainder of the study is organized as follows. Section 2 provides back-
ground information on the Taiwan Stock Exchange (TSE) and summary statistics of
the TAIEX returns. The analysis of intraday volatility pattern shows up in section 3.
Section 4 offers the volatility modeling. An examination of the day-of-the-week
volatility effect is undertaken in section 5, followed in section 6 by an analysis
of the impact of the intraday and day-of-the-week patterns on intraday volatility
forecasting. Finally, section 7 provides the conclusions drawn from this study.

2. Background Information on the Taiwan Stock Exchange
and Data Description

Before proceeding further, it is useful to understand the institutional background of
the TSE, which is an order-driven call market. Transactions are executed in strict
price and time priority. During our sample period, the market operates from
09.00 hours to 13.30 hours, Monday through Friday (excluding public holidays).
There is a 7% price limit in each direction from the previous day’s closing price.”
The most distinctive characteristic is the high participation of individual traders.
According to a 2005 TSE report (“2005 Major Stock Markets Regulations”), indi-
vidual domestic traders accounted for 69% of the total annual trading value,
whereas they were 31% for the Hong Kong Exchange, 24% for the London Stock
Exchange, and 35.1% for the New York Stock Exchange.

Our investigation of volatility behavior in the Taiwan stock market focuses on
the TAIEX, comprising all common shares listed on the TSE. Both intraday and
daily TAIEX data are obtained from the Taiwan Economic Journal database. The
intraday data run from 2 January 2001 to 29 September 2006, while the daily time
series cover the period from 4 January 1990 to 29 September 2006.

Our primary intraday dataset comprises a time series with 5-min frequency
intervals and is a base for generating time series with various lower frequencies.
Based upon the trading period on the TSE, which runs from 9.00 hours to

“In our sample, there are 3 days with an upper price limit of 7% and a lower price limit of
3.5%. The change of the lower price limit from 7% to 3.5% was in response to the re-open-
ing of the US markets after 11 September 2001.
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13.30 hours, our sample period includes 1423 trading days with 54 5-min returns
per day. In total, we have 76 842 5-min, 38 421 10-min, 25 614 15-min, and 12 807
30-min observations.

Table 1 presents the summary statistics of the returns for various frequencies,
from which we find that the properties of the returns are in general consistent with
the stylized facts found in many prior studies (Andersen and Bollerslev, 1997; Mian
and Adam, 2001; Taylor, 2005) on equity returns and that they do not rely on data
frequency. All of the distributions are negatively skewed and leptokurtic, which is
statistically supported by the Jarque—Bera normality tests.

Following a comparison of the summary statistics of returns across various fre-
quencies, we find that with an increase in frequency, there is a monotonic increase
in the magnitudes of both skewness and kurtosis. In other words, the higher the fre-
quency is, the greater non-Gaussian the distribution will be. Finally, the Ljung-Box
Q-statistics for absolute returns indicate the existence of an ARCH effect for all
return series.

3. Intraday Volatility Patterns

Regardless of which frequency is considered, we consistently find that the intraday
average absolute return is extremely high at the market opening, whereas it is at a
lower and generally very stable level for the remainder of the day. In other words,
the volatility of TAIEX returns exhibits an L-shaped intraday pattern, which is con-
sistent with the finding of Huang and Yang (1999) in the Taiwan stock market and
is similar to that of the Australian stock market (Mian and Adam, 2001) and the
Shanghai Stock Exchange (Tian and Guo, 2007), but very different from the com-
mon finding of a U-shaped pattern for the USA and UK equity markets (McInish
and Wood, 1990; Abhyankar et al., 1997; Andersen and Bollerslev, 1997; Cai et al.,
2004). Figure 1 illustrates the intraday volatility periodicity for 5-min returns.® The
correlogram of the 5-min returns represented by a solid line in Figure 2 also
confirms the existence of intraday periodicity.

The high open volatility within the Taiwan stock market could come as a result
of longer daily non-trading hours (a 19.5-h period). Fan and Lai (2006) find that
such high open volatility is associated with a high level of information asymmetry.
This is consistent with the Taiwan stock market as the market has a considerable
number of individual investors. However, what is the reason leading to the stable
post-open volatility? In particular, there is no increase in volatility just before the
market closes. The absence of an increase in volatility just before the market closes
may be due to some characteristics in TSE. Huang and Yang (1999) suggest
that shorter trading hours and investor composition might be able to explain the

®Details of the intraday volatility periodicity for other frequencies are also available upon
request.
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Figure 1 Averages of intraday absolute returns.
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This figure exhibits the intraday pattern of 5-min absolute returns.

phenomenon, whereas Fan and Lai (2006) examine the effect of the extension of
trading hours” on TSE’s intraday patterns and find no evidence to suggest that
shorter trading hours affect the volatility pattern.'

4. Volatility Modeling

Before taking into account the observed L-shaped periodicity for intraday volatility
forecasting, we first employ the widely-used GARCH(1,1)!' model to determine
what it is that makes standard time-series volatility models unsuitable for modeling
intraday time series. Indeed, there are prior studies that have established theoretical
relationships between the GARCH parameters at various frequencies (Nelson, 1990;
Drost and Nijman, 1993; Drost and Werker, 1996).

First, with an increase in data frequency, volatility persistence (o + f) should
tend towards 1. Second, with a move from daily to increasingly fine intraday fre-
quencies, parameter o should tend towards 0, and parameter f should tend towards 1.
Third, the estimates of half life, mean lag, and median lag should be stable for
returns at different frequencies. Table 2 presents the estimation results of the
GARCH model for the TAIEX returns for various frequencies. We determine from

TSE cancelled Saturday trading and extended trading by 1.5 h per day from 1 January 2001.
"%We find that the intraday volatility patterns of both the daily returns not hitting price lim-
its and those days with lower price limits are still L-shaped, and that the period with a higher
holding ratio of institutional traders has a steeper volatility pattern just before the market
closes. Although these results are just some preliminary findings for exploring the potential
reasons of the intraday volatility pattern, they provide some interesting and challenging ideas
for future research.

"We have tried several other GARCH model specifications, such as ARMA-GARCH,
GARCH(p,q), and GJR-GARCH(p,q). These results are similar to those of GARCH(1,1) and
are available upon request from the authors.
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Figure 2 Three-day correlogram of intraday absolute returns.
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This figure exhibits the intraday pattern of autocorrelations of five-min absolute returns.

Table 2 that the results of the theoretical aggregation work satisfactorily for multi-
ple-day frequencies, but break down at intraday frequencies. For example, the sum
of o and S does not exhibit any monotonic increase when the frequency moves
from 30 to 5 min.

There is no stability in the estimates of half life, mean lag, and median lag for
the intraday series. In particular, the half life estimate of the 30-min series is
roughly 8.39 times that of the 5-min series, while the estimates of half life, mean

Table 2 Generalized autoregressive conditional heteroskedasticity (GARCH)-(1,1) model esti-
mations

This table presents the estimation results of the GARCH(1,1) model for the raw returns of various fre-
quencies. The estimated GARCH models are of the following form: R, = z0,,02 = w+ oe> |+
po?_,, where z, ~i.id. N(0,1). The reported estimates for o and f are obtained by quasi-maximum
likelihood methods under the assumption that the innovations have conditional normal distributions; all
P-values are <0.0001. The half life of a shock to the conditional variance is calculated as —log(2)/log(o +
f); the mean lag of a shock to the conditional variance is calculated as a/(1 — o — 2ff + «ff + ff); and the
median lag of a shock to the conditional variance is calculated as '2 + [log(1 — f§) — logo —
log(2)]/1og(a + f).

Total number Half  Mean Median
Intervals of observations o p o+ f life lag lag

Panel A: Intraday intervals

5-min 76842 0.150049  0.600126  0.750175 241  0.44 —0.50
10-min 38421 0.326202  0.543135  0.869337 495 1.06 3.04
15-min 25614 0.150005  0.600488  0.750493 241  0.44 —0.50
30-min 12807 0.037002  0.929308  0.966310  20.23  0.54 1.84
Panel B: Inter-day intervals
1-day 4517 0.088905  0.897645  0.986550 51.19  0.95 41.28
2-day 2259 0.118414 0.856751  0.975165 27.56  0.94 20.49
5-day 903 0.097591  0.869802  0.967393 2091 0.83 12.71
8-day 564 0.118286  0.836321  0.954607 14.92  0.82 8.43
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lag, and median lag are much more stable across those return series with a
frequency covering a complete day. In short, such inconsistency in the theoretical
predictions of the estimates of the intraday return series suggests that the intraday
periodic pattern in volatility cannot be ignored when modeling intraday time series
(Andersen and Bollerslev, 1997).

To effectively overcome the above problem, we use the general framework devel-
oped by Andersen and Bollerslev (1997) to analyze high-frequency return series.
Consider the following decomposition for the intraday returns:

Rt,n = E(Rt,n) + Nﬁ%atst,nzt,m (1)

where R, = ln( P ) N denotes the number of high-frequency returns per day,
g; is the conditional volatility on day t, s;, refers to the periodic intraday compo-

nent of the nth interval on day t, and Z,,, is an i.i.d. zero-mean, unit-variance error
term.
We define a new variable as:

Xip = 210g[|Rt7,1 - E(Rm)ﬂ —loga? +logN, (2)

which can be obtained by approximating E(R,,) with the average of all intraday
returns, and o, from the estimate from a daily volatility model. We then have the
following regression:

271 . 2min
xtn—ZO} u0]+yle +u2]N +Z)1,In d +Z</UCOS N +5,]sm N )],

j=0 i=1 1
(3)

where Ny = (N +1)/2 and N, = (N + 1) (N + 2)/2 are normalizing constants,
from which each of the corresponding J + 1 FFF are parameterized by the quadratic
component (u coefficients) and a number of sinusoids (y and d coefficients).

It may be expedient to also include time-specific dummies for applications in
which some intraday intervals do not fit well within the overall regular periodic pattern
(4 coefficients). We present the intraday periodic components, or factors, as follows:

T x exp (x’ ”)
§t,n - T . (4)

N N Xt,n
o1 D e 1eXP( )

Therefore, the filtered return series can be obtained as:

-~ R
R, =" (5)

St.n

Figure 2 provides a correlogram illustration of the raw and filtered absolute
5-min returns, from which we clearly see that, although not entirely eliminated, the
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Table 3 Generalized autoregressive conditional heteroskedasticity (GARCH)-(1,1) estimates
of filtered returns

This table presents the estimation results of the GARCH(1,1) model for the filtered returns of various
frequencies. The estimated GARCH models are of the following form: R, = z.0,,02 = w+ oe? |+
Bo?_,, where z ~i.i.d. N(0,1). The reported estimates for o and f8 are obtained by quasi-maximum
likelihood methods under the assumption that the innovations are conditionally normally distributed.

Total number Half Mean  Median
Intervals  of observations o b o+ f life lag lag
5-min 76842 0.152041 0.626347 0.778388 2.77 0.48 -0.32
10-min 38421 0.15 0.6 0.75 2.41 0.44 —0.50
15-min 25614 0.15 0.599999 0.749999 2.41 0.44 —0.50
30-min 12807 0.149999 0.599995 0.749994 2.41 0.44 —0.50

periodic pattern has been significantly mitigated. This suggests that the intraday
periodic pattern of volatility has been purged by the de-periodicity procedure.

Much more convincing evidence is provided by the estimates of the GARCH
models reported in Table 3, which when compared to the results provided in
Table 2 are more consistent with the various theoretical predictions. For example,
we clearly see that the volatility parameters now display a more coherent pattern
across various frequencies, with the sum of o and f increasing monotonically when
the frequency moves from 30 to 5 min. In addition, the estimates of half life, mean
lag, and median lag are relatively stable across the return frequencies.

In summary, taking account of the intraday periodic pattern should help make
a substantial contribution to modeling high-frequency financial time series.

5. Day-of-the-week Volatility Effect

For those undertaking analyses of the long-run phenomena associated with intraday
time series, taking account of the day-of-the-week periodic pattern is equally as
important as the intraday periodic pattern (Andersen and Bollerslev, 1997). There-
fore, we should further examine the TAIEX returns to determine whether they exhi-
bit any obvious day-of-the-week volatility patterns.

To test for the day-of-the-week volatility effect, we use the modified Levene test
(Brown and Forsythe, 1974), because this is one of the most powerful tests (even
for small samples) and it is also a test that remains robust on the departure from
normality of the underlying distribution (Ho and Cheung, 1994). The modified
Levene test statistic is defined as:

J M
F=|> m(Dj=D)’/> > (Dj=D)*|\[(N=1)/U = 1)] ~ F(J =1, N=)),

=1 j=1 i=1
(6)

where Dj; = |[R;; — Mjj|, R;; is the return for week i and weekday j, for j = 1, 2, 3, 4,
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5; M; is the sample median return for weekday j computed over n; weeks;
D; = Z?’:  Djj/nj, which is the mean absolute deviation (from the median) for
weekday j; D = Z]]':1 S°7, Dii/N, which is the grand mean; and N = Z]]-:l ;.

Table 4 reports the descriptive statistics of the daily returns across weekdays,
from which we see that Monday has the highest volatility, while Friday has the low-
est. This is consistent with the argument that the markets tend to be more volatile
at the beginning of the week and less volatile with the approach of the weekend
(Ho and Cheung, 1994; Clare et al., 1997).

Focusing on the relationship between volatility and mean returns shows that the
day with the highest volatility is also the day with the lowest return, and vice versa,
which is one of the remarkable characteristics of emerging markets (Ho and Che-
ung, 1994; Clare et al., 1997). Most importantly, from the Levene test result, the
hypothesis of homoskedasticity is strongly rejected at the 1% significance level.
Therefore, such evidence suggests the existence of a day-of-the-week effect for
TAIEX returns.

To provide more convincing evidence, we must further examine whether the
intraday volatility pattern varies across different days of the week. Table 5 presents
the mean intraday periodic components on each intraday interval from Monday to
Friday, from which we determine that the null hypothesis of equal periodic compo-
nents from Monday to Friday is strongly rejected for all intraday intervals.

In summary, we therefore find the existence of both an intraday periodic pattern
and a day-of-the-week effect in the volatility of returns on the TAIEX.

6. Intraday Volatility Forecasting

The results of intraday return modeling show that taking intraday volatility periodic-
ity into account leads to the GARCH model meeting the econometric requirements

Table 4 Descriptive statistics of daily returns across weekdays

This table presents the descriptive statistics of daily returns across weekdays. As in the case of the intra-
day data, the sample period runs from 2 January 2001 to 29 September 2006.

Time Monday Tuesday Wednesday Thursday Friday
Mean —0.001421 —0.000476 0.001140 0.000588 0.001465
Median —0.000230 —0.000460 —0.000570 0.000199 0.001014
Standard 0.017244 0.013654 0.015036 0.014294 0.013506
deviation
Skewness -0.225 0.555 0.308 0.028 —-0.354
Kurtosis 4.358 5.162 4.236 5.129 4.322
Jarque—Bera 24.034 70.242 22.508 53.841 26.738
(0.000006)  (<0.0001) (0.000013)  (<0.0001) (<0.0001)
Modified Levene F-value = 4.155 ~F(4, 1418)
test statistic The hypothesis of homoskedasticity has to be rejected at the 1% level
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Table 5 Intraday periodic component means across weekdays

This table presents the intraday periodic component means of volatility across weekdays. The F-values
are the test statistics for the null hypothesis that the intraday volatility means for different weekdays are
equal. All P-values <0.0001.

Weekdays
Time Monday Tuesday Wednesday Thursday Friday F-value
0905 1.993 2.091 2.181 2.148 2.087 26.76
0910 2.212 2.322 2.421 2.384 2.316 26.29
0915 2.196 2.306 2.404 2.368 2.300 25.61
0920 1.971 2.070 2.158 2.126 2.064 25.03
0925 1.661 1.745 1.819 1.792 1.740 24.92
0930 1.384 1.454 1.516 1.493 1.450 25.29
0935 1.193 1.253 1.306 1.286 1.249 25.87
0940 1.090 1.144 1.193 1.175 1.142 26.32
0945 1.054 1.106 1.154 1.136 1.104 26.56
0950 1.055 1.107 1.154 1.137 1.105 26.56
0955 1.059 1.111 1.159 1.141 1.109 26.41
1000 1.039 1.091 1.138 1.121 1.089 26.25
1005 0.990 1.040 1.084 1.068 1.037 26.16
1010 0.924 0.970 1.011 0.996 0.968 26.26
1015 0.862 0.905 0.943 0.929 0.903 26.54
1020 0.820 0.861 0.898 0.884 0.859 26.86
1025 0.804 0.844 0.880 0.867 0.842 27.10
1030 0.808 0.848 0.884 0.871 0.846 27.22
1035 0.819 0.858 0.896 0.882 0.857 27.23
1040 0.820 0.860 0.897 0.883 0.859 27.24
1045 0.802 0.841 0.877 0.864 0.840 27.24
1050 0.766 0.803 0.838 0.825 0.802 27.24
1055 0.724 0.759 0.792 0.780 0.758 27.03
1100 0.690 0.724 0.755 0.744 0.722 26.42
1105 0.673 0.707 0.737 0.726 0.705 25.24
1110 0.676 0.711 0.741 0.730 0.708 23.88
1115 0.693 0.729 0.759 0.748 0.726 22.89
1120 0.713 0.750 0.782 0.770 0.747 22.77
1125 0.725 0.762 0.794 0.782 0.760 23.73
1130 0.721 0.758 0.790 0.778 0.756 25.32
1135 0.705 0.740 0.771 0.760 0.738 26.63
1140 0.684 0.718 0.749 0.737 0.717 27.18
1145 0.670 0.703 0.733 0.722 0.701 27.24
1150 0.668 0.700 0.730 0.719 0.699 27.11
1155 0.676 0.710 0.740 0.729 0.708 26.18
1200 0.690 0.725 0.755 0.744 0.722 23.87
1205 0.698 0.734 0.765 0.754 0.731 21.18
1210 0.694 0.731 0.761 0.750 0.727 19.54
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Table 5 (Continued)

Weekdays
Time Monday Tuesday Wednesday Thursday Friday F-value
1215 0.679 0.715 0.744 0.733 0.711 19.61
1220 0.661 0.695 0.724 0.713 0.693 21.31
1225 0.653 0.686 0.715 0.704 0.684 23.88
1230 0.663 0.697 0.726 0.715 0.695 25.94
1235 0.696 0.731 0.762 0.750 0.729 26.78
1240 0.745 0.781 0.815 0.803 0.780 26.82
1245 0.794 0.833 0.869 0.856 0.831 25.99
1250 0.825 0.867 0.903 0.890 0.864 24.02
1255 0.827 0.870 0.907 0.893 0.867 21.53
1300 0.808 0.851 0.886 0.873 0.847 19.79
1305 0.791 0.833 0.868 0.855 0.829 19.54
1310 0.805 0.847 0.883 0.870 0.844 20.80
1315 0.879 0.924 0.963 0.948 0.920 23.03
1320 1.037 1.089 1.135 1.118 1.086 25.22
1325 1.296 1.360 1.418 1.397 1.357 26.44
1330 1.642 1.722 1.796 1.769 1.719 26.84
Total 0.949 0.996 1.039 1.023 0.994 94.74

for various frequencies. In this section, as opposed to exploring the marginal impact
of the day-of-the-week volatility effect on modeling, we examine the intraday volatil-
ity forecasting performance for those GARCH models in which we consider only the
intraday periodic pattern, or both the intraday periodicity and the day-of-the-week
effect, by evaluating both in-sample and out-of-sample performance.

We compare the volatility levels generated from the GARCH models with three
intraday returns series: comprised of raw returns, returns filtered by the intraday com-
ponents, and returns filtered by both the intraday components — and the day-of-the-
week dummies with the realized volatility, which is computed as the sum of the
squared intraday returns (Andersen and Bollerslev, 1997) for alternative frequencies.

There is no universal agreement about the best measure for evaluating the vola-
tility forecasting performance. Hence, we compare the different forecasting perfor-
mances based on five measures that have commonly been used in the literature: (i)
root mean square error (RMSE); (ii) mean absolute error (MAE); (iii) adjusted R*
from the regression of realized variance on the forecast variance; (iv) adjusted R?
from the regression of log(realized variance) on log(forecast variance); and (v)
adjusted R*> from the regression of square root(realized variance) on square
root(forecast variance). The log and square root transformations are used as vari-
ance stabilizing transformations in the regressions because the realized variance is
very heteroskedastic (Deo et al., 2006).

Root mean square error and MAE are defined as follows:
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1~
RMSE = ?Z(U%—Rf)z (7)

i=1

T
1
22 2
MAE:?Z‘Gt_RtL (8)
i=1
where 67 and R? denote the respective forecasted and realized variances, with a bet-
ter forecast having a lower error measure.
The regression methods are defined as below:

R? =0 "‘/31634'% 9)
log(R?) = o + B, log(67) + & (10)
square root (R} ) = o3 + B3 square root(67) + &. (11)

Our in-sample window for the parameter estimation covers the period from 2 Janu-
ary 2001 to 31 May 2006. Table 6 presents the full sample results.

In regards to out-of-sample forecasting, we take the last 4 months (i.e. from 1
June 2006 to 29 September 2006) as the out-of-sample period. By rolling over day
by day, we obtain the one-period volatility forecasts of the out-of-sample period.
Table 7 provides these results.

First, to transform the volatility forecasts for the filtered returns into the volatil-
ity forecasts that are supposed to be generated by the original returns, the variance
forecasts generated by the filtered returns are multiplied by the square of the peri-
odic component, s;,. We begin with a comparison of the results of the raw returns
with those obtained for returns filtered by the intraday components.

We find that for both the in-sample and out-of-sample forecasts, the use of fil-
tered returns creates much lower forecasting errors, and they are not dependent on
performance measures or data frequencies. For example, the MAE measures for fil-
tered returns improve by 24.22'% to 41.07%'"’ for in-sample forecasting and by
2.52" to 17.00%"° for out-of-sample forecasting. The R* measures in panels C, D
and E for filtered returns are 1.99'° to 73.66'” times the raw returns for in-sample
forecasting and 1.60'® to 79.28'° times that for out-of-sample forecasting. In short,

Table 6, panel B, 10-min: (8.536410E—06 — 1.126486E—05)/1.126486E—05 = —24.22%.
PTable 6, panel B, 5-min: (4.416060E—06 — 7.493876E—06)/7.493876E—06 = —41.07%.
"“Table 7, panel B, 15-min: (8.512061E—06 — 8.732018E—06)/8.732018E—~06 = —2.52%.
">Table 7, panel B, 10-min: (6.505367E—06 — 7.838249E—06)/7.838249E—06 = —17.00%.
'Table 6, panel D, 10-min: 0.27207/0.13688 = 1.99.

Table 6, panel C, 15-min: 0.11564/0.00157 = 73.66.

'®Table 7, panel D, 5-min: 0.12945/0.08102 = 1.60.

""Table 7, panel C, 5-min: 0.04757/0.0006 = 79.28.
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Table 6 Full-sample forecasting

This table presents the full-sample results of volatility forecasting based on raw returns and filtered
returns for various frequencies. Five measures that have commonly been used in the literature: (i) root
mean square error (RMSE); (ii) mean absolute error (MAE); (iii) adjusted R* from the regression of real-
ized variance on the forecast variance; (iv) adjusted R? from the regression of log(realized variance) on
log(forecast variance); and (v) adjusted R* from the regression of square root(realized variance) on
square root (forecast variance). The log and square root transformations were used as variance stabilizing
transformations in the regressions because the realized variance is very heteroskedastic (Deo et al., 2006).
*Indicates better forecasting performance.

Intervals

Raw return

Filtered return

With weekday dummy

Without weekday dummy

Panel A: RMSE
5-min

3.421529E-05

3.414798E-05

3.408764E—05*

10-min 5.003266E—05 4.713272E-05* 4.714150E—-05
15-min 6.115605E—-05 5.636153E—-05* 5.637477E-05
30-min 8.628790E-05 7.732583E—-05* 7.743387E-05
Panel B: MAE
5-min 7.493876E—-06 4.504511E-06 4.416060E—06*
10-min 1.126486E—-05 8.534125E-06* 8.536410E-06
15-min 1.645382E-05 1.051467E-05 1.050454E—-05*
30-min 2.425551E-05 1.582514E—-05* 1.583720E-05

Panel C: Adjusted R* from the regression of realized variance on the forecast variance

5-min 0.00081 0.00542% 0.00538
10-min 0.00175 0.04269* 0.04229
15-min 0.00157 0.11586* 0.11564
30-min 0.00732 0.20193* 0.19971
Panel D: Adjusted R* from the regression of log(realized variance) on log(forecast variance)
5-min 0.07725 0.16415% 0.16318
10-min 0.13688 0.27228* 0.27207
15-min 0.11818 0.37140* 0.36753
30-min 0.12338 0.58896* 0.58876

Panel E: Adjusted R? from the regression of square root(realized variance) on square
root(forecast variance)

5-min 0.04157 0.12866 0.12949*
10-min 0.06124 0.26799* 0.26733
15-min 0.04509 0.38763* 0.38707
30-min 0.05328 0.55948* 0.55774

taking into consideration the intraday periodic pattern substantially improves not
only the model specification, but also the volatility prediction.

Second, we compare the results for the returns filtered by both the intraday
components and the day-of-the-week dummies with those for returns filtered only
by the intraday components, in an attempt to determine the incremental contribu-
tion of the day-of-the-week effect. As Table 6 shows, 15 out of the 20 in-sample
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Table 7 Out-of-sample forecasting

This table presents the out-of-sample results of volatility forecasting based on raw returns and filtered
returns for various frequencies. Five measures that have commonly been used in the literature: (i) root
mean square error (RMSE); (ii) mean absolute error (MAE); (iii) adjusted R* from the regression of real-
ized variance on the forecast variance; (iv) adjusted R? from the regression of log(realized variance) on
log(forecast variance); and (v) adjusted R* from the regression of square root(realized variance) on
square root (forecast variance). The log and square root transformations were used as variance stabilizing
transformations in the regressions because the realized variance is very heteroskedastic (Deo et al., 2006).
*Indicates better forecasting performance.

Filtered return

With weekday Without weekday
Intervals Raw return dummy dummy

Panel A: RMSE

5-min 1.684959E—-05 1.486018E—-05 1.484525E—-05*
10-min 2.334985E-05 2.065974E-05 2.063166E-05*
15-min 2.656079E-05 2.382986E—-05 2.380092E-05*
30-min 3.898061E—-05 3.396531E—-05 3.394391E-05*
Panel B: MAE
5-min 4.179418E-06 3.548642E-06 3.500925E—-06*
10-min 7.838249E-06 6.505367E—-06* 6.540230E-06
15-min 8.732018E—-06 8.476391E—-06* 8.512061E-06
30-min 1.702455E-05 1.447323E-05* 1.448875E—-05

Panel C: Adjusted R” from the regression of realized variance on the forecast variance

5-min 0.0006 0.04735 0.04757*
10-min 0.00041 0.02776 0.02797*
15-min 0.00961 0.22879 0.2334*
30-min 0.01017 0.34795% 0.34748
Panel D: Adjusted R* from the regression of log(realized variance) on log(forecast variance)
5-min 0.08102 0.12935 0.12945*
10-min 0.08536 0.22423% 0.22387
15-min 0.07377 0.37557* 0.37398
30-min 0.06869 0.5014 0.50239*

Panel E: Adjusted R? from the regression of square root(realized variance) on square
root(forecast variance)

5-min 0.03419 0.15109% 0.15055
10-min 0.02809 0.14765% 0.14732
15-min 0.03989 0.40736* 0.40583
30-min 0.03387 0.53212 0.53438*

measures indicate that performance is better if the day-of-the-week pattern is taken
into consideration.

If we undertake a much more careful comparison of the forecast errors, then we
find that the increments are rather small. For example, the RMSE for those returns
that are also filtered by the day-of-the-week dummies are 0.00000001 smaller than
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Table 8 The results of Wilcoxon’s sign-rank test

This table presents the results of median equality tests (Wilcoxon’s sign-rank test) for both full-sample
and out-of-sample volatility forecasting errors generated by the models based on raw returns and various
filtered returns. P-values are given in parentheses. *Indicates better forecasting performance.

5-min 10-min 15-min 30-min

Panel A: Full-sample forecasting
Median of absolute error

Raw return 5.691873E—-06  6.450113E-06  1.089500E—-05 1.303700E—05

With weekday 1.239334E—-06  3.277231E-06* 3.896705E—06* 4.402470E—06
dummy

Without weekday 1.192252E-06* 3.277643E—06 3.900373E—-06 4.393672E-06*
dummy

Statistics of Wilcoxon’s signed-rank test
Raw return versus 1.3131E+09 2.1770E+08 1.0916E+08 2.2363E+07

With weekday (<0.0001) (<0.0001) (<0.0001) (<0.0001)
dummy

Raw return versus 1.3490E+09 2.1698E+08 1.0883E+08 2.2417E+07
Without weekday ~ (<0.0001) (<0.0001) (<0.0001) (<0.0001)
dummy

With weekday 9.5152E+08 —5.6650E+07 18365389 1.0667E+06
dummy versus (<0.0001) (<0.0001) (<0.0001) (<0.0001)
Without weekday
dummy

Panel B: Out-of-sample forecasting
Median of absolute error

Raw return 1.808247E-06  4.243433E—06 4.870579E-06  1.065400E—05

With weekday 1.248845E—-06  2.490858E—06* 3.672139E-06 6.191703E—-06*
dummy

Without weekday 1.210952E—-06* 2.533244E—06 3.623938E—-06* 6.258513E—-06
dummy

Statistics of Wilcoxon’s signed-rank test
Raw return versus 1.8324E+06 5.5233E+05 1.1426E+05 5.6516E+04

With weekday (<0.0001) (<0.0001) (<0.0001) (<0.0001)
dummy

Raw return versus 1.9539E+06 5.3883E+05 1.1881E+05 5.5885E+04
Without weekday ~ (<0.0001) (<0.0001) (<0.0001) (<0.0001)
dummy

With weekday 2.4082E+06 —3.8518E+05 49835.5 —3.7469E+04

dummy versus (<0.0001) (<0.0001) (0.0053) (<0.0001)
Without weekday
dummy

those for returns filtered only by the intraday components. As Table 7 shows, nine
out of the 20 out-of-sample measures demonstrate better performance with consid-
eration of the day-of-the-week pattern. Therefore, we conclude that a consideration
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of the day-of-the-week effect does not really provide significant help in forecasting
intraday volatility.

To test the robustness of our empirical results, we further conduct Wilcoxon’s
signed-rank test.”” Diebold and Mariano (1995) stress that Wilcoxon’s signed-rank
test is powerful and robust when comparing predictive accuracy. From Table 8, the
results of Wilcoxon’s signed-rank test are consistent with our findings; that is, the
forecasting errors of the filtered return are all significantly lower than the raw
return. Regarding whether to have a weekday dummy or not, half of the forecasting
errors with a weekday dummy are significantly lower than those without a weekday
dummy, and vice versa.

In summary, we find that filtering the intraday periodic pattern substantially
improves the intraday volatility forecasting performance, whereas the incremental
contribution stemming from a consideration of the day-of-the-week effect is not
always significant.

7. Conclusions

Although it is has already been well documented that a U-shaped periodic pattern
is exhibited by intraday volatility within the USA and UK stock markets, it is natu-
ral to suspect that alternative market characteristics could create very different peri-
odicities in terms of intraday volatility. The present study has investigated the
intraday volatility patterns of the TAIEX returns and their impact on intraday vola-
tility forecasting. We believe this study should be useful as the Taiwan stock market
cannot be ignored given its ranking in the world markets; and also because it shares
several common characteristics with other Asian markets. These characteristics are
markedly different from those of the major stock markets in North America or Eur-
ope and, therefore, what we learn from the Taiwan stock market has important
implications for other Asian markets as well.

We have found that the volatility in TAIEX returns exhibits an L-shaped intra-
day pattern, very different from the U-shaped pattern typically found in the major
stock markets in North America and Europe. This pattern also differs across the
various days of the week. Furthermore, we also see that when modeling high-
frequency data, consideration of intraday patterns substantially improves the

2 . . 5.
OThe test statistics of Wilcoxon’s signed-rank test are:

T
> 11 (d)rank(|d,[) — T

WSRT = =L ~ N(0,1),
T(T+1)(2T+1)
24

I(d)=1 ifd;>0

=0 otherwise. _ T T
d, = {eit}tzl - {ejt}rzl

= {6?t - R%} - {éjzr - th}

where
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precision of intraday volatility forecasting, whereas it seems that the day-of-the-
week effect does not always have such an important role to play.

In addition to providing a comprehensive investigation of high-frequency stock
prices in the Taiwan stock market, the present study offers important insights for
those with an interest in modeling or forecasting intraday volatility within such
markets. Future studies might use certain elements of the information provided by
the estimations undertaken in the present study, such as intraday components, in
order to directly adjust the raw returns when modeling the high-frequency data.
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