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Abstract

The present paper examines the relative out-of-sample predictive ability of GARCH,
GARCH-M, EGARCH, TGARCH and PGARCH models for ten Asian markets by
using three different time frames and two different methods, considering the fea-
tures of volatility clustering, leverage effect and volatility persistence phenomena,
for which the evidence of existence is found in the data. Five measures of compari-
son are employed in this research, and a further dimension is investigated based on
the classification of the selected models, in order to identify the existence or lack of
any differences between the recursive and rolling window methods. The empirical
results reveal that asymmetric models, led by the EGARCH model, provide better
forecasts compared to symmetric models in higher time frames. However, when it
comes to lower time frames, symmetric GARCH models tend to outperform their
asymmetric counterparts. Furthermore, linear GARCH models are penalized more
by the rolling window method, while recursive method places them amongst the best
performers, highlighting the importance of choosing a proper approach. In addition,
this study reveals an important controversy: that one error statistic may suggest a
particular model is the best, while another suggests the same model to be the worst,
indicating that the performance of the model heavily depends on which loss function
is used. Finally, it is proved that GARCH-type models can appropriately adapt to the
volatility of Asian stock indices and provide a satisfactory degree of forecast accu-
racy in all selected time frames. These results are also supported by the Diebold-
Mariano (DM) pairwise comparison test.
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Introduction

Volatility is the degree of variation of a trading price series over time, and is usually
measured by the standard deviation of logarithmic returns. As an important concern
for traders, investors, companies and financial regulatory authorities, volatility fore-
casts of asset returns have been studied over the years for risk management, security
valuation, portfolio diversification and monetary policy making purposes. Further-
more, volatility modelling and forecasting have especially attracted finance profes-
sionals and academics following the stock market crash in 1987, since the main rea-
son for the crash was attributed to high volatility (Haugen et al. 1991).

The behavior of stock market volatility is time-varying. The early prominent
empirical works of Mandelbrot (1963) and Fama (1965) revealed that small (large)
changes in asset prices tend to be followed by small (large) price changes of the same
magnitude, a phenomenon known as volatility clustering. Throughout the empirical
applications over the last five decades, evidence suggests that volatility changes of
return series are predictable, particularly in the long-term (Fama and French 1989;
Wurgler 2000; Cochrane 2008; Campbell and Thompson 2008). Therefore, numer-
ous empirical models and methods have been developed and applied to identify
and accurately predict the volatility behavior of return series. Nevertheless, earlier
studies reveal no consensus regarding which model or method can provide the most
accurate forecasts of asset returns.

Early studies tried to predict future volatility through simple statistical approaches
based on averaging and smoothing methods. However, these simple models had
limited prediction capacity, as financial time series tend to harbor certain special
characteristics, such as volatility clustering. In order to deal with this issue, Engle
(1982) developed the first generation of heteroscedasticity models with the semi-
nal idea on ARCH models. Bollerslev (1986) took another step and put forward a
generalized version, called the GARCH model. Although the ARCH and GARCH
models received incredible attention from researchers and practitioners and proved
their empirical success, these models were still not able to capture the stylized fact
of volatility asymmetry, which was later named the leverage effect by Black (1976).
This constraint has been solved by the development of more adaptable and advanced
versions. Noteworthy and popular examples of this new model class are Nelson’s
(1991) Exponential GARCH (EGARCH) model, Ding et al.’s (1993) Power GARCH
(PGARCH) model, and Zakoian’s (1994) Threshold GARCH (TGARCH) model. A
number of studies have been devoted to reviewing the important GARCH family
models, such as Poon and Granger (2003), Bauwens et al. (2006), Silvennoinen and
Terdsvirta (2009), and Bhowmik and Wang (2020).

The aim of the present paper is to investigate and evaluate the relative out-of-
sample forecasting ability of linear and non-linear GARCH models by compar-
ing daily, weekly, and monthly frequencies, using recursive and rolling window
methods. However, evaluation of predicted models is not an easy task and one of
the major issues is that the “true” volatility series is not observed. To overcome
of this problem, the squared return series are used as a proxy for the unobserved
volatility process, since squared returns are an unbiased gauge for volatility, as
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revealed by Andersen and Bollerslev (1998). With the usage of squared returns,
proper evaluation of the estimated models is ensured in terms of selected error
statistics.

Another important aspect of the paper is its coverage of a broad range of Asian
markets, including those of emerging economies. Although there are a significant
number of papers on forecasting stock market volatility, there are limited studies
examining the Asian markets, particularly on emerging markets. The review of Poon
and Granger (2003) reports only five out of 93 papers on volatility forecasting cover
Asian markets, namely New Zealand, Australia and Japan, and none at all on emerg-
ing Asian markets. Some recent papers have individually examined stock market
volatility in Asian markets, including Ibrahim et al. (2020) for Asia—Pacific markets,
Pati et al. (2018) for India, Australia and Hong Kong, and Duan et al. (2021) for Tai-
wan. However, the stock markets of emerging countries such as Indonesia, Thailand,
Malaysia, and the Philippines, which together constitute 66% of the market capitali-
zation of the ASEAN economies as of 2016 (Ganbold 2021), tend to be ignored in
volatility exercises. In addition, volatility dynamics in emerging stock markets of
Asia is expected to influence the global stock markets through the “leverage effect”
and idiosyncratic risk factors (Atanasov 2018; Bouri et al. 2020), and hence further
indicating the importance of generating more accurate and comprehensive forecasts
in these bloc. Therefore, this paper aims to extend the literature of volatility fore-
casting by selecting ten Asian markets with up-to-date data and covering periods of
both financial crisis and recent developments.

It is broadly acknowledged by the financial literature that an increase in data fre-
quency is accompanied by excess kurtosis, which challenges the capabilities of fore-
casting models due to the fat-tailed distribution on return series (Mandelbrot 1963).
Under assumption of normality for errors, the results of the models would be biased.
Therefore, the present paper considers student’s ¢ distribution in all selected time
frames to capture anomalies in the return series. Furthermore, it aims to contribute
to the ongoing debate for determining the best model between linear (symmetric)
and non-linear (asymmetric) GARCH family models for producing the most accu-
rate volatility forecasts.

This research adds to the current academic literature in three ways. First, it finds
that GARCH-type models can appropriately adapt to the volatility behaviour of
Asian stock indices and provide a satisfactory degree of forecast accuracy in all
selected time frames. The superiority of asymmetric models is more evident for
higher time frames, while symmetric models tend to outperform asymmetric ones
in lower time frames. Second, given the level of risk associated with investment in
stock markets, day traders, investors, financial analysts, and empirical finance pro-
fessionals should consider alternative error distributions while specifying a predic-
tive volatility model, as less contributing error distributions implies incorrect speci-
fication, which could lead to loss of efficiency in the model. Investors should also
not ignore the impact of news while forming expectations of investments. Finally,
the obtained results report that frequency of data and choice of forecast method have
a strong effect on the performance of the models, and therefore, depending on the
investment perspective and risk sensitivity, correct method and time frames should
be applied.
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The remainder of the paper is organized as follows. Section 2 provides a literature
review of volatility forecasting applications on various markets with the emphasis
on Asian markets. Section 3 reports the methodology used and Sect. 4 provides the
data. Section 5 presents the empirical analysis and results. Finally, Sect. 6 discusses
the study findings and concludes.

Literature review

Numerous studies in the existing literature have applied various approaches to the
question of a superior forecasting model, yet a consensus still has not been reached.
Since the stock market incidents in the early 1990s, triggered by the Japanese asset
price bubble and Hong Kong’s stock market collapse in 1992, a significant amount
of study has been undertaken to examine the uncertainty of stock markets in Asia.
As Franses and McAleer (2002) state, researchers are committedly seeking to model
stock market volatility better, in order to forecast stock markets movements more
accurately and possibly foresee such shocks. In light of prominent studies by Engle
(1982), French et al. (1987), and Bollerslev (1987), the accumulated literature of
financial econometrics indicates that, in addition to the set of economic variables
suggested by Chen et al. (1986), stock market volatility has mainly been examined
and estimated by time series volatility models.

Mandelbrot (1963) and Fama (1965) revealed that stock market volatility shows
the volatility clustering property, a phenomenon which has been modeled by Engle’s
(1982) ARCH model and its extension, Bollerslev’s (1986) GARCH model. For
example, Bera and Higgins (1993) highlighted that the main contribution of the
ARCH family models would be finding unconditional variance changes with time
in the volatility of financial time series. On the other hand, Engle and Patton (2001)
argued that “despite the success of GARCH models in capturing the salient features
of conditional volatility, they have some undesirable characteristics” (p.244). The
drawbacks of these models triggered the development of alternative specifications.
As a result, options that consider asymmetric effects, such as EGARCH (Nelson
1991), PGARCH (Ding et al. 1993), and TGARCH (Zakoian 1994) have been intro-
duced by researchers over the years. Furthermore, models that consider the long
memory phenomenon have also been developed, such as FIGARCH (Baillie et al.
1996), FIEGARCH (Bollerslev and Mikkelsen 1996), CGARCH (Engle and Lee
1999), and HYGARCH (Davidson 2004). Although the success of the above models
changes depending on the selected markets and time frames, it can be concluded
that GARCH family models are powerful in estimating stock market volatility, con-
firming the studies of Chiang et al. (2000), Hung (2009), and Ahmed and Suliman
(2011).

Some Asian markets have been deeply studied over the years using various mod-
els. Among these markets, Japan and China took the lead due to the rapid economic
progress and explosive investments. Lux and Kaizoji (2007) studied the NIKKEI
225 Index from 1975 to 2001, and the findings showed that GARCH family models
are able to present good forecast performance compared to naive sample variance
models, leading the authors to conclude that the time series models are well-suited
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for predicting large realizations of volatility. Ishida and Watanabe (2009) extended
the research into the Japanese stock market by focusing minute-to-minute data with
sample period spans from 1996 to 2007. They combined the GARCH model with
ARFIMA and successfully predicted realized variance. On the other hand, Gu and
Cen (2011) expanded the models for China’s stock market and the results revealed
that GARCH and CGARCH models are preferred for more accurate prediction
of volatility, while TGARCH and EGARCH are better to capture the asymmetric
effects of the volatility behavior in China’s stock markets. They also suggested that
GARCH-type models are more accurate and provide better forecasting compared to
SV models for China’s capital markets. Meanwhile, Lin (2018) compared the adapt-
ability of the GARCH models on the SSE Index and SX Index using daily returns
from 2013 to 2017. Through empirical analysis and forecast evaluation, he dis-
covered that the EGARCH model outperforms the ARCH, TARCH, GARCH and
ARIMA models and it is more competent to predict volatility behavior in selected
indices. For further research, see Guidi (2010), Chen and Wu (2011), Wei et al.
(2018), Chaudhary et al. (2020), and Bhowmik and Wang (2020).

The ongoing argument over the performance of forecasting models has also
leaped to emerging economies of Asia. The early findings about volatility behavior
in ASEAN nations are fairly mixed. Wong and Kok (2005) compared the forecasting
capabilities of six different models using daily returns from the ASEAN-5 equity
markets (Indonesia, Malaysia, Singapore, Thailand and the Philippines) by covering
the data from 2 January 1992 to 12 August 2002. They separated the results into pre-
crisis, crisis and post-crisis periods. The findings suggest that the forecast results are
most reliable for the pre-crisis and post-crisis periods and least reliable for the crisis
period. Furthermore, the TARCH and ARCH-M models were found superior for the
pre-crisis period, the ARCH-M and Random Walk models outperformed for crisis
period, while the TARCH and EGARCH models were best for the post-crisis period
for the selected ASEAN countries.

Likewise, Evans and McMillan (2007) examined the volatility forecasts of equity
returns with a focus on asymmetric and long memory dynamics in more than 30
economies, including ASEAN-5 countries. The daily data for this study covered
11 years, from 1994 to 2005. By comparing 5 GARCH family and 4 simple pre-
ARCH class of models, they found that the HYGARCH model performs best for
Singapore, the CGARCH model for Thailand, and the EGARCH model for Indo-
nesia, based on the RMSE error statistic. On the other hand, the moving average
method provides the best forecast results for Malaysia and the exponential smooth-
ing method is the best model for predicting the volatility of the Philippines stock
market. Guidi and Gupta (2012) studied the same ASEAN-5 stock markets over
the period from 2 January 2002 to 30 January 2012. They deployed the APARCH
model under two different distributions to predict the volatility of the returns, and
the empirical results revealed that the APARCH with the t-distribution is a good
prediction model for the selected indices. They concluded that the Indonesian stock
market has the largest response to volatility shocks among the ASEAN countries.

More recently, Anggita et al. (2020) investigated the stock market of Indone-
sia by using ARCH/GARCH models for the period of 2011-2017. The study con-
cluded that the EGARCH model is superior compared to linear GARCH models
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in modelling and forecasting volatility in emerging markets. In a different study,
Sharma et al. (2021) analyzed the top five emerging countries among the E7, includ-
ing China and Indonesia, using linear and non-linear GARCH models for a period
from 2000 to 2019 where the study results revealed that the GARCH model beat
the non-linear GARCH models in all selected window periods, which supports the
earlier findings of Srinivasan and Ibrahim (2010), but contradicts with Anggita et al.
(2020). On the other hand, Lin (2018) showed the suitability of non-linear models
for China’s stock market due to the significant properties of clustering and asymmet-
ric events in the SSE Composite Index.

Although the reviewed literature has considerably enhanced our understanding
of the forecasting performance of a variety of models and volatility behaviors in
emerging and developed markets, the findings from the previous studies are quite
unclear, given that they were highly dependent on the selection of countries and
the range of data period. Thus, the current paper is expected to be one of the first
empirical works regarding forecast comparison in ten Asian markets using three dif-
ferent time frames with 24 years of data, which includes two major crises that hit the
selected economies at different magnitudes. Moreover, this research addresses the
true nature of financial market volatility in countries that tend to be ignored, such
as, the Philippines, Thailand, and Taiwan. In addition, identifying excess kurtosis
by using student’s t-distribution and using recursive and rolling window methods for
the selected GARCH models is expected to contribute to the gap in methodology in
the field of stock market volatility of Asian countries.

Methodology
Empirical models

There are more than 300 GARCH-type models (Hansen and Lunde 2005) in the
existing literature. Therefore, for brevity, the current paper is confined to focuses
on the employed models only. In all selected models, the distributional assumption
is considered under student’s t-distribution. The rationale behind this choice is that
the asset returns are likely to follow levy distribution with fat tails, and the student’s
t-distribution is more capable of accommodating fat tails compared to normal dis-
tribution, which reduces the potential considerable biases on the forecasting results
(Andersen and Bollerslev 1998).

GARCH model

The Generalized Autoregressive Conditional Heteroskedasticity (GARCH) model
was developed and proposed by Tim Bollerslev in 1986. ARCH family models are a
milestone in regression analysis in terms of estimating variance by a nonlinear esti-
mation model. The GARCH model is based on a weighted average of past squared
residuals with a few improvements compared to ARCH. First, GARCH has decaying
weights on past squared residuals that stay above zero, no matter how much it falls.
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Second, it puts greater weight on more recent events. Third, it is superior for han-
dling different sets of data in different frequencies. With these combined benefits,
GARCH is an avant-garde model with a wide selection of extensions in predicting
conditional volatility.

This model can be expressed with a mean specification and a variance specifica-
tion. The GARCH (1,1) can be represented as follows:

Mean specification

r,=HuH+E, 1)
Variance specification
2 2 2
h =ay+ajg,_| + ph_, )

where oy > 0, a; > 0and § > 0, and r, = asset return, 4 = average return, €,= returns
of residual.
Returns of residual can also be expressed as:

£ =hz 3)

where z, is a random variable with zero mean and 1 variance (i.i.d.), and h, is the
time-dependent standard deviation. For the GARCH (1,1) model, these two assump-
tions (a; > 0, f > 0) are again needed to confirm that the conditional variance hl2
will have a non-negative value. To make sure that the model is covariance stationar-
ity a; + f < 1is required.The mean specification is formed of by the aggregate of
average term and error term. This process generates a one-period ahead estimate for
the conditional variance ht2 which is a function of:

¢ Hypothetical long-run average variance: o, (known as the constant term)

¢ First independent variable which reflects “news” about previous period volatil-
ity: €7 | (known as ARCH term)

e Second independent variable which reflects forecast variance from previous
period: hf_l (known as GARCH term)

GARCH-M model

Most models used in finance suppose that investors should be rewarded for taking
additional risk by obtaining a higher return (Brooks 2008). Engle et al. (1987) pro-
posed a new model to fit this theory, called GARCH in Mean (GARCH-M). This
model is another variant of the GARCH-, class models with some extensions,
which considers the conditional mean as a function of the conditional variance. The
GARCH-M (1,1) model can be expressed by the two specifications as:

Mean specification

r,=,u+yht2+e, )

Variance specification
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ht2 =a,+ alelz_l + ﬂhtz_l 3)

The y parameter in the mean specification indicates risk premium coefficient. A
positive y indicates that the conditional variance is positively correlated with the
return and vice versa.

EGARCH model

The Exponential GARCH model was proposed by Nelson (1991) based on the loga-
rithmic version of conditional volatility. The benefit of the EGARCH model is that
it places no restrictions on parameters, which allows negative coefficients in the
model. Therefore, even if negative parameters exist in the equation, the conditional
variance will remain positive. The EGARCH (1,1) equation is applied as follows:

Ei-1 2 E-1

-y e ©
-1 T 1

where the parameter y indicates the leverage effect which captures the impact of

asymmetric news. If the leverage parameter y is positive, it demonstrates that good

news (positive shock) will reduce the future volatility. However, when bad news

(negative shock) increases future volatility, the leverage effect y will be negative and
the term a; will capture the volatility clustering effect.

In(h?) = ay + piIn(h2,) +a, {

TGARCH model

The Threshold GARCH model (also called as the GJR model) is one of the best-
known and most commonly used asymmetric models to measure and handle with
possible asymmetries, such as leverage effects. This model was developed by
Zakoian (1994), but also studied by Glosten et al. (1993) as the Gloster-Jaganna-
than-Runkle GARCH (GJR-GARCH). In the TGARCH (1,1) model, the variance
equation is defined as follows:

2 2 2 2
hi =ay+ae,_, +yD,_ €, + pih_, @)
where D,_, is a dummy variable to capture the leverage effect and

D = le,_; <0 badnews
=17\ Og,_; >0 goodnews ®)

where the term y is the leverage effect parameter. If y = 0, the specification above
turns into the general GARCH (p, q) form. Apart from that, the impact of good news
on volatility is a;, and the impact of bad news on volatility is a, + y. Thus, with
a positive and significant leverage parameter (y), bad news has greater effect than
good news on conditional volatility (hf).
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PGARCH model

The Power GARCH (PGARCH) model was developed by Ding, Granger, and Engle
in 1993. The PGARCH model differentiates itself from the other asymmetric mod-
els by using conditional standard deviation instead of the conditional variance. The
power parameter is defined as € and hf is used instead of ht2 The model is defined as
follows:

p q
W =ay+ Z Bk, + Z ay(|e] = 7’l‘gt—l)g ©)
k=1 =1

where a; = standard ARCH parameter, f, = standard GARCH parameter, y; = lever-
age parameter.

The leverage parameter y; captures the asymmetric effects of previous shocks.
When the power parameter 6 = 2, the equation turns into a classic GARCH model,
and when 0 = 1, the model estimates conditional standard deviation instead of con-
ditional variance.

Forecasting method

Out-of-sample tests are widely considered as the “gold standard” of the forecast
evaluation, and according to the “conventional wisdom”, the forecasts of the esti-
mated models should be evaluated by conducting out-of-sample fit rather than gen-
erating the same set of data that was used to estimate the model’s parameters, which
is called an “in-sample” forecast. Bartolomei and Sweet (1989) and Pant and Star-
buck (1990) show that even the best in-sample forecasts may not be successful to
forecast post-sample data. Furthermore, throughout the empirical studies, in-sample
forecasting performance is found to be less reliable compared to out-of-sample tests,
which may be due to the vulnerability to outliers and data mining (White, 2000).
Therefore, out-of-sample forecast is seen as the “ultimate test of forecasting model”
by econometricians and forecasters (Stock and Watson 2015, p. 571).

Out-of-sample forecasts can be estimated using two different methods which are
known as recursive forecast and rolling window forecast. The recursive forecast sets
a fixed initial sample data starting from # =1, ..., T to fit the models, and L step
ahead forecast is computed for out-of-sample prediction starting from time 7 until
no more L step ahead forecast can be counted. On the other hand, the rolling win-
dow forecast sets fixed initial sample data starting from ¢z = 1, ..., T to estimate the
model and specify the window length. Out-of-sample forecast begins from time 7,
and both the start and the end estimation dates consecutively increase by one obser-
vation where the model is re-estimated each time from¢ = 2, ..., T + 1. L step ahead
out-of-sample forecast is computed beginning with time 7 + 1 until no more L step
ahead forecast can be counted.

For each index, forecasting models are estimated using recursive and rolling win-
dow methods and assessed by out-of-sample performance. The maximum likeli-
hood method has been used to estimate parameters. The choice of window size for
out-of-sample forecasting is controversial, since there is no satisfactory solution for
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the optimal length. However, to keep the competence of the estimated parameters
robust and avoid non-convergence problems, adequately large estimation size is rec-
ommended, especially in the applications of richly parameterized GARCH family
models (Peseran and Timmerman 2007; and Inoue et al. 2014). Therefore, the whole
sample period is divided into two samples in each frequency and a hold-out sample
for the out-of-sample forecast is chosen as a second half, with parameters estimated
based on the first half. In this context, a similar procedure has been followed with
earlier works, such as those of Akgiray (1989), Pagan and Schewert (1990), Brails-
ford and Faff (1996), and Brooks (1998). Sample periods and sample sizes can be
seen in Table 1.

Forecast performance evaluation

Great decisions are based on great forecasts. There are a wide selection of proce-
dures available in the literature to evaluate the most accurate forecasts. In this study,
the most common and important error measures are chosen to evaluate the pre-
dictive accuracy of selected volatility models. Nevertheless, there is no consensus
about which error function is more suitable to assess the models. Therefore, instead
of focusing on a single criteria, five different loss functions were determined for
producing forecasts. These loss functions are Mean Absolute Error (MAE), Mean
Absolute Percentage Error (MAPE), Root Mean Square Error (RMSE), Quasi-Like-
lihood (QLIKE) and Mean Squared Error (MSE).

Mean absolute error (MAE)

MAE measures the average magnitude of the errors in a set of predictions, without
considering their direction. It is the average over the test sample of the absolute dif-
ferences between prediction and actual observation where all individual differences
have equal weight. The mean absolute error is given by:

n

MAE:lz

nia

2~
O-[ 6[

(10)

where n denotes the rank of forecasted data, 6,2 is the true volatility series which is
obtained by the squared return series and Etz is the forecasted conditional variance at
time ¢ acquired by using GARCH family models.

Mean absolute percentage error (MAPE)

MAPE is the sum of the individual absolute errors divided by each period sepa-
rately. In other words, it is the average of the percentage errors. The advantage of
the MAPE is that it is easy to interpret and helpful for comparing the performance
of the estimated volatility models. The mean absolute percentage error is defined as
follows:
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1\ |07 =57
MAPE = - ) —— 11 (11)

Root mean square error (RMSE)

RMSE is the square root of the average of squared differences between prediction
and actual observation. Since the errors are squared before they are averaged, the
RMSE gives a relatively high weight to large errors. This means the RMSE is most
useful when large errors are particularly undesirable. Its value can only be positive,
and a value of zero (almost never achieved in practice) would indicate a perfect fit to
the data. In general, a lower RMSE is better than a higher one. However, compari-
sons across different types of data would be invalid because the measure is depend-
ent on the scale of the numbers used. The following formula is given for the root
mean square error:

12)

Quasi-likelihood loss function (QLIKE)

The term quasi-likelihood function was introduced by Wedderburn (1974) to
describe a function that has similar properties to the log-likelihood function. In
QLIKE loss function, the mean and the variance is specified in the form of a vari-
ance function giving the variance as a function of the mean.

n 2
QLIKE:%Z(log(Etz) +<%>> (13)
t=1 t

Patton and Sheppard (2009), Patton (2011), and Conrad and Kleen (2018)
revealed that the squared error loss tends to be more sensitive to extreme observa-
tions than QLIKE, which provides further motivation for using QLIKE in volatility
forecasting applications.

Mean squared error (MSE)

MSE is another popular accuracy measure in the empirical financial literature devel-
oped by Bollerslev et al. (1994) to gauge the forecasting performance of volatility
models. As a distinctive feature, it has the tendency of penalizing large forecast
errors compared to other loss functions, and thus it is recognized as one of the most
appropriate measures in terms of dealing with imperfect volatility proxy (Patton
2011). The mean squared error is given as follows:
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1 % ~A2\2
MSE =~ 3 (o] -57) (14)

t=1

Forecast comparison test (DM-test)

In order to evaluate the predictive accuracy of two competing models, the Diebold-
Mariano test (hereafter, the DM test) is employed. Diebold and Mariano (2002)
introduced an approach for testing of the null hypothesis of no difference for the
equal forecast accuracies between two sets of competing models. The test can be
applied with any error criterion such as straight differences, absolute differences or
squared differences. Furthermore, it is able to incorporate autocorrelation between
the given series. The DM test is widely employed in the empirical finance literature
with various adaptations: see Xekalaki and Stavros (2010), Curto and Pinto (2012),
Gilleland and Roux (2015), and Coroneo and Iacone (2018).
Consider two sets of competing forecast sequences, defined as:

{fprt=12.T}i=12 (15)

and define the equation of difference between actual value y, {y, cr=1,2,... T}
and the predicted value f;, as

€ =fi =V (16)
The accuracy of each forecast is gauged by the loss function:
L(ey) =€ (17)

The loss functions adopted for this study are the absolute-error loss function:

T
Ly(eq) = ) lex| (18)
=1

and the Squared-error loss function:

T
Ly(e;) = Z (e,)’ (19)
=1

and the loss differential between the two forecasts is defined by:
d,=L(ey,) = L(ey) (20)

To assess whether the two competing forecasts have same predictive ability, the
equal accuracy hypothesis is considered. The null hypothesis of DM test is given as:

Hy : E(d,) =0 1)

SN Business & Economics
A SPRINGERNATURE journal



SN Bus Econ (2022) 2:157 Page 150f 74 157

versus the two-sided alternative hypothesis of one of the two forecasts have better
accuracy:

H, : E(d,) #0 (22)

Then, the DM test statistic can be expressed as:

d
VBT

where d = lTZthl d = %Zszl [L(e},) — L(ey)] and & is a consistent estima-

DM = ~ N, 1) (23)

tor of the asymptotic variance of ;lﬁ . The null hypothesis of H, is rejected if

|DM| > 1.96 which can be shown in Fig. 1 as area A and area C. Conversely, the
null hypothesis of H, cannot be rejected in the event of [DM| < 1.96.

Data

Asia is divided into two regions: developed and emerging economies. The highly
developed countries include Japan and the four Asian Tigers—Hong Kong, South
Korea, Taiwan, and Singapore. China and Malaysia are other major economic forces
which are considered an important powerhouse in the region, however, academics
often classify these countries as “developing”; see Johansson and Ljungwall (2009),
Luo et al. (2010), Jayasuriya (2011), Zhang et al. (2013), and Li and Giles (2015).
Besides this, the Shanghai Stock Exchange was founded in 1990, 99 years after the
Hong Kong Stock Exchange, which was founded in 1891. Even today, most of main-
land Chinese companies are listed in Hong Kong. Therefore, the Chinese stock mar-
ket will be evaluated in the emerging markets category.

In this study, ten Asian countries have been selected for investigation and their
widely accepted indices have been chosen. The five developed market indices that
have been added are as follows: the Nikkei 225 Index (NIKKEI) from Japan, the
Hang Seng Index (HSI) from Hong Kong, the Korea Composite Stock Market
Index (KOSPI) from South Korea, the Taiwan Capitalization Weighted Stock Index
(TAIEX) from Taiwan, and the Straits Times Index (STI) from Singapore. The
remaining five Asian countries are chosen as emerging markets and their broadly
accepted stock market indices are considered as follows: the SSE Composite Index
(SSE) from China, the PSE Composite Index (PSE) from the Philippines, the Stock
Exchange of Thailand Index (SET) from Thailand, the Kuala Lumpur Composite
Index (KLCI) from Malaysia, and the Jakarta Stock Exchange Composite Index
(JCI) from Indonesia.

Daily, weekly and monthly time series data is obtained from the Bloomberg data-
base to ensure the reliability and accuracy of older data. The overall sample period
covers 25 years in total, starting from November 1993 to May 2018. However, one
problem was the limitation on accessing older data in higher time frames, and thus
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Fig. 1 (continued)

the daily and weekly data start from 1994 instead of 1993. Another challenge was
non-synchronous holidays in different markets which may cause computational dif-
ficulties and negatively effect the output of the models. Therefore, the data range has
been chosen separately for each market to not get exposed to data loss. The statisti-
cal software Eviews 10 was used for the quantitative analysis.

The main advantage of daily data is providing more information in terms of esti-
mating volatility for applied econometric models since they are more data-intensive
than simple regression models. Weekly and monthly frequencies are also estimated,
since they provide a broader framework regarding volatility, and it is crucial to
understand the comparison between different frequencies. In order to satisfy station-
arity, closing price series are transformed to return series in all daily, weekly and
monthly time frames for each index.

Return series have been obtained as shown in the following formula:

R, = log(P,/P,_,) * 100 (24)

where R, denotes the logarithmic return at time ¢. P, and P,_; are the closing price
of the index at time ¢ and ¢ — 1 respectively. Figures 1, 2 and 3 show that the return
series are fluctuating around zero, which is evidence of the volatility clustering
phenomenon.

Table 2 reports the descriptive statistics of the in-sample period for each fre-
quency. According to the tables, the mean and median are centered around zero in
the daily return series, while with the reducing frequency the tendency of deviation
increases, which is expected. Looking at the skewness of the series, the NIKKEI and
STI indices have negative values for all selected time frames which implies asym-
metric distributions skewed to the left, while the KLLCI, SET and SSE indices report
positive skewness for each frequency suggesting asymmetric distributions skewed to
the right. For the remaining five indices, the direction of skewness changes depend-
ing on the selected frequency. Where the kurtosis is concerned, the given values
from all tables indicate a leptokurtic characteristic, which signifies the existence of
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Fig.2 (continued)

fatter tails. Lastly, the Jarque—Bera test statistic for normality rejects the null hypoth-
esis that returns follow a normal distribution.

Empirical results

Table 3 demonstrates the forecasting performance for daily return series based on
the calculation of Mean Absolute Error (MAE), Mean Absolute Percentage Error
(MAPE), Root Mean Squared Error (RMSE), Quasi-Likelihood (QLIKE) and Mean
Squared Error (MSE) using the recursive approach. The overall results of forecasting
performance inform that the EGARCH and TGARCH models perform better than
the rest of the models in the HANG SENG, STI, SET, JCI, TAIEX, KOSPI and PSE
indices. These findings are also in line with the studies of Liu and Morley (2009),
and Wei-Chong et al. (2011), in which they find that asymmetric models outperform
in the stock markets of Hong Kong and Japan respectively. The results also indicate
that the GARCH-M model outperforms in KLCI index, based on MAE and QLIKE
statistics, while the GARCH and GARCH-M models equally outperform in the SSE
index, which is steady with the findings of Liu et al. (2009). The KLCI index is the
only index that shows mixed results, since EGARCH has minimum values for both
RMSE and MSE loss functions while GARCH-M indicates the smallest numbers
under the MAE and QLIKE statistics. Lim and Sek (2013) had similar results on the
Malaysian stock market, which shows that the Malaysian market tends to produce
more complicated results and requires more detailed examination.

On the other hand, based on Table 4 which reports the results for the rolling win-
dow method, there is no symmetric model that performs better than the asymmetric
models. Asymmetric models dominate in all the selected markets, with the leading
of EGARCH model except for the HANG SENG index, where the PGARCH model
has clear superiority based on the four out of five statistics. The reason may arise
from these two issues. First, due to the nature of symmetric GARCH models, they
are not able to capture the leverage effect of volatility, and Asian stock markets tend
to exhibit volatility asymmetry phenomenon. Second, the rolling window method
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Fig.3 Monthly log returns

does not allow the use of all available data to generate forecasts as in the recur-
sive method, which may lead to potential estimation problems. However, as Table 3
shows, asymmetric models have superiority in most of the indices as well. The
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Fig.3 (continued)

values between recursive and rolling window methods are highly mixed. Regardless
of the models, a comparison cannot be conducted based on the error statistics since
each method provides results in its own terms. Therefore, daily results do not sug-
gest any significant superiority between these two methods.

A general conclusion for the daily forecasting results is that in most circum-
stances, the asymmetric models provide a smaller loss function than the symmetric
models. Based on the error measures no specific model emerges as unconditionally
best. Yet, in the presence of EGARCH, asymmetric models seem to outperform,
especially in the developed markets, which contradicts the findings of Liu et al.
(2009) to some extent. As asymmetric models reduce the forecast errors in emerging
markets, the findings are relatively consistent and conclusive that asymmetric mod-
els perform best compared to the symmetric models. The conclusion is that asym-
metric models provides smaller loss functions than symmetric models in some mar-
kets but symmetric models have no clear superiority for daily return series among
the ten Asian markets, except for the recursive GARCH and GARCH-M models in
the SSE Index. Therefore, according to the provided results, asymmetric models
should be the best choice for market participants regardless of their degree of risk
preference.

Table 5 presents the recursive forecasting results for the weekly return series,
and one can see that the values in loss functions are higher compared to the daily
forecasts, except for the MAPE, which is expected since it provides percentage
errors. For the JCI index, the EGARCH model clearly outperforms the rest based
on the four out of five loss functions. For the NIKKEI, STI, SSE and PSE indi-
ces, the EGARCH model is still favorable since it provides the smallest errors in
MAE, RMSE and MSE error statistics, except for the QLIKE in all four cases. On
the other hand, the HANG SENG Index is dominated by the TGARCH model,
which provides the lowest values in all error statistics, consistent with the study
done by Liu and Morley (2009). The remaining four indices are quite inconclu-
sive, having no single volatility model that is preferred based on all five error
statistics. However, focusing on the KLCI index, GARCH-M outperforms the rest
under the MAE, RMSE and MSE error functions, with the GARCH model being
best under the remaining two: an outcome which contradicts the study by Wong
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Table 3 Comparison of recursive forecast performance measures for daily return series

MAE MAPE RMSE QLIKE MSE
Nikkei Index
GARCH (1,1) 2.587036 104.8954 6.927287 1.562947 0.4798731
EGARCH (1,1) 2.479166 105.4572 6.880609 1.536782 0.4734279
TGARCH (1,1) 2.580439 103.9552 6.801676 1.542612 0.4626279
GARCH-M (1,1) 2.586122 104.9069 6.927472 1.562966 0.4798987
PGARCH (1,1) 2.527196 105.0626 6.869496 1.541884 0.4718997
Hang Seng Index
GARCH (1,1) 2.561509 103.1643 7.264017 1.462073 0.5276595
EGARCH (1,1) 2.484555 102.2727 6.958204 1.456995 0.4841661
TGARCH (1.1) 2.528717 101.3025 6.991431 1.449444 0.4888010
GARCH-M (1,1) 2.559787 103.1133 7.251374 1.461458 0.5258242
PGARCH (1,1) 2.586652 101.3267 6.995891 1.462087 0.4894248
Straits Times Index
GARCH (1,1) 0.913886 96.78284 1.976149 0.496195 0.0390516
EGARCH (1,1) 0.910986 95.03708 1.972934 0.491629 0.0389246
TGARCH (1,1) 0.924262 95.70385 1.980209 0.495537 0.0392122
GARCH-M (1,1) 0.914155 96.81738 1.976955 0.496303 0.0390835
PGARCH (1,1) 0.951394 95.25337 2.01328 0.497664 0.0405329
Set Index
GARCH (1,1) 1.906175 105.3177 6.7179 1.206068 0.4513018
EGARCH (1,1) 1.853941 105.0882 6.676276 1.153943 0.4457266
TGARCH (1,1) 1.894362 103.8586 6.676794 1.181998 0.4457958
GARCH-M (1,1) 1.88913 105.4373 6.712436 1.20002 0.4505679
PGARCH (1,1) 1.951078 104.5026 6.756292 1.170807 0.4564748
Kuala Lumpur Composite Index
GARCH (1,1) 0.679296 99.98197 2.277337 0.060023 0.0518626
EGARCH (1,1) 0.667403 100.4669 2.235911 0.053187 0.0499929
TGARCH (1,1) 0.701806 99.28575 2.313005 0.062458 0.0534999
GARCH-M (1,1) 0.65096 100.0444 2.254335 0.044328 0.0508202
PGARCH (1,1) 0.69291 99.79142 2.276221 0.062842 0.0518118
Jakarta Composite Index
GARCH (1,1) 2.0441 101.4464 5.259287 1.197184 0.2766010
EGARCH (1,1) 1.996598 100.9008 5.176766 1.184489 0.2679890
TGARCH (1,1) 2.037848 99.93267 5.222167 1.193907 0.2727103
GARCH-M (1,1) 2.043408 101.4626 5.256121 1.196861 0.2762681
PGARCH (1,1) 2.041875 100.2851 5.226898 1.195188 0.2732046
SSE Composite Index
GARCH (1,1) 3.362493 104.7333 6.933591 1.697384 0.4807468
EGARCH (1,1) 3.337777 105.1576 6.908015 1.686254 0.4772067
TGARCH (1,1) 3.369595 104.872 6.924792 1.690698 0.4795275
GARCH-M (1,1) 3.331011 104.787 6.914063 1.687951 0.4780427
PGARCH (1,1) 3.384766 104.7707 6.951167