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Abstract

International tourism is a major source of expedeipts for many countries worldwide. Although it
is not yet one of the most important industrie§ @&wan (or the Republic of China), an island in
East Asia off the coast of mainland China (or tee@e’s Republic of China), the leading tourism
source countries for Taiwan are Japan, followedJBA, Republic of Korea, Malaysia, Singapore,
UK, Germany and Australia. These countries reflehbrt, medium and long haul tourist
destinations. Although the People’s Republic off@ahand Hong Kong are large sources of tourism
to Taiwan, the political situation is such thatrists from these two sources to Taiwan are reported
as domestic tourists. Daily data from 1 January01€® 30 June 2007 are obtained from the
National Immigration Agency of Taiwan. The Heterngeus Autoregressive (HAR) model is used
to capture long memory properties in the dataomgarison with the HAR(1) model, the estimated
asymmetry coefficients for GJR(1,1) are not stat@dly significant for the HAR(1,7) and
HAR(1,7,28) models, so that their respective GARCGH) counterparts are to be preferred. These
empirical results show that the conditional voitiestimates are sensitive to the long memory
nature of the conditional mean specifications. éliph asymmetry is observed for the HAR(1)
model, there is no evidence of leverage. The QMKE the GARCH(1,1), GJR(1,1) and
EGARCHY(1,1) models for international tourist arfs/éo Taiwan are statistically adequate and have
sensible interpretations. However, asymmetry (thaugt leverage) was found only for the HAR(1)
model, and not for the HAR(1,7) and HAR(1,7,28) risd



1. Introduction

Taiwan (or the Republic of China) is an island esEAsia off the coast of mainland China
(or the People’s Republic of China), southweshefmain islands of Japan, directly west of Japan's
Ryukyu Islands, and north to northwest of the Bhpihes. It is bound to the east by the Pacific
Ocean, to the south by the South China Sea anduthen Strait, to the west by the Taiwan Strait,
and to the north by the East China Sea. The ig9&B884 kilometers long and 144 kilometers wide,
and consists of steep mountains covered by tropiwdlsubtropical vegetation. The main island of
Taiwan is also known as Formosa (from the Portuglliea Formosa meaning “beautiful island”).
The population is 23 million inhabitants (in 200%pnsisting of 98% Han Chinese and 2%

Aboriginal Taiwanese.

Taiwan’s climate is marine tropical. The northeartpf the island has a rainy season from
January to late March during the southwest monséba.entire island succumbs to hot and humid
weather from June until September, while Octobddécember is arguably the most pleasant time

of the year. Natural hazards, such as typhoon®artiquakes, are common in the region.

International tourism is a major source of expedeipts for many countries worldwide, and
Taiwan is no exception. The most well known touatitactions in Taiwan include the National
Palace Museum (Taipei), Night Markets (especiallyTaipei), Taipei 101, formerly the world’s
tallest building, Sun Moon Lake (central highlands)d Taroko National Park (east coast).

The most important tourism source countries to &aivare Japan, followed by USA,
Republic of Korea, Malaysia, Singapore, UK, Germang Australia, which reflect short, medium
and long haul destinations. The three most impbtaantries during the sample period have been
Japan, USA and Republic of Korea. Although the ResfiRepublic of China and Hong Kong are
large sources of tourism to Taiwan, the politichliation is such that tourists from these two

sources to Taiwan are reported as domestic tourists

The purpose of the paper is to model internatiotmalrist arrivals and volatility in
international tourist arrivals to Taiwan. Daily datrom 1 January 1990 to 30 June 2007 are
obtained from the National Immigration Agency ofiwan. By using daily data, we can
approximate the modelling strategy and analysibdse applied to financial time series data. From

a time series perspective, there are several redsomsing daily data (see, for example, McAleer
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(2009)). Just to mention some, daily data allowestigating whether the time series properties have
changed, the time series behaviour at other fremegrcan be obtained by aggregation of daily
data, and the sample size is considerably increased

The empirical results show that the time seriemigrnational tourist arrivals to Taiwan are
stationary. In addition, the estimated symmetrid asymmetric conditional volatility models,
specifically the widely used GARCH, GJR and EGARGtadels all fit the data very well. In
particular, the estimated models are able to adctmrthe higher volatility persistence that is
observed at the end of the sample period. The @apgecond moment and log-moment conditions
also support the statistical adequacy of the modelghat statistical inference is valid. Moreover,
the estimates resemble those arising from finaricrad series data, with both short and long run
persistence of shocks to international touristvatsi, although no leverage effects are found in the
data. Therefore, volatility can be interpretediak associated with the growth rate in internationa

tourist arrivals.

The remainder of the paper is organized as foll@&estion 2 presents the daily international
tourist arrivals time series data set. Section rBopms unit root tests on daily international tetri
arrivals for Taiwan. Section 4 discusses alterealibng memory conditional mean and conditional
volatility models for daily international touristravals. The estimated models and empirical results
for the heterogeneous autoregressive model arastied in Section 5. Finally, some concluding

remarks are given in Section 6.

2. Data

The data set comprises daily international touwarsivals from 1 January 1990 to 30 June 2007,

giving 6,390 observations, and are obtained froenNhtional Immigration Agency of Taiwan

Figures 1 and 2 plot the daily international touasivals, as well as its volatility, where
volatility is defined as the squared deviation fréine sample mean. There is higher volatility
persistence at the end of the period, and therdargnant observations in the series toward the end

of the sample. A slightly increasing deterministend is present throughout the sample.

From Figures 3 and 4, it can be seen that, on anakrbasis, the number of international

tourist arrivals to Taiwan has shown an averagatjroate of around 4% per annum from 1990 to
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2007. The lowest growth rate was observed in 200, a decrease of 23.19% over the previous
year (due to the outbreak of SARS), while the haglgeowth rate occurred in 2004, when there was
a significant increase of 36.58% over 2003. Ingample period as a whole, there was an increase
of around 75% in international tourist arrivals Taiwan, which would seem to indicate a
reasonably good performance in the tourism sect@r che decade. Nevertheless, the annual
average international tourist arrivals growth na&eeals that there is scope for a significant iasee

in international tourism to Taiwan. In order to magae tourism growth and volatility, it is necessary

to model adequately international tourist arrivaaisl their associated volatility.

In the next section we analyze the presence abehastic trend by applying unit root tests
before modelling the time-varying volatility that present in the international tourist arrivalseser

3. Unit Root Tests

Standard unit root tests based on the classic metbibDickey and Fuller (1979, 1981) and Phillips
and Perron (1988) are obtained from the econometftware package EViews 6.0, and are
reported in Table 1. There is no evidence of a wot in daily international tourist arrivals to

Taiwan in the model with a constant and trend agigterministic terms, or with just a constant.

These empirical results allow the use of intermatictourist arrivals data to Taiwan to
estimate alternative univariate long memory condal mean and conditional volatility models

given in the next section.

4. Conditional Mean and Conditional Volatility M odels

The alternative time series models to be estimdtgdthe conditional means of the daily
international tourist arrivals, as well as theindiional volatilities, are discussed below. As Ui

1 illustrates, daily international tourist arrivdts Taiwan show periods of high volatility followed
by others of relatively low volatility. One implitan of this persistent volatility behaviour is tha

the assumption of (conditionally) homoskedastiodugs is inappropriate.

As discussed in McAleer and Divino (2008), for alevrange of financial and tourism data
series, time-varying conditional variances can x@aned empirically through the autoregressive

conditional heteroskedasticity (ARCH) model, whislas proposed by Engle (1982). When the
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time-varying conditional variance has both autoeegive and moving average components, this
leads to the generalized ARG, or GARCHE,q), model of Bollerslev (1986). The lag structure
of the appropriate GARCH model can be chosen byrinétion criteria, such as those of Akaike
and Schwarz, although it is very common to impoke tvidely estimated GARCH(1,1)

specification in advance.

In the selected conditional volatility model, thesidual series should follow a white noise
process. Li et al. (2002) provide an extensiveaewvof recent theoretical results for univariate and
multivariate time series models with conditionalatiity errors, and McAleer (2005) reviews a
wide range of univariate and multivariate, condiiband stochastic, models of financial volatility.
When international tourist arrivals data displayspence in volatility, as shown in Figure 1,5t i

natural to estimate alternative conditional voiggtinodels.

The GARCH(1,1) and GJR(1,1) conditional volatilityodels have been estimated using
monthly international tourism arrivals data in s@vgapers, including Chan, Lim and McAleer
(2005), Hoti, McAleer and Shareef (2005, 2007),r8ahand McAleer (2005, 2007, 2008), Divino
and McAleer (2008), and McAleer and Divino (2008).

The conditional volatility literature has beenalissed extensively in recent years (see, for
example, Li, Ling and McAleer (2002), McAleer (200&nd McAleer, Chan and Marinova (2007).
Consider the stationary AR(1)-GARCH(1,1) modeldaily international tourist arrivals to Peru (or

their growth rates, as appropriatsg);

Yi =@ +@Y T E, ‘@‘<1 (1)

for t =1,...,n, where the shocks (or movements in daily inteameti tourist arrivals) are given by:

g =0+, 1, ~iid 0D

h =w+ael, + .,

()

and «>0,a=0,4=0 are sufficient conditions to ensure that the coowial variancen, >0. The

AR(1) model in equation (1) can easily be extenttedinivariate or multivariate ARMAY,Q)
processes (for further details, see Ling and McA(@803a). In equation (2), the ARCH (ar)
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effect indicates the short run persistence of stoakile the GARCH (or3) effect indicates the
contribution of shocks to long run persistence (@yma + ). The stationary AR(1)-

GARCH(1,1) model can be modified to incorporateoa-stationary ARMA,g) conditional mean

and a stationary GARCIH§) conditional variance, as in Ling and McAleer (36]

In equations (1) and (2), the parameters are tijpieatimated by the maximum likelihood
method to obtain Quasi-Maximum Likelihood Estimat¢®QMLE) in the absence of normality of

7., the conditional shocks (or standardized resigudlse conditional log-likelihood function is

given as follows:

n 1 52
l, === | logh, +—tj.
.= E oon -
The QMLE is efficient only ifs, is normal, in which case it is the MLE. When is not normal,

adaptive estimation can be used to obtain efficgstimators, although this can be computationally
intensive. Ling and McAleer (2003b) investigatece throperties of adaptive estimators for
univariate non-stationary ARMA models with GARGI4] errors. The extension to multivariate

processes is complicated.

Since the GARCH process in equation (2) is ationcof the unconditional shocks, the
moments ofg, need to be investigated. Ling and McAleer (2008a)wed that the QMLE for

GARCH(p,g) is consistent if the second moment fis finite. For GARCHp,0), Ling and Li
(1997) demonstrated that the local QMLE is asymgatly normal if the fourth moment of, is

finite, while Ling and McAleer (2003a) proved thtae global QMLE is asymptotically normal if
the sixth moment of;, is finite. Using results from Ling and Li (1997hdh Ling and McAleer

(2002a, 2002b), the necessary and sufficient camdior the existence of the second moment;,of
for GARCH(1,1) isa + 8 <1 and, under normality, the necessary and sufficcemidition for the

existence of the fourth moment(g + B)? + 2a? <1.

As discussed in McAleer et al. (2007), Elie andnflesau (1995) and Jeantheau (1998)
established that the log-moment condition was cieffit for consistency of the QMLE of a

univariate GARCH(p,q) process (see Lee and Hand®94) for the proof in the case of



GARCH(1,1)), while Boussama (2000) showed thatltgemoment condition was sufficient for
asymptotic normality. Based on these theoreticalebgpments, a sufficient condition for the
QMLE of GARCH(1,1) to be consistent and asymptdycaormal is given by the log-moment

condition, namely

E(logar + ) <0. (3)

However, this condition is not easy to check incpce, even for the GARCH(1,1) model, as it
involves the expectation of a function of a randaamable and unknown parameters. Although the
sufficient moment conditions for consistency angngstotic normality of the QMLE for the
univariate GARCH(1,1) model are stronger than tleggrmoment counterparts, the second moment
condition is far more straightforward to checkphactice, the log-moment condition in equation (3)

would be estimated by the sample mean, with tharmpetersa and g, and the standardized

residual,z, , being replaced by their QMLE counterparts.

The effects of positive shocks (or upward movementdaily international tourist arrivals)

on the conditional variance,, are assumed to be the same as the negative sfuoalswnward

movements in daily international tourist arrivalg)the symmetric GARCH model. In order to
accommodate asymmetric behaviour, Glosten, Jagaematnd Runkle (1992) proposed the GJR
model, for which GJR(1,1) is defined as follows:

h =w+(a+ R (L)), + M, 4)

where « >0,a>0,a+y >0, =0 are sufficient conditions for >0, and I1(,) is an indicator

variable defined by:

1 & <0
| =
(7. {o, £ >0

asr, has the same sign &s. The indicator variable differentiates betweenifpges and negative
shocks of equal magnitude, so that asymmetric &sfiecthe data are captured by the coefficignt

For financial data, it is expected that O because negative shocks increase risk by incigésin
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debt to equity ratio, but this interpretation need hold for international tourism arrivals datathe

absence of a direct risk interpretation. The asytrimeffect, )/, measures the contribution of

shocks to both short run persistencéﬂ-z, and to long run persistencg,+,3+£. It is not

2
possible for leverage to be present in the GJR medereby negative shocks increase volatility

and positive shocks of equal magnitude decreasiiyl

Ling and McAleer (2002a) showed that the reguladbndition for the existence of the

second moment for GJR(1,1) under symmetry,ois given by:
1
at+p tor<i, (5)

while McAleer et al. (2007) showed that the wedkgrmoment condition for GJR(1,1) was given
by:

E(In[(a + pt (7))7! + B)) <0, (6)

which involves the expectation of a function oadom variable and unknown parameters.

An alternative model to capture asymmetric behaviauthe conditional variance is the
Exponential GARCH (EGARCH(1,1)) model of Nelson 919, namely:

logh =w+a|n |+, + Blogh.,, [FI<1 @)

where the parameterg, g and J have different interpretations from those in theR&H(1,1)
and GJR(1,1) models. Iy = 0, there is no asymmetry, whilg< 0, and ) < Q& < —) are the

conditions for leverage to exist, whereby negasiiecks increase volatility and positive shocks of

equal magnitude decrease volatility.

As noted in McAleer et al. (2007), there are sompadrtant differences between EGARCH
and the previous two models, as follows: (i) EGAR@Ha model of the logarithm of the

conditional variance, which implies that no regtoics on the parameters are required to ensure
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h, > 0; (ii) moment conditions are required for the GAR@hH GJR models as they are dependent

on lagged unconditional shocks, whereas EGARCH dudsrequire moment conditions to be
established as it depends on lagged conditionatksh(or standardized residuals); (iii) Shephard
(1996) observed thatS [<1 is likely to be a sufficient condition for congsty of QMLE for
EGARCH(1,1); (iv) as the standardized residualseapn equation (7), 3 |<1 would seem to be

a sufficient condition for the existence of momerdad (v) in addition to being a sufficient
condition for consistency} 5 |<1 is also likely to be sufficient for asymptotic nmality of the

QMLE of EGARCH(1,1).

Furthermore, EGARCH captures asymmetries diffeyeindm GJR. The parametets and
y in EGARCHY(1,1) represent the magnitude (or sine) sign effects of the standardized residuals,

respectively, on the conditional variance, wher@asnd a + y represent the effects of positive and

negative shocks, respectively, on the conditiomsilance in GJR(1,1).

5. Estimated M odels and Discussion

The Heterogenous Autoregressive (HAR) model wapgwed by Corsi (2004) as an alternative to
model and forecast realized volatilities, and spired by the Heterogenous Market Hypothesis of
Muller, Dacorogna, Dav, Olsen, Pictet, and Ward9@)9and the asymmetric propagation of
volatility between long and short horizons. Co){4) showed that the actions of different types
of market participants could lead to a simple fef&d linear autoregressive model with the feature
of considering volatilities realized over differetine horizons. The heterogeneity of the model
derives from the fact that different autoregressteictures are present at each time scale (for
further details, see McAleer and Medeiros (2008)this section the HAR model is used to model
total international tourist arrivals to Taiwan, ébger with the three conditional volatility models

discussed in the previous section.

The alternative HAR{) models to be estimated to capture long memorybased on the

following:

Vit Y tYiot ot Y

Yin = (8)
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where typical values di are one (daily data), seven (weekly data), an¢h&hthly data). In the
empirical application, the three models to be estad for international tourist arrivals to Taiwan

are as follows:

yt = ﬂ. + %yt—l + gt (9)
Y. =ATRY i TBRBY a7 TE (10)
Vi =@t AY T BY 17 TG Y108 TE - (11)

which will be referred to as the HAR(1), HAR(1,HdaHAR(1,7,28) models, respectively.

The conditional mean estimates in Tables 2-4 shoat the HAR(1), HAR(1,7) and
HAR(1,7,28) estimates are all statistically sigraft, such that the long memory properties of the

data are captured adequately.

The estimated conditional mean and conditional tilitlamodels are given in Tables 2-4.
The method used in estimation was the Marquardirigdtgn. As shown in the unit root tests, the
international tourist arrivals series are statignarhese empirical results are supported by the
estimates of the lagged dependent variables ineitenates of equations (9)-(11), with the
coefficients of the lagged dependent variable beaigmificantly less than one in each of the

estimated models.

As the second moment condition is less than unitgach case, and hence the weaker log-
moment condition (which is not reported) is neceisdess than zero (see Tables 2-4), the
regularity conditions are satisfied, and hence@M\LE are consistent and asymptotically normal,
and inferences are valid. The EGARCH(1,1) moddased on the standardized residuals, so the
regularity condition is satisfied if 5 |[<1, and hence the QMLE are consistent and asympligtica

normal (see, for example, McAleer et al. (2007)).

The GARCH(1,1) estimates in Tables 2-4 for the HARHAR(1,7) and HAR(1,7,28)
models of international tourist arrivals to Taiwsinggest that the short run persistence of shocks
lies between 0.254 and 0.285, while the long rusipence lies between 0.236 and 0.432. As the

second moment conditiom; + 8 <1, is satisfied, the log-moment condition is necelsaatisfied,

so that the QMLE are consistent and asymptotigadiymal. Therefore, statistical inference using
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the asymptotic normal distribution is valid, ande tsymmetric GARCH(1,1) estimates are

statistically significant.

If positive and negative shocks of a similar magphit to international tourist arrivals to
Taiwan are treated asymmetrically, this can beuatatl in the GJR(1,1) model. The asymmetry
coefficient is found to be positive and significdat HAR(1), namely 0.317, which indicates that
decreases in international tourist arrivals inceeadlatility. This is a similar empirical outcomse a
is found in virtually all cases in finance, wheregative shocks (that is, financial losses) increase
risk (or volatility). Thus, shocks to internatiortalurist arrivals resemble financial shocks, and ca
be interpreted as risk associated with internationaist arrivals. Although asymmetry is observed
for the HAR(1) model, there is no evidence of legs. As the second moment condition,

a+,8+%y<1, Is satisfied, the log-moment condition is necelssatisfied, so that the QMLE are

consistent and asymptotically normal. Thereforatisical inference using the asymptotic normal

distribution is valid, and the asymmetric GJR(E4limates are statistically significant.

However, in comparison with the HAR(1) model, tlstiraated asymmetry coefficients for
GJR(1,1) are not statistically significant for tHAR(1,7) and HAR(1,7,28) models, so that their
respective GARCH(1,1) counterparts are to be prefierThese empirical results show that the
conditional volatility estimates are sensitive ke tong memory nature of the conditional mean

specifications.

The interpretation of the EGARCH model is in terofsthe logarithm of volatility. For
international tourist arrivals, each of the EGARCH] estimates is statistically significant for the
HAR(1) model, with the size effecty, being positive and the sign effegt, being negative. The
coefficient of the lagged dependent variabg, is estimated to be 0.122, which suggests that the
statistical properties of the QMLE for EGARCH(1yti)l be consistent and asymptotically normal.

As in the case of the GJR(1,1) model, the estimaasggmmetry coefficients for
EGARCH(1,1) are not statistically significant fdret HAR(1,7) and HAR(1,7,28) models. These
empirical results show that the volatility in theosks to international tourist arrivals to Taiwae a

sensitive to the long memory nature of the condélonean specifications.
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Overall, the QMLE for the GARCH(1,1), GJR(1,1) amtGARCH(1,1) models for
international tourist arrivals to Taiwan are statelly adequate and have sensible interpretations.
However, asymmetry (though not leverage) was foomigt for the HAR(1) model, and not for the
HAR(1,7) and HAR(1,7,28) models.

6. Concluding Remarks

Although it is not yet one of the most importandustries in Taiwan (or the Republic of China), an
island in East Asia off the coast of mainland Chjoathe People’s Republic of China), the most
important tourism source countries for Taiwan apah, followed by USA, Republic of Korea,
Malaysia, Singapore, UK, Germany and Australia.SEheountries reflect short, medium and long
haul tourist destinations. Although the People’spiteic of China and Hong Kong are large
sources of tourism to Taiwan, the political sitaatis such that tourists from these two sources to

Taiwan are reported as domestic tourists.

International tourism is a major source of expedeipts for many countries worldwide, and
Taiwan is no exception. The most well known tougttactions in Taiwan include the National
Palace Museum (Taipei), Night Markets (especiatlyTaipei), Taipei 101, formerly the world’s
tallest building, Sun Moon Lake (central highlands)d Taroko National Park (east coast).

As international tourism has not yet achieved tia¢us of an important economic activity
for Taiwan’s finances, there is significant roomn improvement in international tourism receipts.
However, the potential negative impacts of massigouon the environment, and hence on future
international tourism demand, must be managed apptely. In order to manage international
tourism growth, it is necessary to model adequatebrnational tourist arrivals and their assodate

volatility.

The paper daily international tourist arrivals taiwan from 1 January 1990 to 30 June
2007, as obtained from the National Immigration Age of Taiwan, and the Heterogeneous
Autoregressive (HAR) model was used to capturelding memory properties in the data. The
empirical results showed that the time series oérirational tourist arrivals are stationary. In
addition, the estimated symmetric and asymmetrieditmnal volatility models, specifically the
widely used GARCH, GJR and EGARCH models all fe thata extremely well. In particular, the

13



estimated models were able to account for the Inigblatility persistence that was observed at the

end of the sample period.

The empirical second moment condition also suppottee statistical adequacy of the
models, so that statistical inference was validréddeer, the estimates resembled those arising from
financial time series data with both short and loung persistence of shocks to international tourist
arrivals to Taiwan. Although asymmetry was obserfieedhe HAR(1) model, but not the HAR(1,7)
and HAR(1,7,28) models, there was no evidencewafrdge. Therefore, volatility can be interpreted

as risk associated with international tourist alsyv
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Figure 1 Daily international tourist arrivals to Taiwan
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Figure 2 Daily volatility of international tourist arrivals to Taiwan
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Figure 3. Annual total international tourist arrivals to Taiwan
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Tablel. Unit toot tests

Variable ADF(29) PP(55) ADF(28) PP(54)

Z={1} Z={1} Z={1,t} Z={1,t}
TA -0.031** -0.243** -0.077** -0.377**
Notes:

TA denotes international tourist arrivals to Taiwan
Lag lengths are given in parentheses.

The critical values for the ADfest are -3.43 at the 1% level, when Z={1} for laggth 29, and -3.95 at the

1% level when Z={1,t} for lag length 28.

The critical values for the REst are -3.43, at the 1% level when Z={1} for laggth 55, and -3.95 at the

1% level when Z={1,t} for lag length 54.
**denotes the null hypothesis of a unit root ietgd at the 1% level.
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Table 2: Estimated Conditional Mean (HAR(1)) and Conditional Volatility Models

Parameters GARCH GJR EGARCH
Q 1115* 1020** 1004**
(48.85) (47.22) (46.97)
@ 0.806** 0.816** 0.817**
(0.007) (0.007) (0.007)
@ 868407** 807223** 11.81*
(24864) (25610) (0.524)
0.254** 0.155**
GARCH/GJRa (0.015) (0.010) -
-0.018 0.011
GARCHIGIRS (0.015) (0.018) -
0.317*
GIRY ” (0.043) B
0.483**
EGARCH a - - 0.021)
-0.128**
EGARCH y - - (0.016)
0.122**
EGARCH g - - (0.037)
Diagnostics
Second moment 0.236 0.324 -
AIC 16.716 16.709 16.706
BIC 16.722 16.715 16.713
Jarque-Bera 690.73 814.82 782.94
[p-value] [0.000] [0.000] [0.000]
Notes:

The dependent variable, TA, is international tduaisivals to Taiwan.

Numbers in parentheses are standard errors.

The log-moment condition is necessarily satisfisdhee second moment condition is satisfied.

AIC and BIC denote the Akaike Information Criteriand Schwarz Bayesian Information Criterion, reipely.
** denotes the estimated coefficient is statisticalgnificant at 1%.
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Table 3: Estimated Conditional Mean (HAR(1,7)) and Conditional Volatility Models

Parameters GARCH GJR EGARCH
Q 311.34** 311.52** 294.32**
(51.00) (51.19) (49.58)
3 0.299** 0.299** 0.320**
(0.014) (0.014) (0.013)
0.642** 0.642** 0.625**
(0.015) (0.015) (0.015)
@ 526553** 526310** 9.563**
(20618) (21106) (0.430)
0.285** 0.285**
GARCH/GJRa (0.015) (0.017) -
0.147** 0.147**
GARCHIGIRS (0.022) (0.022) -
-0.001
GJRY ~ (0.031) -
0.501**
EGARCH a - - (0.022)
-00007
EGARCH y - - (0.015)
0.271%
EGARCH g - - 0.031)
Diagnostics
Second moment 0.432 0.432 -
AIC 16.491 16.491 16.493
BIC 16.497 16.499 16.500
Jarque-Bera 914.70 913.55 889.92
[p-value] [0.000] [0.000] [0.000]
Notes:

The dependent variable, TA, is international tduaisivals to Taiwan.

Numbers in parentheses are standard errors.

The log-moment condition is necessarily satisfisdhee second moment condition is satisfied.

AIC and BIC denote the Akaike Information Criteriand Schwarz Bayesian Information Criterion, reipely.
** denotes the estimated coefficient is statisticalgnificant at 1%.
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Table 4: Estimated Conditional Mean (HAR(1,7,28)) and Conditional Volatility Models

Parameters GARCH GJR EGARCH
a 167.28** 166.58** 144.40
(54.26) (54.59) (52.93)
o 0.298** 0.299* 0.317*
(0.014) (0.014) (0.013)
0.460* 0.459** 0.445*
@ (0.021) (0.021) (0.020)
0.208** 0.208** 0.208*
% (0.019) (0.019) (0.018)
. 532729% 533665 10.032*
(19854) (20228) (0.439)
0.285* 0.283*
GARCHI/GJRa ©.015) (©.017) .
0.131* 0.130**
GARCH/GIR (0.021) (0.021) -
0.006
GJRY - (0.031) -
0.501**
EGARCH a - . 0.021)
.0.010
EGARCH - - ©015)
0.236*
EGARCH 33 - - 050)
Diagnostics
Second moment 0.416 0.416 -
AIC 16.478 16.478 16.480
BIC 16.485 16.487 16.488
Jarque-Bera 1020.8 1026.4 1036.8
[p-value] [0.000] [0.000] [0.000]
Notes:

The dependent variable, TA, is international tduaisivals to Taiwan.

Numbers in parentheses are standard errors.

The log-moment condition is necessarily satisfiedhee second moment condition is satisfied.

AIC and BIC denote the Akaike Information Criteriand Schwarz Bayesian Information Criterion, retpely.
** denotes the estimated coefficient is statisticalgnificant at 1%.
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