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Risk Management for International Tourism Arrivals

Chapter 1. INTRODUCTION

1.1 Tourism as an important service industry

According to the United Nations World Tourism Organization, in 2006
international tourist arrivals increased by 5% worldwide (UNWTO, 2007). It is widely
acknowledged that tourism is important economically, socially and culturally.
Therefore, an analysis of international tourism demand across and within countries is

crucial for understanding its global and regional impact.

International tourism demand is important for many countries worldwide
because of the tourist export receipts that they generate. Spain is one of the most visited
countries in the world by international tourists, being second to France in terms of total
of international tourist arrivals, and second to the USA in terms of international tourism

receipts (UNWTO, 2007).

An explanation for the lack of detailed economic analysis in tourism, which has
been suggested by Sinclair and Stabler (1997) and Tisdell (2000), among others, stems
from the low priority given to services in economic studies historically. This explains
the lack of data and the national and regional accounting classifications that would be
able to contribute to the economic analysis of tourism. Smith (1998) also notes that the
heterogeneous and unconventional nature of tourism has typically led to the

unavailability of appropriate data.



Risk Management for International Tourism Arrivals

However, certain types of time series data have recently become available for
key sectors of the economy, including tourism. This data development has provided
opportunities for applying analytical tools that were originally designed for other
disciplines, such as finance. For purposes of a more detailed empirical analysis, there
are now sources that provide data at the weekly and monthly frequencies. However,
there are still few sources that provide data at the high (that is, daily or hourly) or ultra
high (that is, observations by the minute or second) frequencies, as are typically

available in finance.

It is clear that international tourist arrivals are important globally. In the case of
Spain, in 2006 the growth rate was 4.7%, but this rate varies considerably across the
five main tourism regions in Spain, from 1.5% in the “Comunidad Valenciana” (or
Valencia) to 6.9% in Catalonia (IET, 2006b). Spain is especially known for its
standardized sun and sand tourism. Despite doubts about the long run sustainability of
this tourism segment in some mature tourist destinations (Buhalis (2001), Poon (1993)),
this form of tourism remains one of the pillars of the Spanish economy. In fact, the

tourism industry represents approximately 9.8% of the labour force (Exceltur, 2007).

For purposes of tourism management and marketing, it is essential to be able to
forecast tourist arrivals and their percentage changes accurately. As it is important to
provide sensible tourist forecast intervals in addition to the forecasts themselves, it is
also necessary to model the variances of the forecasts accurately. Virtually all previous
empirical research in forecasting international tourist arrivals has assumed that the
variance is constant. However, when the variance changes over time, it is necessary to
specify the time-varying nature of the underlying process. A time-varying variance,
otherwise known as time-varying volatility, also provides useful information regarding
the risk (or uncertainty) associated with international tourist arrivals and their respective
rates of growth. In this sense, models of international tourist arrivals, their respective
changes, and their associated time-varying volatilities, can make a significant

contribution to tourism risk management and marketing.
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1.2 Contribution of this research report

Tourism research has recognized the vulnerability of international tourism
demand to natural disasters, terrorism, financial crisis, political instability, etc. These
studies have mainly focused on post-event analysis (Bonn and Rundle-Thiele 2007;
Eugenio-Martin, Sinclair, and Yeoman 2005; Huang and Min 2002; Law 2001; Song
and Li 2008), and although this analysis is important, pre-event risk assessment seems
be to be crucial for an effective tourism management, at the macro level and at the
micro level. One of the primary purposes of this research report is to extend the ideas of
uncertainty to the issue of spatial aggregation across micro entities, to more aggregated
macro entities, in addition to temporal aggregation across the seasons within a calendar
year, for purposes of analyzing issues related to risk for tourism marketing and
management. The effects of temporal aggregation across the seasons, as well as spatial
aggregation firstly across the five main Spanish tourist regions and secondly across the
three major islands in the Balearics, will be examined in connection with four different
types of asymmetric behaviour that are related to the effects of positive and negative
shocks of equal magnitude on volatility. One of these types of asymmetry is leverage
and tourism downturn, which is derived from the related issue of leverage in financial
economics. This study introduces three other types of asymmetric behaviour, namely
low season financial risk, overcrowding through overbooking and congestion, and

tourism saturation.

1.3 Outline of the report

The overall structure of this research report is at the following. It consists of an
introduction (Chapter 1) that provides an overview of the research report, research
issues and justification. In Chapter 2 the recent development of literature related to risk
management and to financial econometrics applied to tourism is reviewed. The Chapter
also examines the developments and statistical properties of univariate models of

conditional volatility. Chapter 3 provides an overview of the tourism industry in Spain
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and in the five main tourist regions. It then follows with an analysis of the Balearic
Islands from an economic perspective. The estimated models and empirical results for
the monthly international tourist arrivals to Spain and the five main tourist regions are
discussed in Chapter 4, and the same for daily passenger arrivals to the Balearic Islands
in Chapter 5. Finally some concluding remarks are given in Chapter 6. This chapter also
provides directions for further research, and justifies the validity and contribution of this

study.

This chapter has laid the foundations for this research report. Firstly it has
provided evidence of the importance of the tourism industry globally, as well as
nationally for Spain. For purposes of tourism management and marketing, it is essential
to be able to forecast tourist arrivals and their changes accurately. As it is important to
provide sensible tourist forecast intervals in addition to the forecasts themselves, it is

also necessary to model the variances of the forecasts accurately.
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Chapter 2. CONDITIONAL MEAN AND
CONDITIONAL VOLATILITY MODELS:
APPLICATIONS TO TOURISM DEMAND

2.1 Introduction

Forecasting international tourism and their associated volatility has been
considered previously in Chan, Lim and McAleer (2005) and Hoti, McAleer and
Shareef (2007) at the multivariate level, and in Kim and Wong (2006) and Shareef and
McAleer (2007) at the univariate level. These papers have shown the importance and
usefulness of both univariate and multivariate conditional volatility models, when used
in conjunction with time series models of international tourist arrivals and their
respective rates of growth. Furthermore, it has been proved that the assumption of
(conditionally) homoskedastic residuals is inappropriate (see, for example, Li, Ling and

McAleer (2002), and McAleer (2005)).

International tourism demand is important for many countries worldwide. In the
case of the Maldives, where a daily international tourist tax has been imposed,
international tourists yield a significant contribution to government tax revenues.
Consequently, the growth in tax revenues is equivalent to the returns in financial

markets. For this reason, Shareef and McAleer (2007) examine the number and the
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growth in international tourist arrivals to the Maldives using financial econometric

models that are used to analyze financial rates of return.

2.2 The importance of modelling risk for international tourism

demand

“History has consistently demonstrated a propensity to move
beyond the expected with unexpected shocks that disrupt the
smooth and ordered unfolding of human affairs”

(Prideaux, Laws and Faulkner, 2003)

Modelling and forecasting tourism demand has been a highly researched topic
within the tourism economics literature. To illustrate this extensive research, it is
enough to see the number of articles which review papers on modelling and forecasting
tourism demand published in the academic literature. For example see Crouch (1994,
1995), Witt and Witt (1995) or Lim (1997a, 1997b, 1999). More recently, Li, Song and
Witt (2005) revised a total of 84 studies between 1990 and 2004 and found that a total
of 420 studies were published in the period 1960-2002 covering the topic of tourism
demand modelling and forecasting. Furthermore this topic continues to be relevant as
new ways of modelling are developed. Song and Li (2008) review a total of 121 papers
published in the period 2000-2007. In this paper, Song and Li state that although risk
forecasting is of great importance for tourism practitioners, such as tourism business
executives and government offices, it has received little attention in the academic

literature.

Faulkner and Russell (2000) suggest that the mechanistic Newtonian-Cartesian
paradigm is not sufficient to understand reality and in particular, for understanding
tourism systems. They suggest science should move into a more complex framework.

Under the statement “the certainty of the unexpected”, the chaos and complexity model
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seems to explain and understand better the reality, because tourism systems are
unstable, unpredictable, multidimensional and in a state of constant change (Faulkner
and Russell, 2000; Faulkner and Russell, 2002; Russell and Faulkner, 1999). In fact, the
chaos theory has been applied in tourism research and in particular at the destination
level, for instance, Prideaux, Laws and Faulkner (2003) in Indonesia or Russel and
Faulkner (1999) in Australia. Furthermore, Prideaux et al (2003) recognize the
“inability of current forecasting theory to cope with the unexpected” and therefore
suggest the need of risk analysis to minimize the negative effects on tourism as a

consequence of an unexpected event.

According to Floyd, Gibson, Pennington-Gray and Thapa (2003), the literature

has identified five major risk factors significant to tourism:

e Political instability;

e Health;

e (Crime;

e Terrorism; and

e Natural disasters.
On the other hand, Santana (2003) classifies these factors between socio-economic and
nature/technological and between normal and severe he then identifies eight different
groups:

e Psychopath Behaviour, such as terrorism and crime;

e Conflicts, such as wars;

¢ Infrastructure, for example over-development and saturation;

e Health, such as contamination and epidemics;

e Natural Disasters, like Floods, Tsunamis, Earthquakes;

e System Failures, such as transport accidents;

e Market, e.g. competition, strikes or image; and

e Communication, such as false advertising or ambush interviews.

Risk in finance, is measured by the volatility which is defined as the squared
deviation from the mean. As, by definition, risk is ex ante (Skalpe, 2003), the issue of
interest is to be able to forecast the expected value of this volatility (or the conditional

volatility).
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It is worth mentioning that the scarce literature existing on how unexpected
events affect the tourism industry, are mainly, if not only, focused on negative shocks,
and the negative consequences on tourism arrivals. It must be recognized that there are
more possible outcomes associated with the uncertainty. Firstly, shocks can also be
positive, and affect positively the tourism industry, for example a destination chosen to
host the Olyimpic games or America’s Cup. There are many studies on economic
impact and expected revenues from an event of this type (Daniels and Norman, 2003;
Daniels, Norman and Henry, 2004; Gelan, 2003; Hodur, Bangsund, Leistritz and Kaatz,
2006), but this type of shock is treated in a considerably different way. Impacts and
forecasts are studied on the basis of certainty, i.e. it is not an unpredictable shock (Chan,
Hui and Yuen, 1999). Secondly, positive shocks may have a negative effect on tourism,
for instance, it has been suggested that if a destination is working at full capacity, and
cannot cater for any more tourists, a positive shock should not be desirable for optimal
management purposes. Moreover, an unsatisfactory experience will have a negative
effect on a possible repeat visit in the future (Alegre and Cladera, 2006). Finally, a third
scenario would be a negative shock delivering a positive effect on tourism demand. For
instance, it could happen that a negative shock may affect a certain type of tourists but
simultaneously or consequently, the destination can become appealing to a new and

more desirable tourist.

Prideaux et al (2003) classify the factors that can suddenly and unpredictably

disrupt tourism demand for a destination. This classification is the following:

1. Inhibiting factors: These factors affect tourists in their own country of origin.
Such as an economic recession, political instability or unfavourable
exchange rates.

2. Diverting factors: These are related to other destinations which may offer
better facilities, better prices or better connections, and consequently
persuade tourists from coming to our destination and travel to a competitive
destination. For example Kozac, examined the competitive situation between
Mallorca, in Spain and Mugla, in Turkey (Kozak, 2001a; Kozak, 2001b;
Kozak, 2002). However, as Hoti et al (2007) found, some destinations may
be complementary and therefore a negative shock in one destination will

have the same sign effect on another destination, such as the case of Cyprus
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and Malta. In fact these factors could also be considered as spillover effects
or externalities.
3. Repelling factors: Factors which occur at the tourist destination, such as

natural disasters (eg Tsunami) or political unrest (eg. Coup d’état).

As emphasized in the introduction, the ultimate purpose of modelling risk is to
assist in managing decision making. In the particular case of daily arrivals, the analysis
of daily data permits studying the short run effect of shocks. Nowadays, this analysis is
crucial for management purposes. In tourism, where the nature of the service product is
perishable, having information on the expected number of tourist arrivals and their
variance is indispensable for an efficient management policy. Furthermore, according to
Poon, (1993) tourists are changing the way in which they plan their holiday; they are
booking and paying closer to the departure date, this behaviour is becoming more
unpredictable and therefore more volatile (Alegre and Cladera, 2006). The appearance
and rapid growth of low cost airlines is also promoting this new trend in consumers’
behaviour (Williams, 2001), not only for the flexibility it provides an increasingly
independent traveller (Vanhove, 2001), but also, the low cost market is characterized by
its spectacular growth and for its high volatility (Francis, Humphreys and Ison, 2004).
While in 1998, Sonmez suggested that the tourism businesses were affected about three
months after a terrorist attack as tourists had already booked and paid for the holidays
(Sonmez, 1998), Floyd et al (2003), noted that after the terrorist attack of September
11, 2001 the impact on tourism was immediate. Having all this in mind, modelling the
short run effect of shocks seems to be crucial for the tourism industry, from a macro

perspective (transport, taxes) and from a micro perspective (business management).

Kim and Wong (2006) develop the following diagram, which provides a good
synthesis on how news impacts on volatility of tourism demand. Different events or
situations will deliver certain types of news (good or bad) also known as shocks
(positive or negative), these will then have an effect on consumers decisions whether or
not to travel to a certain destination. This deviation from the expected value or mean,
squared, is defined as volatility or risk. Additionally the shock effect might have short
run persistence and/or long run persistence, and possibly will have a different effect
depending whether there are positive or negative shocks. Therefore, news is likely to

affect tourism demand.
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Figure 1. News Impacts on Volatility of Tourism Demand
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(Source: Kim & Wong, 2006)

As it has been proved that the conditional variance cannot be considered
constant or homoskedastic (Li, Ling and McAleer, 2002; McAleer, 2005), it is
necessary to apply heteroskedastic models. The following section will review the
econometric theory background for estimating the conditional mean and the conditional
variance using the financial GARCH(1,1), GJR(1,1) and EGARCH(1,1) univariate

models.

10
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2.3The AR(1)-GARCH(1,1) Model

For a wide range of financial data series, time-varying conditional variances can
be explained empirically through the autoregressive conditional heteroskedasticity
(ARCH) model, which was proposed by Engle (1982). When the time-varying
conditional variance has both autoregressive and moving average components, this
leads to the generalized ARCH(p,q), or GARCH(p,q), model of Bollerslev (1986). The
lag structure of the appropriate GARCH model can be chosen by information criteria,
such as those of Akaike and Schwarz, although it is very common to impose the widely

estimated GARCH(1,1) specification in advance.

Consider the stationary AR(1)-GARCH(1,1) model for y,:

V=@ +hy. . TE, ‘¢1‘<1 (D

for t =1,...,n, where the shocks (or movements) are given by:

g =nh, m, ~iid(0,) o

h =w+ae’, + ph_,
where w>0,a>0 and B>0 are sufficient conditions to ensure that the conditional
variance s >0. The AR(1) model in equation (1) can easily be extended to univariate or
multivariate ARMA(p,q) processes (for further details, see Ling and McAleer (2003a)).
In equation (2), the ARCH (or « ) effect indicates the short run persistence of shocks,
while the GARCH (or g ) effect indicates the contribution of shocks to long run

persistence (namely, @+ ). The stationary AR(1)-GARCH(1,1) model can be

modified to incorporate a non-stationary ARMA(p,q) conditional mean and a stationary

GARCH(r,s) conditional variance, as in Ling and McAleer (2003b).

11
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In equations (1) and (2), the parameters are typically estimated by the maximum
likelihood method to obtain Quasi-Maximum Likelihood Estimators (QMLE) in the

absence of normality of 77, . The conditional log-likelihood function is given as follows:

2

3 =—%i[logh, +‘Z—j

t=1 t=1 t

The QMLE is efficient only if 7, is normal, in which case it is the MLE. When 7, is

not normal, adaptive estimation can be used to obtain efficient estimators, although this
can be computationally intensive. Ling and McAleer (2003b) investigate the properties
of adaptive estimators for univariate non-stationary ARMA models with GARCH(r, s)

CITOorS.

Ling and McAleer (2003a) showed that the QMLE for GARCH(p,q) is
consistent if the second moment of ¢ is finite. For GARCH(p,q), Ling and Li (1997)
demonstrated that the local QMLE 1is asymptotically normal if the fourth moment of ¢,
is finite, while Ling and McAleer (2003a) proved that the global QMLE is
asymptotically normal if the sixth moment of ¢ is finite. Using results from Ling and Li
(1997) and Ling and McAleer (2002a; 2002b), the necessary and sufficient condition for
the existence of the second moment of & for GARCH(1,1) is e+ <1 and, under
normality, the necessary and sufficient condition for the existence of the fourth moment

is (a+ B) +2a* <1.

As discussed in McAleer, Chan and Marinova (2007), Elie and Jeantheau (1995)
and Jeantheau (1998) established that the log-moment condition was sufficient for
consistency of the QMLE of an univariate GARCH(p,q) process (see Lee and Hansen
(1994)) for the proof in the case of GARCH(1,1)), and Boussama (2000) showed that
the log-moment condition was sufficient for asymptotic normality. Based on these
theoretical developments, a sufficient condition for the QMLE of GARCH(1,1) to be

consistent and asymptotically normal is given by the log-moment condition, namely

E(logar + B))<0. (3)

12
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This condition involves the expectation of a function of a random variable and
unknown parameters. Although the sufficient moment conditions for consistency and
asymptotic normality of the QMLE for the univariate GARCH(1,1) model are stronger
than their log-moment counterparts, the second moment condition is more

straightforward to check in practice.

2.4 The GJR(1,1) Model

The effects of positive shocks (or upward movements) on the conditional

variance, h,, are assumed to be the same as the negative shocks (or downward

movements) in the symmetric GARCH model. In order to accommodate asymmetric
behavior, Glosten, Jagannathan and Runkle (1992) proposed the GJR model, for which
GJR(1,1) is defined as follows:

h =w+(@+yI7,, ))gz2—1 +ﬁ h,, 4)

where @>0,2>0,a+y>0 and >0 are sufficient conditions for , >0, and I(n,) is an

indicator variable defined by:

I, € <0
0, €20

1(77,)={

as 77, has the same sign as &. The indicator variable differentiates between positive and

negative shocks of equal magnitude, so that asymmetric effects in the data are captured

by the coefficient ¥, with ¥ = 0. The asymmetric effect, Y , measures the contribution

of shocks to both short run persistence, Cb’+%, and to long run persistence,

Y
a+f++.
p 2

13
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Ling and McAleer (2002b) showed that the regularity condition for the existence

of the second moment for GJR(1,1) under symmetry of 7, is given by:
1
a+ [+ 5 y<l1, (5)

while McAleer et al. (2007) showed that the weaker log-moment condition for GJR(1,1)

was given by:
E(logl(a+y (m,))m; + B <0, (6)

which involves the expectation of a function of a random variable and unknown

parameters.

2.5 The EGARCH(1,1) Model

An alternative model to capture asymmetric behavior in the conditional variance

is the Exponential GARCH (EGARCH(1,1)) model of Nelson (1991), namely:
logh, =w+aln,_ |+m,_ +plogh_,, Bl (7)

where the parameters have a distinctly different interpretation from those in the

GARCH(1,1) and GJR(1,1) models.

As noted in McAleer et al. (2007), there are some important differences between
EGARCH and the previous two models, as follows: (i) EGARCH is a model of the
logarithm of the conditional variance, which implies that no restrictions on the

parameters are required to ensure /2, > 0; (ii) Shephard (1996) observed that | B 1< 1 is

likely to be a sufficient condition for consistency of QMLE for EGARCH(1,1); (iii) as
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the conditional (or standardized) shocks appear in equation (7), | § 1< 1 would seem to
be a sufficient condition for the existence of moments; (iv) in addition to being a
sufficient condition for consistency, | B I<1 is also likely to be sufficient for

asymptotic normality of the QMLE of EGARCH(1,1).

Furthermore, EGARCH captures asymmetries differently from GJR. The
parameters « and ¥ in EGARCH(1,1) represent the magnitude (or size) and sign
effects of the conditional (or standardized) shocks, respectively, on the conditional
variance, whereas ¢ and o + ¥ represent the effects of positive and negative shocks,

respectively, on the conditional variance in GJR(1,1).

Interpretation of Asymmetries in EGARCH(1,1)

The following is an interpretation of asymmetries in EGARCH(1,1) for air
passenger arrivals. Depending on the negative or positive slopes according to a positive
or negative shock (see Figures 1 to 4), there are four possible scenarios of asymmetry in

the EGARCH model, according to the restrictions on « and ¥, as follows:
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(1) Type 1 Asymmetry: Low Season Financial Risk, in which negative shocks
increase volatility and positive shocks of a similar magnitude increase
volatility by a smaller amount. In this case, the slope of a negative shock is
negative whereas the slope of a positive shock is positive. What
distinguishes this case from the symmetric model, is that the slope of a

negative shock is steeper than the slope of the positive shock and therefore :

a>0

and,

-a<y<0

Figure 2. Type 1 Asymmetry: Low Season Financial Risk
(a>0,-a<y<0)

Volatility (h,)

Negative shocks 0 Positive shocks
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(ii) Type 2 Asymmetry: Overbooking Pressure on Carrying Capacity, in which
negative shocks increase volatility and positive shocks of similar magnitude
increase volatility by a larger amount. In other words, the slope of a negative
shock on volatility is negative and smother than the positive slope of a

positive shock on the volatility and then

a>0
and,

O<y<a

Figure 3. Type 2 Asymmetry: Overbooking Pressure on Carrying Capacity
(a>0,0<y<a)

Volatility (h,)

7

Negative shocks 0 Positive shocks
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(iii) Type 3 Asymmetry: Tourism Saturation in High Season, in which negative
shocks decrease volatility and positive shocks of a similar magnitude
increase volatility, consequently both slopes corresponding to negative and

positive shock are positive,
y>0

and,

-y<a<y

Figure 4. Type 3 Asymmetry: Tourism Saturation in High Season
(y>0,-y<a<y)

Volatility (h,)

Negative shocks 0 Positive shocks
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(iv)  Type 4 Asymmetry: Leverage and Tourism Downturn, in which negative
shocks increase volatility and positive shocks of a similar magnitude
decrease volatility, because the slope of positive and negative shocks is
negative,

y<0

and,

y<o<-y

Figure 5. Type 4 Asymmetry: Leverage and Tourism Downturn
(y<0.y<a<-y)

Volatility (h,)

Negative shocks 0 Positive shocks
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2.6 Conclusion

This chapter has given the most recent theoretical results for the univariate
GARCH; GJR and EGARCH models of conditional volatility developed by Engle
(1982), with subsequent developments by Bollerslev (1986). It has also reviewed the
necessary and sufficient conditions for the existence of the second moment and of the
log moment, found in the literature. Additionally, this section has given an
interpretation of the estimated coefficients of the conditional variance. Furthermore it
has developed four possible scenarios of asymmetry in the EGARCH model, according

to the restrictions on o and ¥, and interpreting the results in accordance to the

applicability to tourism.
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Chapter 3. TOURISM IN SPAIN AND IN THE
BALEARIC ISLANDS.

3.1 Introduction

One fact that characterizes the evolution of many destinations around the world,
including Spain, has been the decentralizing process of tourism policies towards a
regional level (Ivars, 2004). Consequently this third chapter starts by studying the
contribution of the tourism industry to the Spanish economy and provides the
characteristics and economic impacts of tourism for the five major tourist regions in
2006. It then follows an analysis of the economic significance of tourism to the Balearic
Islands and gives a snapshot of the composition of the tourist demand to the three

different islands.

3.2 Tourism in Spain

In the last few decades, tourism has become one of the most prominent engines
for the Spanish economy. Since the 1960’s, the number of international tourist arrivals
has increased considerably. In fact, in 2006 Spain was the second largest country in the

world in terms of the number of international tourist arrivals, after the leader France and
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ahead of USA, China, Italy and UK. Furthermore, it was also the second largest country

in terms of international tourism receipts (UNWTO, 2007).

The main facts characterizing tourism in Spain are, firstly that tourism is still
increasing, secondly the strong seasonality and third is that tourists and consequently
tourism service providers seem to concentrate in five regions. A deeper analysis of these
facts is provided below. In the last decade alone, the total number of international
tourists who visited Spain rose from 39.5 million in 1997 to 58.5 million in 2006 (see

Figure 6).

Figure 6. Yearly International Tourist Arrivals to Spain
from 1997 to 2006
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Regarding the distribution of arrivals along the years, as shown in Figure 7, the
number of monthly international tourist arrivals to Spain has varied substantially across
the summer and winter months, such that tourism seasonality is one of the main
problems for tourism destination management. The number of tourist arrivals drops
dramatically every November and does not recover until March. Therefore, the months
between November and March are considered to be the low tourist season, and the high
tourist season comprises the months between April and October. Also noticeable is the

peak in the low tourist season during the Christmas holidays.
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Figure 7. Monthly International Tourist Arrivals to Spain
from January 1997 to April 2007
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In 2006 Spain received a total of 58.5 million international tourists. The UK,
Germany and France are the most important tourism generating markets, with these
three countries accounting for more than one-half of total international tourist arrivals.
The remainder of tourists originates mainly in the other countries in Europe. The long
haul market is very small in comparison, with around 7% of international tourist arrivals
coming from outside Europe (IET, 2006b). Finally, in regard to the geographical
distribution of tourists in Spain, over 83.4% of total international tourist arrivals stay in
one of the five major Spanish tourism regions of Andalusia, Balearics, Canaries,

Catalonia and Valencia.

Figure 8 plots the evolution of the yearly international tourist arrivals to the five
major tourism regions between 1997 and 2006. Outstanding is Catalonia, which in ten
years has more than doubled the number of international tourist arrivals. The Balearic
Islands and Canary Islands, which in 1997 were the most prominent Spanish tourism
regions, now receive approximately the same number of yearly international tourist
arrivals. Despite the slow growth rates, these two regions remain the second and third
most important, respectively, in Spain. Andalusia and Valencia have maintained their
fourth and fifth positions, respectively over these ten years, and both show a positive

trend.
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Figure 8. Yearly International Tourist Arrivals by Region
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Table 1 provides the characteristics of tourism for the five major tourist regions in 2006.
The first column in Table 1 gives the tourist/population ratio, which is the concentration
of the number of tourists in relation to the number of inhabitants. Second, the number of
international tourist arrivals and their share in the national level are given in columns 2
and 3, respectively. The next column presents a measure of seasonality, which is
calculated using the Gini coefficient as a general measure of inequality. This is used in
tourism to measure the difference in the number of tourists between seasons. In this
case, the higher is the Gini coefficient, the higher is the inequality, that is, the difference
between the high and low seasons (for further details, see Capd, Riera and Rosselld,

2007; Lundtorp, 2001; Rosselld, Riera and Sansé, 2004 and Tsitouras (2004)).
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Table 1. Characteristics of the Main Spanish Tourist Regions in 2006

. Tourist Market Two Average
. Tourists/ . % . .1 - . .
Region Po arrivals Spain Gini specializ. major daily
p- (millions) P (%)? sources €
UK
Andalusia 1 8.547 14.62 | 0.176 479 France 82
Germany
Balearics 10 10.107 17.29 | 0.373 73.4 UK 95
UK
Canaries 4 9.608 16.43 | 0.058 65.4 Germany 105
France
Catalonia 2.5 15.003 25.67 | 0.199 56 UK 80
UK
Valencia 1 5.485 9.38 | 0.168 59 France 63
UK
Spain 1.3 58.451 100 0.174 45.1 Germany 91

Source of data: IET (2006a, 2006b)
" The degree of seasonality is defined using the Gini coefficient.
* Market Specialization is the % of international tourist arrivals from the two major
source markets for each region.

In the fifth column of Table 1, the tourist country of origin is used to assess the
market specialization of a tourist destination, in that a destination which attracts a
greater number of tourist nationalities has a more diversified demand structure. The
percentages shown in this column arise from the two major tourism source markets to
the total tourist arrivals in each region, which are given in the second last column. For
instance, in the case of the Balearics, 73.4% of total arrivals in 2006 originated from
Germany and the UK, so that the Balearic Islands are the destination with the highest
market specialization in Spain. In contrast, Spain has almost 55% of arrivals that
originate from countries other than the two main markets of the UK and Germany, and

hence has a higher market diversification, or a lower market specialization.

Finally, the average daily expenditure per tourist in Euro (€) is given in the last

column in Table 1. It is clear that the tourism regions in which German and British
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tourist predominate, namely the Canaries, Balearics and the total of Spain, have the
highest average daily expenditures. The three regions which are very similar to each
other, namely Catalonia, Andalusia and Valencia, with France and the UK as the two
major tourism source markets, have average daily expenditures that are reasonably close

to each other.

Table 2. Tourism Impacts on Economic Variables in 2006 (%)

Region GDP Employment
Andalusia 12.1 11.1
Balearics 48.0 31.5
Canaries 30.4 36.8
Catalonia 12.0 12.1
Valencia 13.8 14.1
Total - Spain 11.0 9.8

Source: Exceltur (2007), INE (2007)

The direct and indirect tourism impact on economic variables in 2006 is
described in Table 2. As a percentage of GDP in 2006, the tourism impact for Spain was
11%, which is only slightly lower than the respective percentages in Andalusia,
Catalonia and Valencia, but considerably lower than in the Canaries at 30.4%, and
particularly the Balearics at 48.0%. In terms of the percentage of employment generated
by tourism, it is 9.8% for Spain, which is slightly lower than the respective percentages
for Andalusia, Catalonia and Valencia, and considerably lower than in the Canaries and

the Balearics, with 31.5% and 36.8%, respectively.
Using the data presented in Tables 1 and 2, in conjunction with Figure 9 which

provides the geographical location, the remainder of Chapter 3 presents the main

characteristics of tourism activity in the five major tourist regions of Spain.
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Figure 9. Map of Spain
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3.2.1 Andalusia

Located in the south of mainland Spain, Andalusia has a population of almost 8
million (INE, 2007). In 2006, this region received over 8.5 million international tourists,
such that the tourist/population ratio is approximately 1. Tourist arrivals represent
14.62% of the total for Spain. Based on the Gini coefficient of 0.176, Andalusia has
high seasonality, although not as severe as in other Spanish regions (AEA, 2005). This
seasonality is explained by the fact that its primary type of tourism is the traditional sun
and sand product. The main source market is the UK with a share of 35.7% of
international tourist arrivals, followed by France with 12.2%. These two source markets
represent 47.9% of total arrivals to Andalusia. In spite of being highly concentrated, it is
still the lowest within the five major tourism regions. In 2006, each tourist spent an
average of 82 € per day, which is 9 € below the national average (see Table 1). The
impact of tourism on GDP is 12.1%, which is slightly higher than the average for Spain.

Tourism generates 11.1% of total regional employment (see Table 2).
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3.2.2 Balearic Islands

The Balearic Islands are comprised of four Islands in the Mediterranean Sea on
the east coast of the Spanish mainland. With a total population of just over 1 million
people (INE, 2007), and with over 10 million international arrivals, the ratio presented
in the first column of Table 1 is clearly highest for the Balearics. In fact, it is nearly 10
times higher than the national ratio. The islands are in second place in the total share of
international tourist arrivals, with 17.29% of the total for Spain. The tourism activity in
the region is affected by very high seasonality, with the highest gini coefficient as seen
in Table 1. Furthermore, this destination is also highly dependent on the German
(39.7%) and British (33.7%) markets. These two nationalities accounted for almost
three- quarters of total international tourist arrivals (73.4%). The average tourist daily
expenditure of 95€ is the second highest in Spain, and above the national average.
Regarding the economic impact of tourism in the Balearics, the sector accounts for 48%
of regional GDP, being the highest in Spain, and provides employment to 31.5% of the
labour market (Exceltur, 2007).

3.2.3 Canary Islands

Seven islands comprise this Spanish region that is located in the Atlantic Sea,
slightly more than 300km from the African continent and 1300 km from the Spanish
mainland. With almost 2 million inhabitants, these islands receive over 9 million
international tourists, 16.43% of the Spanish total. Consequently, for every local person,
there are four tourists. The total number of international tourist arrivals in 2006 placed
the Canary Islands in third position, and very close to the Balearics. Its location makes
the islands a very attractive destination all year round due to the stable climate.
Compared with the rest of Spain, the summer months of June to August are considered
the low tourist season, and the winter months are the high season. Tourist arrivals are
spread more evenly over the calendar year, so that it is the region with the lowest
seasonality. The two major source markets are the UK (37.5%) and Germany (27.9%),
so that the Canaries are second in market specialization with 65.4% of total international
tourist arrivals originating from these two countries. The Canaries are the leaders in

average daily expenditure. A tourist in this region in 2006 spent an average of 105 €
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daily (see Table 1). The impact of tourism on GDP is 30.4%, which is far higher than
the Spanish average. Additionally, tourism generates 36.8% of total regional

employment (see Table 2).

3.2.4 Catalonia

Catalonia is located in the north-east of Spain, and on the southern border of
France. With 15 million international tourist arrivals in 2006, Catalonia occupies the
first place in the arrivals ranking, and third place in the tourist/population ratio, with 2.5
international tourists for every resident. Catalonia receives 25.67% of international
tourist arrivals to Spain and, since 2001, has occupied the first position in the number of
international tourist arrivals. Catalonia also experiences seasonality, having a higher
Gini coefficient than the national value, namely 0.199 versus 0.174, and is second in the
tourism arrivals ratio. France is the major source market with 32.6%, followed distantly
by the UK with 14.2%, which means that 56% of its tourism depends on these two
originating markets. The average daily expenditure is below the national level, with 80
€ per day. As in the case of Andalusia and the total for Spain, tourism accounts for 12%

of GDP and 12.1% of employment.

3.2.5 Valencia

South of Catalonia and with a long coastline facing the Mediterranean, Valencia
has a population of 4.8 million people. In 2006, this region received 5.5 million tourists,
giving a tourist/population ratio of 1.1, which is just below the national ratio. With a
9.38% share of total international tourist arrivals, it occupies the last position of the five
major tourism regions. The seasonality ratio is close to the national level, and is only
slightly lower than the Andalusian Gini coefficient. It is highly specialized on the UK
market, with 47.1%, and is followed distantly by the French market, with 11.9%. These
two markets have a concentration of 59% of international tourist arrivals. Valencia has
the lowest average daily expenditure per tourist, 63 €, which is close to 50% lower than

the national level. Tourism accounts for 13.8% of GDP and 14.1% of employment.

29



Risk Management for International Tourism Arrivals

3.2.6 Rest of Spain

In 2006, the rest of Spain received a total of 9.7 million international tourists.
Madrid, the capital of Spain, with 3.9 million arrivals (or 6.7% of the total), is the
region with the highest annual growth rate of all the Spanish regions (namely, 14.7% in
2006). The main difference from the five main tourism regions is that Madrid does not
have a clear major source market, with the two major sources representing 25% of total
international tourism arrivals to the region, while 36% of international tourism arrivals
is business oriented (Direcciéon General Turismo, 2006). This explains why an
international tourist in Madrid spends an average of 154 € daily, whereas the average
for Spain 1s much lower at 90 € (IET, 2006a). These differences in the composition of
tourists, as well as the significantly lower number of international tourists, justify why
Madrid has not been included in the regional analysis. The rest of Spain receives a
diversified demand by numerous countries of origin, in particular, with 24.6%

originating from France and 17.5% from the UK.

3.3 Tourism in the Balearic Islands

The Balearic Islands, Spain, with a total population of just over 1 million people
(INE, 2007), are one of the leading sun and sand destinations in the Mediterranean.
During the year 2006 the Balearic Islands received, over 12.5 million tourists, and of
these, approximately 12 million arrived by plane, and 9.77 million were international
tourists. The tourism industry accounts for 48% of the total GDP in the Balearics
(Exceltur, 2007). However, the tourism industry is affected by seasonality, as it is in
many other Mediterranean destinations. Almost 9 million tourists visited the islands
between the months of May and September, but only 3.5 million visited during the
remaining seven months (CITTIB, 2007). Seasonality in tourism demand has been
extensively studied in the literature. In the particular case of the Balearic Islands, this
phenomenon has been studied by Capd, Riera and Rosell6 (2006) and by Rosselld,
Riera and Sans6 (2004). Additionally, the local economy is not only highly dependent
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on tourism, but the standardized sun and sand product also predominates, despite the
efforts of diversification promoted by public and private initiatives (Aguil6, Riera and

Rosselld, 2005).

The three main islands in the Balearics are Mallorca, Ibiza and Menorca (for
purposes of simplicity, data for the small island of Formentera is integrated with Ibiza),
and each has an international airport in their respective capital cities of Palma de
Mallorca, Ibiza and Mahon. Although all the islands enjoy the same climate, there are
differences in their economic structures, the number of tourist arrivals, seasonal
patterns, and the profiles of tourists who visit each island. Mallorca accounts for 79% of
Balearic regional GDP, while Menorca and Ibiza represent 9% and 12%, respectively
(CAIB, 2004). In Mallorca, total demand from tourism corresponds to 34% of island
GDP, in Ibiza this percentage is 44%, and in Menorca tourism demand represents 28%

of island GDP (CAIB, 2004).

In 2006, Mallorca received a total of 9.6 million tourists. Of these, 38.4% were
from Germany and 24.2% from the United Kingdom (see Table 3). In comparison,
Ibiza, with 1.87 million visitors, had 35.2% from Britain, 17.1% from Germany and
14.8% from Italy. For Menorca, the British represented 50.3%, followed by domestic
tourism (29.4%) of a total of 1.009 million tourist arrivals in 2006 (CITTIB, 2007). It is
worth noting that Menorca and Ibiza suffer greater seasonality than does Mallorca. In
2005, 57.8% of the total tourist arrivals in Mallorca stayed during the high season,
whereas in Menorca and Ibiza, this figure was as high as 83% (CRE, 2005).

Table 3. Air Tourist Arrivals to Balearics and Main Countries of Origin, 2006

Tourist Arrivals Germans British Italians Domestic
Islands
(millions) % % % %
Mallorca 9.396 38.4 24.2 1.7 18.6
Ibiza 1.670 17.1 35.2 14.8 23.0
Menorca 1.021 9.1 50.3 5.5 294
Balearics 12.087 33.0 27.9 3.8 20.1
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These figures give an idea of the existing differences among the three islands.
Moreover, the image promoted by each island is different. While Menorca appeals
primarily to families, Ibiza attracts a younger market, and Mallorca receives a broader
array of tourist segments. As a consequence, the majority of tourists in Menorca enjoy
day time activities, the Ibiza visitors are more interested in the night life, while in
Mallorca both, day and night activities, are sought (CITTIB, 2007). These differences
suggest that each island should be considered as a different tourism destination for

purposes of tourism planning, management and promotion.

Due to the importance of tourism in the Balearics, many researchers have used
this destination to analyze different aspects of tourism. In particular, from the demand
perspective, Aguild, Alegre and Riera (2001) and Garin and Montero (2007) estimated
price and income elasticities using yearly passenger arrivals data; Rossell6, Aguilé and
Riera (2005) used a diffusion model to incorporate the word of mouth impact on
tourism demand and calculated dynamic elasticities for German and British tourists and
Aguild, Riera and Rossello (2005) calculated the effect of a tourist tax on the number of
tourist arrivals using a diffusion model. From a microeconomic perspective, Alegre and
Pou (2006) demonstrated the trend of tourists staying for shorter periods. However, it
has also been shown that the islands benefit from a high repeat visitation rate (Alegre

and Cladera, 2006; Garin and Montero, 2007).

On the supply side, it has been recognized that the islands have reached their
maximum carrying capacity, as well as the importance of protecting the natural
environment and preserving the local cultural identity (Bujosa and Rossell, 2007;
Knowles and Curtis, 1999). The role of tour operators in the commercialization and
price structure of the packaged sun and sand product has also been investigated, arriving
at the conclusion that British and German tour operators have an oligopolistic position

towards accommodation providers and customers (Aguild, Alegre and Riera, 2001).
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3.4 Conclusion

Based on 2006 data, Chapter 3 has given, firstly, a snapshot of the tourism
industry in Spain. From the total international tourist arrivals to Spain, 83.4% stayed in
one of the five major Spanish tourism regions of Andalusia, Balearic Islands, Canary
Islands, Catalonia or Valencia. It is for this reason that these five regions have then been
analysed and described from a tourism economics perspective. Secondly, this chapter
has studied the economic significance of tourism to the three main islands of the
Balearics, Mallorca, Ibiza and Menorca. Finally it has given the composition of tourism
demand to the three different islands, and even though all three islands mainly cater for

the standardized sun and sand tourism, there are significant differences between islands.
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Chapter 4. MONTHLY INTERNATIONAL TOURIST
ARRIVALS TO SPAIN

4.1 Introduction

This chapter describes the data of monthly international tourist arrivals to the
five main Spanish tourist regions The data used for analyzing tourism in Spain has been
obtained from the “Instituto de Estudios Tursiticos” (IET, 2006a, 2006b, 2007). This
national institution analyzes the tourism industry in Spain and, through its website,
publishes data gathered by “Frontur”. Frontur denotes the statistical studies based on the
use of periodic surveys completed at Spanish frontiers by a sample of international
visitors. Thus, this Chapter is based on total international tourists who arrive by road,

rail, sea or air. All domestic tourism is excluded from the sample.

4.2 An examination of monthly data

Frontur describes a visitor as any person arriving in a country other than the usual
place of residence, for any reason apart following an occupation remunerated from
within the country visited. An international tourist is a temporary visitor staying for at

least 24 hours in the country visited, for which the purpose of the journey can be
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classified under the headings of either leisure or business, family, mission or meeting

(IET, 2006a).

The data used are monthly international tourist arrivals to the five main tourist
regions in Spain, which in 2006 accounted for more than 84% of total international
tourist arrivals. The time period analyzed goes from January 1997 to April 2007, giving

a total of 126 observations for each of the five regions, as well as the total for Spain.

Table 4 presents the correlations of international tourist arrivals among the five
major tourist regions in Spain. The Canary Islands have negative correlations with the
other four regions. This is quite natural because, as mentioned in Chapter 3, the Canary
Islands high season months are the low season months for the rest of Spain, that is, from
October to April. This would seem to suggest that the Canary Islands tourism smoothes,

at least partly, the seasonality patterns for the other regions in Spain.

The highest correlations are found among Valencia, Andalusia and Catalonia.
This is understandable as these three regions enjoy similar geographical characteristics,
have long warm summers, and share more than 2,000 kilometers of coastline (INE,
2007). Additionally, they have well known tourist cities such as Barcelona, Valencia
and Seville, which can smooth seasonality by attracting tourists during the low tourist
season. The Balearic Islands have lower correlations, though they remain relatively
high.

Table 4 Correlations of International Tourist Arrivals

Region Andalusia ~ Balearics Canaries Catalonia  Valencia
Andalusia 1.000

Balearics 0.850 1.000

Canaries -0.362 -0.618 1.000

Catalonia 0.938 0.805 -0.369 1.000

Valencia 0.931 0.869 -0.395 0.964 1.000

Figure 10 plots the monthly international tourist arrivals to each region and the

total for Spain. In all graphs, the seasonal patterns are clearly identified. The Balearic
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Islands appear to have the highest seasonality, in that the difference in monthly
international tourist arrivals between the low and high seasons is the highest. Valencia,
Andalusia and Catalonia seem to have a growing number of arrivals during the low
tourist season. For Catalonia, the Christmas peak is clearly identified, most likely due to
the attraction of popular skiing resorts. As expected, the Canary Islands follow a
different seasonal pattern. After a few years of declining international tourist arrivals,

the arrivals seem to have recovered since 2005.
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Figure 10. Monthly International Tourist Arrivals
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In Figure 11 are presented the volatility of monthly international tourist arrivals
that are given in Figure 10. The seasonal pattern that was evident in the arrival series is

repeated clearly and consistently in the associated volatility series.
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Figure 11. Volatility of Monthly International Tourist Arrivals
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Given the distinct seasonal patterns in both monthly international tourist arrivals
and their associated volatilities, it would seem sensible to consider the twelve month
(that is, yearly) difference in the monthly series. The yearly difference in international
tourist arrivals and their associated volatilities are given in Figures 12 and 13,

respectively. It is clear from the yearly difference series in Figure 12 that the distinct
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seasonal patterns that were evident in Figure 10 have now disappeared, so that the series
would appear to exhibit stationary behavior at the zero (or non-seasonal) frequency. The
null hypothesis of non-stationarity will be tested for Spain and for each of the five major

tourist regions in section 4.4.

Figure 12. Yearly Difference in International Tourist Arrivals (A2 Yy)
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Figure 13. Volatility of Yearly Difference in International Tourist Arrivals
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As the yearly differences in international tourist arrivals in Figure 12 do not
display any distinct seasonal patterns, the associated volatilities given in Figure 13 also

do not have any obvious seasonality. Indeed, the volatility evident in some of the graphs
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in Figure 12 appears to be reasonably similar to the volatility associated with typical

financial time series data.

4.3 Descriptive statistics of the data

This section provides the descriptive statistics of monthly international tourist
arrivals to the five main Spanish tourist regions as well as for the total of Spain, which

are found in Table 5 below.

Table 5. Descriptive Statistics of Monthly International Tourist Arrivals to Spain

Andalucia  Balearics Canaries Catalonia Valencia Spain
Mean 600,634.5 789,932.1 814,504.2  893,746.6  381,131.2  4,069,995.
Median 586,395 655,469 830,783.5  792,095.5 362,386.5  4,059,626.
Maximum 1,168,904.  1,705,234.  1,043,074.  2,196,544.  731,350.0  7,720,757.
Minimum 199,589 99,415 573,836 158,206 123,047.0  1,590,059.
Std. Dev. 232,660.7 574,228 96,301.1 484,163.7 152,512.1 1,548,462
Skewness 0.46 0.16 -0.41 0.75 0.50 0.50
Kurtosis 2.57 1.34 2.71 2.96 2.38 2.35
Jarque-Bera 5.34 14.76 3.96 11.87 7.23 7.40
Probability 0.069 0.000 0.137 0.003 0.027 0.025

With the exception of Catalonia, the Median is smaller than the mean in all
samples. Given the previous analysis of seasonality, it is not surprising that the
Balearics have the greatest standard deviation and the Canary Islands the smallest. All
samples are positively skewed with the only exception of the Canaries sample.
Catalonia and Canaries have kurtosis values near to three while the Balearics sample

has a platykurtic distribution relative to the normal.

The Jarque-Bera Lagrange multiplier test examines whether the series are

normally distributed. The test statistic measures the difference in the skewness and
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kurtosis of the empirical series from those under the normal distribution. Under the null
hypothesis of normality, the Jarque-Bera test statistic is distributed as chi-squared with
2 degrees of freedom. The reported “Prob.” is the probability that a Jarque-Bera statistic
exceeds (in absolute value) the observed value under the null hypothesis. The samples

for Catalonia and Andalusia are found to be normally distributed.

4.4 Unit root test

This section tests the existence of a zero frequency unit root for the data. The
modified unit root tests, denoted as MADF™ and MPP®", have been applied to the
time series. It is well known that traditional unit root tests, primarily those based on the
classic methods of Dickey and Fuller (1979; 1981) and Phillips and Perron (1988),
suffer from low power and size distortions. However, these shortcomings have been
overcome by various modifications to the testing procedures, such as the methods
proposed by Perron and Ng (1996), Elliott, Rothenberg and Stock (1996), and Ng and
Perron (2001).

The modified unit root tests, denoted as MADF®" and mMppP°Y , have been
applied to the time series data. In essence, these tests use GLS de-trended data and the
modified Akaike information criterion (MAIC) to select the optimal truncation lag. The

asymptotic critical values for both tests are given in Ng and Perron (2001).

The results of the unit root tests are obtained from the econometric software
package EViews 5.0, and are reported in Tables 6, 7, 8 and 9. The existence of a zero
frequency unit root is tested for monthly international tourist arrivals, first difference in
arrivals, annual difference in arrivals, logarithm of arrivals, first difference in the log of
arrivals, and the annual differences in the log of arrivals (that is, the annual growth rate)

for the five regions and for Spain.
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Table 6. Unit Root Tests for Spain

MADF°™ MPP“H
Lags

Variables Z=(1, 1) Z=(1) Z=(1, 1) Z=(1)

Vi -3.498%* 6.117 0.046 0.526 11
Ay, -1.039 -0.461 0.138 0.102 12
Ayt -4.041%%%  _3.936%** 28.443%%% D4 955% %k 4
log(y) -2.622 6.730 0.045 0.668 12
Alog(yo) -1.856 -0.158 0.164 0.021 12
Aplog(yy) -4,051%%%  3,528%% -24.805%* -15.265% % 4
Notes:

y.denotes monthly international tourist arrivals to Spain.

Ay, is the difference in monthly international tourist arrivals to Spain.

A,y is the yearly difference in monthly international tourist arrivals to Spain

log(y,) is the logarithm of monthly international tourist arrivals to the Spain.

Alog(y,) is the growth rate in monthly international tourist arrivals to Spain

Aplog(y,) is the yearly growth rate in monthly international tourist arrivals to Spain

(1,t) and (1) denote the presence of an intercept and trend, and intercept, respectively.

(*¥*%), (**) and (*) denote the null hypothesis of a unit root is rejected at the 1%, 5% and 10% levels,

respectively.

MADEF 5 MPPS®
Critical values: 7=(1,t) 7Z=(1) Z=(1,t) Z=(1)
1% level -3.480 -2.566 -23.80 -13.80
5% level -2.890 -1.941 -17.30 -8.10
10% level -2.570 -1.617 -14.20 -5.70
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Table 7. Unit Root Tests for Andalusia

MADF® MPPS® y
. ags

Variables Z=(1,1) 7Z=(1) Z=(1,1) Z=(1)

Vi -1.139 2.932 -0.023 0.714 12
Ay -1.192 -0.647 0.199 0.148 12
A1y -8.07 8% -7.793 %%k -51.858%*#* -50.880%** 0
log(yy) -1.324 3.228 -0.012 0.782 12
Alog(yy) -2.138 -0.238 0.221 0.003 12
Ayrlog(yy) -8.553 -4.01 8% -53.240Q%%** -21.592% %% (2(;3
Note: See notes to Table 6.

Table 8. Unit Root Tests for Balearic Islands
MADF® MPPY
Lags

Variables Z=(1,1) Z=(1) Z=(1,1) Z=(1)

Vi -2.969* 1.112 0.144 0.062 12
Ay, -1.389 -0.288 0.162 0.093 12
Ay, -3.83 ] #** -3.85 Hkk -16.934%**%  _16.72]%** 2
log(yo) -2.577 0.999 0.023 0.334 12
Alog(yy) -3.878%** 0.041 0.343 -0.001 12
Aplog(yy) -1.098 -0.665 -2.653 -0.346 12

Note: See notes to Table 6.
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Table 9. Unit Root Tests for Canary Islands

MADF°" MPP°"
Lags
Variables Z=(1,1) 7Z=(1) Z=(1,1) 7=(1)
Vi -1.704 -1.564 -0.282 -0.240 12
Ay, 0.251 -1.103 1.432 1.937 12
Apyi -3.524%* -2.261%* -26.252%%* -7.514%* 4
log(yy) -1.880 -1.673* -0.365 -0.291 12
Alog(yy) 0.137 -1.129 1.226 1.640 12
Aplog(yy) -3.525%* -2.361%* -26.165%*% -8 812%* 4
Note: See notes to Table 6.
Table 10. Unit Root Tests for Catalonia
MADF°" MPP°"
Lags
Variables Z=(1,1) 7Z=(1) 7Z=(1,1) 7Z=(1)
Vi -3.168%* 5.442 -0.025 0.819 11
Ay, -0.770 -0.562 0.200 0.179 12
Apyi -4.202%%* 3 .866%** -36.083%** D7 825%** 3
log(yy) -2.912% 6.938 0.032 0.857 11
Alog(yy) -2.694 -0.018 0.231 -0.014 12
Aplog(yy) S3.787HF R 3226 -19.733%** -10.722%%* 2

Note: See notes to Table 6.
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Table 11. Unit Root Tests for Valencia

MADF°"® MPpPH®
Lags

Variables Z=(1, 1) Z=(1) Z=(1, 1) Z=(1)

Vi -3.754%%% 3.796 0.010 0.598 12
Ay, -1.416 -0.601 0.0863 0.047 12
Any: 4,430 -4.7702% %% -3.923 -2.370 11
log(yv) -3.495%%* 5.095 0.046 0.717 12
Alog(yy) -2.137 -0.177 0.140 -0.016 12
Aplog(yy) -2.550 -1.455 -15.187%* -1.752 12

Note: See notes to Table 6.

Apart from a few exceptions, the results of the unit root tests are remarkably

similar. For a variety of lag lengths, monthly international tourist arrivals, the difference

in monthly international tourist arrivals, the logarithm of monthly international tourist

arrivals and the growth rate in monthly international tourist arrivals are all found to be

non-stationary, that is, integrated of order one. The yearly difference in monthly

international tourist arrivals and the yearly growth rate in monthly international tourist

arrivals are both found to be stationary, that is, integrated of order zero. For these

reasons, models of both monthly international tourist arrivals and the yearly growth rate

in monthly international tourist arrivals, as well as their associated volatilities, will be

estimated by maximum likelihood methods.

4.5 Estimated models

Models Al and A2 below are used to estimate monthly international tourist

arrivals and the yearly difference in monthly tourist arrivals, as well as their respective

volatilities using the GARCH(1,1), GJR(1,1) and EGARCH(1,1) specifications:
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Model Al: Y, = @o+ Q1 YVei + @ Yi2+ &

Model A2: Ay = @o+ @Ay + &

The QMLE for the conditional mean and conditional volatility for Model 1 for Spain, as
well as the five major tourist regions, are given in Tables 12-17. The corresponding

QMLE for Model 2 are given in Tables 18-23.

Model A1

The conditional mean estimates for Model A1 for Spain in Table 12 suggest that
international tourist arrivals lagged one month do not have a significant effect on
current monthly arrivals, while international tourist arrivals lagged twelve months (that
is, the yearly lagged effect) is highly significant. The asymmetric effect, 7 in both the
GJR and EGARCH models is found to be zero, so that the effects of positive and
negative shocks of equal magnitude on volatility are equivalent. The short run
persistence of shocks in the GARCH model is not significant at 0.05, while the long run
persistence shocks 1s 0.892. The second moment condition for both GARCH and GJR is
satisfied, and hence the log-moment condition is also satisfied. Therefore, the QMLE
are consistent and asymptotically normal, the estimates are sensible, and inferences are

valid.
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Table 12. Conditional Mean and Conditional Volatility Models for Spain

Model Al: y, = ¢0+ ¢] Vi1 + ¢2 Vi-i2+ &

Parameters GARCH GJR EGARCH
?, 142915 144333 105737*
(86429) (67867) (65168)
1) 0.021* 0.018* 0.021*
(0.031) (0.027) (0.020)
0, 0.986 0.990 0.996
(0.034) (0.029) (0.026)
@ 7.35E+9* 9.12E+08%* 31.501
(1.73E+10) (5.30E+09) (0.273)
GARCH/GJR « 0.005°% 0.046
(0.034) (0.010) N
GJR ¥ 3 -0.079% 3
(0.045)
GARCH/GJR f 0.886 0.981
(0.270) (0.094) -
EGARCH « 0.401
o - (0.180)
EGARCH ¥ -0.028*
o - (0.164)
EGARCH p -0.278
o - (0.000)
Diagnostics
Second moment 0.892 0.988 --
Log-moment -0.114 -0.013 --

Notes:

y; is the number of monthly international tourist arrivals.

Numbers in parentheses are standard errors.

(*) indicates the coefficient is not significant at the 5% level; otherwise, all estimates are significant at the
5% level.

The estimates of Model Al for Andalusia are given in Table 13. A similar
comment to that for Spain holds regarding the impact of international tourist arrivals
lagged one month and one year. The asymmetry effect for both GJR and EGARCH are
found to be significant, with the estimates for EGARCH suggesting Type 2 Asymmetry

associated with overbooking pressure on carrying capacity. Unlike the estimates for
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Spain, the short run persistence of shocks for Andalusia is very high and not
significantly different from unity for both GARCH and GJR. As the log-moment
condition is satisfied in both cases, he estimates are sensible and any inferences drawn

will be valid.

Table 13. Conditional Mean and Conditional Volatility Models for Andalusia

Model Al: y, = ¢0+ ¢] Vi1 + ¢2 Vi-i2+ &

Parameters GARCH GJR EGARCH
?, 25631 27891 28802
(12080) (12870) (5412)
1) 0.033* 0.046* 0.041
(0.028) (0.027) (0.020)
0, 0.958 0.945 0.950
(0.028) (0.027) (0.022)
@ 8.90E8 1.08E+9 16.380
(2.56E+8) (2.87E+8) (3.068)
GARCH/GJR a 0.983 1.252
(0.234) (0.369) N
GIR ¥ B -1.022 -
(0.453)
GARCH/GJR p 0.017* 0.007*
(0.051) (0.033) -
EGARCH « 1.020
- - (0.219)
EGARCH Y 0.320
- - (0.163)
EGARCH S 0.196%*
o - (0.142)
Diagnostics
Second moment 1.000 0.749 --
Log-moment -1.207 -1.756 --

Notes: See Table 10

The estimates for the Balearic Islands in Table 14 are reasonably similar to those
for Spain in that the asymmetric effects are not significant for GJR or EGARCH.
However the short run persistence of shocks for the GARCH model is significant at
0.534, which is far higher than for Spain and much lower than for Andalusia. However,

like the two previous sets of results, the log-moment condition is satisfied for both
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GARCH and GJR, so that the QMLE are consistent and asymptotically normal, and the

estimates are sensible.

Table 14. Conditional Mean and Conditional Volatility Models for Balearic Islands

Model Al: y,= @p+ @ Vi1 + @y, 12+ &

Parameters GARCH GJR EGARCH
?, 3712% 3740% 3690*
(10745) (11170) (7237)
o, 0.013* 0.013* 0.009%*
(0.019) (0.019) 0.014)
0, 0.993 0.993 0.996
(0.027) (0.027) (0.013)
w 2.08E+9 2.08E+9 31.379
(4.76E+8) (5.15E+8) (3.359)
GARCH/GJR « 0.534 0.538%
(0.237) (0.290) -
GIR ¥ B -0.009% 3
(0.463)
GARCH/GIR 0.123%* 0.122%
(0.104) (0.126) -
EGARCH ¢« 0.839
- N (0.154)
EGARCH ¥ 0.065*
N N 0.071)
EGARCH S -0.450
- - (0.148)
Diagnostics
Second moment 0.657 0.656 -
Log-moment -1.027 -1.029 --

Notes: See Table 10
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The conditional mean estimates for Model A1 for the Canary Islands in Table 15
are very similar to the four previous cases, except that the effect of the yearly lag is
much lower at between 0.805 and 0.883. As in the case of Spain and the Balearic
Islands, the asymmetric effects are not significant for GJR or EGARCH. The short run
persistence of shocks for GARCH is positive but not significant. Overall, the QMLE for

the Canaries do not seem to be particularly intuitive.

Table 15. Conditional Mean and Conditional Volatility Models for Canary Islands

Model Al: Y, = @p+ @1 Vi1 + @ Vi 12+ &

Parameters GARCH GJR EGARCH
P 97438 91976 76892
(39779) (30705) (30837)
1) 0.047* 0.085 0.024*
(0.041) (0.035) (0.039)
0, 0.836 0.805 0.883
(0.048) (0.038) (0.038)
@ 2.70E+9 2.79E+9 33.391
(6.24E+8) (4.92E+9) (3.953)
GARCH/GJR a 0.170% 0.263
(0.095) (0.106) N
GIR y B -0.149% 3
(0.130)
GARCH/GJR p -0.786 -0.852
(0.202) (0.117) -
EGARCH « 0.656
o - (0.223)
EGARCH ¥ 0.136%*
- - (0.130)
EGARCH g -0.606
o - (0.179)
Diagnostics
Second moment -0.616 -0.663 --
Log-moment NA NA --

Notes: See Table 10
NA denotes not available
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Both the conditional mean and conditional volatility estimates for Catalonia are
presented in Table 16. The impact of international tourist arrivals lagged one month and
one year are very similar to the previous four sets of results. As in the case of all
previous results except for Andalusia, the asymmetric effects of positive and negative
shocks are insignificant. The short run persistence of shocks for GARCH is positive and
similar to that of the Balearic Islands at 0.487. As both the second moment and log
moment conditions are satisfied, the estimates are sensible and standard statistical

analysis is valid.

Table 16. Conditional Mean and Conditional Volatility Models for Catalonia

Model Al: Y, = @p+ @1 Vi1 + @ Vi 12+ &

Parameters GARCH GJR EGARCH
[ 52727 56117 73132
(26634) (25909) (16065)
1) 0.053%* 0.052%* 0.016*
(0.030) (0.033) (0.017)
0, 0.955 0.954 0.975
(0.022) (0.024) (0.017)
@ 7.91E+9 7.53E+9 35.699
(2.26E+9) (2.20E+9) (1.853)
GARCH/GJR « 0.487 0.745
(0.147) (0.365) N
GJR ¥ 3 -0.396%* 3
(0.391)
GARCH/GIJR p 0.015% 0.011*
(0.157) (0.135) -
EGARCH ¢ __ B 0.982
(0.162)
EGARCH ¥ -0.030*
- N (0.103)
EGARCH S -0.576
- - 0.077)
Diagnostics
Second moment 0.502 0.559 --
Log-moment -1.957 -1.967 --

Notes:See Table 10.
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Estimates of the conditional mean and conditional volatility for Valencia are
presented in Table 17. A similar comment to the previous five sets of results applies to
the impact of international tourist arrivals lagged one month and one year. Although the
asymmetric effect in the GJR model is not significant the asymmetric effect for
EGARCH displays Type 3 Asymmetry, namely tourism saturation in the high season.
As the short and long run persistence for GARCH are not intuitive, even though the

QMLE are consistent and asymptotically normal, the EGARCH model is preferred.

Table 17. Conditional Mean and Conditional Volatility Models for Valencia

Model Al: v, = @p+ @ Vi + @y, .2+ &

Parameters GARCH GIR EGARCH
?, 29454.39 22178.93* 9640.96
(8995.98) (14888.56) (3480.85)
o, 0.011* 0.062* 0.140
(0.018) (0.032) (0.024)
0, 0.944 0.919 0.872
(0.026) (0.039) (0.022)
@ 1.02E+8 6.07E+8* 9.485
(7676109) (7.69E+8) (0.763)
GARCH/GJR « -0.101 -0.061
(0.008) (0.002) a
GIR ¥ __ -0.058* -
(0.147)
GARCH/GIR S 1.041 0.696*
(0.003) (0.463) N
EGARCH « -0.507
- - (0.103)
EGARCH ¥ 0.618
o - (0.089)
EGARCH f 0.566
o N (0.035)
Diagnostics
Second moment 0.940 0.606 --
Log-moment -0.129 NA --

Notes: See Table 10.
NA denotes not available
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As a summary of the results presented for the conditional variance applying
model 1, the estimates obtained from the aggregate tourist arrivals to Spain are different
from those obtained from each of the five main tourist regions. In particular, in the
GARCH model estimates the short run effect of the shocks (&) is not significant for the
aggregate sample, while it is significant for four of the five regions and with very
different values. These differences derive from alternative geographical aggregation are

also found in the EGARCH size effects.

Model A2

The next paragraphs present the results corresponding to the empirical analysis
of Model 2 for the five main tourist regions of Spain and the aggregate. The conditional
mean estimates for Spain in Table 18 suggest that the yearly international tourist
arrivals lagged one month in Model A2 do not have a significant effect on the yearly
change in monthly international tourist arrivals. The asymmetric effects for both GJR
and EGARCH are insignificant. The short run persistence of shocks for GARCH is
insignificant, so that the EGARCH model is preferred.
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Table 18. Conditional Mean and Conditional Volatility Models for Spain

Model A2: Ay, = @p+ GAn Yy + &

Parameters GARCH GJR EGARCH
?, 145071 171088 173409
(30285) (12173) (33004)
1) 0.121* -0.012%* 0.031*
(0.116) (0.086) (0.135)
w 7.24E+10 -2.01E+9* 31.906
(2.35E+10) (8.78E+9) (15.671)
GARCH/GJR « 0.279* 0.020
0.167) (0.001) -
GIR ¥y __ -0.054* i
(0.029)
GARCH/GIR S -0.294% 1.039
(0.281) (0.142) -
EGARCH ¢« 0.354%*
- N (0.191)
EGARCH Y} 0.002*
- N (0.137)
EGARCH S -0.292%
- - (0.629)
Diagnostics
Second moment -0.015 1.032 -
Log-moment NA NA --
Notes:

A7y, is the yearly difference in monthly international tourist arrivals.

Numbers in parentheses are standard errors.

(*) indicates the coefficient is not significant at the 5% level; otherwise, all estimates are significant at the
5% level.

NA denotes not available
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Table 19 presents the estimates for Model A2 for Andalusia. The yearly
international tourist arrivals lagged one month are significant at between 0.212 and
0.326. The asymmetric effects for both GJR and EGARCH are insignificant. The short
run persistence of shocks for GARCH is significant at 0.475. As the second moment
condition is satisfied, the QMLE are consistent and asymptotically normal, and any

inferences based on the estimates are valid.

Table 19. Conditional Mean and Conditional Volatility Models for Andalusia

Model A2: Ay, = @op+ QALY + &

Parameters GARCH GJR EGARCH
?, 20545 21378 20610
(7421) (5079) (3877)
1) 0.326 0.252 0.212
(0.140) (0.125) (0.080)
w 2.66E+9 1.41E+9 16.979
(1.00E+9) (2.93E+8) (2.963)
GARCH/GJR 0.475 0.906
(0.177) (0.273) N
GJR ¥ 3 -0.608* 3
(0.379)
GARCH/GIR f -0.162% -0.034
(0.219) (0.007) -
EGARCH « 1.119
- - (0.208)
EGARCH ¥ 0.213%
- - (0.154)
EGARCH p 0.166*
o - (0.138)
Diagnostics
Second moment 0.313 0.568 --
Log-moment NA NA --

Notes: See Table 16
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The estimates for the conditional mean and the conditional volatility for the
Balearic Islands are presented in Table 20. The results are very similar to those for
Andalusia in that the asymmetric effects are insignificant for both GJR and EGARCH.
However, the short run persistence of shocks for GARCH is significant at higher value
of 0.843. As the second moment and log-moment conditions are satisfied, the estimates

are sensible and inferences are valid.

Table 20. Conditional Mean and Conditional Volatility Models for Balearic Islands

Model A2: Ay, = @p+ QAR Y. + &

Parameters GARCH GJR EGARCH
?, 5355%* 6687* 6384*
(4099) (5457) (5390)
¢ 0.180% 0.185% 0.099%
0.117) (0.103) (0.093)
@ 2.16E+9 2.28E+9 30.028
(5.61E+8) (5.92E+8) (3.619)
GARCH/GJR o 0.843 1.021
(0.316) (0.480) -
GIR y __ -0.401% 3
(0.638)
GARCH/GJR g 0.002* -0.016%*
(0.091) (0.096) -
EGARCH ¢« 0.838
o - (0.154)
EGARCH ¥ 0.065*
o N (0.071)
EGARCH S -0.388
- N (0.160)
Diagnostics
Second moment 0.845 0.804 --
Log-moment -1.767 NA --

Notes: See Table 16

As in the case of the conditional mean and conditional volatility models for

Model 1 for the Canary Islands, the counterpart for Model 2 in Table 21 is slightly more
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intuitive. The asymmetric effects are insignificant for both GJR and EGARCH. The
short run persistence of shocks for GARCH is not significant. Overall, the EGARCH

model is preferred.

Table 21. Conditional Mean and Conditional Volatility Models for Canary Islands

Model A2: Ay, = Pop+ QALY + &

Parameters GARCH GIR EGARCH
?, 476.274% 2372%* 865.052*
(4071) (3331) (3219)
1) 0.471 0.426 0.444
(0.097) (0.078) (0.085)
w 2.55E+9 52693580 32.212
(6.12E+8) (23790687) (3.915)
GARCH/GJR « 0.093* -0.037
(0.078) (0.001) -
GIR ¥ B -0.007* -
(0.025)
GARCH/GIR p -0.801 1.011
(0.214) (0.011) N
EGARCH « 0.496
- N (0.220)
EGARCH 7 0.050*
- N (0.131)
EGARCH S -0.547
- N (0.184)
Diagnostics
Second moment -0.708 0.970 --
Log-moment NA NA --

Notes: See Table 16
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The estimates for Catalonia in Table 22 are quantitatively similar to those for
Andalusia in Table 19. The yearly international tourist arrivals lagged one month lie
between 0.073 and 0.245, but are not significant. The asymmetric effects for both GJR
and EGARCH are insignificant. The short run persistence of shocks for GARCH is
significant at 0.438. As the second moment condition is satisfied, the QMLE are

consistent and asymptotically normal, and the estimates are sensible.

Table 22. Conditional Mean and Conditional Volatility Models for Catalonia

Model A2: Ay, = @p+ QAR Y. + &

Parameters GARCH GJR EGARCH
?, 46636 51676 61461
(13612) (13176) (7062)
o, 0.222% 0.245* 0.073*
(0.157) (0.158) (0.093)
@ 9.57E+9 9.67E+9 36.034
(2.31E+9) (2.71E+9) (2.454)
GARCH/GJR « 0.438 0.660
(0.172) (0.283) -
GIR ¥ B -0.375% -
(0.302)
GARCH/GJR S -0.084* -0.115%
(0.181) (0.204) -
EGARCH ¢« 0.825
o - (0.146)
EGARCH y 0.001*
o - (0.067)
EGARCH S -0.589
- N (0.106)
Diagnostics
Second moment 0.354 0.227 --
Log-moment NA NA --

Notes: See Table 16.
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Finally, the estimates for Model 2 for Valencia are presented in Table 23. As in
the case of Spain, the Balearic Islands and Catalonia, the yearly international tourist
arrivals lagged one month are not significant for Valencia. The asymmetric effects for
both GJR and EGARCH are insignificant. Moreover, none of the estimates for
EGARCH is significant. As the second moment and log-moment conditions are
satisfied for GARCH and GJR, the estimates are sensible and any associated inferences

are valid.

Table 23. Conditional Mean and Conditional Volatility Models for Valencia

Model A2: Ay, = @p+ @Ay + &

Parameters GARCH GJR EGARCH
?, 15031.21 14630.92 15368.5
(3670.13) (3172.03) (3092.09)
1) -0.016%* -0.025%* -0.053*
(0.082) (0.072) (0.072)
w 60688240 98930692 18.091%*
(8475898) (7886501) (10.263)
GARCH/GJR « -0.064 -0.071
(0.001) (0.017) -
GJR ¥ a -0.027* 3
(0.020)
GARCH/GIR 1.026 1.023
(0.008) (0.019) N
EGARCH ¢« -0.319%
- N 0.277)
EGARCH ¥ 0.157*
- N (0.128)
EGARCH S 0.151%
- - (0.480)
Diagnostics
Second moment 0.963 0.938 -
Log-moment -0.064 -0.107

Notes: See Table 16

The general overview of the results presented for model 2 provide the same
conclusions that the one obtained from model 1, indicating the differences in the

estimated parameters obtained from the aggregate sample and for the regional samples.
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Hence it seems that the information of the different shocks affecting different regions

and its effect is partly lost in the aggregate figures.

4.6 Conclusion

As it is widely acknowledged that tourism is important economically, socially
and culturally, an analysis of international tourism demand across and within countries
is crucial for understanding its global and regional impact. Recent developments in the
availability of data have provided opportunities for applying analytical tools that were
originally designed for other disciplines. For purposes of a more detailed empirical

analysis, there are now sources that provide data at the weekly and monthly frequencies.

The Chapter has analyzed monthly international tourist arrivals to the five main
regions in Spain, which accounted for more than 84% of total international tourist
arrivals, from January 1997 to April 2007, giving a total of 126 observations for each of
the five regions, as well as for Spain. Given the distinct seasonal patterns in both
monthly international tourist arrivals and their associated volatilities, twelve month (that

is, yearly) differences in the monthly series were considered.

Univariate time series models are estimated for the conditional means of the
monthly international tourist arrivals and annual changes in tourist arrivals, as well as
their conditional volatilities, for the five main tourist regions, as well as for Spain. The
estimated conditional volatility models were GARCH(1,1), GJR(1,1) and
EGARCH(1,1). Both the second moment and log-moment conditions were calculated to
provide diagnostic checks of the estimated models. Four different types of asymmetries
relating to monthly international tourist arrivals were presented. Asymmetry type 3 was
found in Valencia, which can be interpreted as tourism saturation during the high
season, as positive shocks increase volatility or risk while negative shocks decrease it.
The stationarity of the time series data was tested using modified unit root tests. The

conditional mean estimates were generally statistically adequate, and the conditional
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volatility estimates were found to be meaningful, as well as consistent and

asymptotically normal, so that inferences were valid.

These time series models also permitted different levels of spatial aggregation in
order to shed light on the optimal political and regional size in the design of tourist
policies for efficient tourism risk management and marketing. As seen, the estimates for
the aggregated data for Spain provide different results than when data is disaggregated
into the different regions. The ultimate objective is to obtain precise information
regarding the degree of regional diversification of the tourism industry, which may help

to reduce the economic and financial risks for the country as a whole.
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Chapter 5. DAILY AIR PASSENGER ARRIVALS TO
THE BALEARIC ISLANDS

5.1 Introduction

This chapter analyzes daily air passenger arrivals between 2001 and 2006 to the
three international airports of the Balearic Islands. As data on daily tourist arrivals are
not available, total passenger arrivals data are used as a proxy to model international
tourism demand. Daily data provide more detailed information, so that estimation will
be more precise for purposes of modelling and forecasting international tourist arrivals.
Furthermore, daily data are very useful for purposes of modelling the conditional
variance of the time series when the assumption of constant variances is deemed to be

unreasonable.

Daily passenger arrivals data are obtained from the Spanish National Airport
Authority (AENA). As data on daily tourist arrivals are not available, total passenger
arrivals data are used as a proxy. Figure 14 shows the monthly international tourist
arrivals and monthly air passenger arrivals. As the correlation coefficient between these
two monthly series is 0.997, it is highly likely that daily passenger arrivals data would

be an accurate proxy for daily international tourist arrivals.
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Figure 14. International Tourist and Passenger Arrivals to the Balearic Islands
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5.2 An examination of daily data

The data set comprises daily passenger arrivals at the three international airports
in the Balearic Islands, namely Palma de Mallorca, Ibiza and Mahon, which are located
in the islands of Mallorca, Ibiza and Menorca, respectively, with data for the Balearics
being the aggregate of arrivals to the three islands. The data are daily, for the period 1
January 2001 to 31 December 2006, giving a total of 2,191 observations. The source of
data is the AENA (Aeropuertos Espaiioles y Navegacion Aérea), the Spanish National
Airport Authority.

The importance of using daily air passenger arrivals cannot be ignored. As
compared with the use of aggregated data, daily data provide more detailed information,
so that estimation will be more precise for purposes of modelling and forecasting
international tourist arrivals. Additionally, the findings will be useful for business

planning and resource management, such as staffing and stock arrangement (Song et al,
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2008) Furthermore, daily data are very useful for purposes of modelling the conditional
variance of the time series when the assumption of constant variances is deemed to be

unreasonable.
Figure 15 plots the daily air passenger arrivals for Mallorca, Menorca, Ibiza and
the Balearics. Figure 16 plots the volatility of daily air passenger arrivals, where

volatility is defined as the squared deviation from the sample mean.

Figure 15. Daily Passenger Arrivals
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Tourism seasonality is clear in all three islands, and there seems to be an
increasing number of arrivals during the winter months, especially for Mallorca.
However, in Menorca the number of passenger arrivals during the summer months
appears to be decreasing. Another common pattern found in the arrivals to the three
islands is how they decrease dramatically at the end of October. There is a single

observation in summer 2002, which is a consequence of the one-day general strike
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called by the Spanish trade unions in protest at the proposed changes to unemployment
benefits. This observation is clearly seen in the Palma de Mallorca sample, where
arrivals were kept to a legally prescribed minimum for all three islands. Clearly, this
affected Mallorca far more severely than it did to Ibiza or Menorca. There are peaks for
the Christmas holidays in Palma de Mallorca during the low season, which is hardly

noticeable in the other two islands.

Figure 16. Volatility of Passenger Arrivals
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Nevertheless, the behaviour of the volatility of arrivals appears to be very
similar between the islands, having higher volatility during the high season and lower

volatility during the low season.
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Figures 17 and 18 plot the weekly differences and the volatility, respectively, in
daily air passenger arrivals for the four samples. A closer analysis of Figures 15 and 16
shows a weekly pattern in the data. Consequently, the weekly difference in passenger

arrivals in Figure 17 and its volatility in Figure 18 seem to have eliminated the weekly

pattern.
Figure 17. Weekly Difference in Passenger Arrivals
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“BALW? is the Balearic weekly difference. “IBIW” is the Ibiza weekly difference.
“MAHW?” is the Mahon weekly difference. “PALW” is the Palma weekly difference
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Figure 18. Volatility of Weekly Difference in Passenger Arrivals
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Notes:

“VOLATILITYB” is the volatility of the Balearic weekly difference.“VOLATILITYI” is the volatility of
the Ibiza weekly difference. “VOLATILITYM” is the volatility of the Mahon weekly difference.
“VOLATILITYP” is the volatility of the Palma weekly difference.
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5.3 Descriptive statistics of the data

Table 24 gives the descriptive statistics of air passenger arrivals for the four
samples. Palma Airport receives the majority of passengers who visit the Balearics. The
third and fourth standardized moments about the mean, skewness and kurtosis,
respectively, are also presented. Skewness (],t3/cs3) i1s a measure of asymmetry of the
distribution of the series around its mean. Kurtosis (u4/04) is a measure of peakedness,
such that higher kurtosis means more of the variability is due to infrequent extreme
deviations. The kurtosis of the normal distribution is 3. If the kurtosis exceeds 3, the
distribution is peaked (leptokurtic) relative to the normal; if the kurtosis is less than 3,

the distribution is flat (platykurtic) relative to the normal.

Table 24. Descriptive Statistics of Air Passenger Arrivals

Statistics Palma Ibiza Mahon  Balearics
Mean 27,297 5,746 3,640 36,683
Median 24,588 2,898 1,593 30,807
Maximum 76,272 23,816 16,437 10,6250
Minimum 3,003 508 283 3794
Std. Dev. 15,976 5,525 3,593 23,980
Skewness 0.86 1.23 1.32 0.88
Kurtosis 3.17 3.61 3.94 2.87
J-B 273.46 590.10 721.53 282.27
Prob. 0.00 0.00 0.00 0.00

The Jarque-Bera Lagrange multiplier test examines whether the series are
normally distributed. The test statistic measures the difference in the skewness and
kurtosis of the empirical series from those under the normal distribution. Under the null
hypothesis of normality, the Jarque-Bera test statistic is distributed as chi-squared with

2 degrees of freedom. The reported “Prob.” is the probability that a Jarque-Bera statistic
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exceeds (in absolute value) the observed value under the null hypothesis. All four

samples are found to be not normally distributed.

Table 25 gives the descriptive statistics of the weekly difference in air passenger
arrivals for the four samples. The median is considerably greater than the mean in all
four data sets. The distribution of air passenger arrivals is negatively skewed for Palma
and the Balearics, but is positively skewed for Ibiza and Mahon. The Jarque-Bera

Lagrange multiplier test of normality suggests that all four samples are not normally

distributed.

Table 25. Descriptive Statistics of Weekly Difference of Air Passenger Arrivals

Statistics Palma Ibiza Mahon  Balearics
Mean 9.37 1.58 0.69 11.63
Median 253.0 32.5 17.0 380.5
Maximum | 19195 7673 8153 27435
Minimum | -26446 -6303 -8118 -32234
Std. Dev. 3671 1153 888 5115
Skewness -0.52 0.15 0.276 -0.41
Kurtosis 8.24 8.99 25.05 7.55
J-B 2597.0 3276.3 44275.1 1945.7
Prob. 0.00 0.00 0.00 0.00

5.4 Unit root rests

Following the same methodoly described in section 4.4, the modified unit root
tests, denoted as MADF®™® and MPP®", have been applied to the time series data. In
essence, these tests use GLS de-trended data and the modified Akaike information

criterion (MAIC) to select the optimal truncation lag.

71



Risk Management for International Tourism Arrivals

The results of the unit root tests are reported in Tables 26, 27, 28 and 29. The

existence of a zero frequency unit root is tested for daily passenger arrivals and for the

weekly difference for the sum of Balearic Islands and for the different islands of Ibibza,

Menorca and Mallorca.

Table 26. Unit Root Tests for the Balearic Islands

Variables MADF™ MPP©® Lags Z
Vi -2.984%% -17.118% 22 (1,0

Vi 22,138 -8.933% 22 (1)
A7y, -5.853 -48.393 % 24 (1,1)
A7y, -5.118% -36.038% 19 (1)

Notes:
Y, denotes passenger arrivals to the Balearic Islands.
(1,t) and (1) denote the presence of an intercept and trend, and intercept, respectively.

(*¥**), (**) and (*) denote the null hypothesis of a unit root is rejected at the 1%, 5% and 10% significance levels
respectively.

Critical Values

o MADEF % MPPS®
7Z=(1,1) Z=(1) Z=(1,1) Z=(1)
1 -3.480 -2.566 -23.80 -13.80
5 -2.890 -1.941 -17.30 -8.10
10 -2.570 -1.617 -14.20 -5.70
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Table 27. Unit Root Tests for Ibiza

Variables MADF® MPp Lags z
Vi -3.345% -21.542% 22 (1,0)

N 22,608 -13.083%* 22 (1)
A7 Y, -4 882k 31,751 22 (1,0)
A7y, -3.514% -16.940% 20 (1)

Notes:

Y, denotes passenger arrivals to Ibiza.

(1,t) and (1) denote the presence of an intercept and trend, and intercept, respectively.

(¥**), (**) and (*) denote the null hypothesis of a unit root is rejected at the 1%, 5% and 10% significance levels
respectively.

Critical values are given in the notes of table 4.

Table 28. Unit Root Tests for Menorca

Variables MADF MPpP Lags z
Vi -2.988% -15.232% 25 (1,0)

Vi -2.396% -10.076%* 25 (1)
A7y, 25,7235 -36.926% % 25 (1,0)
A7y, -4.865%% 2252195 25 (1)

Notes:

Y, denotes passenger arrivals to Menorca.

(1,t) and (1) denote the presence of an intercept and trend, and intercept, respectively.

(*¥*%), (**) and (*) denote the null hypothesis of a unit root is rejected at the 1%, 5% and 10% significance
levels respectively.

Critical values are given in the notes of table 4.
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Table 29. Unit Root Tests for Mallorca

Variables MADF“- MPP“H Lags Z
Vi -2.827* -14.215% 20 (1)
Vi -1.938* -7.135% 20 (1)
A7 Y -6.252% -53.907#% 20 (1,t)
A7 y: -5.830% -44 648 20 (1)
Notes:

Y, denotes passenger arrivals to Mallorca.

(1,t) and (1) denote the presence of an intercept and trend, and intercept, respectively.

(*¥*%), (**) and (*) denote the null hypothesis of a unit root is rejected at the 1%, 5% and 10%
significance levels respectively.

Critical values are given in the notes of table 4.

In Tables 26-29, the lags are all in the order of 20 to 25 days, which is roughly
three weeks of daily data. In Table 24 for the Balearics, the existence of a unit root is
rejected by both tests and for both passenger arrivals and the weekly difference in
passenger arrivals, regardless of whether both tests have an intercept only or both an
intercept and deterministic trend. The results are virtually identical, both quantitatively

and qualitatively, for Ibiza, Menorca and Mallorca in Tables 27-29, respectively.

In short, the variable that is of primary interest for tourism management and
marketing, namely passenger arrivals, is found to be stationary for each of the three
major islands, as well as the Balearics. It follows, therefore, that the weekly difference
is also stationary. However, as the weekly differences exhibit a different pattern from
the passenger arrivals series, models for both series will be estimated, as well as their

respective volatilities.
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5.5 Estimated models

The following models are used to estimate passenger arrivals (Models B1 and
B3) and the weekly differences in passenger arrivals (Models B2 and B4), as well as
their respective volatilities using GARCH(1,1), GJR(1,1) and EGARCH(1,1):

Model Bl:y, = @p+ @1 yei + @y, 7+ &

Model B2: A;y: = @o+ @1 A7y, + &

Model B3: Y, = @p+ G10uyis + G:20n Y7+ G50 Vi1 + Q1O Vi1 + &
Model B4: A;y, = @o+ G1OuwA; Y1 + $O0.A; Y7 + &

where the dummy variables ¢y and ¢ distinguish between the high and low tourist

seasons in all four data sets, and are defined as follows:

Oy =1 (0, =0) for the high tourist season, 1 April to 31 October;

Oy =0 (0.=1) for the low tourist season, 1 November to 31 March.

Model B1 explains daily passenger arrivals to one destination as depending on
passenger arrivals lagged 1 and 7 days, while Model B3 distinguishes between the high
and low seasons in terms of explaining daily passenger arrivals. Model B2 explains the
weekly differences in passenger arrivals as an autoregressive process of order 1, and
Model B4 explains the change in weekly passenger arrivals as a restricted

autoregressive process of order 7.

Models B3 and B4 enable an investigation of the differences between the high
and low tourist seasons in terms of analyzing daily passenger arrivals and their weekly
differences. In addition to the issue of aggregation across the three islands to obtain total
passenger arrivals for the Balearic Islands, an examination of passenger arrival patterns
across the high and low seasons, as well as their associated volatilities, will be able to

provide more useful information for purposes of tourism management and marketing.
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Model B1

The conditional means and conditional volatilities of passenger arrivals to the
Balearic Islands, Ibiza, Menorca and Mallorca are given for Model B1 in Tables 28-31,
respectively. In each table, the estimates are given for the conditional mean that are
estimated simultaneously with the estimates of the corresponding conditional volatility
model. The second moment and log-moment conditions are also given for the GARCH
and GJR models. The maximized log likelihood values are also given for three models
for each of the four data sets. These will be used for purposes of the likelihood ratio
tests of the constancy of the coefficients in the high and low seasons, to be discussed in

Table 44.

It is striking that the results in Tables 28-31 are qualitatively very similar. The
estimates of the conditional means are numerically and statistically adequate, with ¢, in
all cases being numerically small but statistically significant, the estimates for Ibiza
being the largest in the range (0.065, 0.069), and the estimates of ¢ being in excess of
0.933 in all cases.

The estimates of the conditional volatilities in each case are also numerically and
statistically adequate. It is clear that the assumption of a constant variance is untenable
as compared with time-varying volatility. In Table 28 for the Balearic Islands, the
second moment condition for GARCH(1,1) is not satisfied but the log-moment
condition is satisfied, so that the QMLE are consistent and asymptotically normal, and
can hence be used to draw valid inferences. As compared with standard financial
econometric models, the short run persistence of shocks, a, is quite large at 0.6, whereas
the contribution of lagged conditional volatility, £, is relatively small at around 0.42.
Similar comments also apply to the GJR(1,1) model, where the asymmetry coefficient,
v, is zero, so that there is no asymmetric effect of positive and negative shocks of equal
magnitude on volatility. The EGARCH(1,1) estimates also suggest symmetry between
negative and positive shocks of equal magnitude as the estimate of y is also not
statistically significant. Overall the GARCH(1,1) and EGARCH(1,1,) are statistically

and numerically sound.
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Table 30. Conditional Mean and Conditional Volatility Models for the Balearic
Islands

ModelBl:y, = ¢0+ ¢1y,-1 + ¢2yt-7+ &

Parameters GARCH GJR EGARCH
&, 453315 457.885 648.341
(108.568) (114.765) (77.049)
) 0.033 0.034 0.029
(0.004) (0.004) (0.005)
9, 0.965 0.965 0.964
(0.004) (0.004) (0.005)
w 1893301 1884235 2777
(160514) (162717) (0.362)
GARCH/GJR « 0.607 0.615
(0.032) (0.038) N
GIR ¥ - -0.015* -
(0.056)
GARCH/GIR S 0.423 0.424
(0.015) (0.016) -
EGARCH « 0.913
N N (0.065)
EGARCH 7 0.002*
N N (0.036)
EGARCH S 0.789
- - (0.023)
Diagnostics
Second moment 1.030 1.032 --
Log-moment -0.236 -0.235 --
Log likelihood -21123.80 -21123.77 -21114.61
Notes:

Y is the number of passenger arrivals to the Balearic Islands.

Numbers in parentheses are standard errors.

(*) indicates the coefficient is not significant at the 5% level; otherwise, all estimates are significant at the 5%
level.

Tables 29-31 give the estimates for Model B1 for Ibiza, Menorca and Mallorca,
respectively. Overall, the results in these three tables are qualitatively similar to those in
Table 28 for the Balearics. In particular, the results for the conditional mean are quite
similar for all three islands and the Balearics. The conditional volatility estimates are
also reasonably similar for all three islands. The asymmetry coefficients in both GJR
and EGARCH are insignificant in all cases, such that the effects on volatility of positive

and negative shocks of similar magnitude are symmetric. The effect of lagged volatility,
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B, for all three islands is considerably larger than for the Balearics, while the short run
persistence of shocks for Mallorca is considerably lower than the counterparts for the
Balearics. In spite of the second moment condition not being satisfied for GARCH or
GJR for any of the three islands, the log-moment condition is satisfied in all cases.
Therefore, the QMLE are consistent and asymptotically normal, and inferences are

valid.

Table 31. Conditional Mean and Conditional Volatility Models for Ibiza

Model Bl: y, = @p+ @1 Vi1 + @V, 7+ &

Parameters GARCH GJR EGARCH
?, -6.459* 3.450%* 10.073*
(8.507) (7.887) (7.797)
@, 0.069 0.069 0.065
(0.009) (0.009) (0.009)
o, 0.943 0.943 0.938
(0.009) (0.009) (0.010)
2 5609.17 4881.85 0.132%*
(1687.87) (1553.8) (0.101)
GARCH/GJR « 0.584 0.687
(0.096) (0.145) N
GJR ¥ B -0.215% 3
(0.118)
GARCH/GIR S 0.621 0.628
(0.031) (0.029) N
EGARCH « 0.741
N N (0.072)
EGARCH 7y 0.064*
N N (0.036)
EGARCH 2 0.950
N N (0.009)
Diagnostics
Second moment 1.205 1.207 -
Log-moment -0.040 -0.036 --
Log likelihood -17509.12 -17500.62 -17485.24
Notes:

Y is the number of passenger arrivals to Ibiza.

Numbers in parentheses are standard errors.

(*) indicates the coefficient is not significant at the 5% level; otherwise, all estimates are significant at the
5% level.
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Table 32. Conditional Mean and Conditional Volatility Models for Menorca

Model Bl: y, = @p+ @1y, + @y, 7+ &,

Parameters GARCH GJR EGARCH
?, 49.363 38.530 9.816*
(12.696) (8.982) (8.959)
1) 0.019 0.044 0.054
(0.007) (0.015) (0.016)
0, 0.935 0.933 0.960
(0.014) (0.018) (0.010)
w 3901.36 3439.42% 0.217*
(1982.45) (1851.82) (0.123)
GARCH/GJR o 0.565 0.623
(0.100) (0.093) o
GIR y - -0.201* -
(0.128)
GARCH/GIR p 0.658 0.682
(0.047) (0.048) -
EGARCH « 0.668
N N (0.049)
EGARCH 7 0.032*
N N (0.043)
EGARCH f 0.948
- - (0.010)
Diagnostics
Second moment 1.223 1.204 -
Log-moment -0.041 -0.036 -
Log likelihood -16971.17 -16963.09 -16948.19
Notes:

Y is the number of passenger arrivals to Menorca.

Numbers in parentheses are standard errors.

(*) indicates the coefficient is not significant at the 5% level; otherwise, all estimates are significant at the

5% level
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Table 33. Conditional Mean and Conditional Volatility Models for Mallorca

MOdClBliy, = ¢0+ ¢1y,_1 + ¢2yt-7+ &

Parameters GARCH GJR EGARCH
?, 347.610 351.747 395.08
(93.669) (102.472) (73.38)
) 0.026 0.026 0.024
(0.004) (0.004) (0.005)
0, 0.970 0.970 0.970
(0.004) (0.004) (0.005)
w 847635.2 822707.9 1.406
(83926.5) (87087.9) (0.428)
GARCH/GJR « 0.426 0.446
(0.027) (0.031) -
GJR ¥ 3 -0.037+* 3
(0.040)
GARCH/GIR S 0.579 0.582
(0.013) (0.014) N
EGARCH ¢« 0.632
N - (0.063)
EGARCH 7 0.005*
N - (0.029)
EGARCH S 0.882
- - (0.029)
Diagnostics
Second moment 1.005 1.009 -
Log-moment -0.151 -0.146 --
Log likelihood -20562.94 -20562.63 -20564.95
Notes:

Y is the number of passenger arrivals to Mallorca.
Numbers in parentheses are standard errors.

(*) indicates the coefficient is not significant at the 5% level; otherwise, all estimates are significant at the
5% level.
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Model B2

The conditional means and conditional volatilities of the weekly change in
passenger arrivals to the Balearic Islands, Ibiza, Menorca and Mallorca are given for
Model B2 in Tables 32-35, respectively. In Table 32 for the Balearic Islands, the effect
of the lagged weekly change in passenger arrivals is highly significant at around 0.72,
whereas the effects are much lower at around 0.6, 0.57 and 0.62 for Ibiza, Menorca and
Mallorca in Tables 33-35, respectively. For the conditional volatility models, the
estimated asymmetric effect, y, is significant for the Balearic Islands, but not for Ibiza,
Menorca or Mallorca, such that GJR is preferred to GARCH in only one of four cases.
However, the asymmetry coefficient is insignificant in all four cases for the EGARCH
model. The second moment condition is satisfied for the Balearic Islands and Mallorca,
but the log-moment condition is satisfied in all four cases. Therefore, the QMLE are

consistent and asymptotically normal, and inferences are valid.
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Table 34. Conditional Mean and Conditional Volatility Models for the Balearic

Islands
Model B2: A;y, = @p+ @ A7y, + &
Parameters GARCH GJR EGARCH
9 76.315% 99.97* 120.016
(52.264) (58.26) (55.471)
1) 0.719 0.720 0.718
(0.016) (0.016) (0.020)
w 865607.1 847195.9 1.355
(52528.4) (58519.65) (0.545)
GARCH/GIJR & 0.325 0.357
(0.016) (0.020) B
GJR ¥ 3 -0.063 3
(0.032)
GARCH/GJR f 0.663 0.667
0.011) (0.013) o
EGARCH « 0.513
- - (0.068)
EGARCH ¥ 0.032*
- - (0.048)
EGARCH B 0.893
- N (0.035)
Diagnostics
Second moment 0.989 0.992 --
Log-moment -0.131 -0.127 --
Log likelihood -20667.22 -20666.22 -20665.16
Notes:

Y is the number of passenger arrivals to the Balearic Islands.
Numbers in parentheses are standard errors.
(*) indicates the coefficient is not significant at the 5% level; otherwise, all estimates are significant at the 5%

level.
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Table 35. Conditional Mean and Conditional Volatility Models for Ibiza

Model B2: A, v, = @p+ @1 A7y, + &

Parameters GARCH GJR EGARCH
P 2.277* 16.117* 17.333%*
(11.490) (8.402) (8.422)
) 0.588 0.592 0.609
(0.025) 0.027) (0.025)
@ 3980.83 3088.4 -0.026
(1323.60) (1149.9) (0.063)
GARCH/GJR « 0.442 0.540
(0.089) (0.153) a
GIR y B -0.249* _
(0.158)
GARCH/GJR S 0.706 0.724 3
(0.029) (0.026)
EGARCH « 0.419
- - (0.025)
EGARCH ¥ 0.067*
- - (0.034)
EGARCH S 0.979
- - (0.005)
Diagnostics
Second moment 1.148 1.140 -
Log-moment -0.028 -0.023 --
Log likelihood -17256.36 -17240.90 -17232.11
Notes:

Y is the number of passenger arrivals to Ibiza.
Numbers in parentheses are standard errors.

(*) indicates the coefficient is not significant at the 5% level; otherwise, all estimates are significant at the
5% level.

83



Risk Management for International Tourism Arrivals

Table 36. Conditional Mean and Conditional Volatility Models for Menorca

Model B2: Ay, = ¢0 + ¢1 A7yt-] + &

Parameters GARCH GJR EGARCH
9 6.668* 10.544 12.98
(7.511) (6.867) (6.317)
&, 0.567 0.569 0.581
(0.045) (0.043) (0.050)
w 3609.47 3355.35 0.135%
(1500.46) (1465.31) (0.110)
GARCH/GJR « 0.632 0.719
(0.066) (0.093) N
GIR ¥y B -0.181* .
(0.171)
GARCH/GIR S 0.655 0.658
(0.024) (0.025) -
EGARCH « 0.590
N - (0.045)
EGARCH Y} 0.061*
N - (0.049)
EGARCH S 0.959
- - (0.009)
Diagnostics
Second moment 1.286 1.287 -
Log-moment -0.040 -0.038 --
Log likelihood -16807.55 -16804.78 -16781.85
Notes:

Y is the number of passenger arrivals to Menorca.

Numbers in parentheses are standard errors.

(*) indicates the coefficient is not significant at the 5% level; otherwise, all estimates are significant at the
5% level.
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Table 37. Conditional Mean and Conditional Volatility Models for Mallorca

Model B2: Ay, = ¢0 + ¢1 A7yt-] + &

Parameters GARCH GJR EGARCH
P 54.11% 54.073* 45.844
(38.50) (49.203) (58.130)
1) 0.628 0.628 0.616
(0.014) (0.015) (0.028)
w 588188.8 588119.1 1.083
(37279.4) (41991.4) (0.468)
GARCH/GIR « 0.295 0.294
(0.020) (0.023) N
GIR ¥ - 0.000* -
(0.029)
GARCH/GIR S 0.688 0.687
(0.015) (0.016) -
EGARCH « 0.458
N - (0.044)
EGARCH Y} 0.008*
N - (0.047)
EGARCH S 0911
- - (0.031)
Diagnostics
Second moment 0.982 0.982 -
Log-moment -0.129 -0.129 --
Log likelihood -20212.37 -20212.37 -20205.71
Notes:

Y is the number of passenger arrivals to Mallorca.

Numbers in parentheses are standard errors.

(*) indicates the coefficient is not significant at the 5% level; otherwise, all estimates are significant at the
5% level.
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Model B3

Tables 36-39 give the conditional means and conditional volatilities of the daily
passenger arrivals to the Balearic Islands, Ibiza, Menorca and Mallorca, respectively,
for Model B3. The results are qualitatively similar for all four data sets. The differences
between the high and low seasons are significant for all four data sets and all three
models, particularly for Ibiza and Menorca. It is striking that the effect of lagged weekly
passenger arrivals is much lower for Ibiza and Menorca in the low season as compared
with the high season, whereas this is not the case for Mallorca and the Balearic Islands.
The asymmetry coefficient is insignificant for GJR and EGARCH, so that positive and
negative shocks of equal magnitude have a similar effect on volatility. The short run
persistence of shocks for the GARCH model are 0.614, 0.612, 0.683, and a considerably
lower 0.428 for the Balearics, Ibiza, Menorca and Mallorca, respectively. In spite of the
second moment condition not being satisfied for GARCH or GJR for any of the four
data sets, the log-moment condition is satisfied in all cases. Therefore, the QMLE are

consistent and asymptotically normal, and inferences are valid.
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Table 38. Conditional Mean and Conditional Volatility Models for the Balearic
Islands

Model B3: y, = @ + ¢15H)’z-1 + ¢25H}7t-7 + ¢35L)7r-1 + ¢45L}7z-1 + &

Parameters GARCH GJR EGARCH
P, 338.097 341.78* 419.08
(163.42) (183.48) (201.67)
) 0.039 0.038 0.038
(0.005) (0.005) (0.006)
9, 0.961 0.961 0.958
(0.005) (0.005) (0.006)
9, 0.022: 0.022* 0.014*
0.014) 0.014) (0.009)
@, 0.987 0.987 0.999
(0.012) (0.013) (0.009)
w 1840217 1830796 2.798
(157984) (159205) (0.342)
GARCH/GIR &« 0.614 0.623
(0.033) (0.040) N
GIR ¥ B -0.016% -
(0.061)
GARCH/GJR S 0.424 0.425
(0.016) (0.017) -
EGARCH « 0.931
- - (0.063)
EGARCH 7y 0.001%*
- - (0.035)
EGARCH 2 0.787
- - (0.022)
Diagnostics
Second moment 1.038 1.039 --
Log-moment -0.232 -0.231 --
Log likelihood -21121.42 -21121.38 -21107.24
Notes:

Y is the number of passenger arrivals to the Balearic Islands.

Numbers in parentheses are standard errors.

(*) indicates the coefficient is not significant at the 5% level; otherwise, all estimates are significant at the
5% level.
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Table 39. Conditional Mean and Conditional Volatility Models for Ibiza

Model B3: y, = @ + ¢15H)’r-1 + ¢25H)’z-7 + ¢35Lyt-1 + ¢45L)’z-1 + &

Parameters GARCH GJR EGARCH
P 30.12% 25.986% -7.852%
(48.54) (52.119) (53.585)
1) 0.049 0.047 0.053
0.011) 0.011) 0.011)
9, 0.967 0.967 0.949
0.011) (0.010) 0.012)
0, 0.176 0.178 0.177
(0.023) (0.024) (0.023)
o, 0.808 0.814 0.834
(0.024) (0.026) (0.028)
w 5507.47 4820.05 0.101*
(1696.98) (1594.94) (0.092)
GARCH/GIR & 0.612 0.723
(0.097) (0.145) -
GIR 7 B -0.219% -
(0.115)
GARCH/GIR S 0.609 0.614
(0.028) (0.030) -
EGARCH « 0.751
- - (0.074)
EGARCH ¥ 0.058%*
- - (0.037)
EGARCH S 0.951
- a (0.008)
Diagnostics
Second moment 1.221 1.227 -
Log-moment -0.039 -0.035 --
Log likelihood -17483.46 -17475.84 -17470.45
Notes:

Y is the number of passenger arrivals Ibiza.

Numbers in parentheses are standard errors.

(*) indicates the coefficient is not significant at the 5% level; otherwise, all estimates are significant at the
5% level.
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Table 40. Conditional Mean and Conditional Volatility Models for Menorca

Model B3: y, = @y + ¢15H)7z-1 + ¢25Hyt.7 + ¢35L)’z-1 + ¢45Lyt-1 + &

Parameters GARCH GJR EGARCH
P, 321.24 313.82 263.17
(50.82) (48.757) (39.26)
&, 0.010%* 0.010%* 0.019
(0.008) (0.008) (0.009)
9, 0.974 0.974 0.971
(0.007) (0.008) (0.009)
9, 0.066* 0.065%* 0.117
(0.037) (0.036) (0.031)
o, 0.606 0.607 0.607
(0.031) (0.031) (0.029)
w 2759.93 2717.0 0.085%*
(1004.44) (987.9) (0.089)
GARCH/GIR & 0.683 0.703
(0.083) (0.101) N
GIR 7 B -0.039% -
(0.130)
GARCH/GJR f 0.608 0.608
(0.021) (0.021) -
EGARCH « 0.731
- - (0.053)
EGARCH Yy 0.006%*
- - (0.043)
EGARCH §S 0.953
- - (0.007)
Diagnostics
Second moment 1.290 1.292 -
Log-moment -0.034 -0.033 --
Log likelihood -16855.85 -16855.65 -16836.10
Notes:

Y is the number of passenger arrivals to Menorca.

Numbers in parentheses are standard errors.

(*) indicates the coefficient is not significant at the 5% level; otherwise, all estimates are significant at the
5% level.
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Table 41. Conditional Mean and Conditional Volatility Models for Mallorca

Model B3: y, = @ + ¢15H)’z-1 + ¢25H}7t-7 + ¢35L)’r-1 + ¢45L}7z-1 + &

Parameters GARCH GJR EGARCH
P, -63.040* -64.522* 119.71%*
(139.46) (165.45) (198.43)
) 0.033 0.032 0.030
(0.004) (0.005) (0.006)
9, 0.971 0.971 0.970
(0.005) (0.005) (0.006)
9, 0.034 0.034 0.026
0.012) 0.012) (0.010)
@, 0.999 1.000 0.999
0.011) 0.011) 0.011)
w 768923.6 738865.1 1.284
(80740.1) (80616.6) (0.415)
GARCH/GIR &« 0.428 0.455
(0.026) (0.033) -
GIR ¥ B -0.050% -
(0.042)
GARCH/GIR p 0.587 0.590
(0.014) (0.014) -
EGARCH « 0.641
- - (0.067)
EGARCH 7y 0.012*
- - (0.030)
EGARCH S 0.890
- N (0.028)
Diagnostics
Second moment 1.015 1.020 -
Log-moment -0.139 -0.134 --
Log likelihood -20558.33 -20557.74 -20560.25
Notes:

Y is the number of passenger arrivals to Mallorca.

Numbers in parentheses are standard errors.

(*) indicates the coefficient is not significant at the 5% level; otherwise, all estimates are significant at the
5% level.
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Model B4

The conditional means and conditional volatilities of the weekly change in
passenger arrivals to the Balearic Islands, Ibiza, Menorca and Mallorca are given for
Model B4 in Tables 40-43, respectively. For the conditional mean of the weekly change
in passenger arrivals, there is a clear difference between the effect of the lagged change
in weekly passenger arrivals between the high and low tourist seasons, with the high
season effect being much greater than its low season counterpart, especially for Ibiza
and Menorca. For the conditional volatility models, the asymmetric effect is significant
for EGARCH for Ibiza and Menorca, but not for the Balearic Islands and Mallorca.
Moreover, the asymmetry coefficient is significant for GJR for the Balearics, Ibiza and
Menorca, but not Mallorca. It is striking that the asymmetric effects of positive and
negative shocks of equal magnitude on volatility are significant for both GJR and
EGARCH for Ibiza and Menorca. Although the second moment condition is not
satisfied for Ibiza or Menorca, the log-moment condition is satisfied in all four cases.
Therefore, the QMLE are consistent and asymptotically normal, and inferences are

valid.

For purposes of analyzing whether asymmetry in the EGARCH model is of
Type 1, 2, 3 or 4, it is necessary to check that the asymmetry coefficient, y, is different
from zero. The estimates of y for EGARCH in Models B1, B2 and B3 are not
statistically significant in any of the four data sets. However, the asymmetry coefficient
is positive and statistically significant in Model B4 for Ibiza and Menorca (see Tables
41 and 42, respectively). Moreover, the estimates of the size effect, a, are positive and
significant, and much greater than the corresponding estimates of yp. Therefore, the
volatility for Ibiza and Menorca exhibit Type 2 Asymmetry, namely overbooking

pressure on carrying capacity.
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Table 42. Conditional Mean and Conditional Volatility Models for the Balearic

Islands
MOdCl B4: A7yl = ¢0 + ¢] 5H A7yl-] + ¢2§LA7y[_7 + 8[
Parameters GARCH GJR EGARCH
?, 87.68* 123.036 185.51
(52.59) (57.553) (53.18)
1) 0.784 0.791 0.795
(0.017) (0.016) (0.025)
0, 0.560 0.556 0.567
(0.046) (0.045) (0.031)
w 852491.3 818845.7 1.252
(52506.5) (58495.9) (0.538)
GARCH/GJR o 0.300 0.348
(0.016) (0.020) N
GIR y __ -0.095 .
(0.030)
GARCH/GJR p 0.679 0.684
(0.012) (0.014) -
EGARCH « 0.486
N - (0.066)
EGARCH ¥ 0.050*
N - (0.049)
EGARCH g 0.901
- - (0.035)
Diagnostics
Second moment 0.979 0.984 --
Log-moment -0.128 -0.123 --
Log likelihood -20651.73 -20649.41 -20651.31
Notes:

Y is the number of passenger arrivals to the Balearic Islands.

Numbers in parentheses are standard errors.

(*) indicates the coefficient is not significant at the 5% level; otherwise, all estimates are significant at the 5%
level.
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Table 43. Conditional Mean and Conditional Volatility Models for Ibiza

Model B4: A7yt = ¢0 + ¢15H A7y,.1 + ¢25LA7%_7 + &

Parameters GARCH GJR EGARCH
8 0.769% 18.15 30.214
(10.867) (7.778) (7.310)
1) 0.688 0.721 0.737
(0.032) (0.034) (0.034)
0, 0.418 0.397 0.381
(0.035) (0.035) (0.034)
@ 3794.4 2590.82 -0.030%*
(1240.22) (1010.17) (0.069)
GARCH/GJR « 0.430 0.542
(0.080) (0.132) N
GIR y B -0.317 3
(0.159)
GARCH/GJR g 0.710 0.743
(0.026) (0.018) N
EGARCH «o 0.417
- - (0.028)
EGARCH ¥ 0.109
- - (0.043)
EGARCH 2 0.980
N - (0.005)
Diagnostics
Second moment 1.141 1.126 --
Log-moment -0.028 -0.020 --
Log likelihood -17235.92 -17212.12 -17200.87
Notes:

Y is the number of passenger arrivals to Ibiza.

Numbers in parentheses are standard errors.

(*) indicates the coefficient is not significant at the 5% level; otherwise, all estimates are significant at the
5% level.
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Table 44. Conditional Mean and Conditional Volatility Models for Menorca

Model B4: A7yt = ¢0 + ¢15H A7y,.1 + ¢25LA7%_7 + &

Parameters GARCH GJR EGARCH
?, 5.769* 12.014 18.504
(6.569) (5.873) (5.084)
) 0.724 0.740 0.755
(0.050) (0.052) (0.054)
0, 0.382 0.373 0.391
(0.034) (0.034) (0.036)
w 3584.42 3173.85 0.160*
(1396.91) (1302.53) (0.118)
GARCH/GJR « 0.651 0.825
(0.063) (0.097) -
GIR y B -0.350 B
(0.149)
GARCH/GIR S 0.639 0.644
(0.023) (0.025) -
EGARCH « 0.619
N - (0.045)
EGARCH ¥ 0.103
N - (0.042)
EGARCH g 0.955
N o (0.010)
Diagnostics
Second moment 1.289 1.294 -
Log-moment -0.042 -0.038 --
Log likelihood -16783.43 -16776.54 -16755.24
Notes:

Y is the number of passenger arrivals to Menorca.
Numbers in parentheses are standard errors.

(*) indicates the coefficient is not significant at the 5% level; otherwise, all estimates are significant at the
5% level.

94



Risk Management for International Tourism Arrivals

Table 45. Conditional Mean and Conditional Volatility Models for Mallorca

Model B4: A;y, = @p+ @0u N,V + @O N V,.7 + &,

Parameters GARCH GJR EGARCH
P 62.871%* 60.142%* 50.562%
(39.180) (49.873) (61.832)
1) 0.665 0.666 0.636
(0.015) (0.016) (0.040)
0, 0.555 0.556 0.576
(0.043) (0.043) (0.035)
w 587291.0 590619 1.084
(37214) (42164) (0.478)
GARCH/GIR « 0.278 0.272
(0.020) (0.022) -
GJR ¥ 3 0.010% 3
(0.028)
GARCH/GIR S 0.698 0.698
(0.015) (0.017) N
EGARCH « 0.449
- - (0.043)
EGARCH ¥ 0.008%
- - (0.048)
EGARCH 2 0911
N o (0.031)
Diagnostics
Second moment 0.976 0.975 --
Log-moment -0.128 -0.128 --
Log likelihood -20209.05 -20209.03 -20204.17
Notes:

Y is the number of passenger arrivals to Mallorca.

Numbers in parentheses are standard errors.
(*) indicates the coefficient is not significant at the 5% level; otherwise,

5% level.
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Likelihood ratio test

Table 44 gives the likelihood ratio test of constancy of coefficients in the high
and low seasons. The first set of results relates to Model 1 as the null hypothesis and
Model 3 as the alternative, whereas the second set of results has Model 2 as the null
hypothesis and Model 4 as the alternative. Apart from non-rejection of Model 1 as the
null hypothesis using GARCH and GJR for the Balearics, and non-rejection of Model 2
as the null hypothesis using EGARCH for Mallorca, every other set of results rejects the
constancy of coefficients in the high and low seasons for all data sets and for all
conditional volatility models. Therefore, there is a clear difference between the impact
of lagged effects in explaining passenger arrivals and the weekly difference in passenger

arrivals in the high and low tourist seasons.

Table 46. Likelihood Ratio Tests of Constancy of Coefficients in High and Low
Seasons

Hy: Model 1

H;: Model 3 GARCH GJR EGARCH
Balearics 4.76%* 4.78%* 14.74
Ibiza 51.32 49.56 29.58
Menorca 230.64 214.88 224.18
Mallorca 9.22 9.78 9.40
Hy: Model 2

H;: Model 4 GARCH GJR EGARCH
Balearics 30.98 33.62 27.70
Ibiza 40.88 57.56 62.49
Menorca 48.24 56.48 53.22
Mallorca 6.64 6.68 3.08%
Note:

(*) indicates that the likelihood ratio test statistic is not significant at the 5% level, where XA(2)=5.991;

otherwise, all test statistics are significant at the 5% level.
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5.6 Conclusion

This Chapter has tested the existence of a zero frequency unit root for the
arrivals and for the weekly differences for the Balearic Islands as well as for Palma,
Ibiza and Mahon. It has specified the two models used to estimate passenger arrivals
and the weekly differences in passenger arrivals, and has also tested the significance of
distinguishing between the high and low seasons in terms of explaining daily and

weekly passenger arrivals. as well as their respective volatilities.

Finally it has provided an interpretation of the empirical results of the estimates
for the conditional mean which are estimated simultaneously with the estimates of the
corresponding conditional volatility models, that is, using GARCH(1,1), GJR(1,1) and
EGARCH(1,1). The empirical results indicated significant differences in the estimates
of passenger arrivals at the island and aggregated levels, as well as in their associated
volatilities. Moreover, the likelihood ratio test of constancy of coefficients in the high
and low seasons indicated clear differences between the impact of lagged effects in
explaining passenger arrivals and the weekly difference in passenger arrivals in the high

and low tourist seasons.
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Chapter 6. CONCLUSION

This research is devoted to the modelling of international tourism arrivals to the
main tourist regions in Spain. As it is well known, during the last decades tourism is
among the most successful economic activities, with a significant contribution in
income and employment generation worldwide. As an exporting sector international
tourism generates significant receipts which are crucial for many countries. In the
particular case of Spain, the country is the second world leader in terms of total
international tourist arrivals and international tourism receipts. As in any non-storable-
good producing industry, the accurate forecast and understanding of demand is critical
for the accurate management of the activity. Although tourism demand has been
extensively researched in the previous literature, this research has presented a different

approach to tourism demand by modelling the behavior of the conditional variance.

Some modern financial econometric time series techniques that were developed
to understand and model volatility, otherwise known as risk in finance, were applied to
analyze international tourist arrivals in different regions within Spain. The main reason
for applying these financial econometric techniques to the analysis of tourism demand is
that the existence of time-varying variances has important implications for the
construction of confidence intervals of forecasts, and for the risk associated with
tourism demand in different regions. In an international context in which natural
disasters, terrorism, crime and ethnic conflicts, among others, have significant impacts
on tourism, it is crucial to assess the persistence of shocks on tourist arrivals for

effective crisis management plans.
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This research applies the conditional variance modeling to two sets of data with
a distinct time and geographical aggregation pattern. The first dataset includes monthly
international tourist arrivals to the five main tourist regions in Spain and the aggregate
from January 1997 to April 2007, giving a total of 126 observations. These regions
accounted for more than 84% of total international tourist arrivals to Spain in 2006.
Chapter 3, analyzes and compares the characteristics of the tourism activity in the main
tourist regions in Spain. The distinct economic impact of tourism in those regions is also

presented.

The second database has a narrower geographical distribution including only one
of the above regions, namely the Balearic Islands. Of the five major tourist regions in
Spain, these groups of Islands are one of the most popular destinations with a highly
tourism specialized economic pattern. This second data set differs form the previous one
in the sense that it provides daily frequency and uses air passenger arrivals. This
temporal disaggregation is particularly useful for the analysis of volatility that is
proposed in this research. Hence, the dataset includes daily passenger arrivals to the
three international airports in the Balearic Islands, namely Palma de Mallorca (in
Mallorca), Ibiza (in Ibiza), and Mahon (in Menorca). The analyzed period goes from 1
January 2001 to 31 December 2006 adding a total of 2,191 observations. The source of
data was the AENA (Aeropuertos Espafioles y Navegacion Aérea), the Spanish National
Airport Authority.

Univariate time series models are estimated for the conditional means of tourist
arrivals, as well as their conditional volatilities. The estimated conditional volatility
models were GARCH(1,1), GJR(1,1) and EGARCH(1,1). Both the second moment and
log-moment conditions were calculated to provide diagnostic checks of the estimated
models. The stationarity of the time series data was tested using modified unit root tests.
The conditional mean estimates were generally statistically adequate, and the
conditional volatility estimates were found to be meaningful, as well as consistent and

asymptotically normal, so that inferences were valid.

The study examined four different types of asymmetric behaviour related to the

effects of positive and negative shocks of equal magnitude on volatility. One of these
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types of asymmetry was leverage and tourism downturn, which is derived from the
concept of leverage in financial economics. The research also defines three other types
of asymmetric behaviour, namely low season financial risk, overcrowding through

overbooking and congestion, and tourism saturation.

The results obtained from modelling monthly international tourist arrivals to
Spain and the five main tourist regions, and their associated volatility are presented in
Chapter 4. The hypothesis regarding the presence of unit root is not strongly rejected for
the variable in levels, while yearly changes are found to be stationary in all six data sets
under analysis. GARCH(1,1), GJR(1,1) and EGARCH(1,1) conditional volatility
models are applied to the level and yearly change of monthly tourist arrivals to Spain
and its five main tourist regions. The conditional mean estimates were generally
statistically adequate, and the conditional volatility estimates were found to be
meaningful, as well as consistent and asymptotically normal, so that inferences were
valid. The results presented in the chapter prove the differences in the parameters
obtained from the aggregate sample of tourism arrivals to Spain as compared with the
estimates for each of the five main tourist Regions. The ultimate objective is to obtain
precise information regarding the degree of regional diversification of the tourism
industry, which may help to reduce the economic and financial risks for the country as a

whole.

For the daily frequency database, passenger arrivals, was found to be stationary
for each of the three islands, as well as for the Balearics. Level and weekly difference of
passenger arrivals were used to model the conditional, as well as the differences
between the high and low tourist seasons in terms of forecasting daily passenger
arrivals. The empirical results indicated significant differences in the estimates of
passenger arrivals at the island and aggregated levels, as well as in their associated
volatilities. Moreover, the likelihood ratio test of constancy of coefficients in the high
and low seasons indicated clear differences between the impact of lagged effects in
explaining passenger arrivals and the weekly difference in passenger arrivals in the high

and low tourist seasons.

These empirical results suggest that the new ideas developed in this research can

be useful for analyzing temporal aggregation, as well as the spatial aggregation of
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geographic and/or administrative entities to a more aggregated level. These findings
should be relevant for tourism planning, tourism policy design and tourism management
at all levels of government decision making. These modern financial econometric time
series techniques models can also be applied to daily cruise passenger arrivals. It must
be emphasized that the main reason for applying these financial econometric techniques
is because it has important implications for the construction of confidence intervals of
estimates and of forecasts, it is also essential to study the risk (or uncertainty) associated
with tourism demand, and consequently it is relevant for the design of efficient tourism

policies.
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