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Abstract

The aim of this study is to measure the number of components that exhibits from the variables’
series. The number of components can be affected by the time series components including
trend, seasonal adjustment, and irregular changes. By using a finite mixture model, the number
of components can be identifies and thereafter we can formulate a Bayesian regression equa-
tion to predict the relationship between exchange rate and international tourism expenditure in
Malaysia. Identification of the number of components is an important step toweigh the probabil-
ity density function for a time series data. The weight of the probability density function is then
used for prediction. Besides, a Bayesian method is also used in this study to fit with the finite
mixture model due to its consistency characteristic. The Bayesian parameter estimates are close
to the predictive distributions because it will integrate the prior distribution with the likelihood
function to produce posterior distribution. The results show that there is a two-component nor-
mal mixture model exists for the time series data. In addition, a prediction equation is obtained
from the analysis.

Keywords: finite mixture model; Bayesian method; prior distribution; likelihood function; pos-
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1 Introduction

In-bound tourism expenditure is considered as a significant source for economic growth [13].
These expenditures generate employment, and foreign exchange revenues and income. According
to [8], international tourism expenditure can even function as an alternative to improve the bal-
ance of payments through foreign exchange revenues. Dritakis [8] further elaborated that rapid
development of tourism has multiplier effect towards household incomes growth, government
revenues growth, and balance of payments. Therefore, the expansion of tourism is considered as
a positive contribution towards economic growth.

International tourismhas been growing and becomingmore integral inmany countries around
theworld [1]. As reported by [4], the contribution from the tourism sector reached RM84.1 billion
to the Malaysian economy in year 2018. This accounts for approximately 6% of Malaysia total
Gross Domestic Product (GDP) which is USD 354.35 billion (approximately RM 1417.40 billion).
The largest contributed was the ASEAN short haul market, accounting for RM48.5 billion of the
total tourism expenditure. On the other hand, the non-ASEANmarket contributed RM35.6 billion
in tourism expenditure. The expenditures were concentrated mainly on the shopping segment
(33.4 percent) followed by accommodation (25.7%) and food and beverages (13.4%).

However, the tourist arrivals fell 2.5% in third quarter of 2017 due to a lack of advertising and
promotional activities as reflected by the lower budget allocated for 2016 and 2017. The reduction
in arrivals not only affect the tourism expenditure, it also affect the GDP in Malaysia. In addition,
the two airway incidents and security issues in Malaysia also caused the declining of tourism
expenditure and arrivals in 2015 [16]. According to [17], the crime issues in Malaysia such as
purse snatching, auto-mobile theft, fraud, and residential burglaries reported high quantity in
2014 and 2015. All these crime issues might be the concern of tourist when choose the tourist
destinations.

With careful thoughts, this brings to surface another question, whether the expansion of the
economic contributed to the development of tourism or tourism growth contributed to economic
expansion instead in the case of Malaysia. According to tourism-led growth hypothesis (TLGH),
tourism growth contributes to economic growth. This is supported by the notion that tourism in-
creases employment, household incomes, and foreign exchange revenues. Due to the significant
role of tourism expenditure towards economic growth, this question has become an essential em-
pirical problem. Many previous studies have been conducted to identify the relationship between
tourism growth and economic growth in many countries. However, the empirical findings were
contradictory with one another even within the same economy [3].

Economic growth is normally estimated in terms of Gross Domestic Product (GDP), but this
studywill use exchange rate as a proxy for economic growth for several reasons. Firstly, according
to [3], the relationship between the exchange rate and economic growth is not spurious. Real
exchange rate (RER) and exchange rate alignment are critical conditions to enhance economic
performance especially in Asian countries. Secondly, several past studies were conducted in the
Malaysian context however exchange rate was not used as the indicator of economic growth [10],
but the strong relationship between real exchange rate and economic behavior is evident in Asian
countries [6].

The exchange rate plays essential role since it will influence the variables’ price of all things
related to international trade and investment. It is one of the essential indicators of a country’s
relative level of economic health. Hence, the objectives of this study is to (i) identify the number
of components used to investigate the exchange rate and international tourism expenditure in
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Malaysia, and (ii) formulate the regression equation for prediction using Bayesian method.

2 Literature Review

Previous researches have been executed to analyze the relationship between tourism growth
and economic growths in several countries through the empirical findingswere contradictory even
within the same country.

One of the most notable studies was executed by [2]. Their studies identify the validity of
TLGH in Spain. Results showed that tourism expenditure is causal towards Spain’s economic
growth unidirectionally. Johansen co-integration technique was applied due to non-stationary
variables. The findings showed that there is a long-run relationship among the development of
economic and tourism expansion while the Granger causality test confirms the causality of that
relationship.

Another notable study was conducted by [8]. The findings revealed that there is a strong
effect on international tourism expenditure and economic growth in Greece during the period
1960-2001. Both the co-integration technique and the Granger causality tests were applied in the
Dristakis [8] studies. The co-integration analysis suggested the presence of a cointegration rela-
tionship between international tourism expenditure, real effective exchange rate, and real GDP.
This indicated the existence of a common trend or long-run relationships among the three vari-
ables. On the other hand, Granger causality tests indicated a strong causal relationship between
international tourism expenditures and economic growth. Other studies arrived at similar. Other
notable studies have also found TLGH to be empirically supported in Turkey and Taiwan where
the empirical results suggested that there are bidirectional causal relationships between the inter-
national tourism expenditure and economic growth in both the short and long-run [5].

However, some studies do not agree with the findings stated above. Katircioglu [9] investi-
gated TLGH in Turkey during the period 1960 to 2006. The author suggested that TLGH was not
applicable in Turkey due to a lack of cointegration among the variables. Oh [14] could not verify
TLGH in the Korea economy as well. TLGH is found not applicable to all countries. Meanwhile,
the exchange rate plays an essential role in economic growth since it will influence the variables’
price of all things related to international trade and investment. Hence, this study is focussed on
the identification of components that exists between the exchange rate and tourism expenditure in
Malaysia. In addition, both the exchange rate and international tourism expenditure are essential
to affect the economic growth in a country, therefore, a regression Bayesian equation is formulated
to predict future observations.

Other studies discussed about the impact of the exchange rate on the tourism sectors such as
[12]. Most of these studies investigate the impact of the exchange rate on tourism sectors (such as
demand and supply), but very few of it investigate expenditure of the international tourism.
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3 Methodology

3.1 Unit Root Test

The unit root test is an important test that aims to identify whether the sample data is non-
stationary or stationary. A non-stationary data might lead to invalid analysis; therefore, a differ-
encing process is used to transform the sample data into stationary. In this study, the unit root tests
include Levin, Lin, and Chu (LLC), Im, Pesaran and Shin W-stat (IPS) test, Augmented Dickey
Fuller (ADF) and Phillips–Perron (PP) test are used to measure the stationarity of the time series
data. All these unit root tests have the same hypothesis that is:

H0 : There is a unit root,
H1 : There is no unit root.

The unit root tests mentioned above are important to measure the integration order of the time
series data. However, there is a slightly difference between it. LLC test is a panel unit root test
that combined the data from different individuals into a single final regression. Meanwhile, the
IPS test unlike LLC test, this test allows heterogeneous coefficients. For ADF test, it allows a large
and complicated time series model being analyzed and PP test changes non-parametric data into
t-test statistics.

3.2 Finite Mixture Model

The finite mixture model (FMM) is a mixture of finite dimensional probabilistic model where
the parameters are from different subpopulations. This model is a model based approach that
used to measure the unobserved subpopulations. FMM provides efficient findings when there
are two or more different subpopulations are adopted. Additionally, the finite mixture model
play role in data mining [15]. This technique is widely applied in human, social, and behavioural
science data in which to cluster the analysis.

Apart from that, FMM is flexible since it can model heterogeneous data with a large sample
size. According to [11], the mixture of discrete and continuous data can be effectively computed
by using FMM, in addition to examining group structure data. Furthermore, FMM is plausible in
measuring real financial time series data due to its flexibility properties.

The finite mixture model also plays a vital role in analyzing a combination of different dis-
tributions such as nominal, ordinal, frequency responses, binary etc. This model is also used to
measure the heavy-tail densities, zero-inflated, or hurdle models. For FMM, there is a k compo-
nents that exists in the mixture model. The number of components aims to identify how many
unobservable types exist for a dataset.

After identifying the k components, a mixture of distributions is applied for further analysis.
Let x1, x2,..., xn be independent, identically distributed (IID) with k-dimensional observation, the
probability density function is

f(x;π) = ΣC
c=1πc fc(x), (1)

where πc denotes the cthmixing probability of xi, fc(x) is the cth mixing density andC represents
total number of components.
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Assume that the probability density function with two components normal distribution can
be written in the form

f(x) = πφ1(µ1, σ
2
1) + (1− π)φ2(µ2, σ

2
2), (2)

where φi(µi, σ
2
i ) represents the probability density function (PDF) of a normal distribution with

mean, µ and variance, σ2. Symbol π denotes the weight of data for different components and the
entire weights for all k component of the finite mixture models are equal to one.

The advantage of applied FMM in the analysis is to restore the actual observations and plays
a role as a hierarchical model. In addition, FMM is used to minimize the experiment-wise error.
This analysis will optimize the objective functions into the one-step approach. Lastly, this model
is flexible in analysing variables with different scales.

3.3 Bayesian Method

Bayesian method is developed from the idea of Bayes’ rule. This method is mainly used to
measure the parameters of the variables and predict future observation [7]. There are three main
inferences for this method includes prior probability, likelihood, and posterior probability.

Prior probability is the unconditional probability distribution that is assorted before it is mea-
sured. While likelihood function is the new information provided. The posterior distribution is
the probability of an event that is obtained after the combination of prior probability and likeli-
hood function.

Posterior probability α Prior probability× Likelihood (3)

The posterior distribution is important for the Bayesian method because this distribution pro-
vides the interval estimates and point estimates for parameters, make a prediction, and evaluate
the probabilistic for the hypothesis. When the Bayesian method fitted with the finite mixture
model, the equation can be expresses as

Pc(xi | θc) = ΣC
c=1πc fc(xi | µc,Σc), (4)

where we assume that N observation xi, i = 1, ..., N .

The advantage of using this method is to examine the small sample size of data and missing
data. The Bayesian method is also used to analyse the hierarchical models and nested data, in
addition to providing expected values that are closed to the observed values.

3.4 Sample and Data

In this paper, the time series data used are exchange rate and international tourism expenditure
in Malaysia from 1995 to 2017. Annually data is used for the analysis. The unit for the exchange
rate is U.S. per Dollar while for international tourism expenditure is in current U.S. per Dollar.
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4 Results and Discussion

4.1 Unit Root Test

A group unit root tests on the exchange rate and international tourism expenditure is applied
to examine the stationarity of the datasets for the years 1995 to 2017. Table 1 shows that all the
unit root tests include LLC test, IPS, ADF and PP test fail to reject the null hypothesis that there
is a unit root that exists. Thus, a differencing process needs to transform the non-stationary data
into stationary.

Table 1: Unit root test and first differencing process.

Method Level Statistics Level p-value First Difference Statistics First Differemce p-value

LLC 0.80561 0.7898 -4.89864 0.0000
IPS 0.67951 0.7516 -3.73153 0.0001
ADF 5.16991 0.2703 19.7885 0.0005
PP 2.46851 0.6503 19.8525 0.0005

Table 1 also shows that both the exchange rate and international tourism expenditure data are
stationary after the first differencing process. This can be referred to a probability value where all
the unit root tests are less than 0.05. Hence, we reject the null hypothesis that there is a unit root
exists.

4.2 Finite Mixture Model

After identifying the stationarity of the data, FMM is fitted with the Bayesian method to ana-
lyze the datasets. The Bayesianmethod is applied to investigate themixturemodel of the exchange
rate and international tourism expenditure inMalaysia. Table 2 shows that the exchange rate is the
response variable for the analysis and a homogeneous regression mixture model is implemented
in the analysis. In addition, the estimation method adopted is the Markov Chain Monte Carlo
(MCMC) with two components obtained. In this study, the two components obtained represents
travel and tourism trend and non-trend situation. The trend situation occurs include festivals,
holidays, special event tours, etc.

Table 2: Information about model.

Dependent Variable ExchangeRate
Model Homogeneous Regression Mixture

Distribution Normal
Components, k 2

Estimation Method Markov Chain Monte Carlo

Table 3 revealed information about the Bayesian analysis. A conjugate sampling algorithm is
appliedwith seven parameters in the sampling. The seven parameters obtained include fourmean
functions, two scales, and a mixing probability.
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Table 3: Bayes information.

Sampling Algorithm Conjugate
Mean Function 4

Scale 2
Mixing Probability 1

Additionally, Table 4 describes the distribution, estimate value for both the prior and posterior
distributions of the time series data. Results show that there is a normal distribution which associ-
ated with the exchange rate and tourism expenditure. Meanwhile, the variance parameter in prior
distribution is inverse gamma distribution and Dirichlet distribution for mixing probability. The
mixing probability of posterior distribution shows that the weight for component 1 is 0.9563 while
component 2 is 0.0437. Therefore, the equation for different components is y = 0.9563f1+0.0437f2
where f1 and f2 denotes the PDF for components 1 and 2.

Table 4: Prior and posterior distributions.

Component Effect Distribution Prior Distribution Posterior Distribution
1 Intercept Normal 0.1929 0.1928
1 Expenditure Normal -274E-15 -273E-15
2 Intercept Normal 0.1929 -1.22E11
2 Expenditure Normal -274E-15 0
1 Variance Inverse Gamma 0.07146 0.1667
2 Variance Inverse Gamma 0.07146 0.9998
1 Probability Dirichlet 0.6180 0.9563

As mentioned in the Table 3, there are seven parameters obtained for the analysis. Figure 1
demonstrates the Markov Chain diagnostics graph for all seven parameters. Findings show that
there is a constant alternation for the parameter estimates in trace plot. This indicates that there
is a good mixing chain. The autocorrelation plot indicate the degree of autocorrelation for each
posterior samples. High correlations imply slow mixing. Hence, Figure 1 revealed that there
is a low autocorrelation for each posterior samples. While the density plot shows the relative
variability of the posterior distribution on the data plot. Figure 1 displays a smooth, unimodal
shape of posterior marginal distributions for each parameter. The findings from all diagnostics
graph illustrated that the Markov Chain for parameter estimates is successfully convergence.
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Figure 1: Markov chain diagnostics graph for all parameters.
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5 Conclusions

This paper found that there is a two componentsmixturemodel between the exchange rate and
international tourism expenditure in Malaysia. This model is then fitted by the Bayesian method
to examine the model parameters and establish an equation to predict the future observation.
Results show that Bayesian method is found suitable in examining the time series data since the
posterior distribution will incorporate the existing information with the new information. This
study is important to the stakeholder and government to establish relevant policy and budget to
it. In addition, researchers can use Bayesianmethod fittedwith the Bayesianmethodwhen predict
the exchange rate and tourism expenditure.
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