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ABSTRACT 
 

In some developing countries, tourism-led economic development strategies have been 

used to accelerate growth, generate employment opportunities, increase foreign 

exchange earnings and poverty reduction. To maximise benefits from tourism, 

appropriate policy decisions, infrastructure development and conducive business 

environments need to be developed. In order to make correct policy decisions, detailed 

studies on the demand side of tourism are needed in these countries. Sri Lanka is used 

as a case study in this thesis as it has identified tourism as a driving force of economic 

development since the end of the three decades war in May 2009.  The thesis consists of 

four studies examining various aspects of tourism demand with an intention of 

providing policy inputs for tourism planning and management.  

The main purpose of the first study was to develop reliable and accurate  forecasting 

models for total international arrivals in Sri Lanka and its top 10 source countries, using 

Seasonal Autoregresive Integrated Moving Average (SARIMA) method and monthly 

arrival data. Results demonstrate that (a) achieving Sri Lankan Government’s forecast 

of four million tourist arrivals by 2020 is highly unlikely, (b) accurate forecasting is 

necessary for tourism strategies and planning, and (c) the SARIMA method provides 

accurate forecasts in the presence of seasonality.  

The second study investigated whether political violence affects the persistence of 

volatility and the interdependencies between source markets using Autoregresive 

Integrated Moving Average – Generalised Autoregressive Conditional 

Heteroskedasticity (ARIMA-GARCH) and Autoregresive Integrated Moving Average- 

Glosten-Jagannathan-Runkle GARCH (ARIMA-GJR) models, and Dynamic 

Conditional Correlation  (DCC) GARCH  (1,1) models. The major findings of this study 

include that political violence leads to higher volatility and asymmetric effects, and that 
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interdependencies between source markets are time-varying. Political violence creates 

more fluctuations in the dynamic correlation. Asian source markets, except Japan, show 

the lowest interdependencies with other countries, while advanced countries exhibit 

higher interdependencies.  

The main purpose of the third study was to investigate the impact of institutional quality 

and globalisation factors on various types of tourism demand using panel data analysis 

of the annual data of 29 source countries. The analysis reveals that economic freedom is 

a significant determinant of leisure, Visiting, Friends and Relatives (VFR) and business 

tourism demand; whereas civil liberty is significant only for leisure and business 

tourism demand. This indicates the importance of a long-term approach to institutional 

reforms aiming at achieving higher levels of economic freedom and political freedom to 

develop the tourism industry, while taking measures to achieve political stability and 

lower political risk for tourism development.  Our results confirm that trade between the 

destination country and origin country is positively related to other types of tourism 

such as leisure and VFR tourism, apart from business tourism. Furthermore, strong 

evidence was found that migration stock is positively related to VFR tourism only. The 

government and destination managers should take migration trends into account in 

tourism planning. Moreover, disaggregate study of demand is required and depending 

on aggregate tourism demand models could lead to false conclusions 

The main purpose of the fourth study was to identify the spillover effects of tourism 

demand among Sri Lanka, India and the Maldives using monthly data from January 

2001 to September 2019. Evidence for spillover effects was found. These findings have 

important implications for policies. Firstly, as the Maldives and Sri Lanka are 

complementary destinations for international tourists, tour operators and government 

agencies from each country could work closely together in other countries when it 

comes to promoting and marketing tourism products. Moreover, joint tour packages 
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which included attractions in both countries could be introduced. And the same is valid 

for the Maldives and Kerala. 

The findings from these studies are useful for government agencies and private 

establishments in the industry for their policy making, designing of promotional 

campaigns, and planning of infrastructure. 
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CHAPTER 01 

INTRODUCTION 
 

1.1  Introduction and Motivation 

Global tourism has grown rapidly since the end of the Second World War and has been 

one of the major economic activities in many developed and developing countries. With 

rapidly growing global tourism, the Asia-Pacific region is predicted to get most of the 

share of the new arrivals to the world tourism (UNWTO, 2011). This creates new 

opportunities and challenges in planning and managing tourism in the countries in the 

region which depend on tourism–like Sri Lanka, which will be used as a case study in 

this thesis, mainly because tourism has been the main pillar in post-war economic 

development in Sri Lanka (MTDCRA, 2016). 

Tourism is not produced by a single industry but is a composite product produced by a 

number of industries in an economy, including accommodation, food and beverage, 

transport, trade, travel, and other goods and services (Croes, 2000). As a result of the 

significance of tourism in many developed and developing countries in terms of 

economic growth and generation of employment, foreign exchange earnings, and 

poverty reduction, these countries are putting considerable effort into attracting more 

tourists. Many island economies which mainly depend on tourism have been 

categorised as “Tourism Countries” (Brau, Di Liberto, & Pigliaru, 2011) and tourism 

has become an “engine of growth” in those economies. It generates significant amounts 

of domestic income and export earnings while providing a large number of direct and 

indirect employment opportunities as a composite product of labour-intensive economic 

activities. Furthermore, in a large number of developing countries, many tourism-related 

activities are owned by individuals, families or small and medium-scale entrepreneurs. 

Consequently, tourism has become a tool for reducing poverty in many developing 
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countries (Muhanna,2007a; Muhanna, 2007b; Zhao & Ritchie, 2007; Scheyvens & 

Russell, 2012; Mahadevan et al., 2016). Harrison and Schipani (2007) highlighted the 

need for the government to create a facilitating policy environment to enhance the pro-

poor potential of tourism industry. For instance, many international organisations, 

including the Asian Development Bank, have funded several projects in Laos to develop 

their tourism with the aim of helping the Laos government to reduce poverty through 

tourism (Harrison & Schipani, 2007).  

Many developing countries, including island economies depending on tourism, have 

implemented tourism development plans or strategies. In implementing these, countries 

need to forecast tourist arrivals and understand underlying determinants of tourism 

demand. Very often, tourism authorities responsible for putting in place  plans or 

strategies do not undertake systematic studies on tourism forecasting and tourism 

demand. This has been a significant literature gap. As noted previously, Sri Lanka is 

used as a case study in this thesis.  After the end of war in May 2009, Sri Lanka 

developed a Tourism Development Strategy for 2011-2016 by recognising the role 

tourism could play in post-war economic development (Ministry of Economic 

Development, 2011). The government that came to power in 2015 has also prepared a 

tourism development strategy called the “Sri Lanka Tourism Strategic Plan 2017-2020” 

(MTDCRA, 2016).  However, these developments, strategies and plans were not based 

on systematic quantitative studies in terms of forecasting tourist arrivals and the 

determinants of tourism demand. Therefore, Sri Lanka has not been able to meet some 

of the resulting unrealistic targets of its tourism plans and strategies. For instance, Sri 

Lanka is yet to achieve its 2016 target of 2.5 million tourists. This has been a common 

issue in many other developing countries.  

On the other hand, tourism demand is very sensitive to various events such as political 

violence and other positive and negative events that affect tourism. Such events can 
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jeopardise the forecasts (Balli, Tsui, & Balli, 2019) Therefore, it is very important to 

understand how tourists from each source country behave during and after such events. 

Most of the studies which attempted to investigate this issue have taken total arrivals 

into account. However, such studies do not provide information about how tourists from 

each source market react to such events as political violence. Disaggregate studies by 

source country are limited in the literature.  Another point is that international tourists 

may combine or substitute their planned overseas destinations. Tourism boom or 

slowdown in a destination may increase or decrease tourism demand for other 

destinations–in particular, neighbouring countries. Studies into this phenomenon  are 

rare and there is a knowledge gap. 

 As tourism has its own identity in comparison with some other industries, tourism 

demand is defined as “the willingness and ability of consumers to buy different amounts 

of a tourism product at different prices during any one period of time” (Dwyer, Forsyth, 

& Dwyer, 2010). Similar to any product, demand for tourism is influenced by both 

economic and non-economic factors.  As tourism demand is very different from the 

demand for other commodities, there are specific factors that affect tourism demand 

apart from the price and the income. As reviewed in a large number of studies, many 

explanatory economic factors have been used to explain  tourism demand and  they  

include income, relative price of tourism, price of tourism in substitute destinations, cost 

of travel, cost of living, and exchange rates (for example, Dritsakis (2004); Durbarry 

and Sinclair (2003); Kadir and Karim (2009); Lim (1997); Morley, Rossello, and 

Santana-Gallego (2014); Shen, Li, and Song (2011); Song and Li (2008); Song, Kim, 

and Yang (2010a); Song, Li, Witt, and Fei (2010b); Witt and Witt (1995); Wong, Song, 

and Chon (2006)). Apart from  the above economic factors that are included in many 

previous studies, few scholars have used noneconomic factors to model tourism 

demand. Such factors include trade between destination and origin country, migration, 
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political risk and institutional quality factors (Katircioghu, 2009; Khan, Toh, and Chua, 

2005; Balli et al., 2016; Dwyer et al., 2014; Saha et al., 2016; Vietze, 2011). Of these, 

the relationship between migration and tourism is novel to the tourism demand literature 

and has a very limited number of studies. On the other hand, institutional quality factors 

are weak in developing countries. Using a cross country study, Saha et al. (2016) 

highlighted the fact that  institutional quality factors are important for attracting 

international touist arrivals. However, there were no studies that attempted to 

investigate the importance of these factors in modelling international tourism demand 

for a single country. 

As surveyed in detail in Chapter 6 of this thesis, there are several notable features 

identified in the literature on tourism demand modelling. Firstly, the literature on 

tourism demand is geographically biased as most of the studies have focused mainly on 

the European region for source countries and  destinations, and the other regions have 

attracted less attention (Peng, Song, Crouch, & Witt, 2015). Particularly, less attention 

has been paid to tourism demand related to the South Asian region where Sri Lanka is 

located. Secondly, the elasticities with respect to various explanatory variables differ 

across countries in terms of short-haul or long-haul, short term or long term, business 

cycles, and time (Garín-Munoz, 2006; Garín-Muñoz & Montero-Martín, 2007; Smeral, 

2012; Song et al., 2010b). Thirdly, the majority of the studies have incorporated only 

economic factors into their models and have ignored other important noneconomic 

factors (Cho, 2010). There is a literature gap in this context as well. 

In the context of Sri Lanka, only a few studies have been carried out on international 

tourism demand modelling and forecasting using a variety of techniques. Selvanathan 

(2007) studied the effect of war and free trade policy on the international tourist arrivals 

at an aggregate level. Although this study is important, it does not provide any specific 

information related to individual source countries. Using a co-integration analysis, 
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Lelwala and Gunaratne (2008) modelled international tourist arrivals from the UK to Sri 

Lanka. In addition to the above studies, several researchers have modelled international 

tourist arrivals in Sri Lanka using time series techniques (Dias et al., 2016; 

Komarasinghe, 2016; Kurukulasooriya & Lelwala, 2014). However, all these studies 

used past data to predict the future. Although these studies are important in terms of 

predicting future arrivals, they do not help in understanding the behaviour of individual 

source markets, as the determinants of demand were not considered in those studies. 

Jayathilake (2013) investigated the determinants of tourist arrivals using an 

Autoregressive Distributed Lag method considering six countries (India, UK, France, 

Maldives, Germany and Australia) taking annual data for the period between 2002 and 

2011. This study considered a very limited time period. Moreover, Fernando et al. 

(2013a) modelled the volatility of tourist arrivals in Sri Lanka at an aggregate level. It is 

clear form a survey of the literature that there are only very few studies on modelling 

demand and volatility for Sri Lankan tourism.  

Overall, a number of gaps in the literature on tourism modelling in general and related 

to Sri Lanka in particular  can be identified, as summarised below. Firstly, no systematic 

attempt has been made to forecast international tourist arrivals in Sri Lanka after the end 

of war to aid tourism planning. As a result, government plans are not based on accurate 

forecasts. Secondly, little attention has been paid to incorporating non-economic factors 

into tourism demand models in general and no attempts have been made to incorporate 

institutional quality factors into demand models for a single country. Thirdly, it is 

important to study international tourism demand by disaggregating tourism demand 

based on the purpose of the visit and related to each source market, as the responses of 

various tourists to factors differ across the purpose of visit as discussed above. 

However, such studies are rare in the literature. Fourthly, although the high volatility of 

tourist arrivals has been a main characteristic of  Sri Lankan tourism over the last four 
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decades, modelling volatility of tourism demand has been ignored in the literature with 

the exception of Sriyantha Fernando et al. (2013a). This study has examined the impact 

of war or political violence on the volatility of international tourist arrivals in Sri Lanka 

at an aggregate level and found political violence to be a significant factor that 

adversely affects tourism demand. However, it is important to understand how the 

tourists from various countries respond to political violence and political risk, as  risk 

perception is shaped by national culture. Studies focusing on such behaviour are rare in 

the literature. Finally, the spill-over effects of tourism have been important when 

considering the demand side of tourism. Although there are a limited number of studies 

on this topic in the literature, no attempt has been made to examine the spill-over effects 

of the recent tourism boom in Sri Lanka on neighbouring countries, in particular on the 

Maldives and India. Filling the above knowledge gaps will make a significant 

contribution to the literature on tourism demand modelling. 

1.2 Research Questions  

As identified in the previous section, there are a number of research gaps in the tourism 

demand modelling literature in general and in the Sri Lankan in particular. Therefore, 

there is a need to fill those literature gaps. The following key research questions will be 

addressed in this thesis in order to fill those literature gaps using Sri Lanka as a case 

study.  

RQ1: How can the international tourist arrivals in Sri Lanka be better forecast?  

RQ2: Does the political violence affect the nature of volatility and interdependencies 

between source countries?  

RQ3: Is there any spill-over effect in international tourism demand in countries that 

neighbour one another (in particular Sri Lanka, India and the Maldives)?  

RQ4: Do the institutional quality factors (economic and political freedom), and 

globalisation factors (trade and migration) matter for international tourism demand in 
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Sri Lanka?  And does the importance of such factors vary in accordance with the 

purpose of visit? 

A detailed description of the above research questions is provided in each analytical 

chapter in the introduction (Chapters 3-6). 

1.3 Objectives of the Study  

In line with the above four research questions, there are four main specific objectives of 

this thesis: 

1. To develop accurate forecasting models for the aggregate international tourism 

demand, and for the major 10 source markets. Moreover, it is also expected to 

assess whether Sri Lanka can achieve its 2020 target of 4 million international 

tourists; 

2. To examine the impact of political violence on volatility of internal tourist 

arrivals and to identify whether the volatility behaves differently during and 

after political violence.  Moreover, an attempt is made to identify whether 

interdependencies between source countries manifest differently during and after 

political violence; 

3. To investigate the spillover effects of international tourism demand among 

neighbouring countries, in particular Sri Lanka, India and the Maldives;  

4. To identify the importance of institutional quality and globalisation factors on 

international tourism demand at a disaggregate level by purpose of visit, using 

Sri Lanka as a case study.  

In order to achieve the above four specific objectives, four studies related to each 

objective have been completed in this thesis as four separate papers and they have been 

included as four main chapters in the thesis.  



8 

 

1.4 An Overview of Research Methodology 

In general, the four studies related to the four research questions carried out in this study 

use  a number of econometric techniques, namely, (i) Seasonal autoregressive moving 

average model (SARIMA); (ii) ARIMA(p,q)-GARCH(m,n), and ARIMA(p,q)-

GJR(m,n) models; (iii) Vector autoregressive (VAR)  model along with Granger-

causality technique and the impulse response function; and iv) panel data model. Those 

techniques are applied in a complementary and  integrated way. The methodology of 

each study is briefly discussed below. 

Study 1 in Chapter 3: In this study, forecasting models are developed for total 

international tourist arrivals and for arrivals from the top 10 source countries (India, 

China, the United Kingdom, Germany, Maldives, France, Australia, Russia, the United 

States of America, and Japan) using the  seasonal autoregressive moving average 

(SARIMA) method. Monthly data from January 1984 to December 2016 was used as 

the training sample and data from January 2017 to December 2017 was used to evaluate 

the accuracy of the selected models. 

Study 2 in Chapter 4: This study employs ARIMA(p,q)-GARCH(m,n) and 

ARIMA(p,q)-GJR(m,n) models to examine the nature of volatility during war and post-

war periods. In this analysis an aggregate model and disaggregate models by source 

country for 10 major source countries (India, China, the United Kingdom, Germany, 

Maldives, France, Australia, Russia, the United States of America, and Japan) are 

estimated using seasonally adjusted monthly data from January 1984 to December 

2017. Moreover, the DCC-GARCH technique is used to identify the possible 

dependencies and interdependencies between the source countries. To gain deep insight 

into the issues under investigation, the analysis was carried out by breaking the overall 

case study time (January 1984-December 2017) into two distinct sub-periods: January 

1984 – May 2009, during the war; and June 2009-December 2017, the post-war period 
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Study 3 in Chapter 5: This study focusses on identifying the spillover effects of 

international tourism demand among Sri Lanka, India (and Kerala state), and the 

Maldives. The analysis is carried out considering two cases. In the first case, Sri Lanka, 

India and the Maldives are considered; whereas the second case takes Sri Lanka, Kerala 

(a state of India) and the Maldives into account. Seasonally adjusted monthly data from 

January 2001 to September 2019 is used for  Case 1, while data up to December 2017 is 

used in  Case 2. The main techniques used in this study are Vector autoregressive 

model, Granger causality and impulse response function. 

Study 4 in Chapter 6: In this study, the importance of institutional quality factors 

(political risk, economic freedom, and civil liberty) and globalisation factors (trade and 

migration) for international tourism demand modelling is investigated at a disaggregate 

level by purpose of visit considering leisure, VFR and business tourism demand in Sri 

Lanka, along with an aggregate model for comparison purposes. To avoid omitted 

variable bias, traditional economic factors are also included in each model as control 

variables. This study involves panel data analysis using annual data from 1999 to 2017 

(19 years) from 29 countries.  

1.5 Contribution of the Study  

The first of these studies contributes to the literature by demonstrating the importance of 

accurate forecasting models in tourism planning and strategising. The forecasting 

models and forecasts generated by those models in the first study will also provide 

useful policy inputs for Sri Lanka given the fact that Sri Lanka is currently lacking a 

scientific and accurate forecasting models for the post-war tourism development 

strategy. Therefore, this study will be of greater importance and help better plan 

services, airports, flights, accommodation facilities and other infrastructure for 

incoming tourists. It will be useful for other tourism depended countries like Sri Lanka. 
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Results of the volatility analysis done in the second study are likely to help policy 

makers and travel businesses to understand the nature of volatility of major origin 

countries in order to devise better tourism management strategies. Moreover, this study 

also provides useful information about how the volatility behaves during and post war 

being the first study to do such a comparison. Further, this study provides new evidence 

on how the interdependencies between major source markets behave during and post 

war periods.   

Moreover, understanding interdependencies and dependencies or spillover effects 

among Asian destination countries could help both government agencies, international 

and regional organizations to better plan tourism development activities.  The third 

study in this thesis is the first study to examine spillover effects of tourism demand 

between South Asian countries. This study will contribute to literature by providing 

evidence from a South Asian destination country. 

As emphasised in the introduction, the most of tourism demand studies are 

predominantly based on economic factors and less attention has been paid to 

noneconomic factors. Given the specific nature of tourism as a composite product, 

incorporation of noneconomic variables likely to provide valuable information for 

policy makers. In particular the fourth study in the thesis demonstrates the importance 

of institutional quality and globalisation factors when modelling international tourism 

demand flows to a single country.  

This is the first study to consider these factors together when modelling international 

tourism demand to single country. Moreover, this study further highlights the 

differences in response to these factors by various types of tourists such as leisure, VFR 

and business. Consequently,  study will contribute to the tourism demand literature in 

several ways. First, by incorporating institutional quality factors and globalisation 

factors into a tourism demand model which is rare in the literature would generate new 
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information for policy makers and practitioners in the tourism industry. Second, 

evaluating the importance of above discussed institutional quality and globalisation 

factors on tourism demand model at a disaggregate level considering both country of 

origin and the purpose of visit, which is rare in the literature, will generate new 

information. Thirdly, given the lack of comprehensive analysis of tourism demand in 

the Sri Lankan context, this study will have important policy implications for Sri Lanka 

in particular. 

1.6 Structure of the Thesis 

The thesis consists of seven chapters.  Chapters 1 and 2 offer introduction and 

background to the study respectively. As this thesis consists of four studies, each of 

Chapters 3 to 6 is dedicated to discussing the rationale behind its relevant study in 

depth, its literature review and methodology, as well as its findings, discussions, and 

conclusions. Finally, Chapter 7 provides an overall conclusion. A summary of the 

remaining chapters in this thesis is given below.   

Chapter 2 provides a background to the study. As this thesis is based mainly on the Sri 

Lankan tourism industry, the structure and nature of the tourism industry in Sri Lanka, 

its economic contribution and recent trends are discussed in this chapter. 

Chapter 3 contains the first study and develops forecasting models for predicting total 

international arrivals (aggregate model) and 10 major source markets (disaggregate 

models). The chapter starts with a detailed discussion of the rationale and the need for 

the study. Then the literature related to forecasting and methodology is presented. The 

forecasting models are identified, and the implications of the generated forecasting 

models and forecasts are then discussed. 

Chapter 4 investigates whether political violence affects the persistence of volatility 

and interdependency between source markets. At the beginning of the chapter, there is 
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an introduction to the study, which includes justification for the research; and the 

research gap is provided. Then the literature related to volatility and interdependencies 

between source countries is reviewed. After that, data used in the study is described, and 

an explanation of the methodology of the study is given. A disaggregate analysis of 

volatilities in comparison to the aggregate model is then offered to examine the 

difference between aggregate and disaggregate models during war and post-war periods 

so as to uncover any differences in response to shocks to tourism demand by source 

country. 

Chapter 5 is dedicated to the third study which is about investigating spillover effects 

of international tourism demand among Sri Lanka, the Maldives and India. At the 

outset, the need for the study is justified by highlighting the gap in the literature. Then 

the literature related to interdependencies and dependencies between destination 

countries is reviewed, which is followed by a detailed explanation of the methodology 

adopted. The findings of the study are then discussed. The conclusion is given after that, 

with a discussion of the policy implications. 

Chapter 6 contains the fourth study and it starts with an introduction consisting of the 

objectives and rationale of the study, which is followed by a detailed discussion of the 

literature related to tourism demand. The determinants of tourism demand, which 

include both economic and noneconomic factors, are considered . Then, data and 

variables related to the study are discussed along with the details of the estimation 

methodology. Empirical results derived from the study are presented after that, along  

with a discussion of the findings. Finally, the conclusion is provided. 

Chapter 7 summarises the findings of all four studies and includes a discussion of the 

policy implications. Moreover, it discusses the limitations of these studies and future 

research directions are identified. 
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CHAPTER 02 

A BRIEF OVERVIEW OF GLOBAL AND SRI LANKAN 

TOURISM  
 

2.1 Introduction  

The aim of this chapter is to set the foundation for the rest of this thesis by providing 

a brief background to and the evolution of tourism in Sri Lanka. The next section 

provides a brief overview of global tourism; and Section 3 highlights the main 

features of tourism in Sri Lanka. The last section provides the conclucion.  

2.2 Global Tourism Industry: Trends and Patterns  

As noted in the previous introductory chapter, tourism has been recognised as an 

important tool for the generation of economic growth and employment  (Saarinen, 

Rogerson, & Manwa, 2011). Its role has been extended to include its function as a 

tool for meeting global-scale development challenges and poverty reduction (Ashley 

& Mitchell, 2005; Bolwell & Weinz, 2008; Mahendran, 2016). Therefore, global 

tourism is of great importance to the world economy in the way it meets both the 

economic and social challenges that the world is facing today. Although global 

tourism cannot offer solutions to all the challenges that the world is facing, it could 

provide at least some partial solutions by eradicating poverty and ensuring 

sustainable development (Ashley & Mitchell, 2005; Bolwell & Weinz, 

2008).Almost all the countries in the world put considerable effort into attracting 

more international tourists into their economies. In particular, the tourism industry 

plays an important role in developing countries by acting as a tool for community 

development, generating employment opportunities, and providing benefits for poor 

and previously disadvantaged people (Binns & Nel, 2002; Rogerson & Visser, 
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2004). Thus the tourism industry is more important for developing countries than 

developed countries in achieving economic and social goals, including millennium 

development goals. 

As can be seen from Tables 2.1 and 2.2, global tourism has recorded  substantial 

growth since 1950. Table 2.1 demonstrates that global tourism has grown 

exponentially since the 1950s and Table 2.2 shows that the European region has 

been receiving the highest number of international tourists since 1950, when its 

market share was 66.4%. However, over the years the market share of the European 

region has been declining and by 2018, it was 50.9% even though it is still the 

number one region in terms of international tourist arrivals. Although the American 

region was the second, now it is being replaced by the Asia and Pacific regions. The 

American region has shown a sharp decline in its market share over the years: from 

29.6% in 1950 to 15.3% in 2018. The Asia-Pacific region is now reporting an 

incredible growth in international tourist arrivals and market share. Its market share 

grew from 0.8% in 1950 to 24.7% in 2018, showing the best overall performance of 

all regions. Despite the fact that the Middle East was recording a slight growth in its 

market share until 2005, it has been in decline ever since then. Moreover, the 

African region is also showing a modest growth  in terms of both international 

tourist arrivals and market share. It is obvious that the lost market shares of the 

European, American and the Middle Eastern regions have been captured by the 

Asia-Pacific region. 
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                 Table 2. 1 

                 International Tourist Arrivals (Millions) 

Year World Africa Americas 

Asia and 

 the 

Pacific 

Europe 

Middle 

East 

1950 25.3 0.5 7.5 0.2 16.8 0.2 

1960 69.3 0.8 16.7 0.9 50.4 0.6 

1970 165.8 2.4 42.3 6.2 113.0 1.9 

1980 278.1 7.2 62.3 23.0 178.5 7.1 

1990 439.5 15.2 92.8 56.2 265.6 9.6 

1995 540.6 20.4 109.0 82.4 315.0 13.7 

2000 687.0 28.3 128.1 110.5 395.9 24.2 

2005 806.8 37.3 133.5 155.4 441.5 39.0 

2015 1184.0 53.3 191.0 278.6 607.6 53.3 

2017 1337.0 63.0 210.7 324.1 676.6 57.6 

2018 1407.0 68.4 215.7 347.7 715.7 59.6 

Source: UNWTO (various issues) 

 

                 Table 2. 2 

                 International Tourist Arrival Market Share by Region 

Year World Africa Americas 

Asia and 

 the 

Pacific 

Europe 

Middle 

East 

1950 100 2.0 29.6 0.8 66.4 0.8 

1960 100 1.2 24.1 1.3 72.7 0.9 

1970 100 1.4 25.5 3.7 68.2 1.1 

1980 100 2.6 22.4 8.3 64.2 2.6 

1990 100 3.5 21.1 12.8 60.4 2.2 

1995 100 3.8 20.2 15.2 58.3 2.5 

2000 100 4.1 18.6 16.1 57.6 3.5 

2005 100 4.6 16.5 19.3 54.7 4.8 

2015 100 4.5 16.1 23.5 51.3 4.5 

2017 100 4.7 15.8 24.2 50.6 4.3 

2018 100 4.9 15.3 24.7 50.9 4.2 

Source: Calculated by using data from UNWTO annual reports (various issues) and UNWTO 

World Tourism Barometer (Various issues) 
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                   Figure 2. 1. International tourist arrivals - year on year growth rate 1995-

2018 

 

Since the end of the second world war, global tourism faced several unfavourable 

events such as the Middle East war in 1973, OPEC oil price increases, which lead to 

higher airfares and cost of travel, and global economic slowdowns in the 1960s and 

1970s. As a result of such unfavourable shocks and terrorist attacks, global tourism 

was subjected to short-term setbacks over the last two decades or so.  Figure 2.1 

shows how international tourist arrivals at global level grew from 1995 to 2018. As 

can be seen from Figure 2.1, global tourist arrivals are increasing with some 

setbacks in some periods due to events such as the Asian Financial Crisis in 1997, 

the September 11 attack in 2001, the Global Financial Crisis in 2007-2008 etc.  

Tourism is very sensitive to these negative events and in particular to security and 

safety issues. However, despite all these challenges, overall, global tourism is 

growing at a rate greater than 4%, as shown in Figure 2.1. 

The rapid growth of international tourist arrivals is fuelled by several factors 

including rapid growth in the Asia-Pacific region, in particular China, and visa 

relaxation apart from other factors. For instance, in 1980, nearly 75% of people 
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required traditional visas to visit a country but this requirement dropped to 53% in 

2018 (UNWTO, 2019a). Most tourist destination countries, including Sri Lanka, 

increasingly offer eVisas and visas on arrival, making travel less troublesome. This 

trend is likely to further improve and will affect the global tourism industry 

positively.  

It is noteworthy that international tourist arrivals in the Asia-Pacific region have 

been growing at a faster rate than in the other regions. For instance, in 2018, the 

Asia-Pacific region reported the highest growth rate of 7%  in both international 

tourist arrivals and tourism receipts, followed by Africa (7%) (UNWTO, 2019b). 

Europe and the Middle East recorded a 5% increase in international arrivals, 

whereas the Americas reported the lowest growth rate in arrivals, which was 2% 

(UNWTO, 2019b). Moreover, during 2010-2018, international arrivals to the Asia 

Pacific region grew 7% per year, beating the world average of 5% and 

outperforming all the other regions (UNWTO, 2019b). Therefore, it seems the Asia-

Pacific region will have higher international tourist arrivals in the future. In order to 

capitalise on this opportunity, countries in the Asia-Pacific region should focus on 

creating a conducive business environment, improving air connectivity, and 

promoting visa facilitation (UNWTO, 2019b). 

Total contribution of tourism towards world GDP grew from USD 3185 billion in 

1995 to USD 8811 billion in 2018 (Table 2.3). Moreover, tourism share of GDP 

grew from 10.2% in 1995 to 10.4%, recording a slow growth. Based on the WTTC 

forecasts, it is predicted that the total contribution of tourism towards world GDP 

will be approximately USD 18031 billion in 2029, while its share of GDP is 

projected to be around 11.7%. These facts further demonstrate that global tourism is 

playing an important role in the world economy and its importance is gradually 
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improving by providing more opportunities for countries which depend on tourism 

to boost their economy.  

             Table 2. 3 

             Tourism Contribution to GDP 1995-2029 

Year Direct % of GDP Indirect % of GDP Total 

% of 

GDP 

 (USD billion) (USD billion) (USD billion) 

1995 1007.6 3.2 2177.4 7.0 3185.0 10.2 

2000 1205.8 3.5 2495.6 7.3 3701.3 10.9 

2005 1526.7 3.2 3279.2 6.9 4805.9 10.1 

2010 1911.5 2.9 4197.1 6.4 6108.6 9.3 

2015 2320.9 3.1 5123.1 6.9 7444.0 10.0 

2016 2381.1 3.2 5269.1 7.0 7650.2 10.1 

2017 2567.9 3.2 5672.9 7.1 8240.7 10.3 

2018 2750.7 3.2 6060.3 7.1 8811.0 10.4 

2020* 3131.2 3.3 6869.9 7.2 10001.1 10.5 

2025* 4346.3 3.4 9607.3 7.5 13953.6 11.0 

2029* 5562.8 3.5 12468.2 8.0 18031.0 11.5 

Source: WTTC data search tool (2019) * forecasts 

 

Global tourism also plays an important role in providing employment opportunities. 

As can be seen from Table 2.4, the total number of employment opportunities 

provided by tourism grew from 243.1 million in 1995 to 318.8 million in 2018. It is 

predicted that by 2029 420.7 million global employment opportunities will be 

provided by the tourism industry.  Moreover, its direct contribution towards 

employment grew from 3.3% in 1995 to 4.1% 3.9% in 2018.  Interestingly, the 

indirect contribution towards employment has decreased from 7% in 1995 to 6.1% in 

2018 while total contribution share decreased from 10.4% in 1995 to 10% in 2018. 

However, it is predicted that by 2029, direct, indirect and total share of contribution 

towards global employment will grow up to 4.3%, 7.4% and 11.75 respectively 

indicating that the tourism industry’s role in providing employment opportunities is 

likely to expand in the future. This will help in reducing poverty. 
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                Table 2. 4 

                Tourism Contribution to Employment 1995-2029 

Year Direct % share Indirect % share Total % share 

  (Million)  (million)  (million)  

1995 78.3 3.3 164.8 7.0 243.1 10.4 

2000 97.3 3.9 160.0 6.3 257.3 10.2 

2005 102.7 3.8 164.8 6.0 267.4 9.8 

2010 104.4 3.6 160.2 5.5 264.6 9.1 

2015 115.3 3.8 180.8 5.9 296.1 9.6 

2016 117.3 3.8 186.1 6.0 303.4 9.8 

2017 119.6 3.8 192.1 6.1 311.7 9.9 

2018 122.9 3.8 195.9 6.1 318.8 10.0 

2020* 128.4 3.9 208.4 6.4 336.8 10.3 

2025* 141.6 4.1 239.0 6.9 380.7 11.0 

2029* 154.1 4.3 266.6 7.4 420.7 11.7 

Source: WTTC data search tool (2019), * forecasts 

 

2.3 Brief Overview of Tourism in Sri Lanka  

A number of recent studies have provided excellent overviews of tourism in Sri Lanka 

(Fernando et al., 2013a; Fernando, Bandara, & Smitth, 2013b; Fernando, Bandara, & 

Smith, 2017; Bandara, 2019). Therefore, this section is focusing on more specific 

aspects of Sri Lankan tourism rather than repeating what has already been written about 

the background of Sri Lankan tourism elsewhere.  

Sri Lanka has important characteristics for becoming a popular tourist destination. It is 

an island in the Indian Ocean southeast of the Indian subcontinent, with a total area of 

65,610km2 and a 1,340 km-long coastline. Sri Lanka has more than 2,500 years’ worth 

of written history, which has created many heritage sites for tourists to visit. In addition, 

tourists who visit Sri Lanka can enjoy a diverse range of tourism products, including 

pristine beaches, sports and adventure, mind and body wellness, scenic beauty of the 

country, wild life and nature, people and culture related products, and many festivals 
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throughout the year. These together, offer visitors a very rich and enjoyable travel 

experience. Sri Lanka has been blessed with an abundance of tourism assets ranging 

from “sun, sea and sand” to nature and historical heritage.  

According to the historical evolution of Sri Lankan tourism as described in Fernando et 

al. (2017), Sri Lankan tourism has mainly been affected by two factors: government 

policy towards international tourism and political violence over the last seven decades. 

With the introduction of jet aircraft for civil transportation following the end of World 

War II, international tourism started growing rapidly (May & Hill, 2004; Nordström, 

2005), offering new opportunities for countries to earn much needed foreign exchange 

for their countries.  Fernando et al. (2017) argued that Sri Lanka missed her first 

opportunity to develop tourism in Sri Lanka mainly due to not recognising this golden 

opportunity and as a result not developing necessary infrastructure to attract 

international tourists to Sri Lanka.  Furthermore, they argue that although Sri Lanka 

could have been developed as a tourism hub connecting the West and the East, its 

tourism was affected by its government’s inability to understand this.  Moreover, during 

1954-1960, leading hotels in Sri Lanka got severely affected due to very low occupancy 

rate (between 14 percent and 32 percent) – again due to inadequate support from the 

government (Due, 1980; Fernando et al., 2017). On the other hand, countries like 

Singapore identified their opportunity, and built the necessary infrastructure during 

1960 and laid the foundation to becoming a major tourism and transport hub in Asia. 

Unfortunately, Sri Lanka used inward looking, closed economic policies from 1956 to 

1977, with an interlude of partial liberalisation between 1965 and 1970.  Table 2.5 

provides a summary of the Sri Lankan economic policies and strategies implemented to 

develop the Sri Lankan tourism  (adapted from Fernando et al., 2013b and updated). 
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      Table 2. 5 

      A Chronology of National Economic Policies and Tourism Development Strategy 

in Sri Lanka 

Period  National Economic Policy 

Regime  

Tourism Development 

Strategies  

Main features of strategies  

Before 

1948  

The pre-independence – open 

economic policy  

1937 - First Tourism 

Bureau was established.  

1940 - Tourist Bureau 

ceased its operations due to 

the War  

Provided services to the passengers 

who sailed between the West and the 

East through the port of Colombo.  

1948  

-  

1956  

Continuation of pre-independence 

open economic policy  

1948 - Revival of 

Government Tourist Bureau  

Began to undertake tourism marketing 

and promotional strategies 

immediately after independence from 

the colonial rulers.  

1956  

-  

1965  

Closing up the economy with the 

import-substitution strategy  

Under the closed economy 

tourism did not play an 

important role in the 

national development 

strategy  

Under the directionless and loosely 

organized Tourist Bureau there were 

no tourism promotional and marketing 

activities.  

 

 

Partial departure from the closed 

economy  

1966 - The government 

legislative body was 

established for the tourism 

sector  

1966 - Introduction of the 

first Ten Year Master Plan 

for tourism  

Revival of tourism promotion and 

marketing strategies.  

Tourist Board Act No. 10 of 1966,  

Ceylon Hotel Corporation Act No 14 

of 1966, Tourist Development Act No. 

14 of 1968.  

The plan became the blueprint for 

tourism development and witnessed 

first tourism boom in Sri Lanka.  

The country witnessed a first-wave of 

new hotel construction with five resort 

development zone  

1970  

-  

1977  

Closing up the economy again  No new government 

initiative to develop tourism  

Rate of investment growth in tourism 

fell down due to the re-establishment 

of import control measures. However, 

tourism grew rapidly as a result of 

previous promotional activities and 

peaceful environment.  

1977  

-  

1996  

Opening up the economy  1977 - Introduction of trade 

liberalisation, exchange rate 

reforms and incentives for 

FDI.  

Sri Lanka managed to attract a large 

number of tourists especially from 

Europe under the open economic 

policies. Tourism was promoted. The 

progress continued until 1983. 

Tourism became a victim of war after 

1983.  

The second wave of economic 

reforms in 1989 

1992 - Introduction of the 

second Ten Year Tourism 

Master Plan  

Temporary rebound in tourism sector 

and recovery of tourism arrivals with 

the second wave of trade reforms  

1996  

to  

2015 

Continuation of opening 

economic policies with some 

limitations  

2002 - Signing a cease fire 

agreement created peaceful 

environment for the tourism 

sector.  

The relatively peaceful short-term 

environment gave rise to an increase 

in tourist arrivals to Sri Lanka  

2005 - New Tourism Act. 

2008 - Introduction of the 

Third Tourism Master Plan 

Closer relationship between 

government and private sector through 

joined experiences board has built 

integrated approach to tourism.  

End of war in 2009 – 

Launching new tourism 

promotion strategy  

2011-Implementation of the 

Tourism Development 

Strategy 

Tourism sector has made a remarkable 

recovery and it is becoming one of the 

fastest growing and dynamic 

industries in the country due to 

peaceful environment 
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2015 to  

2019 

Continuation of opening 

economic policies with some 

limitations  

(Change of government at 

end of  2015) 

“Tourism Strategic Plan” 

2016-2020 

 

Introduction of visa-free entry for 

several countries  

Promotional campaigns in major 

countries including Australia 

 

2019  to 

date 

Continuation of opening 

economic policies with some 

limitations 

(Change of government at 

end of 2019) 

No major changes to the 

tourism policies and 

strategies introduced yet 

No notable features introduced yet 

Source: Adapted from Fernando et al. (2013b) and updated 

In 1977, the right-of-centre government led by the United National Party came into 

power and implemented more liberal economic policies including opening up the 

economy to attract foreign direct investment and privatisation.  This has been 

considered a marked shift in economic policies from inward-oriented economic policies 

to outward-oriented economic policies. Since then successive governments have 

followed open economic policies without significant policy changes. As result of the 

continuation of open economic policies, the Sri Lankan economy shifted away from a 

protected import-substitution economy to an export-oriented economy. With this major 

shift, the government offered many incentives and concessions to the private sector 

tourist operators and hotels and as a result, international tourist arrivals in Sri Lanka 

grew substantially (Fernando et al., 2017).  

However, over several decades, since the early 1980s, tourism in Sri Lanka seriously 

suffered until 2009 due to internal political conflicts and violence. Peace, safety and 

security are important for sustainable tourism as international tourists are very sensitive 

to these issues.  The war between the Sri Lankan security forces and the LTTE (Eelam 

War I) began in 1983 and continued until 1991. Moreover, the period 1987 to 1988 is 

known as the twin war period (Fernando et al., 2017) as both the Eelam War I (in the 

North) and Youth Uprising in the southern part of Sri Lanka prevailed during this 

period, affecting the entire economy, including international tourist arrivals. There have 

been several episodes of war and peace since then, as identified by Fernando et al. 

(2017); namely: peace talks between the Sri Lankan government and the LTTE ( 1989-
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1990); Eelam War II (1991-1993); peace talks and the Eelam War III; (1994-2001);  

cease fire agreement and peace talks facilitated by the Norwegian government (2002-

2004); and  Eelam War IV and end of war (2005-2009). As there were several war and 

peace episodes following the start of the political violence, the tourism industry in Sri 

Lanka was negatively affected but showed some improvement in international tourist 

arrivals during no-war periods (Figure 2.1).Since the end of nearly three decades of 

brutal conflict in May 2009, Sri Lanka has witnessed an unprecedented rise in 

international tourist arrivals similar to the post-war tourism booms experienced by other 

countries in the region (e.g. Vietnam, Cambodia and Laos).  There is a large body of 

literature on recent trends in tourism in Sri Lanka (Fernando, Bandara, & Smith, 2013; 

IPS, 2017 and Bandara, 2019) and we do not intend to repeat the available literature. 

Rather, updated figures are presented to highlight recent trends and patterns in relation 

to international tourist arrivals, the occupancy rate, employment in the tourism sector 

and foreign exchange earnings from tourism. As shown in Figure 2.2, the number of 

international tourist arrivals in Sri Lanka sharply increased after 2009, breaking all 

previous historical annual and monthly tourist arrivals records. The total number of 

arrivals nearly doubled within two years after the end of conflict and it has grown 

almost four times within six years (from 447,890 in 2009 to 855,975 in 2011 and to 

1,527,153 in 2014). The number of arrivals further increased in the following years, 

reaching 2,333,796 by the end of 2018.  

The above figures indicate that Sri Lankan tourism experienced a post-war tourism 

boom between 2010 and 2018. This period can be considered as the golden era of 

tourism in Sri Lanka. During this period Sri Lanka was one of the major popular tourist 

destinations in the world. While the Lonely Planet nominated Sri Lanka as the number 

one destination in the world to visit in 2013 and 2019, Forbes Magazine ranked Sri 

Lanka within the “top ten coolest countries” to visit in 2015. Similarly, the New York 
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growth in both India and China, the proximity of India and its close economic 

relationship with Sri Lanka, and Chinese involvement in the Sri Lankan economy 

through its infrastructure and other development projects, have been the main reasons 

for these changes in trends and patterns in tourist arrivals in Sri Lanka. 

Although the arrival numbers from Europe, particularly from the UK and Germany, 

have not increased at a similar rate to those of India and China, these two traditional 

markets are still important in terms of guest nights. This demonstrates that traditional 

tourism sources are still important. Tourists from these countries tend to spend more 

time in Sri Lanka than tourists from India and China. The average duration of a tourist’s 

stay in the country has been around 10 nights, and this has not changed much over the 

last two decades or so according to data published by SLTDA. 

      Table 2. 6 

      Top 10 Source Markets from 2000 to 2018 

2005 2010 2016 2018 

Country Market 

Share (%) 

Country Market 

Share 

(%) 

Country Market 

Share 

(%) 

     Country               Market   

                                  Share 

                                                            

 

India 20.6 India 19.4 India 17.4 India                          18.2 

UK 16.9 UK 16.1 China 13.2          China                         11.3 

Germany 8.4 Maldives 7.0 UK 9.2          UK                             10.9 

France 4.9 Germany 5.4 Germany 6.5 Germany                      6.7 

Australia 4.7 Australia 5.1 France 4.7          Australia                      4.7 

USA 4.6 France 4.8 Maldives 4.6           France                          4.6 

Maldives 4.5 Canada 3.2 Australia 3.6         Maldives                      3.3 

Canada 3.9 USA 2.9 Russia 2.8          USA                             3.2 

Japan 3.1 Netherlands 2.7 USA 2.6 Russia                          2.8 

Netherlands 2.8 Japan 2.2 Japan 2.1 Netherlands                  2.4 

Total Top 10 74.3 Total Top 10 68.9 Total Top 10 66.9 Total Top 10               68.1 

Source: Ceylon Tourist Board (2000-2005) and SLTDA Annual Reports (2006-2018) 

 

With the post-conflict tourist boom after 2010, the hotel occupancy rate has increased 

sharply, as shown in Figure 2.3. During the period of conflict, the hotel occupancy rate 

was low and fluctuated between 30 and 60 percent, depending on several episodes of 

peace talks and break outs of violence during the conflict period. It was below 50 
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investment in the tourism sector. However, as the previous government has correctly 

identified in its Tourism Strategic Plan 2017-2020 (hereafter TSP), growth in the sector 

“has taken place predominantly organically, without a definite vision and without 

coordinated planning” (MTDCRA, 2016, p.3). Using Butler’s (1980) concept of tourism 

life-cycle, the TSP further states that Sri Lanka’s current tourism sector “lies along the 

continuum from exploration to development, depending on the destination”. The 

government has identified that the tourism sector, “has not fully captured its true 

potential and thus has not reaped the expected benefits” (MTDCRA, 2016, p.4). That is 

why the current government is labelling tourism in Sri Lanka as “A Story of Untapped 

Potential” in its TSP (See MTDCRA, 2016 for details). 

In order to estimate the direct and indirect contribution of tourism to the Sri Lankan 

economy, the World Travel & Tourism Council (WTTC) has used an economy-wide 

approach to calculate the total contribution of tourism to GDP, foreign exchange 

earnings and total employment in an economy (both directly and indirectly). It has made 

a comprehensive estimation of tourism contribution to GDP and employment in its 

recent publications by capturing the above mentioned direct, indirect, and induced 

effects by identifying relevant sectors (WTTC, 2017). While the direct contribution of 

the tourism and travel sector was about 5.3 percent of GDP in 2017 and predicted to 

increase to 5.7 by 2028, the total contribution (both direct and indirect) to GDP was 

about 11.6 percent of GDP in 2017 and predicted to increase to 12.3 by 2028. Similarly, 

in 2017, the total direct employment in the sector was around 404,000 (5.1 percent of 

total employment) and the total employment (direct and indirect) was around 875,000 

(11.0 percent of total employment). The total employment due to an expansion in 

tourism is predicted to increase to 1,037,000 (12.8 percent of total employment) by 

2028. The total foreign exchange earnings from tourism, which was around US$ 4.7 
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billion (25.3 percent of total export earnings), is predicted to increase up to US$ 9.4 

billion (30.2 percent of total export earnings) by 2028.  

It is important to note here that the post war tourism boom suffered a temporary serious 

setback as a result of the Easter Sunday terrorist attack in April 2019. As Table 2.7 

depicts, after the attack, international tourist arrivals dropped sharply. However, it 

shows signs of recovery when looking at the negative monthly growth rates which are 

slowly improving. The effects of this most recent episode demonstrate the sensitivity of 

tourism to political violence, which further highlights the importance of having 

information about how international tourists from each market respond to this kind of 

political violence. Having such information will help the policy makers to make 

appropriate decisions and to devise recovery strategies without panicking in a crisis 

situation, so that the industry will bounce back. 

       Table 2. 7   

       Effect of Easter Sunday Attack 

Month 2018 2019 % change 

January 

               

238,924  

          

244,239  2.22 

February 

          

235,618  

          

252,033  6.97 

March 

          

233,382  

          

244,328  4.69 

April 

          

180,429  

          

166,975  -7.46 

May 

          

129,466  

            

37,802  -70.80 

June 

          

146,828  

            

63,072  -57.04 

July 

          

217,829  

          

115,701  -46.88 

August 

          

200,359  

          

143,587  -28.34 

September 

          

149,087  

          

108,575  -27.17 

October 

          

153,123  

          

118,743  -22.45 

November 

          

195,582  

          

176,984  -9.51 

December 

          

253,169  

          

241,663  -4.54 

    

Total 2,333,796      1,913,702 -18.00 

 

Source: SLTDA (2019) 
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2.4 Conclusion 

The international tourism industry plays an important role in the world economy as it 

makes substantial contribution towards GDP and employment. Despite the various 

negative events that have happened in the past, the tourism industry is gradually 

expanding and contributing more and more towards GDP and employment. Tourism in 

the Asia-Pacific region outperforms that in all other regions in terms of growth in 

market share, while it is decreasing in Europe and the Americas. The Asia-Pacific 

region is likely to attract most of the increasing demand for tourism in the future. 

Therefore, countries such as Sri Lanka in that region should prepare themselves to 

capitalise on the opportunities that will arise.  

The same trend can be seen in Sri Lankan tourism. The political violence placed Sri 

Lankan tourism far behind tourism among its counterparts. After the end of war in 

2009, the tourism industry in Sri Lanka has been growing at above the average rate 

although it was temporally interrupted by the Easter Sunday attack in April 2019. 

Tourism has become a central pillar of economic development in Sri Lanka. It has been 

a leading sector in terms of generating employment, foreign exchange earnings, and 

reducing poverty. Sri Lanka has become a popular tourist destination. Therefore, 

successive governments since the end of war have prepared tourism development plans 

and strategies. However, there is no evidence that these plans and strategies have been 

based on systematic forecasting and tourism demand modelling. The sensitivity of 

tourism to political violence in Sri Lanka has also not been examined properly, although 

it has been a very important aspect in Sri Lankan tourism as demonstrated by the effects 

of the Easter Sunday Terrorist attacks. The next four chapters of this thesis focus on 

tourism forecasting and tourism demand modelling.  
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CHAPTER 03 

FORECASTING INTERNATIONAL TOURIST ARRIVALS 

IN SRI LANKA 
 

3.1 Introduction 

Accurate forecasting in international tourist arrivals is essential for tourism planning 

and policy making (Bangwayo-Skeete & Skeete, 2015; Chu, 2009; Hassani, Silva, 

Antonakakis, Filis, & Gupta, 2017; Silva, Hassani, Heravi, & Huang, 2019; Sun, Wei, 

Tsui, & Wang, 2019). In particular, it is imperative for destination management (Liu, 

Tseng, & Tseng, 2018; Yang & Zhang, 2019), infrastructure development (Gunter & 

Önder, 2015; Yang & Zhang, 2019), and tourism investments. The development of 

policies and plans is particularly important in managing resources available to support 

development initiatives and in efficiently allocating scarce resources (Jenkins, 2015). 

This is of relevance when developing countries use tourism-led development strategies 

to facilitate inclusive economic growth. Many countries, in particular developing 

countries like Sri Lanka, set ambitious targets for tourism demand. This often leads to 

failure in achieving the targets (Fernando, 2016).   The main aim of this chapter is to 

develop appropriate forecasting models to predict total international arrivals and arrivals 

from the top 10 source countries to Sri Lanka. Furthermore, an assessment is offered as 

to whether or not Sri Lanka could achieve its 2020 arrival targets, which are not based 

on proper forecasting techniques. 

This chapter is structured into seven sections. The next section provides a brief 

overview of recent developments in tourism strategies and planning in Sri Lanka. This 

demonstrates how Sri Lanka has formulated tourism strategies and plans without proper 

forecasting and emphasizes the need for accurate forecasting.  Section 3.3 provides a 

literature review of the forecasting of international tourist arrivals to establish the 

foundation for the method and data used in this chapter, as described in Section 3.4. The 
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results are presented in Section 3.5 and the detailed discussion of results and policy 

implications  arising from the results are presented in Section 3.6.  The final section 

presents concluding remarks.  

3.2 Recent Developments in Tourism Strategies and Planning in Sri 

Lanka 

As noted in previous chapters, the World Tourism Organization (UNWTO, 2011) 

predicted that global international tourist arrivals will reach the 1.8 billion mark by 

2030 with a 43 million increase each year until 2030. The Asia-Pacific region is 

expected to get most of the share (UNWTO, 2011). Consequently, the prevailing 

peaceful environment in Sri Lanka and UNWTO forecasts of the potential phenomenal 

growth in the industry, offer a great opportunity for Sri Lanka. However, there are some 

challenges that Sri Lanka is currently facing.  First, the room occupancy rate is 

increasing rapidly; in 2017 it stood at 73.27% (SLTDA, 2017). This signifies the 

importance of improving infrastructure and capacity in the hotel and leisure sector to 

accommodate the growing numbers of tourists. Second, the Sri Lankan Government 

expected to achieve 2.5 million international tourists by 2016, but the actual number 

was just over 2 million. As a result, the Sri Lankan Government’s target of achieving 

4.5 million tourists by 2020 was revised to 4 million. In contrast, the Pacific Asia Travel 

Association (PATA) predicts 3.7 million tourists by 2020 with an annual growth rate of 

10.4%. However, from a realistic perspective, it seems that these numbers are very 

ambitious given the fact none of the previous targets was achieved and the arrivals 

growth rate is declining. 

To make use of new opportunities created by the post-conflict tourism boom and 

manage the Sri Lankan tourism sector, tourism authorities need to use proper planning 

and analytical tools in terms of forecasting and analysing the impacts of tourism on the 

Sri Lankan economy. In many countries, econometrics and input-output modelling or 
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computable general equilibrium (CGE) modelling techniques have been used for this 

purpose. Unfortunately, it appears that in the past, Sri Lankan tourism planners have not 

used such techniques in setting targets for the tourism sector or for measuring the 

contribution of the sector to the economy. This  neglect has given rise to some 

misleading projections as noted above. For example, targets for tourist arrivals as 

outlined in the Tourism Development Strategy (TDS), implemented during the period 

between 2011 and 2016, were not based on proper forecasting techniques.   

As shown in Figure 3.1, predictions in the TDS for tourist arrivals were based on an 

assumption that consolidates the preliminary and then final target exponential growth 

without using a proper forecasting method. According to these predictions, a 12.9 

percent to 28.6 percent growth in tourist arrivals was expected in the first four years 

(2011-2014). Following this, the growth rate of tourist arrivals was expected to 

accelerate to 48.1 per cent in 2015 before stabilising at around 25 per cent growth in 

2016. As shown in Figure 3.1 however, although actual tourist arrivals were more than 

expected for the first four years of the strategy (from 2011 to 2014), Sri Lanka failed to 

achieve the target set by the TDS by the end of 2015 and 2016 (that is, 2.5 million). In 

part, this is most likely due to the fact these targets were set based purely on the 

assumption that the hotel accommodation capacity would increase in 2015 and 2016.  

There was no consideration of the demand side of tourist arrivals and no proper 

forecasting techniques were used by planners in setting targets (Fernando et al., 2013a). 
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unlikely this will be achieved by that time considering the actual number of arrivals in 

2017 was only 2.116 million, which is considerably less than the predicted figure of 

2.77 million. Embuldeniya (2017) later revised the forecast numbers in the previous 

study by using actual arrival figures from between 2008 and 2016. According to this 

revised forecasting, based on the best fit trend analysis, it is predicted that the number of 

arrivals will be 3.94 million by the end of 2020.  Again, it is highly unlikely this will be 

achieved. There are serious weaknesses of the above two approaches. For instance, the 

regression model is not a good model to predict tourist arrivals given international 

tourist arrivals exhibit seasonal patterns and the data is time series data. At the same 

time, best fit line does not caputure the seasonality in the series. Both these methods are 

not considered as good models in the forecasting literature. On other hand, no forecast 

evaluation statistics were provided making it difficult to judge the accuracy of the 

forecasting models. The government’s forecasts were annual forecasts. In this study 

monthly forecasts were obtained. However the comparison was made between the 

annual forecasts.  It is clear that the simple forecasting techniques used in the above two 

studies need to be improved with training provided for planners in the SLTDA rather 

than their depending on hired local and international consultants. 

 

3.3 Literature Review 

While there is no uniformly accepted way to measure tourism demand, the four most 

commonly used variables are the number of tourist arrivals/departures, tourist 

expenditure/tourist receipts in the destination country, the number of tourist nights spent 

at tourist accommodation in the destination country, and the length of stay (Divisekera, 

2003; Durbarry & Sinclair, 2003; Lim, 1997; Peng et al., 2015; Song & Li, 2008). The 

number of tourist arrivals in particular, is a commonly used approach for measuring tourism 

demand, as the absolute numbers of tourist arrivals are taken into account (Garín-
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Muñoz, 2007). That is, arrival data is usually available in the destination country, while 

departure data is available in the origin country. The main advantage of tourist arrival 

data is that it is independent of the vacation length compared to overnight stays 

(Broekel & Alfken, 2015). Further, Neumayer (2004) found that the bivariate 

correlation between arrivals and receipts is 0.91, indicating a very high correlation 

between the two. As such, forecasting international tourist arrivals in a destination 

country is particularly useful in tourism planning and policy decision-making . 

Forecasting tourism demand has been a popular topic among tourism researchers given 

the constant growth of world tourism, the availability of more advanced techniques for 

predicting, and the need for more accurate forecasts of tourism demand in the 

destination countries (Claveria & Torra, 2014). Moreover, the method used to forecast 

tourism demand can be categorised into three themes, namely: causal econometric 

models, time series models (Coshall & Charlesworth, 2010) and artifitial intelligence 

based methods (Yao et al., 2018). Error correction models (ECM), time varying 

parameter (TVP) models, vector autoregressive (VAR) models, and linear almost ideal 

system (LAIDS) models are the most popular causal econometric methods used in 

modelling tourism demand (Claveria & Torra, 2014; Han, Durbarry, & Sinclair, 2006), 

while autoregressive moving average (ARIMA) models (Claveria & Torra, 2014; 

Gounopoulos, Petmezas, & Santamaria, 2012), and exponential smoothing (ES) models 

have gained popularity over other methods such as self-exciting threshold 

autoregressions (SETAR) and Markov-switching regime models (Claveria & Torra, 

2014). In addition to these time series techniques, special temporal forecasting (Yang & 

Zhang, 2019), autoregressive mixed-data sampling (Bangwayo-Skeete & Skeete, 2015), 

structural time series modelling (Greenidge, 2001), and seasonal ARIMA models 

(Baldigara & Mamula, 2015; Ma, Liu, Li, & Chen, 2016) and ARAR (Chu, 2008) 

algorithm have also been used in developing forecasting models for tourism demand. 
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Artificial intelligence based models are also becoming popular among tourism 

researchers and various expressions of these methods have been tested and utilised for 

forecasting tourism demand, including the automated neural network autoregressive 

algorithm (NNAR) (Silva et al., 2019), artificial neural network (Claveria & Torra, 

2014; Yao et al., 2018) and evolutionary fuzzy system (Kazemi, Hadavandi, 

Shamshirband, & Asadi, 2016). However, the NNAR method is not suitable for highly 

seasonal data (Silva et al., 2019) which is one of the critical factors in tourism demand 

for many countries (Greenidge, 2001; Pham, Driml, & Walters, 2018; Song & Li, 2008; 

Yao et al., 2018). 

In addition to the above methods, machine learning techniques are also gaining 

popularity according to the recent literature (Sun et al., 2019). In light of this however, 

previous studies have also suggested that seasonal ARIMA models, which are an 

extension of traditional ARIMA methods, perform relatively well in forecasting 

international tourism demand (Baldigara & Mamula, 2015). Moreover, SARIMA 

models outperform ARIMA models (Yao et al., 2018), SETAR and Artificial Neural 

Network models (Claveria & Torra, 2014), and multivariate methods (Greenidge, 

2001). Seasonal ARIMA models take seasonality, which is a very common feature in 

tourism data, into account. Therefore, such models fit tourism data well and are proven 

reliable in tourism forecasting contexts (Chu, 2008). However, there is no single method 

identified in the literature which consistently outperforms all other methods (Hassani et 

al., 2017). Therefore, it is imperative to identify the most suitable method for tourism 

demand forecasting, given the nature of data at hand. 

As mentioned in the previous section there have been no serious attempts at forecasting 

tourist arrivals in Sri Lanka with the exception of those of Embuldeniya (2016; 2017) 

and Kodippili and Senaratne (2017). Embuldeniya (2016) forecast total tourist arrivals 

from 2016 to 2020 using the “polynomial trend with best fit” method and forecast 4 
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million tourists by 2020. However, later this was revised to 3.94 million (Empuldeniya, 

2016). Further, based on these predictions, the expected arrival of tourists by 2017 was 

2.77 million, but the actual number was just over 2.1 million. This indicates a 

substantial gap between the forecast and actual figures. Kodippili and Senaratne (2017), 

in comparison, provided monthly forecasts from April 2017 to March 2018. However, 

as the accuracy of their SARIMA model has not been evaluated, it is hard to ascertain 

whether the model is appropriate. Moreover, none of these studies attempted to forecast 

arrivals at the disaggregate level. Therefore, in the next section, we use a larger sample 

and a better approach in an attempt to develop a more accurate tourism forecasting 

model for Sri Lanka at the disaggregate level. This is an uncommon strategy, but it is 

important for policy purposes (Chu, 2008; Hadavandi, Ghanbari, Shahanaghi, & 

Abbasian-Naghneh, 2011). 

3.4  Data and methods 

3.4.1. Descriptive Statistics 

In this study, data from January 1984 to December 2016 is used as the model estimation 

sample and the most recent data from January 2017 to December 2017 is kept aside for 

evaluation and validation of the forecasting model. Tables 3.1 to 3.4 provide the 

descriptive statistics for monthly tourist arrivals in levels, logarithms, the log-difference 

(or the growth rates), and log- 12 month-seasonal difference, for total international 

arrivals and inbound tourist numbers from the top ten source markets. The following 

section describes the nature of data in all four cases with respect to total international 

arrivals and arrivals from top ten source markets. 
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        Table 3. 1  

        Descriptive Statistics of International Tourist Arrivals (Level from January 1984 to      

December 2016) 

  TA India China UK Germany Maldives France Australia Russia USA Japan 

 Mean 47752.2 7420 5 2108.9 6143.8 5334.3 1948.5 2804.3 1773.3 1065.3 1334.6 1579.2 

 Median 34432.5 4005 5 228.0 5622.0 4859.5 736.5 2286.0 1084.5 348.0 894.0 1350.0 

 Maximum 224791.0 37945.0 32186.0 23948.0 16264.0 16275.0 14602.0 14023.0 10700.0 8220.0 5233.0 

 Minimum 7650.0 352.0 12.0 740.0 966.0 124.0 216.0 162.0 8.0 186.0 342.0 

 Std. Dev. 39432.8 7394.7 5265.5 4136.0 2787.0 2472.7 2126.7 1880.7 1855.5 1131.7 879.0 

 Skewness 2.1 1.7 3.5 1.1 0.9 2.5 2.1 2.7 2.9 2.3 1.5 

 Kurtosis 7.4 5.7 15.1 4.7 3.6 10.6 8.7 12.8 11.8 9.8 5.7 

 Jarque-Bera 616.1 312 1 3199.5 130.1 55.6 1359.1 818.4 2055.1 1837.8 1109.6 271.2 

 Probability 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

 
Observations 396 396 396 396 396 396 396 396 396 396 396 

 

 

        Table 3. 2  

        Descriptive Statistics of International Tourist Arrivals (Logarithm from January 

1984 to December 2016) 

  TA India China UK Germany Maldives France Australia Russia USA Japan 

 Mean 10.5 8.5 6.0 8 5 8.4 7.0 7.7 7.1 6.0 6.9 7 2 

 Median 10.4 8.3 5.4 8.6 8.5 6.6 7.7 7.0 5.9 6.8 7 2 

 Maximum 12.3 10.5 10.4 10.1 9.7 9.7 9.6 9.5 9.3 9.0 8.6 

 Minimum 8.9 5.9 2.5 6.6 6.9 4.8 5.4 5.1 2.1 5.2 5.8 

 Std. Dev. 0.7 1.0 1.6 0.8 0.6 1.1 0.7 0.9 1.3 0.7 0 5 

 Skewness 0.5 0.0 0.9 -0.4 -0.4 0.5 -0.2 0.2 0.3 0.5 0 1 

 Kurtosis 3.2 2.4 3.2 2.4 2.7 2.3 3.1 2.5 3.0 2.7 2.8 

 Jarque-Bera 17.6 5.4 54.1 19.1 10.7 26.9 2.0 7.3 5.7 15.0 1 3 

 Probability 0.0 0.1 0.0 0.0 0.0 0.0 0.4 0.0 0.1 0.0 0 5 

 
Observations 396 396 396 396 396 396 396 396 396 396 396 
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        Table 3. 3  

        Descriptive Statistics of International Tourist Arrivals (Log-difference from 

January 1984 to December 2016) 

  TA India China UK Germany Maldives France Australia Russia USA Japan 

 Mean 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

 Median 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

 Maximum 0.6 1.0 2.9 1.1 0.8 1.1 1.8 1.2 2.4 0.8 0.9 

 Minimum -0.7 -1.0 -1.5 -0.9 -1.5 -1.6 -1.3 -1.4 -3.4 -0.9 -0.8 

 Std. Dev. 0 2 0.2 0.5 0.3 0.3 0.4 0 5 0.4 0.6 0.3 0.3 

 Skewness 0 1 -0.5 0.9 0.2 -0.5 -0.2 0.4 0.1 -0.3 0.2 0.1 

 Kurtosis 3 2 6.2 7.9 3.7 4.8 4.0 3 3 3.3 6.0 2.9 2.8 

 Jarque-Bera 2 1 184.4 445.1 10.6 71.7 18.4 11.9 3.2 152.4 3.0 0.8 

 Probability 0 3 0.0 0.0 0.0 0.0 0.0 0.0 0.2 0.0 0.2 0.7 

 
Observations 395 395 395 395 395 395 395 395 395 395 395 

 

       Table 3. 4  

        Descriptive Statistics of  International Tourist Arrivals (12-month Seasonal 

Difference from January 1984 to December 2016) 

  TA India China UK Germany Maldives France Australia Russia USA Japan 

 Mean 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

 Median 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

 Maximum 0.7 1 3 2.6 0.9 1.4 1.6 1.7 1.1 2.5 0.8 1.0 

 Minimum -0.6 -1.0 -2.9 -1.1 -1.3 -1.7 -1.5 -1.5 -3.0 -0.8 -0.7 

 Std. Dev. 0.2 0 3 0.6 0.2 0.3 0.3 0.3 0.3 0.6 0.3 0.3 

 Skewness 0.1 0 2 -0.4 0.0 0.2 -0.2 0.3 -0.3 -0.1 -0.1 0.2 

 Kurtosis 6.2 5 3 6.3 6.0 7.9 5.7 7.0 5.9 6.2 3.4 3.8 

 Jarque-Bera 161.9 82.9 183.0 147.6 382.4 117.9 265.3 135.3 167.8 2.7 11.2 

 Probability 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.3 0.0 

 
Observations 383 383 383 383 383 383 383 383 383 383 383 

 

Standard deviations of the monthly international tourist arrivals, in levels, show a higher 

value than the other transformation of arrivals. Logarithms of data for all the series of 

aarivals also look better than their counterparts in levels, but standard deviation is lower 

compared to levels. When the series are transformed into log-difference or the growth 

rates and log 12-month seasonal difference, standard deviation is lower for the series 
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compared to their counterparts in levels and logs. For data series to be normally 

distributed, the kurtosis needs to be close to three. In levels, the data series exhibits a 

higher kurtosis. In addition, considerable positive skewness is evident in all series. 

Jarque-Berra (JB) test statistics reveal that the null hypothesis (i.e. the series is normally 

distributed) is rejected for all series at the 5% significance level at levels. Logarithm 

series of India, France, Russia, Japan, the log-difference series of total arrivals in 

Australia, USA, Japan, and the 12-monthly seasonally differenced logarithm series of 

the USA, all seem to be normally distributed at the 5% level. Moreover, Figures 3.2 to 

3.5 show the arrival data at level, logarithm, log-difference and 12-month seasonal 

difference over the time, and visually show which transformation of data looks better. 

The above descriptive statistics and Figures 3.2 to Figure 3.5 suggest that log-

differenced series and the 12-month seasonally differenced series look better than their 

counterparts in levels and logarithm as those two transformations of data reduce the 

standard deviation substantially and visually show that these two transformations of 

data look stationary. However, we need to further examine the unit roots of these before 

making the final decision about data transformation for the forecasting model. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. 2. International Tourist Arrivals in Sri Lanka at Level from January 1984 to 

December 2016 
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           Figure 3. 3.  International Tourist Arrivals in Sri Lanka at Logarithm from 

January 1984 to December 2016 

 

 

 

 

 

 

 

 

 

 

 

 

 

          Figure 3. 4. International Tourist Arrivals in Sri Lanka at Log-difference from 

January    1984 to December 2016 
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       Figure 3. 5. International Tourist Arrivals in Sri Lanka by 12-month Seasonal 

Difference from January 1984 to December 2016 

3.4.2 Unit Root Tests 

As the presence of unit root can lead to adverse consequences in both estimation and 

inference, it is imperative to incorporate stationary variables into the forecasting model. 

Stationarity of the variables in levels, logarithms, log-difference and log 12-month 

seasonal difference was tested using the Augmented Dickey Fuller (ADF) (Fuller, 1996) 

test, the Phillips-Perron (PP) test and the KPSS Test (Phillips & Perron, 1988) and 

(Kwiatkowski et al., 1992). The null hypothesis of the Augmented Dickey Fuller test and 

the Phillips-Perron test is the series has a unit root and  the alternative hypothesis is the 

series has no unit root whereas the KPSS test has null hypothesis that the series is trend 

stationary while the alternative hypothesis is that the series is not trend stationary. All 

three unit root tests discussed above were performed for each of the series in order to 

obtain robut results with respect to unit root tests.  The ADF and PP and KPSS test 

equation are given below. 

The ADF test equation  

∆𝑦𝑡 =∝  +𝛽𝑡 + (𝜌 − 1)𝑦𝑡−1 + 𝛿1∆𝑦𝑡−1 + ⋯ + 𝛿𝑝−1∆𝑦𝑡−𝑝−1 + 휀𝑡     (3.1) 

where: ∝ - a constant term      
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 𝛽𝑡 - the coefficient of a simple time trend 

 𝜌  -  parameter of interest 

 ∆ - the first difference operator 

𝛿i- parameters 

 𝑝 - the lag order of the autoregressive process  

The Phillips-Perron test equation                                                                                

                          ∆yt = β`Dt + πyt−1 + εt                                                                          (3.2) 

                 where: ∆ - the first difference operator 

                             D – deterministic term 

                             β`, π – parameters to be estimated 

The KPSS test equation 

                          yt = β`Dt + µt + ut                  (3.3) 

                                       µt = µt−1 + εt, εt ∼ W N(0, σ ε 
2 ) 

                   where: D – deterministic trend 

                                    

When performing these tests, a constant term and a trend were included in the test 

equation at level and logarithm whereas only a constant term was included in the log-

differenced series and the log 12-month seasonal differenced series. Moreover, when 

estimating the equation for ADF test, in all cases, appropriate  lag length was selected 

based on Schwarz Information Criterion (SIC) (Schwarz, 1978) subject to a maximum 

of 16 lags. In PP and KPSS tests, Batlett Kernel spectral estimation method and Newey-

West Bandwidth were used. Unit root test results are presented in Table 3.5, Table 3.6 

and Table 3.7. 
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        Table 3. 5  

        ADF Unit Root Test Results 

  

Level Logarithm Log-diffrence 12-month 

 seasonal 

difference of 
logarithm 

Total Arrivals 1.68 -2.27 -6.14*** -8.96*** 

India 3.86 0.82 -15.18*** -7.47*** 

China -2.12 -2.18 -13.75*** -7.41*** 

UK -1.26 -2.54 -7.51*** -8.29*** 

Germany -1.21 -1.88 -7.55*** -8.88*** 

Maldives 0.38 -1.72 -6.79*** -8.49*** 

France -0.05 -2.04 -5.80*** -7.56*** 

Australia -0.26 -4.13*** -5.16*** -8.64*** 

Russia 0.68 0.37 -8.45*** -9.32*** 

USA 0.13 -3.08 -7.26*** -8.44*** 

Japan -1.44 -2.74 -5.17*** -8.14*** 

Note: *** , **, and * indicate the significance at 1%, 5% and 10% respectively 

 

      Table 3. 6 

      Phillips-Perron Unit Root Test Results 

  

Level Logarithm Log-diffrence                           12-month  

seasonal 
difference of 

logarithm  

Total Arrivals -2.53 -5.41*** -20.80*** -8.96*** 

India -2.98 -4.82*** -33.42*** -42.73*** 

China -2.55 -4.93*** -49.24*** -56.85*** 

UK -11.08*** -8.31*** -28.66*** -50.59*** 

Germany -5.34*** -5.55*** -28.90*** -41.79*** 

Maldives -7.91*** -10.66*** -70.45*** -120.54*** 

France -7.89*** -6.97*** -46.78*** -37.98*** 

Australia -11.24*** -9.31*** -57.78*** -33.14*** 

Russia 0.4 -0.13 17.10*** -7.89*** 

USA -6.17*** -7.60*** -40.34*** -57.18*** 

Japan -6.67*** -5.44*** -38.07*** -32.83*** 

Note: *** , **, and * indicate the significance at 1%, 5% and 10% respectively 
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      Table 3. 7 

KPSS Unitroot Test Results 

  

Level Logarithm Log-diffrence 12-month 

 seasonal 

difference of 

logarithm 

Total Arrivals 0.43*** 0.32*** 0.25 0.04 

India -0.43*** 0.14* 0.17 0.05 

China 0 31*** 0.46*** 0.34 0.25 

UK 0.17** 0.24*** 0.07 0.1 

Germany 0 25*** 0.22*** 0.16 0.1 

Maldives 0 54*** 0.47*** 0.04 0.02 

France 0 36*** 0.23*** 0.18 0.07 

Australia 0 51*** 0.17** 0.04 0.04 

Russia 0.15** 0.14* 0.29 0.25 

USA 0.40*** 0.26*** 0.04 0.11 

Japan 0 31*** 0.22*** 0.23 0.03 

Note: *** , **, and * indicate the significance at 1%, 5% and 10% respectively 

 

According to the above test results, both log-differenced series and 12-month seasonally 

differenced series of all the data series are stationary at 1% significance level. Moreover 

the ADF test reveal that none of the series at level and at logarithm except  logarithm 

series of the Australian’s arrivals  is stationary at any of the accepted significance 

levels. However, according to Phillips-Perron test, except the data series for total 

arrivals, India, China and Russia, all other series are stationary at levels at 1% 

significance level. At logarithm, all series are stationary at 1% significance level except 

that of Russia. All log-differenced series and 12-month seasonally differenced series are 

stationary at 1% significance level. Under all three tests performed  log-differenced 

series and 12-month seasonally differenced series are stationary at 1% level. Therefore, 

given the descriptive statistics and unit root test results, the most appropriate 

transformation method for the series is either log-difference or 12-month seasonal 

difference. 
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3.4.3 Methods 

In this study, we used the Box-Jenkin seasonal autoregressive integrated moving 

average (SARIMA) approach to identify the best model to forecast total international 

tourist arrivals and inbound tourists from top ten source markets to Sri Lanka. The Box-

Jenkins approach to SARIMA modelling involves a three-step process, namely: model 

identification, parameter estimation, and diagnostic checking, to ensure that the selected 

model is adequate to forecast the selected series (Box & Jenkins, 1970). The selected 

model then can be used to forecast future arrivals. Previous research suggests that 

international tourist arrivals in a destination country exhibit seasonal patterns (Baldigara 

& Mamula, 2015; Chang & Liao, 2010). For this reason, when modelling international 

tourist arrivals, the SARIMA model has been used by many researchers as the method 

yields an appropriate model to forecast tourist arrivals. The SARIMA method can 

effectively capture complex relationships in data series as it takes both seasonal and 

non-seasonal error terms and observations of lagged variables into account when 

training the model. Therefore, the model can produce reasonable forecasts that are in 

line with recent changes in the data series.   The SARIMA model can be specified as 

follows: 

 

𝜑𝑝(𝐵)𝜙𝑝(𝐵𝑆)∇𝑑 ∇𝑆
𝐷𝑦𝑡 = 𝜃𝑝(B)𝛩𝑄(𝐵𝑆)𝜏𝑡 ,                                (3.4) 

where: 

 p and q - the non-seasonal autoregressive and moving average order respectively, 

d - the number of non-seasonal differences, 

D - the number of seasonal differences, 

𝜑𝑝(𝐵) = 1 − 𝜑1𝐵 − 𝜑2𝐵2 − ⋯ . 𝜑𝑝𝐵𝑝- the AR operator, 

𝜃𝑞(𝐵) = 1 − 𝜃1𝐵 − 𝜃2𝐵2 − ⋯ … − 𝜃𝑞𝐵𝑞 - the moving average operator, 
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B is the backshift operator defined in a way that 𝐵𝑠𝑦𝑡 = 𝑦𝑡−𝑠 . 

𝜙𝑝(𝐵𝑠) = 1 − 𝜙𝑆𝐵𝑆 − 𝜙2𝑆𝐵2𝑆 − … . 𝜙𝑝𝑆𝐵𝑝𝑆 - the seasonal autoregressive operator, 

𝛩𝑝(𝐵𝑠) = 1 − 𝛩𝑆𝐵𝑆 − 𝛩2𝑆𝐵2𝑆−. . 𝛩𝑄𝑆𝐵𝑄𝑆 - the seasonal moving average operator, 

𝑦𝑡 has both seasonal and non-seasonal components, and is differenced d times (length 

one) and D times (length s), 

∇𝑑 - the non-seasonal differencing operator, 

∇𝑠
𝐷 - the seasonal differencing operator.  

The SARIMA process is described as 

    ARIMA (p, d, q) (P, D, Q) ,                                   (3.5) 

where p, d, q is non-seasonal AR, differencing and MA order, and P, D, Q denote the 

seasonal AR, differencing and MA order respectively. In this study, we identified the 

preferred model specification and then parameters of the same models were estimated 

and diagnosed to test the suitability of the models. Moreover, three competing models 

were identified for each case. Those three competing models were compared for 

adequacy using in-sample model fit and the out-of-sample forecast errors/accuracy. 

Based on the in-sample model fitness and the other diagnostic tests, the preferred model 

was selected for each data series. The forecast accuracy of the models was then 

evaluated to ascertain how well the selected models perform. Although there are several 

methods to evaluate forecast accuracy, in this study we used mean absolute error 

(MAE), root mean squared error (RMSE) and mean absolute percentage error (MAPE).  

Assume that the forecast sample is j=T+1, T+2, …, T+h and actual value and forecast 

values in time t are yt and ŷ𝑡 respectively.  Under these conditions, the above-mentioned 

forecast error statistics can be calculated as follows: 
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𝑀𝐴𝐸 =
1

ℎ
∑ |𝑦𝑡 − ŷ𝑡

𝑇+ℎ
𝑡=𝑇+1  |                                   (3.6)                                                                                                                                                                                                               

𝑅𝑀𝑆𝐸 =
1

ℎ
∑ (𝑇+ℎ

𝑡=𝑇+1 𝑦𝑡 − ŷ𝑡)2                               (3.7) 

𝑀𝐴𝑃𝐸 =  
100

ℎ
∑ |

𝑦𝑡−ŷ𝑡 

𝑦𝑡

𝑇+ℎ
𝑡=𝑇+1 |                                (3.8) 

 

3.5 Results 

Before estimating the parameters, it is necessary to select the appropriate orders for p, d, 

q, P, D, and Q in the SARIMA model. First, the stationary series of the international 

tourist arrival is necessary to proceed. The first difference of the logarithm of arrivals 

and the 12-month seasonal difference of arrivals were stationary based on the 

Augmented Dickey Fuller test (Fuller, 2009). Therefore, both these stationary series 

seemed appropriate for the model building and the most suitable transformation was 

selected using the Automatic ARIMA forecasting feature of Eviews software. In order 

to choose the non-seasonal and seasonal autoregressive terms and moving average 

terms, the Autocorrelation Function (ACF) and the Partial Autocorrelation Function 

(PACF) were used as both are considered useful in identifying the SARIMA model 

(Wei, 2006).  ACF and PACF were used to select the appropriate orders for seasonal 

and non-seasonal AR and MA terms. It was evident that the seasonal lags (12, 24, and 

36) were significant in both ACF and PACF, leading to the conclusion that seasonal 

terms are required in the models. Based on this, we estimated several models subject to 

a number of conditions such as maximum non-seasonal differencing 2, maximum non-

seasonal AR and MA terms 4, and maximum seasonal AR and MA terms 2. In order to 

identify the best three models for each case, we used the Automatic ARIMA forecasting 

feature available in Eviews 10.  The well-known Airline model, ARIMA (0,1,1)(0,1,1)12  

introduced by Box, Jenkins, and Reinsel (2008) was also tested, but was not suitable in 
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any of the cases to model international tourist arrivals in Sri Lanka. This led to the 

conclusion that a more complex model than the airline model is required. Eviews 10 

software was used to aid the analysis. 

3.5.1 Parameter Estimation 

The parameters of the competing models were estimated using Eviews 10 software. The 

maximum likelihood estimation method was used in the estimation process. Table 3.8 

presents the parameters of the estimated models. Estimated results suggest that most 

coefficients of all the models are highly significant. Therefore, these models are further 

investigated in the next stage to identify the best model for each case. 
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        Table 3. 8  

        Parameter Estimates for the Competing Models 

  Non Seasonal Terms Seasonal Terms 
Models AR(1) AR(2) AR(3) AR(4) MA(1) MA(2) MA(3) MA(4) SAR(12) SAR(24

 

SMA(12) SMA(24) sigmasq 
Total arrivals                           
ARIMA(3,1,3)(2,0,1)12 0.5567** 0.8083*** -0.632***   -0.5844** -

 

0.6359***   1.2054**
 

-

 

   -0.9276*** 0.0145*** 
ARIMA 

 
1.4723**

 
-

 

    -1.5147*** 0.5796**     0.9974**
 

  -0.7016*** -0.2088 0.0146*** 
ARIMA 

 
0.8501**

 
0.9015*** -

 
  -0.9150 -0.9752 0.9398   0.6522**

 
-

 

-1.3400*** 0.4569** 0.0142 
India                           
ARIMA (3,1,3) 

 

-

 

-

 

0.4742***   0.3406*** 0.0734 -

 

  0.9682**

 

  -0.7893*** 0.1029** 0.0436*** 
ARIMA(1,1,1)(1,0,1)12 0.4632**

 

      -0.7651***       0.9649**
 

  -0.8805***    
 ARIMA(3,1,3) 

 
-

 

-
 

0.4771***   0.3495*** 0.0781 -
 

  0.0979*   -0.9111***   0.0445*** 
China                           
ARIMA (3,1,4) 

 
-

 

0.2935 0.6199***   0.3094* -

 

-
 

0 3422**
 

1.1690**
 

-

 

-0.9994***   0.1656*** 
ARIMA (2,1,3) 

 
-

 

-
 

    0.9937*** -0.0294 -
 

  1.1540**
 

-

 

-0.9993***   0.1684*** 
ARIMA (1,1,1) 

 
0.3289**

 

      -0.7831***       0.4435*   -0.2904   0.1780*** 
UK                           
ARIMA (3,1,3) 

 

-0.1129** -
 

0.6264***   -0.0888 0.2446 -0.9146   1.2897**
 

-

 

-0.9574***   0.0291 
ARIMA (1,1,1) 

 
0.6729**

 

      -0.9150***       1.6992**
 

-

 

-1.4579*** 0.4586*** 0.0295*** 
ARIMA (3,1,3) 

 
-0.1141** -

 
0.6365***   -0.0833 0.2534 -0.9067   0.6902**

 
  -1.4221 0.4222 0.0282 

Germany                           
ARIMA (1,1,1) 

 

0.7076**

 

      -0.9162***       0.9963**

 

  -0.7825*** -

 

0.0469*** 
ARIMA (1,1,1) 

 
0.6923**

 

      -0.9023***       0.9940**
 

  -0.8718***   0.0476*** 
ARIMA (1,1,1) 

 
0.7067**

 

      -0.9162***       1.1273**
 

-

 

-0.9184***   0.0469*** 
France                           
ARIMA (1,1,1) 

 
0.5702**

 
      -0.8307***       0.9973**

 
  -0.6927*** -

 
0.0591*** 

ARIMA (1,1,1) 
 

0.5782**
 

      -0.8176***       0.9957**
 

  -0.8589***   0.0611*** 
ARIMA (1,1,1) 

 
0.5781**

 

      -0.8256***       0.5527* -

 

-1.2597*** 0.3829 0.0581*** 
Maldives                           
ARIMA (4,1,3) 

 
-

 

-0.2889** 0.4482*** 0.0683 1.0700*** -

 

-
 

  0.8438**
 

  -0.4649***   0.0596*** 
ARIMA (2,1,2) 

 

0.0009 0.1875     -0.6238 -0.2354     1.0761**
 

-0.1578 -0.6859***   0.0618*** 
ARIMA (1,1,1) 

 
0.2427**

 
      -0.8503***       1.0953**

 
-0.1690* -0.7268***   0.0625*** 

Australia                           
ARIMA (1,1,2) 

 
0.9376**

 

      -1.3266*** 0.3307**
 

    1.7175**
 

-

 

-1.4633*** 0.4642*** 0.0409*** 
ARIMA (3,1,1) 

 

0.5785**

 

0.2280*** 0.0932*   -0.9928***       1.1612** -

 

-0.8591***   0.0425*** 
ARIMA (2,1,3) 

 
1.1396**

 

-0.2249     -1.5587*** 0.7665 -0.1954   -0.1652 0.2006*
 

-0.5408 -0.3343 0.0418*** 
Russia                           
ARIMA (3,1,2) 

 
-

 

0.5760*** 0.1924***   0.0367 -0.9633     0.9464**
 

  -0.5620***   0.1801 
ARIMA (2,1,1) 

 
0.4156**

 
0.1628***     -0.9557***       0.9464**

 
  -0.5827***   0.1841*** 

ARIMA (4,1,4) 
 

0.1497 0.1566* 0.7990*** -
 

-0.7161*** -0.1488* -
 

0.7189**
 

    -0.5982***   0.1816*** 
USA                           
ARIMA (4,1,3) 

 

-0.00068 -
 

0.5228*** 0.1220* -0.3914 0.5687 -0.8809   1.1752**
 

-

 

-0.8069***   0.0356 
ARIMA (2,1,1) 

 
0.4663**

 

0.0915     -0.8689***       1.1541**
 

-

 

-0.8073***   0.0367*** 
ARIMA (1,1,1) 

 
0.4552**

 
      -0.8273***       1.1597**

 
-

 

-0.8213***   0.0369*** 
Japan                           
ARIMA (3,1,4) 

 
-

 

0.2965*** 0.9398***   0.0910 -

 

-0.9038 0.2664 0.9969**
 

  -0.7521*** -
 

0.0386 
ARIMA (2,1,1) 

 
0.5093**

 

0.1427**     -0.8489***       1.1423**
 

-

 

-0.9401***   0.0398*** 
ARIMA (1,1,1) 

 

0.3777**

 

      -0.6855***       1.1322**

 

-

 

-0.9345***   0.0405*** 

  Note: *** , **, and * indicate the significance at 1%, 5% and 10% respectively



54 

 

3.5.2 Diagnostic Checking 

Once the models were estimated, we needed to check the adequacy of the models. For 

this purpose, ACF and PACF were examined to see if there was any remaining 

autocorrelation in the models. White noise tests were also performed. Both ACF and 

PACF revealed that the estimated models had captured most of the autocorrelation in 

the series and hence the estimated models seemed to be appropriate in terms of ACF 

and PACF. Figure 4 represents the ACF and PACF of the residuals for the competing 

models of total arrivals. Error terms of the estimated models were then tested for white 

noise using the Ljung-Box Q test.  Prior to calculating the test statistics for this, the 

residuals ( 휀�̂� ) had to be extracted for the estimated models. Then, the following 

equation was used to calculate the sample autocorrelations of the residuals of the fitted 

models ( �̂�𝑘) using the T residuals.  

�̂�𝑘 =
∑ �̂�𝑡�̂�𝑡−𝑘

𝑇
𝑡=𝑘+1

∑ �̂�𝑡
2𝑇

𝑡=1
       , k=1,2…       ( 3.7) 

Using the above equation, a set of autocorrelations �̂�1, �̂�2, …….�̂�𝑚 was obtained. These 

were then used to test the null hypothesis of serially independent residuals against the 

alternative hypothesis if they were not serially independent. The test statistics were 

calculated using the following equation (Ljung & Box, 1978, p. 298). 

�̂�(𝑟) = 𝑇(𝑇 + 2) ∑ (𝑇 − 𝑘)−1𝑚
𝑘=1 𝑟𝑘

2  ( 3.8) 

The results in Table 3.9 indicate that the error terms of all the chosen models pass the 

white noise test except those for Australia and the Maldives. However, selected models 

for both Australia and the Maldives have a good in-sample model fitness and the 

magnitude of the q stat is small. Consequently, all of the chosen models are adequate. 
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 Table 3. 9  

 Diagnostic Test Results for Competing Models 

Model Ljung                                 Model Fit Comparison                                      

and Box   

Test  

              

   
(Q-stat) 

AIC SIC MAE RMSE MAPE    
  Theil’s 

U2 

Total Arrivals                

ARIMA(3,1,3)(2,0,1)12 39.12 * -1.28  -1.18  4,154.25  6,654.09  9.02    0.60 

ARIMA (2,1,2)(1,0,2)12 37.37  -1.28  -1.20  4,068.61  6,477.00  9.15    0.60 

ARIMA (3,1,3)(2,1,2)12* 31.03  -1.31  -1.20  4,296.48  6,685.58  9.17    0.61 

India                

ARIMA (3,1,3) (1,0,2)12 37.93*  -0.23  -0.13  888.45  1,427.87  15.08    .92 

ARIMA(1,1,1)(1,0,1)12* 42.28  -0.23  -0.18  907.99  1,484.03  14.96    0.92 

ARIMA(3,1,3) (1,1,1)12 40.88 * -0.17  -0.08  888.66  1,380.65  15.33    0.94 

China                

ARIMA (3,1,4) (2,0,1)12* 34.88  1.13  1.24  511.13  1,551.50  40.30    0.93 

ARIMA (2,1,3) (2,0,1)12 46.12**  1.13  1.22  349.71  1,077.02  34.25    0.92 

ARIMA (1,1,1) (1,0,0)12 50.47 ** 1.14  1.19  437.19  1,477.18  31.72    0.93 

UK                

ARIMA (3,1,3) (2,0,1)12 22.49  -0.57  -0.47  792.90  1,202.22  13.09    0.57 

ARIMA (1,1,1) (2,0,2)12* 26.13  -0.56  -0.49  793.56  1,209.82  13.24    0.57 

ARIMA (3,1,3) (1,1,2)12 23.25  -0.59  -0.48  781.47  1,178.05  12.99    0.57 

Germany                

ARIMA (1,1,1) (1,0,2)12 31.41  -0.13  -0.07  739.45  1,019.46  16.45    0.63 

ARIMA (1,1,1) (1,0,1)12 37.80  -0.12  -0.07  750.81  1,030.74  16.73    0.63 

ARIMA (1,1,1) (2,0,1)12* 31.64  -0.13  -0.07  739.09  1,019.25  16.43    0.63 

France                

ARIMA (1,1,1) (1,0,2)12 40.73  0.11  0.17  420.33  583.79  19.07    057 

ARIMA (1,1,1) (1,0,1)12 63.98*** 0.14  0.19  437.12  608.87  19.74    0.58 

ARIMA (1,1,1) (2,0,2)12* 40.75*  0.07  0.14  421.05  594.91  18.10    0.54 

Maldives                

ARIMA (4,1,3) (1,0,1)12 54.71***  0.09  0.19  347.79  710.07  19.11    0.71 

ARIMA (2,1,2) (2,0,1)12 
63.29 
*** 0.11  0.19  368.21  727.06  19.24  

  0.71 

ARIMA (1,1,1) (1,0,2)12* 71.43***  0.11  0.17  374.25  736.95  19.47    0.71 

Australia                

ARIMA (1,1,2) (2,0,2)12 53.49 
*** -0.22  -0.14  255.45  422.98  16.17  

   

0.52 

ARIMA (3,1,1) (2,0,1)12 
51.58 
*** -0.22  -0.14  260.92  443.24  16.17  

  0.52 

 ARIMA (2,1,3) (2,1,2)12* 50.92***  -0.24  -0.14  264.01  430.66  16.12    0.51 

Russia                



56 

 

ARIMA (3,1,2) (1,0,1)12 38.65  1.20  1.28  211.04  434.83  33.86    0.69 

ARIMA (2,1,1) (1,0,1)12* 40.66  1.21  1.27  213.19  437.11  34.66    0.71 

ARIMA (4,1,4) (0,1,1)12 33.48  1.21  1.31  214.02  427.67  33.16    0.69 

USA                

ARIMA (4,1,3) (2,0,1)12 33.24  -0.40  -0.28  180.51  275.11  14.69    0.62 

ARIMA (2,1,1) (2,0,1)12 36.66  -0.39  -0.32  181.33  280.31  14.80    0.62 

ARIMA (1,1,1) (2,0,1)12* 39.27  -0.39  -0.33  183.01  282.29  14.94    0.62 

Japan                

ARIMA (3,1,4) (1,0,2)12 20.75  -0.29  -0.18  232.26  329.53  15.82    0.70 

ARIMA (2,1,1) (2,0,1)12 20.21  -0.29  -0.22  230.56  327.41  16.01    0.71 

ARIMA (1,1,1) (2,0,1)12* 26.02  -0.28  -0.22  234.24  333.02                    
16.19  

16   16     0.72 

Note:*** , **, and * indicate the significance at 1%, 5% and 10% respectively; forecast 

evaluation criteria are for tourist arrivals at levels. 

           

3.5.3 Model Selection 

When selecting the models, Box et al. (2008) recommend starting with a multiplicative 

seasonal ARIMA model in modelling series with seasonal patterns. However, they 

further suggest exploring non-multiplicative SARIMA models in case the multiplicative 

SARIMA models do not fit the data well. In this study, we experimented with several 

multiplicative SARIMA models and the best three models, based on AIC, BIC and the 

significance of the parameters, were selected for further investigation. As described in 

the previous section, all the selected models have white noise error terms except for 

those of Australia and the Maldives. The next step was to select the most appropriate 

forecasting model for predicting international tourist arrivals in Sri Lanka. The preferred 

models have lowest AIC, BIC and they fit the data well based on MAE, RMSE and 

MAPE, Theils’s U (Table 3.9). The best model is selected based on AIC and BIC, but in 

cases where AIC and BIC suggest two different models, the simpler model is chosen. If 

the MAPE is less than or equal to 10%, the forecasting based on such models is highly 

accurate (Lewis, 1982). Moreover, if the same is between 10%-20%, the model is 
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accurate. Therefore, the selected SARIMA models were used to generate accurate 

forecasts for international tourist arrivals in Sri Lanka and results indicate that the 

aggregate model outperforms in all cases in terms of forecast accuracy. Of interest, the 

Chinese models have the lowest forecast accuracy but still provide reasonable forecasts.  

3.5.4 Validation and Forecast 

In this research we estimated univariate forecasting models using the SARIMA 

approach to forecast total international tourist arrivals and the arrivals from the top 10 

source markets for Sri Lanka. As seasonality is common in tourism data, the SARIMA 

approach was appropriate as it accounts for seasonality in data. Using the out-of-sample  

and the results in Table 3.10 indicate that all the models perform well except a few. To 

evaluate the out of sample accuracy, MAPE was used although other criteria are given 

for comparison and robustness purposes. The main reassons to select MAPE is that is, it 

is widely used, and very intuitive in terms of relative error (Tofallis, 2015). Moreover, it 

also helps in selecting a relatively good model (Myttenaere et al., 2016).  Based on both 

non-seasonally and seasonally-differenced data, the selected model to forecast total 

arrivals was ARIMA (3,1,3) (2,1,2)12 . This model can be regarded as a high accuracy 

model, as the out-of-sample MAPE is less than 10 percent.  When it comes to 

disaggregate models for the top 10 source countries, the selected models for India, 

Australia, USA and Japan are highly accurate; while other models, with the exception of 

Russia, are good forecasting models. Although the accuracy of the selected model for 

Russia is lower in comparison to the other models, it still provides reasonable forecasts. 

Therefore, all the selected models are appropriate for generating forecasts. Interestingly, 

in all cases, out-of-sample model accuracy is greater than that of in-sample model 

accuracy, which is  rare  in the forecasting literature. Figures 3.6 to 3.16 show the actual 

monthly arrivals and forecasts. There are several important features that can be 
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identified from those  Figures. Firstly, total arrivals show better mid-range forecasts 

than short-term forecasts (Figure 3.6). Secondly, for some countries long term forecasts 

are more accurate than short-term forecasts (eg. UK: Figure 3.9; the Maldives: Figure 

3.12). Thirdly, forecasts for Japan is highly accurate in short term and mid term, but not 

long-term. These may be due to several reasons. Dengue fever pandemic occurred 

during first few months of 2017 led to lower international tourist arrivals in the first few 

months. Moreover, in many cases, mid range data demonstrates less seasonal 

fluctuations.  These factors may have led to the above behavior in forecasts. 

 Table 3. 10  

  Forecast Error Comparison of the Competing Models 

Model MAE RMSE MAPE   

 Theil’s  

    U2 Models MAE RMSE MAPE     Theil’s U2 

Total Arrivals         Maldives       

ARIMA(3,1,3)(2,0,1)12 12090 00 15495 53 6 82 0 36  

ARIMA (4,1,3) 

(1,0,1)12 347 79 710 07 19 11           0 71 

ARIMA (2,1,2)(1,0,2)12 12246 69 15233 59 6 87 0 36 

ARIMA (2,1,2) 

(2,0,1)12 1081 99 1306 53 17 97           0 48 

ARIMA (3,1,3)(2,1,2)12* 14256 01 16865 43 8 29  0 39 

ARIMA (1,1,1) 

(1,0,2)12* 1051 90 1302 33 17 24           0 47 

India         Australia       

ARIMA (3,1,3) (1,0,2)12 2806 82 4013 05 8 05  0 67 

ARIMA (1,1,2) 

(2,0,2)12 590 92 455 07 7 78             0 23 

ARIMA(1,1,1)(1,0,1)12* 2846 33 4019 55 8 20  0 66 

ARIMA (3,1,1) 

(2,0,1)12 449 66 583 83 7 37             0 19 

ARIMA(3,1,3) (1,1,1)12 2555 77 3336 84 7 32  0 60 

ARIMA (2,1,3) 

(2,1,2)12* 466 84 602 72 7 77             0 20 

China         Russia       

ARIMA (3,1,4) (2,0,1)12* 3474 45 4061 45 15 42 0 65 

ARIMA (3,1,2) 

(1,0,1)12 903 02 1030 25 32 80           0 58 

ARIMA (2,1,3) (2,0,1)12 2681 93 3149 33 11 75  0 50 

ARIMA (2,1,1) 

(1,0,1)12* 920 28 1048 01 33 19           0 59 

ARIMA (1,1,1) (1,0,0)12 3448 46 4365 86 14 74  0 72 

ARIMA (4,1,4) 

(0,1,1)12 860 80 949 16 30 51           0 57 

UK         USA       

ARIMA (3,1,3) (2,0,1)12 1992 60 2345 46 13 18  0 33 

ARIMA (4,1,3) 

(2,0,1)12 422 40 516 21 8 95            0 34 

ARIMA (1,1,1) (2,0,2)12* 1643 37 2033 28 10 99  0 28 

ARIMA (2,1,1) 

(2,0,1)12 367 73 485 52 7 56            0 32 

ARIMA (3,1,3) (1,1,2)12 1808 02 2133 18 12 14  0 28 

ARIMA (1,1,1) 

(2,0,1)12* 366 12 488 57 7 56            0 33 

Germany         Japan       

ARIMA (1,1,1) (1,0,2)12 1188 17 1399 69 12 58  0 54 

ARIMA (3,1,4) 

(1,0,2)12 264 88 374 19 7 76            0 54 

ARIMA (1,1,1) (1,0,1)12 1162 47 1381 44 12 28  0 53 

ARIMA (2,1,1) 

(2,0,1)12 210 64 413 58 6 70            0 65 
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ARIMA (1,1,1) (2,0,1)12* 1188 78 1404 79 12 59  0 54 

ARIMA (1,1,1) 

(2,0,1)12* 231 11 421 00 7 18            0 65 

France                 

ARIMA (1,1,1) (1,0,2)12 875 01 1124 56 11 82 0 57          

ARIMA (1,1,1) (1,0,1)12 923 60 1144 54 12 59 0 58          

ARIMA (1,1,1) (2,0,2)12* 881 79 1049 79 12 53 0 54          

                  

                  

Note: * indicates the selected model; forecast evaluation criteria are for tourist arrivals 

at levels. 
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 Figure 3. 6. Out of Sample Forecasts vs Actuals for 2017 – Total International Arrivals 
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Figure 3. 7. Out of Sample Forecasts vs Actuals for 2017 – International Arrivals from 

India 
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 Figure 3. 8. Out of Sample Forecasts vs Actuals for 2017 – International Arrivals from 

China 
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Figure 3. 9. Out of Sample Forecasts vs Actuals for 2017 – International Arrivals from 

the UK 
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Figure 3. 10. Out of sample Forecasts vs Actuals for 2017 – International Arrivals from 

Germany 

 



62 

 

2,000

4,000

6,000

8,000

10,000

12,000

14,000

M1 M2 M3 M4 M5 M6 M7 M8 M9 M10 M11 M12

2017

FRANCE FRANCE_F
 

Figure 3. 11. Out of Sample Forecasts vs Actuals for 2017 – International Arrivals from 

France 
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Figure 3. 12. Out of Sample Forecasts vs Actuals for 2017 – International Arrivals from 

the Maldives 

 



63 

 

2,000

4,000

6,000

8,000

10,000

12,000

14,000

16,000

M1 M2 M3 M4 M5 M6 M7 M8 M9 M10 M11 M12

2017

AUSTRALIA AUSTRALIA_F
 

Figure 3. 13. Out of Sample Forecasts vs Actuals for 2017 – International Arrivals from 

Australia 
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Figure 3. 14. Out of Sample Forecasts vs Actuals for 2017 – International Arrivals from 

Russia 
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 Figure 3. 15. Out of Sample Forecasts vs Actuals for 2017 – International Arrivals from 

the USA 
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Figure 3. 16. Out of Sample Forecasts vs Actuals for 2017 – International Arrivals from 

Japan 
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3.6 Discussion and Policy Implications 

3.6.1 Findings 

Our results suggest that the SARIMA model has a good fit with international arrival 

data. Furthermore, seasonality is evident in arrivals in all cases, as the seasonal moving 

average terms and seasonal autoregressive terms are significant in all the models, 

including aggregate and disaggregate models. Forecasting based on the aggregate model 

suggests that total international arrivals by the end of 2020 will be approximately 3 

million (Tables 3.11 and 3.12) which is far less than the Sri Lankan Government’s 

target of 4 million. Therefore, there is a gap between the forecast generated by the 

model and the target proposed by the policy makers. Disaggregated forecasts for the 

major source markets provide valuable inputs for devising tourism promotion strategies 

and activities in line with the government targets for the future. India and China have 

become the top two source markets, and given our forecasts, it is likely that Sri Lanka is 

on track to achieve the government’s target of 450,000 tourists from India by 2018 

(Hindustan Times, 2018). Moreover, our forecasts reveal that by the end of 2020, 

tourists from India will exceed 500,000.  On the other hand, China was not an important 

source market until the end of political violence in 2009. However, Chinese tourist 

arrivals have been growing since then, and by 2015, it had become number two in terms 

of arrivals, surpassing of the numbers for the UK. This is not a surprise given that China 

is the world’s biggest source market (UNWTO & GTERC, 2017).  Our forecasts 

suggest that Chinese arrivals may exceed the one million mark by the end of 2020 based 

on the forecasts generated by our model. Chinese arrivals in Sri Lanka are fuelled by 

many factors including the peaceful environment, increased economic relationship 

between the two nations and the aggressive promotional campaigns carried out in China 

by the Sri Lankan Government (Deyshappriya, 2018). 
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Table 3. 11   

Monthly International Tourist Arrival Forecasts from January 2018 to December 2020 

Month Total arrivals India China UK Germany  France   Maldives   Australia  Russia USA Japan 

2018                       

Jan    148,732     36,411     62,317    
18 010  

   14,230     12,053      8,825      7,984    
10 788  

   6,542   
4 361  

Feb    251,638     32,490     58,242    
20,269  

   15,070     14,445      7,833      5,296      
9,185  

   5,519   
4,810  

Mar    145,163     35,273     43,385    
20,203  

   15,791     13,567    10,004      6,279      
8,606  

   6,124   
4,534  

Apr    195,658     34,224     41,469    
15 017  

     9,831       9,169      8,601      6,121      
6 417  

   4,593   
3 529  

May    101,285     39,577     33,330    
10,544  

     7,255       5,658      8,938      4,485      
3,404  

   4,532   
3,043  

Jun    188,720     35,622     46,802    
11,692  

     6,243       5,098      8,617      6,608      
3,003  

   5,691   
3,198  

Jul    156,924     34,654     63,226    
21,840  

   10,590     13,346      8,620      7,684      
3,736  

   6,439   
4,160  

Aug    240,987     34,312     61,330    
20,934  

   11,046     12,374      8,399      6,735      
4,414  

   5,377   
6,038  

Sep    125,880     36,573     46,361    
15,143  

     9,694       6,593      9,210      6,850      
4,257  

   4,303   
4,633  

Oct    217,128     40,775     44,741    
14,474  

   11,892       8,529      8,139      5,465      
6,991  

   4,862   
3,520  

Nov    163,241     38,853     42,740    
16,072  

   14,003     10,326    10,998      7,450    
10,462  

   5,535   
3,847  

Dec    307,993     42,377     42,188    
22,312  

   14,621     11,479    14,431    16,374    
11,031  

   9,350   
4,774  

2019                       

Jan    183,045     39,726     91,048    
19 072  

   15,165     14,528      9,521      8,703    
11 863  

   7,279   
4 624  

Feb    265,739     35,590     83,557    
21 406  

   16,009     17,901      8,580      5,800    
10 188  

   6,158   
5 086  

Mar    177,625     38,528     65,664    
21 175  

   16,730     16,349    10,686      6,739      
9 579  

   6,831   
4 808  

Apr    204,427     37,422     58,865    
16 043  

   10,458     10,917      9,343      6,831      
7 256  

   5,175   
3 746  

May    123,198     43,054     49,911    
11 310  

     7,692       6,493      9,662      5,029      
3 981  

   5,102   
3 242  

Jun    197,271     38,896     68,267    
12 538  

     6,637       5,902      9,446      7,253      
3 536  

   6,401   
3 400  

Jul    191,570     37,875     91,761    
22 609  

   11,206     15,933      9,314      8,284      
4 349  

   7,205   
4 416  

Aug    259,636     37,515     91,592    
21 944  

   11,672     15,040      9,136      7,327      
5 092  

   6,039   
6 405  

Sep    154,570     39,897     66,523    
16 259  

   10,256       7,826      9,907      7,526      
4 920  

   4,852   
4 918  

Oct    232,626     44,312     66,562    
15 596  

   12,573       9,898      8,921      6,119      
7 869  

   5,482   
3 743  

Nov    195,794     42,294     62,352    
17 234  

   14,852     11,767    11,655      8,341    
11 524  

   6,212   
4 099  

Dec    338,577     45,990     61,595    
23,556  

   15,498     13,446    14,867    18,023    
12,116  

 10,348   
5,056  

2020                       
Jan    225,700     43,211   134,614    

20,149  
   16,064     17,196    10,226      9,673    

12,980  
   8,110   

4,906  
Feb    300,426     38,862   120,819    

22,572  

   16,948     21,715      9,311      6,454    
11,238  

   6,883   
5,393  

Mar    221,807     41,953     97,311    
22,210  

   17,704     19,369    11,361      7,475    
10,602  

   7,622   
5,100  

Apr    229,869     40,791     85,661    
17,053  

   11,088     12,895    10,061      7,574      
8,150  

   5,811   
3,977  

May    153,433     46,699     73,155    
12,055  

     8,159       7,384    10,370      5,558      
4,619  

   5,730   
3,444  

Jun    220,235     42,340   100,502    
13,361  

     7,045       6,849    10,179      8,032      
4,128  

   7,160   
3,611  

Jul    240,583     41,267   133,405    
23,507  

   11,870     18,834    10,023      9,239      
5,021  

   8,036   
4,687  

Aug    297,794     40,888   135,168    
23,017  

   12,360     17,946      9,857      8,118      
5,830  

   6,761   
6,790  

Sep    191,440     43,391     96,980    
17,342  

   10,866       9,178    10,605      8,335      
5,643  

   5,456   
5,217  

Oct    261,966     48,014     97,611    
16,677  

   13,312     11,448      9,654      6,802      
8,801  

   6,151   
3,975  

Nov    235,760     45,903     91,576    
18,365  

   15,724     13,334    12,296      9,295    
12,629  

   6,950   
4,353  

Dec    383,395     49,768     89,841    
24,831  

   16,404     15,586    15,332    19,997    
13,242  

 11,450   
5,362  
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       Table 3. 12  

       Annual Forecasts 2018-2020 

Country 2018 % 2019 % 2020 % 

Total arrivals           2,243,349                      100             2,524,077                   100         2,962,408  100 

India              441,139                        20                481,099                     19            523,087  18 

China              586,133                        26                857,697                     34         1,256,641  42 

UK              206,511                          9                218,743                       9            231,139  8 

Germany              140,266                          6                148,747                       6            157,544  5 

 France               122,636                          5                146,000                       6            171,733  6 

 Maldives               112,614                          5                121,037                       5            129,275  4 

 Australia                 87,332                          4                  95,973                       4            106,551  4 

Russia                82,292                          4                  92,274                       4            102,883  3 

USA                68,866                          3                  77,083                       3              86,120  3 

Japan                50,447                          2                  53,544                       2              56,815  2 

 

The UK has long been an important market for Sri Lanka. Although the UK was the top 

source market until 2008, it is now the third in terms of arrivals. Based on our forecast, 

arrivals from the UK may grow at a moderate rate until 2020, and will exceed the 

200,000 mark by 2018 and 230,000 by 2020. Given these forecasts it is unlikely that the 

government will reach their target of 500,000 arrivals from the UK by the end of 2020 

(French, 2017). Arrivals from Germany, like those from many other countries, have also 

been growing steadily since the end of war in 2009. We estimate that arrivals from 

Germany will be closer to 150,000 by the end of 2018 and 175,000 by 2020. Although 

Sri Lanka does not carry out aggressive promotional campaigns in Germany, it is still an 

important market given Germans’ average duration of stay and their spending. On the 

other hand, French tourist arrivals are expected to surpass 120,000 in 2018 and 170,000 

by 2020. Even though France records a lower average length of stay (9.9 days) 

compared to the UK and Germany, it is still greater than that of India and China.  

Our forecasts also reveal that arrivals from the Maldives may record a moderate growth, 
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reaching around 130,000 arrivals by 2020. Although the Maldives is not a market that 

the Sri Lankan Government looks at aggressively (Rifau, 2013), these numbers suggest 

it is still an important market which is among the top ten. Maldivian arrivals are mainly 

driven by the increased connectivity between the two countries (Rifau, 2013). 

Despite the fact that Sri Lanka is a long-haul destination for Australians, Australia has 

long been in the top 10 source markets. Australian arrivals are predicted to be around 

82,000 in 2018 and 96,000 in 2020, recording a moderate growth. Starting in October 

2018, Sri Lankan Airlines, the national carrier of Sri Lanka, commenced daily direct 

flights to Melbourne. This could result in lower airfares to Sri Lanka and increased 

connectivity between the two nations, which is likely to further boost Australian 

arrivals. Moreover, tour operators are offering joint Sri Lanka-Maldives tour packages, 

leading to further increases in Australian arrivals (Samath, 2018). 

Russia is a good market for Sri Lankan tourism given its large population, severe 

climate, and the preference of Russians for Asian destinations (Ceylon Digest, 2017). 

However, Sri Lanka is yet to capitalise on these opportunities. Based on our forecasts, 

Russian arrivals are likely to exceed 82,000 in 2018 and 102,000 in 2020.  

Although arrivals from the USA are in the top 10 list, Sri Lanka is yet to be realised as a 

preferable destination by Americans. Arrivals from the USA are forecast to exceed 

68,000 by 2018 and 86,000 by 2020. It is also important to note that the relative 

importance of Japan is declining over the years, although we expect a slight growth in 

Japanese arrivals in the future. Given historical trends, arrivals will be about 57,000 by 

2020.  

3.6.2 Policy Implications 

Given that the gap between the forecast and government target is nearly 1 million, there 

is much to do in order to achieve the target. Firstly, there should be sufficient numbers 

of flights to bring tourists into the country as the majority of tourists come by air 
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transport - in 2016 it was 98.7% (SLTDA, 2016). Therefore, improving the 

connectivity, especially from Asia and Western Europe to Sri Lanka, is crucial, as most 

of the tourist flow is from those two regions. Secondly, carrying out targeted 

promotional campaigns in the major source countries, in India, China, the UK, USA, 

Russia and Japan, in particular, could further boost arrivals. For instance, as most of 

India’s tourists to Sri Lanka come from Delhi, Mumbai, Bengaluru and Chennai 

(Hindustan Times, 2018), promotional campaigns in other cities could further increase 

numbers, as Sri Lanka is both a short-distance and affordable market for Indians. In 

2017, outbound Chinese tourists were more than 145 million, and so while arrivals in 

Sri Lanka are currently negligible, there is a huge opportunity for Sri Lanka to further 

increase its number of Chinese visitors. However, as Sri Lanka needs to compete with 

closer and cheaper markets like Thailand and Vietnam (Hindale, 2018), research-led 

strategies to attract more Chinese arrivals is of great importance. On the other hand, 

compared to the other countries in the top 10 list, the UK records the longest average 

duration of stay, which was 14.3 days in 2016 (SLTDA, 2016). When tourists stay 

longer, they are more likely to travel around the country.  This could benefit the 

communities in rural areas who are dependent on tourism; so, for this reason, effective 

strategies are needed to attract more British tourists. Given that Sri Lanka is offering 

tourism products such as diving, surfing, bird-watching, trekking, hot air ballooning, 

white water rafting, and eco-tourism, which appeal to American high-end travellers 

(Sunday Times, 2018),  it is worth promoting these products in the USA to further 

attract more American travellers to Sri Lanka. Thirdly, it is worth investigating the 

slower growth in arrivals from Japan, given the Japanese high purchasing power and the 

historical relationship between the two nations. This insight could then be used to 

inform appropriate strategies for making Sri Lanka a preferable destination for the 

Japanese. Finally, Sri Lanka can also examine other possible ways of attracting tourists, 
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such as making it easy for them to obtain visas and allowing visa-free entry for selected 

countries. This could help both in attracting more tourists and managing seasonality. 

As Sri Lanka expects a huge influx of tourists in the future, there is much to do to 

facilitate tourism. Firstly, there is a critical need to increase the accommodation 

capacity. In 2016, the occupancy rate was 74.76% (SLTDA, 2016) and the total arrivals 

for the same year was just over 2 million. As the government seeks to more than double 

this number, it is clear that the existing room capacity is insufficient to accommodate 

the expected number of tourists. Encouraging domestic investors and foreign investors 

in this regard seems  a viable solution. Secondly, attracting trained human resource 

employees into the industry is important as this has an impact on service quality and 

ability to meet the expectations of incoming tourists. Failure to do this could have an 

adverse impact on future tourists, which could in turn affect the competitive 

environment that attracts tourists.  Finally, infrastructure such as airport, road system, 

and local flights need to be improved to cater for future increased numbers of tourists. 

Sri Lanka, as a tourism country, has a huge potential as it provides a diverse range of 

tourism products which appeal to tourists from various source markets. However, 

managing this industry requires appropriate policies to ensure a sustainable tourism 

industry in Sri Lanka. Although improving connectivity between major source markets 

and Sri Lanka, and targeted promotional campaigns are important to attract more 

tourists to Sri Lanka, changes in the attractiveness of other destinations which are 

substitute and/or complementary destinations for Sri Lanka such as the Maldives and 

India, political stability in Sri Lanka and maintaining a peaceful environment could 

affect the future arrivals. Moreover, the government should take appropriate steps to 

identify a sustainable number of tourists, as over-tourism can lead to many issues such 

as negative effects on: world heritage sites at risk; locals; and the environmental 

sustainability of the destination (Seraphin, Sheeran, & Pilato, 2018). 
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3.7 Conclusion 

Tourism has become an important contributor to the Sri Lankan economy. The Sri 

Lankan Government is planning to position tourism as a central pillar in the economy in 

its TSP as they recognise it has missed opportunities and that “tourism has been a story 

of untapped potential”. Currently, it is planning to achieve some ambitious tasks 

without accurately forecasting arrivals at the destination level, and as we have 

demonstrated, the exponential growth of international tourist arrivals in Sri Lanka since 

the end of the more than three-decades old war in 2009, is rapidly increasing.Because it 

is increasing at a fast pace, the contribution of tourism to the Sri Lankan economy is 

continually increasing in terms of foreign exchange earnings, employment and GDP. 

Moreover, the Sri Lankan Government has identified the role of the tourism sector in 

the post-war development strategy and indicated high priority for the development of 

the industry. As it is expected that this growth is likely to continue in the future, there is 

a critical need to improve infrastructure facilities, room capacity, and accommodation to 

facilitate the growing numbers of international visitors to Sri Lanka. Therefore, accurate 

forecasts are of paramount importance in this regard. Because of this, this study has 

focused on developing an accurate forecasting model for international tourist arrivals in 

Sri Lanka.  

The selected forecast models generally satisfy the necessary conditions and have shown  

high accuracy in forecasting international tourist arrivals in Sri Lanka as the MAPE is 

low. However, the model developed for Chinese arrivals and the forecasts generated 

from that model should be cautiously used, as its accuracy is low compared to that of 

other models. Moreover, forecasts generated from the models indicate that the 

government’s forecast of 4 million tourist arrivals by 2020 is highly unlikely; however, 

promotional campaigns in major countries, and increased connectivity between Sri 

Lanka and Asia and Western Europe in particular, could further increase the numbers of 
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arrivals. In addition, Sri Lanka should pay attention to developing more hotel rooms and 

infrastructure and attracting trained labour into the tourism sector to provide  better 

service for the incoming tourists.  This research contributes to the tourism demand 

forecasting literature by showcasing the importance of forecasting for a country that 

depends on tourism, and it provides valuable inputs for better planning and devising of 

policies for the tourism sector. Moreover, the SARIMA method, which performs well in 

forecasting time series with seasonality, could be used in forecasting other economic 

variables where seasonality is an issue. In the future, it is worth investigating whether 

the accuracy of these forecasting models could be further improved with other emerging 

methods such as machine learning, artificial intelligence-based methods and the 

incorporation of big data into time series models. As tourists are heterogenous in terms 

of their motivation to visit a destination (Ercolano, Gaeta, & Parenti, 2018), future 

research may also focus on investigating the motivation of tourists, as this would,  in 

conjunction with forecasts, provide valuable input for developing effective tourism 

policies and promoting the country . 
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CHAPTER 04 

POLITICAL VIOLENCE, VOLATILITY OF TOURISM 

DEMAND AND INTERDEPENDENCIES AMONG 

SOURCE MARKETS 
 

4.1 Introduction 

Tourism demand modelling and forecasting have been extensively studied, with 

sophisticated econometric and other techniques enabling further progress. The 

importance of such studies for tourism planning and decision-making is well-recognised 

in the tourism literature (Fernando et al., 2013a; Kim & Wong, 2006; Park & Jei, 2010; 

Valadkhani, Smyth, & O’Mahony, 2017). In the previous chapter, forecasting models 

for predicting total international tourist arrivals, and arrivals from ten major countries 

were developed. Although forecasts are of great importance to policy makers and 

destination management organisations, there is no guarantee that those forecasts will 

materialise in the future. On the other hand, the forecasts are commonly overestimated 

or underestimated, and can be affected by unexpected positive or negative events due to 

the tourist industry’s extreme sensitivity to shocks stemming from internal and external 

events. For example, Sri Lankan tourism suffered a serious short-term setback as a 

result of the Easter Sunday terrorist attacks in April 2019. Moreover, patterns of 

uncertainty created by such events have an impact on the reliability of forecasts (Balli et 

al., 2019) and lead to excess food and beverage capacity in hotels (Chen et al., 2016). 

Tourists typically avoid risky destinations and shift to safer ones. Negative shocks 

resulting from events beyond the control of destination marketing organisations 

(DMOs) bring serious challenges to the marketability of a destination and could lead to 

costly marketing campaigns to restore normalcy (Beirman, 2003). Consequently, for 

better decision-making, uncertainty should be considered along with demand analysis 

and forecasts (Coshall, 2009; Gozgor & Ongan, 2017).  
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Several studies have focussed on analysing the volatility or uncertainty of tourist 

arrivals, taking various destinations into account. The majority are aggregate studies 

that attempt to examine the volatility of total international tourist arrivals. However, the 

volatility of tourist arrivals is influenced by the source country (Ertuna & Ertuna, 2009; 

Gamage et al., 1997; Hamadeh & Bassil, 2017; Park & Jei, 2010; Valadkhani et al., 

2017) and the nature of the volatile event (Kim & Wong, 2006), destination country 

(Liu & Pratt, 2017), and the destination’s image (Ingram et al., 2013). Moreover, 

national culture plays an important role in the volatility of tourist arrivals (Ertuna & 

Ertuna, 2009). Therefore, when investigating volatility for effects on policies and 

planning, the unique charateristics of individual source markets need to be taken into 

account to better understand how various tourists perceive or react to risk (Park & Jei, 

2010; Valadkhani et al., 2017). Such studies are rare in the tourism literature, with a few 

exceptions (Ertuna & Ertuna, 2009; Shareef & McAleer, 2007; Valadkhani et al., 2017). 

On the other hand, due to increasing globalisation, many countries are interconnected, 

including through economic ties and tourism. In the context of tourism, previous studies 

have found that interdependencies and dependencies in volatility exist among both 

destinations and source markets (Chan et al., 2005; Chang et al., 2011; Mello et al., 

2002). Further, in most tourism destinations, a few source countries dominate the 

market. Therefore, shocks to major source countries could affect the tourism industry in 

destination countries. Identifying interdependencies among major source markets is thus 

of importance to policymakers and DMOs to better plan and execute marketing and 

promotional campaigns. This, however, has not gained adequate attention in the tourism 

literature, with the exception of research by Chan et al. (2005), which investigated 

interdependencies between four major tourist origin countries—Japan, New Zealand, 

the United Kingdom (UK) and the United States of America (USA)—to Australia using 

monthly international tourist arrival rates. Chan’s research found interdependencies 
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between the major source countries; however, that study did not explore the dynamic 

nature of interdependencies.  

The volatility of tourism demand in Sri Lanka has been studied using aggregate data 

(Fernando et al., 2013), with no disaggregate study of volatility and interdependencies 

or spillover effects between source markets. Moreover, Fernando et al. (2013) found 

that political violence or war is a significant variable in explaining the volatility of 

tourist arrivals in Sri Lanka.  

Political violence has been identified as one of the main factors that affect tourism flows 

and uncertainty in many countries (Choi, 2016; Coshall, 2009; Hamadeh & Bassil, 

2017; Liu & Pratt, 2017; Theocharous et al., 2018). While such events usually have a 

greater impact on the destination country, they can have spillover effects on 

neighbouring destinations (Bassil et al., 2019; Kim & Wong, 2006). Moreover, Lanouar 

and Goaied (2019) have argued that internal events related to political violence have a 

more severe and  longer-lasting effect than external events. Despite several studies 

investigating how political violence affects volatility in tourism demand, there are 

several gaps in the literature. First, most of the studies are aggregate studies that 

examine how political violence affects total international tourist arrivals. Such studies 

do not provide accurate information for tourism planning and decision-making, as the 

persistence of the volatility depends on the source country and destination-source 

country pair (Coshall, 2009; Valadkhani et al., 2017). Second, no studies have assessed 

how the persistence of volatility behaves during and after political violence, nor how the 

nature of interdependencies between source markets behaves during and after war. 

Third, there has been no disaggregate study of volatility in the Sri Lankan context.  Sri 

Lanka has been chosen as a case study in this paper, to investigate the above for several 

reasons. First, studies exploring tourism in post-conflict societies are rare (Novelli, 

Morgan, & Nibigira, 2012) and Sri Lanka is a unique case study as it experienced a war 
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from July 1983 to May 2009, thus providing a solid dataset for this investigation of 

volatility behaviour during war and post-war periods. Second, major source countries 

for Sri Lankan tourism represent South Asia, East Asia, Europe, North America and 

Australia, hence providing a comprehensive sample to uncover the differences in 

responses of international tourist arrivals to various shocks to both destination country 

and source country.  

Consequently, this study attempts to fill these important gaps in the literature. The main 

objectives are first, to investigate how the persistence of volatility behaves during and 

after war by considering Sri Lanka’s 10 major source markets—India, China, the UK, 

Germany, the Maldives, France, Russia, Australia, the USA and Japan—using a larger 

monthly dataset (Jan 1984−Dec 2017) than previous studies did; second, to demonstrate 

the importance of disaggregate studies when analysing the persistence of volatility in 

tourism demand; and third, to identify the nature of interdependencies between the 

source countries and their behaviour during post-war periods while taking into account 

the dynamic nature of such interdependencies, which has not been done previously. 

The rest of the chapter is structured as follows. The second section provides a broad 

picture of the relationship between political violence and tourist arrivals. The third 

section discusses the literature on tourism demand volatility and interdependencies in 

brief, while the fourth section is devoted to a discussion of the methodology and data 

used in the study. The fifth section presents and discusses the results of the study. 

Finally, conclusions and policy implications are presented. 

4.2 Tourism in Sri Lanka during Political Violence 

As described in Chapter 2, tourist arrivals in Sri Lanka grew until 1984, when arrivals 

became subject to fluctuations, mainly due to the civil war between the Liberation 

Tigers of Tamil Eelam and the Sri Lankan security forces. The war affected Sri Lankan 
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tourism severely—tourists are unlikely to travel to destinations with conflicts due to 

safety concerns. However, with the end of the nearly three-decade-old war in 2009, the 

golden era of tourism began. Tourist arrivals started growing rapidly, leaving Sri Lanka 

to reap the dividends of peace. Figure 4.1 shows how international tourist arrivals in Sri 

Lanka behaved during and after political violence. It clearly depicts that during peace 

talks and after political violence, arrivals recorded a higher growth rate.
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4.3 Literature Review 

The importance of modelling tourism demand and forecasting is well-recognised in the 

literature, and many studies have attempted to develop both demand models and 

forecasting models to provide valuable information for tourism planning and decision-

making. However, it is not an easy task to predict the future with certainty, given that 

both external and internal events can affect the actual number of tourists, and tourism is 

well-known for being extremely sensitive to some events that can be hard to foresee, 

which could lead to overestimated or underestimated forecasts. In such cases, volatility 

analysis provides useful information for policy makers (Coshall, 2009; Fernando et al., 

2013; Gozgor & Ongan, 2017; Kim & Wong, 2006; Valadkhani et al., 2017). 

Divino and McAleer (2010, p. 854) define volatility in the context of tourism as “risk 

associated with the growth rate in international tourist arrivals”. Moreover, seasonality 

in regard to tourism is defined as “an imbalance between supply and demand in a given 

tourist destination over the course of the year (Butler, 1994, p. 332). Although both 

demand and supply factors affect seasonality, in the case of tourism, seasonality is 

mainly produced by demand as generally tourism supply is relatively static while 

demand fluctuates (Fernández-Morales, Cisneros-Martínez, & McCabe, 2016). 

Moreover, seasonality leads to overutilisation of facilities during high seasons and 

underutilisation during low seasons (Pham et al., 2018). Analysing both volatility and 

seasonality has several advantages. It is generally accepted that a peaceful environment 

is a prerequisite for tourism development. However, many destinations are affected by 

both negative and positive events such as natural disasters, terrorist activities, crime and 

political violence that lead to fluctuations in tourist arrivals. Moreover, changes in 

economic, socio-cultural and other environments, are likely to affect tourism demand to 

a particular destination. Therefore, forecasting tourism demand in a turbulent 
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environment is challenging. In this context, volatility and seasonality models provide 

important information to accurately predict tourism demand for a destination while 

taking factors that affect volatility and seasonality into account. At the same time, 

models are particularly useful for policymakers to devise appropriate policies to develop 

the tourism industry.  

Tourists usually prefer to visit safe destinations. Political violence negatively affects the 

attractiveness of a destination and its image as a tourism destination, possibly altering 

the intention of tourists to visit. Several studies have found that political violence affects 

volatility in tourism demand (Choi, 2016; Gamage et al., 1997; Ghaderi, Saboori, & 

Khoshkam, 2017; Llorca-Vivero, 2008; Theocharous et al., 2018). With the increase in 

such events around the world, it is worth investigating how they affect the tourism 

industry. Liu and Pratt (2017), in a panel data study using 95 countries, found that 

terrorism has no long-term effect, but has a significant short-term effect on tourism 

demand with developed countries being more resilient to such negative shocks. 

Moreover, the likely impact on tourism demand depends on tourists’ personality (Liu & 

Pratt, 2017).  

The literature documents that annual data and aggregate data are not sufficient to 

identify volatility and seasonality in tourism (Bartolomé, McAleer, Ramos, & Rey-

Maquieira, 2009; Chan & Lim, 2011). Chan and Lim (2011) highlighted the importance 

of modelling volatility and seasonality based on the purpose of the visit and the market 

in order to better understand this phenomenon. Therefore, disaggregated data by 

purpose of travel and by source country would be ideal for appropriately identifying 

both volatility and seasonality. However, such monthly data by purpose of visit is not 

available for many countries, although annual data is available. In the case of Sri Lanka, 

volatility of tourism demand is studied using aggregate data (Fernando et al., 2013) and 

there are no studies that have used disaggregated data either by purpose of travel or by 
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source markets. Individual markets may respond to various factors differently; 

therefore, volatility models that take each source market with its specific characteristics 

into account, may reveal valuable insights. 

In finance, it is well documented that negative shocks have a greater impact on return 

than positive shocks. However, in tourism, responses to positive and negative shocks 

depend on the source market studied. Shareef and McAleer (2007) claimed that both 

positive and negative shocks had virtually the same effect on international tourist 

arrivals in the Maldives. In another study, Chan et al. (2005) established that negative 

shocks had a greater effect on tourist arrivals from Japan to Australia than positive 

shocks, while it was the other way around for tourist arrivals from New Zealand to 

Australia. Moreover, Ertuna and Ertuna (2009) studied how German and British tourists 

(to Turkey) responded to news shocks, finding an asymmetric effect, as German tourists 

are more sensitive to news shocks than British tourists. Consequently, volatility studies 

based on aggregate data are unlikely to reveal accurate information for decision-making, 

and such studies based on the source country taking individual circumstances into 

account, should reveal relevant and reliable information for policy and decision-making. 

The generalized autoregressive conditional heteroskedastic (GARCH), Glosten, 

Jagannathan and Runkle (GJR) and exponential GARCH (EGARCH) models are the 

main techniques used in previous studies analysing volatility in tourist arrivals. When 

both negative and positive shocks of the same magnitude have the same impact on 

volatility, the GARCH model is appropriate, as it assumes a symmetric effect, while 

GJR and EGARCH models are appropriate when the effect is asymmetric. As previous 

studies have found both symmetric and asymmetric effects, it is important to take both 

types of effect into account when examining volatility in tourism demand. 
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Countries are increasingly becoming more globalised in terms of economic, political, 

socio-cultural, technological and other factors. Most countries, including those less 

developed, are continually liberalising their economies to gain the benefits of the 

globalisation process. International organisations such as the United Nations, the World 

Trade Organisation, the World Bank and the International Monetary Fund play an 

important role in this process. Due to increasing globalisation, most countries are 

interconnected via various means, including economic ties. In the context of tourism, 

previous research documents evidence to support the proposition that interdependencies 

and dependencies exist among source markets. Further, in most tourism destinations, in 

particular Sri Lanka, a few source countries dominate the market. Therefore, various 

shocks to these major source countries could affect the tourism industry in the 

destination country. Investigating the uncertainty or risk associated with major source 

markets, identifying interdependencies and dependencies among destination countries, 

and analysing the effects of shocks on major source markets in the destination country 

are thus of great importance to policymakers. Consequently, previous studies related to 

this phenomenon, along with the techniques they used, are reviewed below.  

Chan et al. (2005) investigated interdependencies and dependencies among four major 

tourist origin countries (Japan, New Zealand, the UK and the USA) for Australia, using 

the monthly international tourist arrival rate. The main techniques used were the 

symmetric Constant Conditional Correlation Multivariate GARCH (CCC-MGARCH), 

symmetric vector autoregressive moving average (VARMA)-GARCH and the 

asymmetric VARMA-GARCH models. They found interdependencies between the 

major source countries and the asymmetric effects of positive and negative shocks in 

tourism demand. These studies highlighted the importance of investigating possible 

interdependencies between source markets, which is rare in the literature. The main 

gaps in the literature are first, no study has investigated how volatility behaves during 
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war and post-war periods; second, no study has examined the nature of 

interdependencies between source markets during war and post-war periods; and third, 

no study has assessed whether the interdependencies between source markets, if any, are 

constant or dynamic over time. This study addresses these important gaps in the 

literature. 

4.4 Data  

We used monthly international tourist arrival data from January 1984 to December 2017 

from 10 major source countries in the analysis. All data were obtained from the annual 

reports of the Sri Lanka Tourism Development Authority. As it is necessary that the 

most appropriate transformation of the data series is selected for analysis, three tasks 

were performed. First, the seasonality of the data series was explored, as it needs to be 

considered and incorporated in the analysis. Second, descriptive statistics at level, 

logarithm and the first difference of logarithm were examined. Third, unit root test was 

performed  to identify a stationary series for the analysis. 

4.4.1 Seasonality 

Seasonality is a common aspect of international tourist arrivals in many countries, 

making identification of seasonal patterns and incorporating them into the conditional 

mean model imperative for reliable analysis. The actual value of tourist arrivals consists 

of trend, seasonal, cyclical and irregular fluctuations (Lim & McAleer, 2008; Mansfield, 

1994). In order to identify seasonal patterns, it is important to decompose them and 

isolate the seasonal fluctuations. There are several methods available to measure 

seasonality—the seasonality ratio, the seasonality indicator, the Gini coefficient and the 

seasonality index (Chung, 2009; Koenig & Bischoff, 2005; Nadal, Font, & Rossello, 

2004; Weidner, 2006). We used the seasonality index in this research and seasonality 
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was calculated using the method proposed by Mansfield (1994). Seasonality graphs are 

presented in Figure 4.2. 
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         Figure 4. 2. Seasonality Graphs: January 1984  - December 2017
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Total international tourist arrivals in Sri Lanka exhibit strong seasonal patterns. The 

peak season is December, which is the case for tourist arrivals in many countries. 

Moreover, Figure 4.2 shows two off-peak seasons; namely April−June and 

September−October. However, when looking at the seasonal patterns at individual 

country level, the picture is somewhat different. December is the peak season for tourist 

arrivals from the UK, the Maldives, Australia, and the USA; whereas January is the 

peak season for tourists coming from Russia and Germany. Peak season for those from 

China and France is February, and for Indians and Japanese, it is May and August 

respectively. Clearly, most European tourists visit Sri Lanka when it is winter in 

Europe, while Australian, Japanese and Indian tourists visit Sri Lanka during their 

summer. The lowest arrival numbers  recorded for China, the UK, and Japan are in 

May; while for India, the Maldives, and Australia, it is February. The fewest number of 

tourist arrivals from Germany and France are in June. Russia and the USA record their 

lowest arrival numbers in July and September respectively.  

From this information, it is clear that seasonal patterns at aggregate level and the 

disaggregate level are different in many cases. Moreover, examination of the seasonal 

indices during the war and post-war periods reveals little difference. With sufficient 

evidence to suggest that the seasonal patterns are present in all the series, seasonality 

should be addressed in the time-series model. 

4.4.2 Descriptive Statistics 

As discussed in the previous section, monthly tourist arrivals in Sri Lanka exhibit strong 

seasonal patterns, and this should be taken into account in the analysis. There are 

several ways to take seasonality into account in a time-series analysis: first, using 

monthly dummy variables in the mean equation; second, using a seasonal autoregressive 
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model for the mean equation; and third, using de-seasonalised data in the analysis. In 

this study,  TRAMO/SEATS method was used to de-seasonalised data. 

TRAMO/SEATS method is a popular method for seasonal adjutments. TRAMA and 

SEATS are two linked programs. TRAMO does the automatic ARIMA modelling of the 

series that describes the behaviour of the series while SEATS calculate the components 

required for seasonal adjustment (Hood, Ashley, & Findley, 2000). This section 

explores descriptive statistics at level, logarithm and the first difference of logarithm in 

order to identify the most appropriate transformation of data. Tables 4.1, 4.2 and 4.3 

provide the descriptive statistics for monthly tourist arrivals in level, logarithm, and the 

log-difference (or the growth rates) while Figures 4.3-4.5 graphically illustrate the data. 

This is followed by a description of the nature of the data in all three cases. 
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       Table 4. 1  

       De-seasonalised Data at Levels January 1984−December 2017 

  TA India China UK Germany Maldives France Australia Russia USA Japan 

 Mean 51563 8130 2730 6455 5517 2074 2969 1912 1168 1439 1643 

 Median 34789 4286 260 6161 5006 735 2372 1146 314 922 1411 

 Maximum 188659 38056 25537 21432 14837 10527 8947 7678 7120 5226 4173 

 Minimum 6249 411 14 546 683 152 218 186 29 146 457 

 Std. Dev. 43322 8286 6188 4111 2403 2379 1983 1781 1696 1184 866 

 Skewness 1.80 1.58 2.63 0.79 0.83 1.52 1.35 1.40 1.88 1.58 1.11 

 Kurtosis 5.13 4.70 8.50 3.17 3.57 4.11 3.97 3.88 5.20 4.54 3.54 

 Jarque-Bera 297.62 219.44 985.32 42.65 51.92 177.76 139.36 145.39 322.18 210.08 89.38 

 Probability 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

 Observations 408 408 408 408 408 408 408 408 408 408 408 

 

       Table 4. 2  

       De-seasonalised Data at Logarithm January 1984−December 2017 

   TA India China UK Germany Maldives France Australia Russia USA Japan 

 Mean  10.60 8.52 6.15 8.53 8.52 7.05 7.79 7.16 6.24 7.00 7.28 

 Median  10.46 8.36 5.56 8.73 8.52 6.60 7.77 7.04 5.75 6.83 7.25 

 Maximum  12.15 10.55 10.15 9.97 9.60 9.26 9.10 8.95 8.87 8.56 8.34 

 Minimum  8.74 6.02 2.64 6.30 6.53 5.03 5.38 5.23 3.38 4.98 6.13 

 Std. Dev.  0.67 1.01 1.73 0.75 0.46 1.07 0.64 0.90 1.21 0.71 0.50 

 Skewness  0.66 0.05 0.90 -0.51 -0.56 0.44 -0.11 0.16 0.70 0.46 0.15 

 Kurtosis  3.05 2.28 2.93 2.41 4.09 1.98 3.15 2.22 2.45 2.52 2.40 

 Jarque-Bera  29.53 8.95 54.89 23.80 41.19 30.83 1.19 12.09 38.66 18.29 7.69 

 Probability  0.00 0.01 0.00 0.00 0.00 0.00 0.55 0.00 0.00 0.00 0.02 

 Observations  408 408 408 408 408 408 408 408 408 408 408 
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       Table 4. 3 

       De-seasonalised Data at First Difference of Logarithm January 1984 to December 2017 

  TA India China UK Germany Maldives France Australia Russia USA Japan 

 Mean 0.0051 0.0063 0.0125 0.0048 0.0021 0.0075 0.0040 0.0053 0.0078 0.0045 0.0014 

 Median 0.0085 0.0129 0.0147 0.0061 0.0089 -0.0006 0.0088 0.0086 0.0092 0.0094 0.0054 

 Maximum 0.5123 1.0520 2.6808 0.6524 0.7269 0.8591 1.6068 1.0062 1.4476 0.7837 0.5993 

 Minimum -0.6091 -0.9117 -1.5570 -0.9389 -1.4196 -1.5292 -1.2465 -1.2367 -2.2787 -0.6101 -0.6694 

 Std. Dev. 0.1090 0.2054 0.4083 0.1526 0.1974 0.2413 0.2255 0.1807 0.3892 0.1715 0.1782 

 Skewness -0.7975 -0.2036 0.8698 -0.7159 -1.9541 -0.5037 0.3204 -0.4223 -0.6562 -0.0577 -0.0195 

 Kurtosis 10.6515 8.0358 9.7403 9.3016 16.0563 7.9523 12.6820 10.5117 7.8767 5.4321 4.4348 

 Jarque-Bera 1035.98 432.86 821.75 708.19 3149.85 433.11 1596.67 968.98 432.51 100.54 34.94 

 Probability 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

 Observations 407 407 407 407 407 407 407 407 407 407 407 
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        Figure 4. 3. De-seasonalised Data at Levels, January 1984−December 2017 
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        Figure 4. 4. De-seasonalised Data at Logarithm, January 1984−December 2017 
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        Figure 4. 5. De-seasonalised Data at First Difference of Logarithm, January 1984−December 2017
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The standard deviation of monthly international tourist arrivals in levels shows a higher 

value for all series than the other transformation of data . For the data series to be 

normally distributed, the kurtosis needs to be close to 3. In levels, all the data series 

exhibit a high kurtosis. In addition, considerable positive skewness is evident in all the 

series except for the UK, which is relatively low. The Jarque-Berra (JB) test statistics 

reveal that the null hypothesis that the series is normally distributed is rejected in all 

cases. 

The logarithm of data for all the series looks better than its counterparts in levels. The 

standard deviation is low compared to that of levels. All the series are positively 

skewed, except that of the UK, Germany and France, which are negatively skewed. The 

skewness of all the series has a low magnitude and the kurtosis looks better than its 

counterpart in levels. Based on the JB test of normality, the data series of France is 

normally distributed, while all the other series are not normally distributed. 

When all the series are transformed into log-difference, or growth rates, the standard 

deviation is the lowest for all the series compared to their counterparts in levels and 

logarithms. Moreover, all data series exhibit a relatively higher kurtosis. In addition, the 

data series of China and France exhibit a positive skewness while the other series reveal 

a negative skewness. In addition, none of the data series are normally distributed. The 

above descriptive statistics suggest that overall, log-difference transformed series look 

better than series at level and logarithm. 

4.4.3 Unit Root Tests 

As the presence of unit root can lead to adverse consequences in both estimation and 

inference, it is imperative to incorporate stationary variables into the model. Stationarity 

of the variables at logarithm and log-difference is tested using the Augmented Dickey 
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Fuller test, the Phillip’s Perron test and KPSS test. Table 4.4, Table 4.5 and Table 4.6 

presents the unit root test results. The results suggest that all the series at first log-

difference are stationary at all significance levels. Hence first difference of the 

logarithm of series in all cases is a better transformation of the data for the analysis (see 

Figure 4.5). 
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       Table 4. 4 

       Unit Root Test Results (Augmented Dickey Fuller) Jan 1984- Dec 2017 

    TA India China UK Germany Maldives France Australia Russia USA Japan 

At log-level t-Statistics -3.285 -4.097 -2.557 -5.209 -4.5075 -2.0645 -3.156 -4.0819 -3.407 -4.26 -3.083 

    * ***   *** ***   * *** * ***   

At log-1st diff t-Statistics -20.73 -27.01 -12.75 -17.71 -23.5296 -12.5835 -24.57 -28.5918 -16.28 -28.35 -25.86 

    *** *** *** *** *** *** *** *** *** *** *** 

Notes:                         

a: (*) Significant at the 10%; (**) Significant at the 5%; (***) Significant at the 1%; b: Lag Length based on SIC; c: Probability based on MacKinnon (1996) one-sided p-values.   

                       

Table 4. 5 

Unit Root Test Results (Phillips-Perron) Jan 1984- Dec 2017              

    TA India China UK Germany Maldives France Australia Russia USA Japan 

At log-level t-Statistics -0.921 -0.928 0.272 -1.309 -4.262 -0.151 -2.631 -0.815 -0.958 -1.043 -2.708 

            ***   *       * 

At log-1st diff t-Statistics -20.73 -27.01 -12.75 -17.71 -23.53 -12.58 -24.57 -28.59 -16.28 -28.35 -25.86 

    *** *** *** *** *** *** *** *** *** *** *** 

Notes: 

a: (*) Significant at the 10%; (**) Significant at the 5%; (***) Significant at the 1%; b. Lag    

Length based on SIC ; c: Probability based on MacKinnon (1996) one-sided p-values .

          

        

                      

 

 

 

 

 

 

 

            

Table 4. 6 
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Unit Root Test Results (KPSS) Jan 1984- Dec 2017 

    TA India China UK Germany Maldives France Australia Russia USA Japan 

At log-level 
t-

Statistics 
1.9537 2.1548 2.0414 2.1733 0.3494 2.2901 0.6505 2.169 1.9736 2.0429 0.6394 

    *** *** *** *** * *** ** *** *** *** ** 

At log-1st diff 
t-

Statistics 
0.1754 0.1751 0.387 0.0909 0.1316 0.1482 0.0969 0.1327 0.1993 0.2029 0.0446 

                          

 

Notes:      

a: (*)Significant at the 10%; (**)Significant at the 5%; (***) Significant at the 1% and (no) Not Significant ; b: Lag Length based on SIC ; c: Probability based on 

Kwiatkowski-Phillips-Schmidt-Shin (1992, Table 1) 
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4.5 Methodology 

This section describes how the conditional volatilities of arrivals and dynamic 

correlations between source markets were analysed. First, ARIMA(p,q)-GARCH(m,n) 

and ARIMA(p,q)-GJR(m,n) models were estimated for each series to examine the 

nature of volatility for each series. As discussed above, tourist arrival data series for all 

countries and total arrivals exhibit strong seasonal patterns, which is consistent with 

previous studies. Therefore, de-seasonalised data was used to model the mean equation 

for all series. Then the appropriate transformation of the dependent variable, number of 

autoregressive terms and moving average terms were selected based on Schwarz 

information criterion (SIC) using the automatic ARIMA selection feature available in 

Eviews 10 software. Once this was completed, the GARCH effect needed to be 

identified. For this purpose, the autoregressive conditional heteroskedastic (ARCH) 

Lagrange multiplier (LM) test proposed by Engle (1982) and visual inspection of the 

sample autocorrelation and partial autocorrelation functions of the squared residual was 

carried out. The next step was to identify the order of the GARCH(m,n) model. 

GARCH (1,1) is usually appropriate. This has been proved in several studies. Firstly, 

Shareef, and McAleer (2005) estimated univariate volatility models for international 

tourist arrivals of several island ecoomies which included Barbados, Cyrus, Dominica, 

Fiji, the Maldives and Seycheles using ARMA(p,q)-GARCH(1,1) and ARMA(p,q)-

GJR(1,1). Moreover, the same models were estimated for six source countries (Italy, 

Germany, UK, Japan, France, Switzerland) of the Maldives (Shareef, and McAleer , 

2007)  . In both studies it was revealed that the either GARCH(1,1) or GJR(1,1) model 

was appropriate. Then the final model was estimated using maximum likelihood 

estimation. ARMA(p,q)-GARCH(m,n) model specifications follow.  



98 

 

In order to accommodate a longer memory and a more flexible lag structure, 

(Bollerslev, 1986) proposed the GARCH model, which is an extension of the ARCH 

model. 

The ARMA(p,q)-GARCH(m,n) model can be generally defined as follows: 

𝑦𝑡 =  𝜔0 + ∑ 𝑎𝑖𝑦𝑡−𝑖

𝑝

𝑖=1

+  ∑ 𝛽𝑖

𝑞

𝑗=1

휀𝑡−𝑗 

휀𝑡 =  𝑣𝑡√𝜔0 + ∑ 𝜃𝑖휀𝑡−1
2 + ∑ 𝜙𝑖ℎ𝑡−1

𝑛

𝑗=1

𝑚

𝑖=1

 

where, vt ~ iid N(0,1), 𝜔0 > 0 , θi >= 0, ϕi >= 0, and for all i ∑ 𝜃𝑖 + ∑ 𝜙𝑗 < 1𝑛
𝑗=1

𝑚
𝑖=1  

Conditional variance of the error term is now defined as follows: 

ℎ𝑡 =  𝐸𝑡−1[ 휀𝑡
2] =  𝐸𝑡−1 [ 𝑣𝑡

2 (𝜔0 + ∑ 𝜃𝑖휀𝑡−1
2 + ∑ 𝜙𝑗ℎ𝑡−1

𝑛

𝑗=1

𝑚

𝑖=1

)]

=  𝜔0 + ∑ 𝜃𝑖휀𝑡−1
2 + ∑ 𝜙𝑗ℎ𝑡−1

𝑛

𝑗=1

𝑚

𝑖=1

 

 This means that the now conditional variance is a function of both previous realisations 

of 휀𝑡
2  as well as the previous conditional variance ht-1. The restrictions 𝜔0 > 0, 𝜃𝑖 >= 0, 

𝜙𝑗 >= 0 means that the conditional variance is always greater than zero and the 

restrictions ∑ 𝜃𝑖 + ∑ 𝜙𝑗 < 1𝑛
𝑗=1

𝑚
𝑖=1  is a sufficient and necessary condition for the 

stability of the variance equation. 

The above GARCH model assumes a symmetric impact of the innovations on the 

volatility or expected variance in the ensuing period, whether the innovation is positive 

or negative. Therefore, in this case, only the size of the innovation mattered. However, 

if the impact is asymmetric, GJR, which is an extension of the GARCH model, can be 

used. The GJR model includes a dummy term, St that takes the value of 1, if in addition 

(4.1) 

(4.2) 

(4.3) 

(4.4) 
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to the ARCH and GARCH terms, if 휀𝑡−1 < 0 (negative shocks) and a value of 0 if 휀𝑡−1 > 

0 (positive shocks) in the variance equation. Variance equation of the ARMA(p,q)-

GJR(1,1) model for this study can be described as follows: 

ℎ𝑡  =  𝜔0 + 𝜃1휀𝑡−1
2 + 𝜙1ℎ𝑡−1 + 𝛾휀𝑡−1

2 𝑆𝑡−1 

The usual GARCH specification implies a symmetric impact of innovations 

on volatility. Therefore, in this case, what matters is only the size of the impact, not 

whether it is positive or negative. However, in some cases, there can be an asymmetric 

effect of innovation. The GJR model can be used to identify asymmetric effects.  

Using the dynamic conditional correlation (DCC)-GARCH, proposed by Engle (2002), 

pairwise dynamic correlations between the countries can be examined. Estimation of the 

DCC-GARCH model can be done in two stages. First, a univariate GARCH model 

needs to be estimated for tourist arrivals from each individual source country. Second, 

using the standardised residuals obtained from the univariate GARCH model, 

conditional correlations between source countries are estimated using the maximum 

likelihood method. The DCC-GARCH model for the bivariate vector of tourist arrivals 

between source country 1 and source country 2, 𝑟𝑡 = [𝑟1𝑡, 𝑟2𝑡]′, can be described as 

follows: 

𝑟𝑡| 𝛺𝑡−1~𝑁(0, 𝐷𝑡𝑅𝑡𝐷𝑡) 

𝐷𝑡
2 = 𝑑𝑖𝑎𝑔{𝜔1, 𝜔2} + 𝑑𝑖𝑎𝑔{𝑘1𝑘2} ⊙ 𝑟𝑡−1𝑟𝑡−1

′ + 𝑑𝑖𝑎𝑔{𝜆1𝜆2} ⊙ 𝐷𝑡−1
2  

휀𝑡 = 𝐷𝑡
−1𝑟𝑡 

𝑄𝑡 =  S(1 − α − β) + 𝛼(휀𝑡−1휀𝑡−1
′ ) + 𝛽𝑄𝑡−1 

𝑅𝑡 = 𝑑𝑖𝑎𝑔{𝑄𝑡} -1  𝑄𝑡𝑑𝑖𝑎𝑔{𝑄𝑡}-1     

where, εt = the standardised errors, S = unconditional correlation matrix of 

the errors, ⊙ = Hadamard product of two matrices of the same size (element by element 

(4.6) 

(4.7) 

(4.8) 

(4.9) 

(4.10) 

(4.5) 
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multiplication) 𝑅𝑡 = time-varying correlation matrix, which quantifies the dynamic 

nature of co-movements between the source countries. 

 

 

4.6 Analysis 
 

This section presents the empirical results of the univariate volatility models and DCC-

GARCH conditional dynamic correlations.  

4.6.1 Univariate Volatility Models 

Prior to modelling conditional volatility ℎ𝑡, it is important to model the conditional 

mean accurately, as precise unconditional shocks, 휀𝑡, are required for the volatility 

models. The conditional mean is modelled using the autoregressive integrated moving 

average (ARIMA) method. Consequently, the appropriate dependent variable must be 

selected, autoregressive (AR) and moving average (MA) terms and the order or 

differencing to achieve stationarity. For this purpose, we used an automatic ARIMA 

forecasting feature available in Eview 10. The best ARIMA model for each series was 

selected using SIC, subject to several restrictions—logarithmic transformation, 

maximum number of AR terms = 4 and the maximum number of MA terms = 4. Then 

the ARIMA(p,q)-GARCH(1,1) and ARIMA(p,q)-GJR models were estimated under 

three error distributions—normal, student’s t and generalised error distribution (GED) 

for three cases, all samples, and during war and post-war periods in order to compare 

the nature of volatility during those times. The selected dependent variable in the 

ARIMA model for each series is the first difference of logarithm of data series that was 

stationary based on our unit root analysis above. Total arrivals, arrivals from the UK, 
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Germany and France have one AR term and one MA term, while all other series have 

only one MA term in their respective mean equations.  

With the above ARIMA models, GARCH(1,1) and GJR(1,1) models were estimated 

(see Table 4.7 and Table 4.8). The literature documents that GARCH(1,1) and GJR(1,1) 

models are sufficient to model the volatility in tourism demand, and ARIMA models are 

adequate for the mean equation. For each series in each time period, nine models were 

estimated assuming normal, student’s t and GED distributions for both ARIMA(p,q)-

GARCH(1,1) and ARIMA (p,q)-GJR(1,1). Then the best model for each series for each 

period was selected from these models based on information criteria and meeting the 

necessary conditions for the validity of the models. 
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       Table 4. 7  

       Estimation Results for ARIMA(p,q)-GARCH (1,1) and ARIMA(p,q)-GJR(1,1) Model 

      Jan 1984 - Dec 2017       Jan 1984 - May 2009         Jun 2009 - Dec 2017     

  AR(1) MA(1) ω α ϒ β α+ϒ/2 AR(1) MA(1) ω α ϒ β α+ϒ/2 AR(1) MA(1) ω α ϒ β 

Total 

Arrivals 
            

                            

coefficient 
-0.4797 0.3395 0.0029 0.0713 0.3511 0.4901 0.2469 0.9499 

-

0.9939 
0.0036 0.1800 0.2813 0.4333 0.3207 

-

0.1905 

-

0.2475 
0.0039 0.1500 

  
0.5934 

p-value 0.0708 0.2348 0.0010 0.4986 0.0271 0.0002   0.0000 0.0000 0.0078 0.3193 0.0246 0.0045   0.3443 0.2076 0.2984 0.2669   0.0801 

India                                         

coefficient 
  

-

0.2597 
0.0070 0.6558 

  
0.3232   

  

-

0.2663 
0.0135 0.6520 

  
0 3026 

    

-

0.2361 
0.0050 0.5590 

  
0.0054 

p-value   0.0000 0.0030 0.0002   0.0100     0.0000 0.0133 0.0084   0.0369     0.0532 0.0003 0.0409   0.9759 

China                                         

coefficient 
  

-

0.3687 
0.0011 0.1093 

  
0.8912     

-

0.4361 
0.0578 0.1686 0.4515 0 3264 0.3944 

  

-

0.3673 
0.0372 0.2820 

  
0.2449 

p-value   0.0000 0.3511 0.0026   0.0000     0.0000 0.0182 0.1821 0.0545 0.0709     0.0002 0.0002 0.2009   0.0019 

UK                                         

coefficient 
0.5283 

-

0.7624 
0.0099 0.1977 0.4181 0.1424 0.4067 0.6940 

-

0.8360 
0.0089 0.1261 0.4225 0 2330 0.3373 

-

0.0414 

-

0.6573 
0.0008 0.0803 

  
0.8706 

p-value 0.0000 0.0000 0.0000 0.0990 0.0896 0.2437   0.0000 0.0000 0.0004 0.2558 0.0658 0 1204   0.7498 0.0000 0.5313 0.3118   0.0000 

Germany                                         

coefficient 
-0.2175 

-

0.1533 
0.0127 0.2882 0.4421 0.1720 

0.5093 

-

0.3196 

-

0.0276 
0.0139 0.2877 0.4903 0 1751 0.5329 

-

0.0657 

-

0.5026 
0.0112 0.2336 

  
0.0953 

p-value 0.0409 0.1524 0.0000 0.0766 0.0600 0.0264   0.0145 0.8413 0.0000 0.1211 0.0643 0.0442   0.7082 0.0017 0.2692 0.4495   0.8347 

Maldives                                         

coefficient   

-

0.6184 
0.0060 0.1814 

  
0.6841 

    

-

0.5948 
0.0060 0.1442 

  
0.7287 

    

-

0.7229 
0.0094 0.5294 

  
0.2388 

p-value   0.0000 0.0564 0.0278   0.0000     0.0000 0.1373 0.1009   0.0000     0.0000 0.0483 0.1257   0.3480 
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      Table 4. 8  

      Estimation Results for ARIMA(p,q)-GARCH (1,1) and ARIMA(p,q)-GJR(1,1) Model 

      Jan 1984 - Dec 2017       Jan 1984 - May 2009         Jun 2009 - Dec 2017     

  AR(1) MA(1) ω α ϒ β α+ϒ/2 AR(1) MA(1) ω α ϒ β α+ϒ/2 AR(1) MA(1) ω α ϒ β 

France                                         

coefficient 
0.2540 

-

0.5451 
0.0030 0.1236 0.3004 0.7003 

0.2739 
0.2806 

-

0.5672 
0.0096 0.0669 0.3117 0.6126 0.2228 

-

0.1034 

-

0.0756 
0.0097 0.1500 

  
0.5899 

p-value 0.0682 0.0000 0.0200 0.1113 0.0351 0.0000   0.0699 0.0000 0.0222 0.4829 0.0579 0.0000   0.8873 0.9205 0.5426 0.6928   0.3526 

Australia                                         

coefficient   

-

0.4229 
0.0037 0.2149 

  
0.6628 

    

-

0.3829 
0.0058 0.1727 

  
0.6546 

    

-

0.5046 
0.0065 0.5372 

  

-

0.0722 

p-value   0.0000 0.0311 0.0104   0.0000     0.0000 0.0716 0.0642   0.0000     0.0000 0.0061 0.0063   0.6431 

Russia                                         

coefficient   

-

0.4500 
0.0011 0.0011 0.1678 0.9107 

0.0850   

-

0.6153 
0.0132 0.0731 0.2392 0.8538 

0.1927   

-

0.1203 
0.0090 0.2729 

  
0.4037 

p-value   0.0000 0.0947 0.9820 0.0385 0.0000     0.0000 0.0337 0.3087 0.0319 0.0000     0.2190 0.2905 0.3355   0.3944 

USA                                         

coefficient 
  

-

0.4682 
0.0040 0.1609 

  
0.6876 

    

-

0.3863 
0.0195 0.2466 

  
0.1035 

    

-

0.5311 
0.0079 0.2524 

  

-

0.0067 

p-value   0.0000 0.0741 0.0207   0.0000     0.0000 0.0034 0.0452   0.6582     0.0000 0.0515 0.1834   0.9861 

Japan                                         

coefficient   

-

0.3140 
0.0101 0.2455 

  
0.4345 

    

-

0.2153 
0.0151 0.2713 

  
0.2768 

    

-

0.5380 
0.0014 0.0469 

  
0.8616 

p-value   0.0000 0.0241 0.0127   0.0243     0.0005 0.0010 0.0015   0.0901     0.0000 0.6552 0.5702   0.0011 
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Both AR(1) and MA(1) terms were included in the mean equation of the models for 

total international arrivals, the UK, Germany and France. During the war period, AR(1) 

was significant at p < 0.01 for total international arrivals and the UK models, and the 

same was significant for Germany at p < 0.05 and France at p < 0.10. The MA(1) term 

was significant at p < 0.01 except for Germany. The remaining models had only the 

MA(1) term in their respective mean equation and each MA(1) term was significant at p 

< 0.01. During this period, the volatility of total arrivals, China, the UK, Germany, 

France, and Russia showed an asymmetric effect; that is, negative news shocks of the 

same magnitude had a greater impact on volatility than positive news shocks. Hence, 

the appropriate model for each of these series is the GJR model, which takes this 

asymmetric effect into account when modelling volatility. For all other countries: India, 

the Maldives, Australia, the USA and Japan, the GARCH model is the best model that 

assumes a symmetric effect of both negative and positive news shocks. The volatility 

persistence of GJR models is given by α + β + λ/2. The growth rate of arrivals from 

China, Germany, France and Russia exhibits higher volatility persistence, hence the 

impact of news shocks on volatility lasts for a relatively longer period, while that of the 

UK is moderate. When the other models of other countries are considered, the ARCH 

effect, α, is insignificant for the Maldives, while the GARCH effect, β, is insignificant 

for the USA. In all other cases, both ARCH and GARCH effects are significant. India, 

the Maldives, and Australia have a higher volatility persistence during the war period, 

whereas Japan shows a moderate persistence. The USA records the lowest persistence 

of volatility.  

An examination of the results of the post-war period uncovers some interesting findings. 

None of the countries or the total arrivals have an asymmetric effect; hence the GARCH 

model is adequate to model the volatility for all series. Moreover, Germany, the 
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Maldives, France, Russia, and the USA do not have either an ARCH or GARCH effect, 

despite the fact that these countries, except for the USA, show a higher volatility 

persistence. Surprisingly, Japan shows higher volatility persistence during this period, 

although it shows moderate persistence during the war period. The ARCH effect of all 

the models is insignificant except for India and Australia. Total arrivals, India and 

Australia, have a moderate volatility persistence, while the UK shows a higher 

persistence. This indicates that during the post-war period, tourists from most countries 

are less sensitive to news shocks, and it is likely that that the higher persistence of 

volatility and the asymmetric effect are mainly caused by the turbulent environment 

triggered by the political violence that prevailed during that period. This further 

highlights that a relatively peaceful atmosphere is a prerequisite for a sustainable 

tourism industry, as such an environment creates less volatility in tourist arrival 

numbers.  

It is interesting to note that the asymmetric effect of the models for the entire period is 

mainly influenced by political violence, as all the models that show an asymmetric 

effect have the same effect during the war period.
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In order to test the validity of the selected models for each country and the total 

international arrivals, it is essential to make sure that the selected models sufficiently 

capture the dynamics of the data series. For this purpose, ARCH LM (Engle, 1982) and 

Ljung-Box Q tests (Ljung & Box, 1979), based on the standardised squared residuals, 

were carried out for each model under each period. In addition, as the selection of 

appropriate error distribution has an impact on the validity of the results, distribution 

tests were undertaken. Tables 4.9−4.11 show the results of those tests. 

       Table 4. 9  

       Diagnostic Test Samples January 1984−December 2017 (Entire Period) 

  Error ARCH LM Ljung-Box Q test Distribution test 

Source Distribution 

 

p-value Q Stat p-value Stat/Coeff SE p-value 

Total 

arrivals Student's t 
3.1485 0.9944 3.5287 0.9910 4.9636 0.9953 0.0000 

India GED 2.2283 0.9990 2.3822 0.9990 1.0466 0.0860 0.0000 

China GED 16.2788 0.1788 15.2660 0.2270 1.1092 0.1068 0.0000 

UK Student's t 12.6668 0.3937 12.8130 0.3830 4.7669 1.2413 0.0001 

Germany GED 5.5544 0.9369 5.6255 0.9340 0.9700 0.0785 0.0000 

Maldives Student's t 2.1864 0.9990 2.0579 0.9993 5.6731 1.2685 0.0000 

France Student's t 6.8931 0.8646 6.8407 0.8680 4.7641 1.1184 0.0000 

Australia Student's t 1.9345 0.9995 1.8972 1.0000 5.4170 1.0414 0.0000 

Russia Student's t 8.9364 0.7084 8.9716 0.7050 4.8137 1.1312 0.0000 

USA Student's t 10.9104 0.5366 12.0050 0.4450 4.5536 1.1350 0.0001 

Japan Student's t 10.9838 0.5303 6.5575 0.8850 5.7851 2.0087 0.0040 

 

 

 

 

 

 

 

 

 

 

 

 

𝜒2 
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       Table 4. 10   

       Diagnostic Tests Sub Sample 1 for January 1984−May 2009 (During the War) 

Source Error ARCH LM Ljung-Box Q test Distribution test 

  Distribution 
 

p-value Q Stat p-value Stat/Coeff SE p-value 

Total 

arrivals Student's t 
2.2192 0.9990 2.3140 0.9990 3.7677 0.7978 0.0000 

India Student's t 2.7559 0.9970 2.6593 0.9980 3.4721 0.8336 0.0000 

China Student's t 7.5924 0.8161 7.7658 0.8030 5.8086 2.2873 0.0111 

UK Student's t 10.1794 0.6002 10.8230 0.5440 5.4679 1.8176 0.0026 

Germany GED 5.1148 0.9540 5.2369 0.9500 0.9982 0.0928 0.0000 

Maldives Student's t 1.1351 1.0000 1.0889 1.0000 6.0149 1.4406 0.0000 

France Student's t 7.3334 0.8348 6.6024 0.8830 4.9217 1.3029 0.0002 

Australia Student's t 2.1326 0.9992 2.1410 0.9990 6.0415 1.3025 0.0000 

Russia Student's t 11.4927 0.4872 12.3230 0.4200 5.2568 1.3920 0.0002 

USA Student's t 10.1167 0.6057 9.6925 0.6430 5.6071 1.8454 0.0024 

Japan Normal 15.2218 0.2295 11.1090 0.5200 2.0564   0.3576 

 

       Table 4. 11  

       Diagnostic Tests Sub Sample 2 for June 2009−December 2017 (Post-war) 

Source Error  ARCH LM Ljung-Box Q test Distribution test 

  Distribution 

 

p-value Q Stat p-value Stat/Coeff SE p-value 

Total 

arrivals Normal 
11.6935 0.4706 9.7715 0.6360 0.7144   0.6996 

India Normal 3.6716 0.9887 4.0885 0.9820 5.9265   0.0517 

China Student’s t 7.9066 0.7924 7.4893 0.8240 1.4141 0.3638 0.0001 

UK Student's t 9.7373 0.6390 12.4590 0.4100 3.5418 1.4094 0.0120 

Germany Student's t 12.4148 0.4130 8.1029 0.7770 3.7511 2.1113 0.0756 

Maldives Student's t 6.3364 0.8982 7.1474 0.8480 5.4604 3.2279 0.0907 

France Normal 10.4600 0.5757 10.4020 0.5810 0.8524   0.6504 

Australia Normal 4.8004 0.9643 5.3716 0.9440 5.6491   0.0593 

Russia GED 3.4308 0.9917 2.4223 0.9980 1.1352 0.2684 0.0000 

USA GED 17.5479 0.1301 22.4730 0.0330 1.2740 0.3075 0.0000 

Japan Student's t 3.3272 0.9928 1.2894 1.0000 3.7001 1.1869 0.0018 

 

None of the error distributions of the models followed a normal distribution during the 

entire period. The appropriate error distribution was the student’s t distribution, except 

for India, China and Germany that all had a GED. As can be seen in Table 4.7, shape 

parameters of all the models are highly significant at p < 0.01, indicating that the chosen 

error distribution is appropriate for all the selected models. The ARCH LM test 

estimates the auxiliary regression, 𝑎𝑡
2=  𝛼0 +   𝛼1𝑎𝑡−1

2 … … . + 𝛼𝑝𝑎𝑡−𝑝
2 + 휀𝑡 and tests 

against the null hypothesis of 𝛼1 = … … = 𝛼𝑝 = 0. In the event that this hypothesis is 

accepted, there is no further ARCH effect in the estimated model. For the ARCH LM 

𝜒2 

𝜒2 



108 

 

test, 12 lags were included in the test equation. During the entire period models, the null 

hypothesis of no further ARCH effect, is accepted for all the chosen models, indicating 

that the chosen specification for modelling the volatility is appropriate and adequate. 

Ljung-Box Q tests to see whether further autocorrelation exists in the chosen models 

were undertaken, with 12 lags considered for this test. It was found that no further 

autocorrelation remained in the selected models, and hence the error terms of the chosen 

models are white noise.   

During the war period, the appropriate error distributions for Japan were normal. 

Normality was tested using the JB test, in which the null hypothesis error term follows a 

normal distribution. Germany had a GED distribution, while error terms for all the other 

models followed a student’s t distribution. The shape parameters of these models were 

significant at p < 0.01 for all cases except for China, which was significant at p < 0.05. 

ARCH LM and Ljung-Box Q statistics were highly insignificant, indicating that the 

selected models do not have a further ARCH effect and the error terms are white noise. 

The error terms for total arrivals, India, France and Australia followed a normal 

distribution during the post-war period as the null hypothesis of normality is accepted in 

all those models. However, for India and Australia, the null hypothesis of normality is 

accepted at p < 0.1. Nevertheless, it was the appropriate distribution out of all three 

error distributions considered in the analysis. For the models of Russia and the USA, the 

appropriate distribution was GED, while the error distribution of the models for China, 

the UK, Germany, the Maldives and Japan was the student’s t distribution. ARCH LM 

and Ljung-Box Q test statistics reveal that no further ARCH effect is remaining in all 

models, and the error terms of each model are white noise except for the USA. 

Nevertheless, the chosen model for the USA is adequate as it does not have a remaining 

ARCH effect. 
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4.6.2 Dynamic Conditional Correlation 

This section discusses the DCCs between the source countries obtained from the DCC-

GARCH(1,1) model and their implications for tourism policies. The DCC-GARCH(1,1) 

model is estimated in two steps  (Engle, 2002). In the first step, univariate GARCH 

processes are fitted to 10 major source countries. In the second step, based on the 

residuals and variances obtained from the univariate GARCH processes, time-varying 

correlations, which provide important information about the co-movements between the 

source countries, are computed. Tables 4.12-4.14 show the mean value of the DCC 

matrix for the major source countries for three cases: the entire period, during the war, 

and the post-war period. As we modelled the growth rate or the first difference of log-

arrival and all series are monthly data, these DCCs provide information about the nature 

of interdependencies or the co-movements of the monthly growth rates of tourist 

arrivals between the source countries; in other words, how the conditional shock to the 

growth rate in monthly tourist arrivals in one country affects the monthly tourist arrival 

growth rate of another source country. 
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       Table 4. 12 

       Mean of Dynamic Conditional Correlations from January 1984 to December 2017 

  India China UK Germany Maldives France Australia Russia USA Japan 

India                     

                      

China       0.0276                    

        0.0528                    

UK       0.2850        0.1677                  

        0.0525        0.0449                  

Germany       0.2012        0.1094        0.5735                

        0.0616        0.0439        0.0530                

Maldives       0.2864        0.0918        0.2650        0.2080              

        0.0492        0.0443        0.0516        0.0575              

France       0.3576        0.1367        0.3572        0.3934        0.2847            

        0.0485        0.0502        0.0522        0.0546        0.0525            

Australia       0.1935        0.1152        0.5261        0.4006        0.2331        0.2343          

        0.0426        0.0377        0.0431        0.0525        0.0411        0.0391          

Russia -     0.0176  -     0.0134        0.1070        0.1529        0.0497        0.1775        0.2343        

        0.0653        0.0557        0.0554        0.0614        0.0408        0.0487        0.0410        

USA       0.3556        0.0949        0.3833        0.3587        0.3512        0.2922        0.4483        0.0326      

        0.0508        0.0489        0.0534        0.0577        0.0502        0.0516        0.0487        0.0427     

Japan       0.2269        0.1597        0.2846        0.2953        0.2477        0.2330        0.2991        0.1005        0.3185    

        0.0511        0.0470        0.0510        0.0449        0.0416        0.0467        0.0415        0.0488         0.0480    

Note: Bold numbers are standard deviations 
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       Table 4. 13 

       Mean of Dynamic Conditional Correlations from January 1984 to May 2009 (War Period) 

  India China UK Germany Maldives France Australia Russia USA Japan 

India                    

                      

China       0.0254                    

        0.0591                   

UK       0.2815        0.1670                  

        0.0577        0.0479                  

Germany       0.2009        0.1088        0.5771                

        0.0700        0.0497        0.0561                

Maldives       0.2899        0.0891        0.2665        0.2094              

        0.0544        0.0493        0.0570        0.0638              

France       0.3574        0.1318        0.3633        0.3938        0.2849            

        0.0548        0.0561        0.0545        0.0602        0.0564            

Australia       0.1906        0.1145        0.5230        0.4021        0.2336        0.2369          

        0.0470        0.0419        0.0458        0.0584        0.0456        0.0413          

Russia -     0.0186  -     0.0155        0.1065        0.1526        0.0462        0.1768        0.1551        

        0.0743        0.0629        0.0618        0.0694        0.0449        0.0547        0.0450        

USA       0.3561        0.0923        0.3812        0.3589        0.3486        0.2924        0.4456        0.0321      

        0.0579        0.0548        0.0597        0.0650        0.0567        0.0579        0.0548        0.0473      

Japan       0.2250        0.1568        0.2857        0.2963        0.2503        0.2322        0.2976        0.0995        0.3174    

        0.0575        0.0523        0.0555        0.0485        0.0457        0.0520        0.0441        0.0551        0.0538    

Note: Bold numbers are standard deviations 
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     Table 4. 14 

      Mean of Dynamic Conditional Correlations from June 2009 to December 2017 (Post-war) 

  India China UK Germany Maldives France Australia Russia USA Japan 

India                     

                      

China       0.0340                    

        0.2540                    

UK       0.2953        0.1697                  

        0.0311        0.0348                  

Germany       0.2023        0.1113        0.5630                

        0.0232        0.0179        0.0410                

Maldives       0.2761        0.0995        0.2606        0.2039              

        0.0269        0.0228        0.0301        0.0326              

France       0.3583        0.1511        0.3391        0.3925        0.2842            

        0.0214        0.0202        0.0396        0.0331        0.0388            

Australia       0.2020        0.1174        0.5353        0.3960        0.2318        0.2267          

        0.0235        0.2040        0.0322        0.0283        0.0234        0.0308          

Russia -     0.0144  -     0.0072        0.1087        0.1537        0.0600        0.1795        0.1551        

        0.0242        0.0241        0.0294        0.0266        0.0219        0.0234        0.0262        

USA       0.3542        0.1026        0.3894        0.3583        0.3589        0.2916        0.4561        0.0338      

        0.0186        0.0225        0.0268        0.0269        0.0203        0.0248        0.0211        0.0248      

Japan       0.2323        0.1685        0.2817        0.2923        0.2402        0.2351        0.3037        0.1033        0.3219    

        0.0230        0.0236        0.0348        0.0318        0.0246        0.0254        0.0327        0.0213        0.0233    

Note: Bold numbers are standard deviations
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The mean value of conditional correlations between the source markets ranges from -

0.0176 (Russia, India) to 0.5735 (Germany, the UK) when considering the entire 

sample. Twelve country pairs exceed the mean dynamic conditional correlation of 0.30: 

(Germany, the UK); (Australia, the UK); (the USA, Australia); (Australia, Germany); 

(France, Germany); (the USA, the UK); (the USA, Germany); (France, India); (France, 

the UK); (the USA, India); (the USA, the Maldives); and (Japan, the USA). All the 

country pairs have a positive mean DCC except (Russia, India) and (Russia, China), 

which have a negative but negligible correlation size. The mean value of the dynamic 

correlation between Russia and India is 0.0144 and the same between Russia and China 

is 0.0072. Although the sign of the relationship is quite important, in this case, given the 

low value of dynamic conditional correlation,  those are not that important. The positive 

correlation between source country pairs indicates that a conditional shock to the 

standardised residuals of one country affects the other countries in the same direction as 

the other country. Moreover, China has a few interdependencies with other source 

markets. In general, most of the European countries, the USA and Australia demonstrate 

higher interdependencies with other source markets, mainly among developed countries, 

and the Asian countries show fewer interdependencies with other source markets except 

Japan. Figure 4.6 shows the selected DCC graphs for the 12 country pairs with a mean 

correlation of 0.30 or higher. From those graphs, it can be clearly seen that the 

conditional correlation during the war period is subject to higher fluctuations relative to 

the post-war period, although they vary over time. This is further confirmed when 

examining the standard deviations. The standard deviation of the DCCs is higher during 

the crisis period (war) compared with that for the post-crisis period. During the post-

crisis period, DCCs are more stable, although they are still time varying. In order to test 

whether the DCC-GARCH model is more appropriate than the CCC-GARCH model, 

adjustment parameters 𝜆1 and 𝜆2 were examined. The 𝜆1 coefficient was 0.0320 with a 
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standard error of 0.0108 and a p-value of 0.0030, while 𝜆2 had a coefficient of 0.7033 

with a standard error of 0.1495 and a p-value of 0.0000. Therefore, both adjustment 

parameters are significant at p < 0.05 and p < 0.01 respectively and satisfy the non-

negativity condition and the 0 ≤  𝜆1 + 𝜆2  < 1  condition. Moreover, the null 

hypothesis of the CCC was tested (𝜆1 = 𝜆2 = 0) against the alternative hypothesis of 

DCC. The test yielded a 𝜒2 value of 130.57 with a p-value of 0.0000. Consequently, the 

null hypothesis of CCC was rejected at p < 0.01, and therefore the DCC-GARCH model 

is appropriate for this data.  
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                 Figure 4. 6. Dynamic Conditional Correlations January 1984−December 2017 
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4.7 Conclusion 
 

This chapter examined the volatility of international tourist arrivals from 10 major 

source markets in Sri Lanka and the nature of the interdependencies between the same 

source markets using the data obtained from the Sri Lanka Tourism Development 

Authority. In particular, this chapter offered a comparison of volatilities and 

interdependencies during war and post-war periods. The estimated volatility models 

satisfied the required assumptions for their validity. Empirical results uncovered several 

important findings with regard to seasonality, volatility and interdependencies between 

the source countries.  

International tourist arrivals in Sri Lanka exhibit strong seasonal patterns, as in many 

other countries. December is the peak season, while April−June and 

September−October are the two off-peak seasons. However, the seasonality of 

individual countries differs from overall seasonality. Therefore, as seasonality is an 

issue in tourism, this information could be used to target a promotion campaign to 

increase the number of tourists who visit in off-peak seasons. Moreover, it is evident 

that there is no notable difference between the seasonality indices during war and post-

war periods. 

As the literature suggests that the impact of news shock on tourist arrivals could be 

either symmetric or asymmetric, ARIMA(p,q)-GARCH(1,1) and ARIMA(p,q)-

GJR(1,1) models were used for the analysis and were sufficient for the empirical data. 

Several important findings can be highlighted here. First, evidence to support all three 

cases, namely symmetric effect, asymmetric effect and no effect of news shocks on 

tourist arrivals, were found in this study. Second, an asymmetric effect was evident only 

during war for five countries—China, the UK, Germany, France, and Russia—while all 

other selected countries showed a symmetric effect. Third, none of the countries had an 
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asymmetric effect during the post-war period and some countries (Germany, the 

Maldives, France, Russia and the USA) had no ARCH or GARCH effect. It is also clear 

that overall volatility during the war period was greater than in the post-war period, 

indicating that a peaceful environment reduces uncertainty in tourist arrivals. Last, when 

comparing aggregate and disaggregate volatility models, remarkable differences could 

be identified. This indicates the need to analyse volatility at the disaggregate level (by 

country), as it could help policymakers identify how tourists from each country respond 

to news shocks, which could be useful in creating a portfolio of less risky tourism 

markets.  

In order to identify whether interdependencies between source markets exist, a 

multivariate GARCH model, DCC-GARCH(1,1) was used. We identified that there was 

a low to moderate level DCC between source markets. Twelve country pairs showed a 

mean value of DCC greater than 0.30. Moreover, Asian source markets, except Japan, 

showed few interdependencies with other source markets, while the advanced countries 

exhibited greater interdependencies, mainly with other advanced countries. 

Interestingly, while there were no significant differences during war and post-war 

periods, DCCs were subjected to greater fluctuation during the war period. These 

findings are useful for designing tourism marketing and promotion campaigns. When 

the DCC is higher for country pairs, as for (the UK, Germany) and (the UK, Australia), 

such campaigns should be designed taking both countries into account, while other 

country pairs with no such interdependencies could be treated independently. This 

research has two main limitations. Firstly, in this study only ten major source countries 

were selected. However, there can be much more complex interdependencies between 

other source countries as well, which were excluded in this study. Secondly, total 

international arrivals data was used to identify the interdependencies among source 

countries. However, taking disaggregate data by purpose of visit such as leisure, VFR 
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and business, could lead to more insights into the issue at hand, though it was not 

possible in this study due to unavailability of monthly data by purpose of visit and by 

source country. In the future, researchers may focus on analysing volatility by including 

more countries in particular, when analysing interdependencies between countries and 

take such data disaggregate by purpose of visit.  Techniques like Global vector 

autoregression (GVAR) could be helpful in this endeavour. 
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CHAPTER 05 

SPILLOVER EFFECTS OF INTERNATIONAL TOURISM 

DEMAND AMONG SRI LANKA, MALDIVES AND INDIA  

5.1 Introduction 
 

Due to increasing levels of globalisation, almost all countries are interconnected and 

interdependent via political, social, cultural, economic and other ties. The aviation 

industry, which is directly linked to international tourism, has witnessed a substantial 

improvement due to globalisation, which has resulted in alliances and mergers of large 

carriers, travel agents and hotels (Cooper & Wahab, 2005). Moreover, an increase in 

intra-regional tourism can also be seen due to the expansion of territorial integration of 

tourism destinations (Keller, 1996). Furthermore, Drucker (1993) argued that the 

globalisation process, which is increasingly dominated by information and 

communication technology, makes the world economy more competitive and more 

connected. Events happening in one country can affect another country quickly. This is 

particularly relevant to international tourism, which mainly depends on the other 

countries. As tourism is very sensitive to events, it is of great interest to the policy 

makers to understand how these events affect tourism flows within a country and across 

countries.  

In this study, three South Asian countries, Sri Lanka, India (and  Kerala state) and the 

Maldives are considered for the first time to examine the spillover effects between them. 

Therefore, this study looks at factors behind international tourism demand for a 

destination from another perspective., i.e whether international tourism demand in 

neighbouring countries can explain at least a part of the international tourism demand in 
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a particular destination. In that way, this study extends the analyses carried out in 

Chapters 3 and 4.  

Studies of this nature are limited in the tourism demand literature and there is no such 

study done in the South Asian context and only a few studies done on Asia; for 

example, Shareef & McAleer (2008). Moreover, most of the countries  neighbouring Sri 

Lanka depend on tourism and have aggressive strategies and policies to attract more 

international tourists to their countries. Some argue that the tourism boom in Sri Lanka 

after the end of its civil war adversely affected tourism demand in the Maldives and 

India (in particular tourism demand in Kerala state) while others argue that the effect of 

war in Sri Lanka on tourist arrivals in those countries is positive (The News Minute, 

2016; Minivan News, 2011). However, no formal study has been done in this regard. 

Therefore, it is important to investigate spillover effects of tourism demand among Sri 

Lanka, India, Maldives. These three countries are located in close proximity and share 

similar climatic characteristics. The Kerala state of India is also taken into account as it 

is considered a competing destination for Sri Lanka and the tourism products offered by 

the Kerala state are quite similar to those of Sri Lanka, whereas the Maldives is 

generally considered to be a more luxurious destination compared to Sri Lanka 

(Handerson, 2008; Mathew, 2019).  

The rest of the chapter is organised as follows. The next section offers a review of the 

existing literature on spillover effects of tourism demand. Then, data and methods are 

discussed, which is followed by empirical analysis and discussion. Finally, concluding 

remarks and policy implications are discussed. 

5.2 Literature Review 
In the context of tourism, previous research  has documented that there are 

interdependencies and dependencies among destination countries (Jeng & Fesenmaier; 

1998; Balli &Tsui, 2016; Hoti, McAleer, & Shareef 2007; Shareef & McAleer, 2008 ). 
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Identifying such interdependencies and dependencies or spillover effects among 

destination countries is of great importance to policy makers. Spillover effects are 

defined in several ways by various researchers, and include the following:  

“this term refers to the indirect or unintentional effects that a region’s 

tourism industry exerts on tourism flows to other regions” 

                                                         (Yang & Wong, 2012, p. 768) 

“Tourism spillover effects can be understood as the amount of imports 

from a region that a second region needs in order to satisfy its tourism 

consumption. In other words, it can also be seen as the share of the 

economy of a region that depends on the performance of tourism 

consumption in the second region.” 

                                                   (Incera et al., 2015, p. 192) 

These spillover effects are caused by two main factors. Firstly, events that happen in 

one country can attract tourists into the same country or divert tourists to other countries 

depending on whether the event is  positive or negative. Secondly, significant numbers 

of tourists undertake multi-destination trips (Hwang & Fesenmaier, 2003; Lue, 

Crompton, & Fesenmaier, 1993; Lue, Crompton, & Stewart, 1996).  Moreover, 

according to Hanson (1980) and O'Kelly (1983) around 30%-50% of all leisure travel 

trips are multidestination travels. Therefore, these tourists would combine several 

destinations together in a single trip, depending on the complementary nature of the 

destinations.  Previous studies have examined spillover effects of tourism in two 

different ways. Firstly, the spillover effect from one region to other regions near a 

country has been investigated for example by Hwang and Fesenmaier (2003); Yang, 

Fik, and Zhang (2017); Bo, Bi, Hengyun, and Hailin (2017); Incera, Fernandez, and 

Lopez (2015); Yang and Wong (2012); and Balli, Curry, and Balli (2015). Secondly, 

spillover effects of tourism demand from one country to another country have been 
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examined–for instance, by Jeng and Fesenmaier (1998); Balli and Tsui (2016); Hoti, 

McAleer, and Shareef (2007). 

The Spillover effects of tourism can be categorised into two, namely spillover effects of 

tourist flows, and spillover effects of attractions (Bo et al., 2017). Moreover, spillover 

effects of tourism flows have been studied both within countries i.e spillovers from one 

region to  another, or one city to another (Balli et al., 2015; Bo et al., 2017; Hwang & 

Fesenmaier, 2003; Yang & Wong, 2012) and between countries (Chang et al., 2011; 

Jeng & Fesenmaier, 1998). Yang et al. (2017) found that several factors determine a 

tourist’s choice of  subsequent destination. These include: organisation pattern, travel 

motivation, travel distance (between home and destination), length of stay and number 

of past visits. Therefore, it is essential for destination management organisations to 

identify which destinations are combined, and which are not. This knowledge is of great 

importance to destination management organisations for formulating marketing 

strategies and promotion campaigns. Tideswell and Faulkner (1999) gave five factors 

that affect multi destination travel:  variety and multiple benefit seeking, heterogeneity 

of preferences, risk and uncertainty reduction, economic rationalism, and visiting 

friends and relatives. Moreover, Onder (2017) when attempting to classify 

multidestination trips in Austria using big data, found that tourists visit places which are 

close to each other –that is, if two or more attractions or destinations are located closer, 

there is a high tendency that a tourist visiting one attraction or destination may visit the 

other attractions and destinations located close to the original destination. In addition to 

this multidestination travel, there are major political/economic incidents (such as the 

September 11 attack, the Asian financial crisis, the global economic slowdown) that 

drive cross-border interdependence. Chan et al. (2005) investigated the 

interdependencies and dependencies of four major tourist origin countries (Japan, New 

Zealand, UK and USA) with Australia, using monthly international tourist arrival rates. 
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The main techniques they used were the symmetric CCC-MGARCH, symmetric 

VARMA-GARCH and the Asymmetric VARMA-GARCH models. Moreover, they 

found that interdependencies between the major source countries and spillover from 

shocks are asymmetric, depending on the sign of the shocks. Chang et al. (2011) 

examined the nature of dependencies and interdependencies between destination 

countries, taking Indonesia, Malaysia, Singapore and Thailand into account using CCC-

MGARCH, VARMA-GARCH and VARMA-AGARCH. The paper concluded that 

dependence and interdependence effects are significant between most of the destination 

pairs. All the above studies were mainly concerned with volatility 

spillovers/interdependencies. Seo et al. (2010) investigated the interdependencies when 

Korean outbound tourism flows to the USA, using Granger causality analysis and found 

that Korean tourist visits to the USA are dependent on Korean outbound tourism to six 

other countries. Moreover, in another study, Torraleja et al. (2009), using vector 

autoregression and impulse response function, uncovered the fact that tourism demand 

in the main tourist areas in Spain are interdependent with other regions. These studies 

highlight the importance of investigating the possible interdependencies and 

dependencies between source markets and also  between destination countries.  

 Spillover effects or interdependencies are studied both within country and cross-

country frameworks and strong evidence has been found in many cases for the presence 

of interdependencies in tourism demand or tourism demand volatility, irrespective of 

whether it was a within-country or cross-country study. Moreover, it is evident that the 

majority of the studies are based on volatility spillovers. Only a handful of studies 

examined the spillovers in tourism demand. To my knowledge, tourism 

interdependencies among South Asian countries have not yet been explored in the 

literature. This study aims to fill this important gap in the literature. 
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5.3 Model, Data and Methods 
 

This section describes the model specification, the estimation methodology and nature 

of the data. The specified model was estimated for two cases to identify the spillover 

effects among the selected destinations. In Case 1, the spillover effects of international 

tourism demand among Sri Lanka, India and the Maldives were considered; whereas in 

Case 2, the spillover effects of international tourism demand among Sri Lanka, Kerala 

and the Maldives were taken into account. The main reason behind having two models 

is that India is a larger country than the others, with diversified tourism products and 

various climatic conditions. Therefore, India is included in the first model to see if there 

are any dependencies or interdependencies in tourism demand between India, Sri Lanka 

and the Maldives (Figure 5.1). As explained previously, it is likely that spillover effects 

may be present between Sri Lanka and Kerala rather than between Sri Lanka and India.  

Therefore, Kerala is included in the second model instead of India to identify spillover 

effects if any (Figure 5.2) 
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The main objective of this study was to identify the spillover effects of international 

tourism demand among Sri Lanka, India, the Maldives and the Kerala state of India. For 

this purpose, a Vector Autoregressive model of order p, VAR(p) is estimated for both 

models discussed above. The VAR model introduced by Sims (1980) is widely used in 

applied macroeconomic research (Neusser, 2016). The conventional asymptotic theory 

is not applicable to hypothesis testing if vector autoregressions are estimated in levels 

when the variables are integrated. In this case, the VAR model needs to be estimated in 

the first difference (if it is integrated of order 1) (Dolado & Lütkepohl, 1996; Park & 

Phillips, 1989). An augmented Dickey Fuller (ADF) test was done to test the order of 

integration or the stationarity of the data series used in both models. Secondly, based on 

the results of the VAR(p) model, Granger-causality test (Granger, 1969) and impulse-

response function techniques were used to examine such spillover effects. One of the 

main advantages of VAR models is that they help model interdependencies between 

economic variables without imposing uninformed assumptions (Sims, 1980). Granger 

Causality in a VAR framework is an important technique to test the causal effects of 

one variable on the other (Toda & Phillips, 1994) and it is also a popular approach 

among researchers to identify causal relationships among dynamic processes (Molenaar 

& Lo, 2016). Moreover, one of the reasons for its popularity among economics 

researchers is that its straightforward implementation helps determine causal 

relationships in cross-lagged experimental designs (Rogosa, 1980). Furthermore, when 

it comes to hypothesis testing in Granger causality, such causality tests are carried out 

on causal times series models of multivariate dynamic processes (Molenaar & Lo, 

2016).  

VAR models have been frequently applied in tourism literature as well (see for example 

Brida, Cortes-Jimenez, & Pulina, 2016; Oh, 2005; Seetanah & Khadaroo, 2009; Seo, 

Park, & Boo, 2010; Song & Witt, 2006; Surugiu & Surugiu, 2013; Torraleja, Vázquez, 



127 

& Franco, 2009; Liu et al., 2018; Gunter, 2018; Antonakakis et al., 2015).  Apart from 

the VAR models, there are some other multivariate models used in tourism spillover 

studies. As discussed in the literature review, CCC-MGARCH, VARMA-GARCH and 

VARMA-AGARCH are some of the other techniques. However, using these techniques, 

researchers mainly examine volatility spillovers from one destination to the other. 

However, in this study, we are mainly interested in identifying spillover effects from 

international tourist flows among the above mentioned three countries; therefore, VAR 

model, the Granger causality test and impulse response function techniques are most 

appropriate for this study. 

The VAR model of order p can be defined as follows. As discussed above, Case 1 took 

Sri Lanka, India and the Maldives into account (equation 5.1) whereas in Case 2, India 

was replaced with Kerala (equation 5.2). Consequently, the VAR models of order p for 

both models can be defined as follows. In both models, first difference of logarithm of 

data series was used due to the fact that variables at levels were not stationary as 

discussed below. 

Case 1 

Vector Autoregressive model of order p, VAR(p) model was estimated for Sri Lanka, 

India and Maldives. The VAR model of order p can be defined as follows: 

(

∆𝐿𝑁_𝑆𝐿_𝑆𝐴𝑡

∆𝐿𝑁_𝑀𝐷𝑉_𝑆𝐴𝑡

∆𝐿𝑁_𝐾𝐸𝑅_𝑆𝐴𝑡

) =  𝜋0 + 𝜋1 (

∆𝐿𝑁_𝑆𝐿_𝑆𝐴𝑡−1

∆𝐿𝑁_𝑀𝐷𝑉_𝑆𝐴𝑡−1

∆𝐿𝑁_𝐾𝐸𝑅_𝑆𝐴𝑡−1

) + ⋯ … … + 𝜋𝑝 (

∆𝐿𝑁_𝑆𝐿_𝑆𝐴𝑡−𝑝

∆𝐿𝑁_𝑀𝐷𝑉_𝑆𝐴𝑡−𝑝

∆𝐿𝑁_𝐾𝐸𝑅_𝑆𝐴𝑡−𝑝

) + 휀𝑡 

Case 2 

Vector Autoregressive model of order p, VAR(p) model was estimated for Sri Lanka  

and Kerala. The VAR model of order p can be defined as follows: 

(

∆𝐿𝑁_𝑆𝐿_𝑆𝐴𝑡

∆𝐿𝑁_𝑀𝐷𝑉_𝑆𝐴𝑡

∆𝐿𝑁_𝐾𝐸𝑅_𝑆𝐴,𝑡

) =  𝜋0 + 𝜋1 (

∆𝐿𝑁_𝑆𝐿_𝑆𝐴𝑡−1

∆𝐿𝑁_𝑀𝐷𝑉_𝑆𝐴𝑡−1

∆𝐿𝑁_𝐾𝐸𝑅_𝑆𝐴𝑡−1

) + ⋯ … + 𝜋𝑝 (

∆𝐿𝑁_𝑆𝐿_𝑆𝐴𝑡−𝑝

∆𝐿𝑁_𝑀𝐷𝑉_𝑆𝐴𝑡−𝑝

∆𝐿𝑁_𝐾𝐸𝑅_𝑆𝐴𝑡−𝑝

) + 휀𝑡 

(5.1) 

(5.2) 
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where: 

∆𝐿𝑁_𝑆𝐿_𝑆𝐴𝑡 = 𝑐ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝑙𝑜𝑔𝑎𝑟𝑖𝑡ℎ𝑚 𝑜𝑓 𝑡𝑜𝑢𝑟𝑖𝑠𝑡 𝑎𝑟𝑟𝑖𝑣𝑎𝑙𝑠 𝑖𝑛 𝑆𝑟𝑖 𝐿𝑎𝑛𝑘𝑎 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑡 

∆𝐿𝑁_𝑀𝐷𝑉_𝑆𝐴𝑡 = 𝑐ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝑙𝑜𝑔𝑎𝑟𝑖𝑡ℎ𝑚 𝑜𝑓 𝑡𝑜𝑢𝑟𝑖𝑠𝑡 𝑎𝑟𝑟𝑖𝑣𝑎𝑙𝑠 𝑖𝑛 𝑀𝑎𝑙𝑑𝑖𝑣𝑒𝑠 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑡 

∆𝐿𝑁_𝐼𝑁𝐷_𝑆𝐴𝑡 =  𝑐ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝑙𝑜𝑔𝑎𝑟𝑖𝑡ℎ𝑚 𝑜𝑓𝑡𝑜𝑢𝑟𝑖𝑠𝑡 𝑎𝑟𝑟𝑖𝑣𝑎𝑙𝑠 𝑖𝑛  𝐼𝑛𝑑𝑖𝑎 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑡 

∆𝐿𝑁_𝐾𝐸𝑅_𝑆𝐴𝑡 =  𝑐ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝑙𝑜𝑔𝑎𝑟𝑖𝑡ℎ𝑚 𝑜𝑓𝑡𝑜𝑢𝑟𝑖𝑠𝑡 𝑎𝑟𝑟𝑖𝑣𝑎𝑙𝑠 𝑖𝑛 𝐾𝑒𝑟𝑎𝑙𝑠 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑡 

For Case 1, monthly arrivals data for all three countries from January 2001 to 

September 2019 was used. However, because monthly arrivals data for Kerala is 

available until December 2017, in Case 2, monthly international arrival data from 

January 2001 to December 2017 was taken into account. Monthly tourist arrivals data 

for these countries was obtained from the government agencies responsible for tourism 

in those countries (Sri Lanka Tourism Development Authority, Kerala Tourism, and 

Ministry of Tourism of India and Ministry of Tourism of the Maldives) and the World 

Tourism organisation. Moreover, the models were estimated for January 2001 to 

September 2019 (the entire period) and for each 10-year period on a rolling basis to 

uncover more insights into the issue. Specifically, the model under Case 1 was 

estimated for 10 sub samples (2001-2010, 2002-2011, 2003-2012, 2004-2013, 2005-

2014, 2006-2015, 2007-2016, 2008-2017, 2009-2018, 2010-2019) and the model in 

Case 2 was estimated for eight sub samples excluding 2009-2018 and 2010-2019 

periods described above. Toda and Phillips (1994) stated that the estimation process 

works better when the sample size is more than 100 observations. In all sub-samples, 

there were 120 observations for each country except for the 2010-2019 sub sample (in 

Case 1) where there were only 118 observations. Therefore, all the models include 

sufficient numbers of observations in the estimation process.  

Another important issue that needs to be addressed is the seasonality of data. In this 

study, monthly data was used in the analysis. Therefore, seasonality is very likely, given 
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that tourism demand in many countries shares seasonal patterns. If the seasonality is 

present in the data, seasonal adjustments are required for the data before doing a 

Granger-Causality test (Granger, 1978). As can be seen from the seasonality graphs  

(Figures 5.3 and 5.5),  obviously, seasonality is present in all data series. Therefore, data 

was adjusted for seasonality by removing the seasonal component using the 

TRAMO/SEATS method. Figures 5.4 and 5.6 show the seasonality graphs of data after 

adjusting for seasonality. It can been clearly seen that the TRAMO/SEATS method has 

effectively  removed the seasonal component and there is no further seasonality present 

in the data. To avoid the complication of seasonality,  the seasonally adjusted data is 

used for model estimation. 
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               Figure 5. 3. International Tourist Arrivals by Season January 2001-September 

2019 (Sri Lanka, India and the Maldives) 

 

0

50,000

100,000

150,000

200,000

250,000

300,000

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

International tourist arrivals in Sri Lanka  by Season

0

200,000

400,000

600,000

800,000

1,000,000

1,200,000

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

International tourist arrivals in India  by Season

0

40,000

80,000

120,000

160,000

200,000

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Means by Season

International tourist arrivals in the Maldives  by Season



131 

0

50,000

100,000

150,000

200,000

250,000

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Seaonally adjusted international tourist arrivals in Sri Lanka  by Season

0

200,000

400,000

600,000

800,000

1,000,000

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Seaonally adjusted international tourist arrivals in India  by Season

0

40,000

80,000

120,000

160,000

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Means by Season

Seaonally adjusted international tourist arrivals in the Maldives  by Season

 

           Figure 5. 4. Seasonally Adjusted International Tourist Arrivals by Season 

January 2001-September 2019 (Sri Lanka, India and the Maldives) 
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          Figure 5. 5. International Tourist Arrivals by Season January 2001-December 

2017 (Sri Lanka, the Maldives and Kerala) 
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            Figure 5. 6. Seasonally Adjusted International Tourist Arrivals by Season 

January 2001-December 2017 (Sri Lanka, the Maldives and Kerala) 
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As discussed above, it is important to test data for order of integration before estimating 

the models. The ADF, PP and KPSS tests were performed to identify the unit root of 

each series. The unit root of each data series was examined in all three cases with 

constant, with constant and trend, and without constant and trend in the test equation 

(except for the KPSS which doesn’t have a test without constant and trend); and lag 

length was selected based on Akaike Information Criteria (AIC). Table 5.1, Table 5.3 

and Table 5.5 present unit root test results for the data used in Case 1, whereas Table 

5.2, Table 5.4 and Table 5.6 show the results for Case 2. It is clear that the first 

differenced series are stationary  in all cases under all the unit root tests performed. As it 

is necessary to use stationary data in the estimation process, unit root was tested at the 

first difference in all three cases for all data. Now, all the data is stationary in all three 

cases. Therefore, using first difference of logarithm of seasonally adjusted data is 

appropriate. 
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Table 5. 1 

Unit Root Test (ADF)  Results for Sri Lanka, India and the Maldives (January 2001-

September 2019) 

At Level   LOG_SL_SA LOG_IND_SA LOG_MDV_SA 

With Constant t-Statistic -1.4945 -0.5813 -0.8157 

  Prob. 0.5348 0.8708 0.8124 

With Constant & Trend  t-Statistic -3.7519 -2.7761 -5.115 

  Prob. 0.0210 0.2078 0.0002 

Without Constant & Trend  t-Statistic 0.5299 2.8276 1.2053 

  Prob. 0.8297 0.9989 0.9416 

          

At First Difference   d(LOG_SL_SA) d(LOG_IND_SA) d(LOG_MDV_SA) 

With Constant t-Statistic -11.8681 -20.5325 -13.4922 

  Prob. 0.0000 0.0000 0.0000 

With Constant & Trend  t-Statistic -11.8412 -13.3011 -13.4726 

  Prob. 0.0000 0.0000 0.0000 

Without Constant & Trend  t-Statistic -11.8648 -20.0139 -13.4191 

  Prob. 0.0000 0.0000 0.0000 

Notes:         

a: Lag Length based on AIC         

b: Probability based on MacKinnon (1996) one-sided p-values.   

 

Table 5. 2 

Unit Root Test Results (ADF) for Sri Lanka, Kerala and the Maldives (January 2001-

December 2017) 

At Level   LOG_SL_SA LOG_KER_SA LOG_MDV_SA 

With Constant 

t-

Statistic -0.5971 -1.1430 -1.4531 

  Prob. 0.8672 0.6986 0.5555 

With Constant & Trend  

t-

Statistic -3.0363 -2.2603 -4.8201 

  Prob. 0.1250 0.4533 0.0006 

Without Constant & Trend  

t-

Statistic 1.0304 3.1266 1.0604 

  Prob. 0.9204 0.9996 0.9244 

       
At First Difference   d(LOG SL SA) d(LOG KER SA) d(LOG MDV SA) 

With Constant 

t-

Statistic -10.8087 -14.9445 -12.8163 

  Prob. 0.0000 0.0000 0.0000 

With Constant & Trend  

t-

Statistic -10.8258 -14.9411 -12.7943 

  Prob. 0.0000 0.0000 0.0000 

Without Constant & Trend  

t-

Statistic -10.7525 -14.2755 -12.7631 

  Prob. 0.0000 0.0000 0.0000 

Notes:      
a: Lag Length based on 

AIC         

b: Probability based on MacKinnon (1996) one-sided p-values. 
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Table 5. 3 

Unit Root Test (Phillips-Perron)  Results for Sri Lanka, India and the 

Maldives (January 2001-September 2019) 

      

At Level   LOG_SL_SA LOG_KER_SA LOG_MDV_SA 

With Constant 
t-

Statistic 
-1.0557 -1.0931 -1.0165 

  Prob. 0.7332 0.7186 0.7476 

With Constant & Trend  
t-

Statistic 
-3.5686 -3.7655 -5.0975 

  Prob. 0.0348 0.0204 0.0002 

Without Constant & Trend  
t-

Statistic 
1.0029 4.8610 1.2206 

  Prob. 0.9167 1.0000 0.9432 

          

At First Difference   d(LOG_SL_SA) d(LOG_KER_SA) d(LOG_MDV_SA) 

With Constant 
t-

Statistic 
-16.9685 -24.8992 -17.3083 

  Prob. 0.0000 0.0000 0.0000 

With Constant & Trend  
t-

Statistic 
-16.8942 -26.7725 -17.2828 

  Prob. 0.0000 0.0000 0.0000 

Without Constant & Trend  
t-

Statistic 
-16.6154 -19.7214 -17.0351 

  Prob. 0.0000 0.0000 0.0000 

Notes:  

a: Lag Length                

based on AIC 

b: Probability based on 

MacKinnon (1996) one-

sided p-values.  

        

Table 5. 4 

Unit Root Test Results (Phillips-Perron) for Sri Lanka, Kerala and the Maldives 

(January 2001-December 2017) 

At Level   LOG_SL_SA LOG_KER_SA LOG_MDV_SA 

With Constant t-Statistic -0.3338 -1.0931 -1.1879 

  Prob. 0.9163 0.7186 0.6798 

With Constant & Trend  t-Statistic -3.0549 -3.7655 -4.8117 

  Prob. 0.1202 0.0204 0.0006 

Without Constant & Trend  t-Statistic 1.3878 4.8610 1.0349 

  Prob. 0.9586 1.0000 0.9210 

          

At First Difference   d(LOG_SL_SA) d(LOG_KER_SA) d(LOG_MDV_SA) 

With Constant t-Statistic -13.3139 -24.8992 -16.1182 

  Prob. 0.0000 0.0000 0.0000 

With Constant & Trend  t-Statistic -13.3479 -26.7725 -16.0867 

  Prob. 0.0000 0.0000 0.0000 

Without Constant & Trend  t-Statistic -13.1297 -19.7214 -16.0512 

  Prob. 0.0000 0.0000 0.0000 
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Table 5. 5 

Unit Root Test (KPSS)  Results for Sri Lanka, India and the Maldives (January 2001-

September 2019) 

At Level   LOG_SL_SA LOG_KER_SA LOG_MDV_SA 

With Constant t-Statistic 1.7281 1.8824 1.8911 

  Prob. *** *** *** 

With Constant & Trend  t-Statistic 0.2579 0.2560 0.1175 

  Prob. *** *** n0 

Without Constant & Trend  t-Statistic NA NA NA 

  Prob.       

          

At First Difference   d(LOG_SL_SA) d(LOG_KER_SA) d(LOG_MDV_SA) 

With Constant t-Statistic 0.0957 0.0638 0.0388 

  Prob.       

With Constant & Trend  t-Statistic 0.0880 0.0636 0.0232 

  Prob.    

Without Constant & Trend  t-Statistic NA NA NA 

  Prob.       

a: (*)Significant at the 10%; (**)Significant at the 5%; (***) Significant at the 1%  

b: Lag Length based on SIC         

c: Probability based on Kwiatkowski-Phillips-Schmidt-Shin (1992, Table 1)   

 

Table 5. 6 

 Unit Root Test Results (Phillips-Perron) for Sri Lanka, Kerala and the Maldives 

(January 2001-December 2017) 

At Level   LOG_SL_SA LOG_KER_SA LOG_MDV_SA 

With Constant t-Statistic 1.5400 1.7117 1.6904 

  Prob. *** *** *** 

With Constant & Trend  t-Statistic 0.3268 0.2555 0.1283 

  Prob. *** *** * 

Without Constant & Trend  t-Statistic NA NA NA 

  Prob.       

          

At First Difference   d(LOG_SL_SA) d(LOG_KER_SA) d(LOG_MDV_SA) 

With Constant t-Statistic 0.1369 0.0685 0.0371 

  Prob.       

With Constant & Trend  t-Statistic 0.0490 0.0718 0.0231 

  Prob.       

Without Constant & Trend  t-Statistic NA NA NA 

  Prob.       

a: (*)Significant at the 10%; (**)Significant at the 5%; (***) Significant at the 1% and (no) Not Significant   

b: Lag Length based on SIC         

c: Probability based on Kwiatkowski-Phillips-Schmidt-Shin (1992, Table 1)   
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5.5 Analysis  
 

The following section presents the results of the analysis and a discussion of the results. 

As lag length selection has an important implication on the performance of VAR model 

and the Granger-Causality (Toda & Phillips, 1994), it is important to select the 

appropriate number of lags prior to estimating the VAR models and the Granger-

Causality test based on such models. Moreover, according to Clarke and Mirza (2006), 

selecting appropriate lag length is important to avoid the issue of spurious causality (or 

spurious absence of causality).  Table 5.7 presents lag length selection criteria for  Case 

1. Accordingly, for the entire sample, for sub samples 2, 3, 4, 5, 6 and 9, the appropriate 

lag length is 2, whereas for the sub samples 7 and 8, lag order is 3. Moreover, one lag 

order is selected for sub sample 1. Based on Table 5.8 which provides lag length 

selection criteria results for Case 2, appropriate lag length for the entire sample and sub 

samples 1-5 and 8 is three, whereas the same for sub samples 6 and 7 is two. 
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       Table 5. 7  

       Lag Length Selection Criteria (Case 1) 

Lag Model 1 Sub 1 Sub 2 Sub 3 Sub 4 Sub 5 Sub 6 Sub 7 Sub 8 Sub 9 Sub 10 

0 -6.6641 -6.1926 -6.3694 -6.5650 -6.6053 -6.8331 -9.1102 -9.1674 -9.5915 -10.1388 -8.7706 

1 -6.8082  -6.2725* -6.4490 -6.6295 -6.7334 -6.9858 -9.2627 -9.4066 -9.7962 -10.3763  -9.0397* 

2  -6.8280* -6.2458  -6.4495*  -6.6547*  -6.7694*  -7.0432*  -9.3162* -9.5401 -9.8773  -10.4728* -8.9818 

3 -6.7981 -6.1077 -6.3299 -6.5551 -6.6756 -6.9575 -9.2357  -9.5576*  -9.9035* -10.4636 -9.0236 

4 -6.7622 -6.0291 -6.2610 -6.4850 -6.6068 -6.9047 -9.1510 -9.4975 -9.7905 -10.4397 -8.9288 

5 -6.7124 -5.9359 -6.1730 -6.3893 -6.5146 -6.8410 -9.0837 -9.4208 -9.6906 -10.3392 -8.8400 

6 -6.7005 -5.8888 -6.1341 -6.3441 -6.4523 -6.7745 -9.0133 -9.3716 -9.6249 -10.2764 -8.7913 

7 -6.6604 -5.7864 -6.0394 -6.2316 -6.3486 -6.6899 -8.9179 -9.3079 -9.5461 -10.2425 -8.6832 

8 -6.5920 -5.6565 -5.9304 -6.1349 -6.2715 -6.6128 -8.8869 -9.3096 -9.6098 -10.2727 -8.5978 

9 -6.5744 -5.6102 -5.8927 -6.0384 -6.1460 -6.4857 -8.7792 -9.2444 -9.5968 -10.3577 -8.5332 

10 -6.6058 -5.6257 -5.9305 -6.0033 -6.0988 -6.4283 -8.7659 -9.2416 -9.6365 -10.3051 -8.4548 

11 -6.5486 -5.4928 -5.8150 -5.9475 -6.0663 -6.3735 -8.7113 -9.1536 -9.5509 -10.2075 -8.3363 

12 -6.5948 -5.4912 -5.8288 -5.9653 -6.1645 -6.4507 -8.6925 -9.1547 -9.5624 -10.2394 -8.6133 

Note:  

* Indicates lag order selected by the criterion 
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       Table 5. 8  

       Lag Length Selection Criteria (Case 2) 

Lag  Model 1 Sub 1 Sub 2 Sub 3 Sub 4 Sub 5 Sub 6 Sub 7 Sub 8 

0  -6.7652 -5.6100 -5.8521 -6.0763 -6.4453 -7.0861 -9.4616 -10.1881 -9.6266 

1  -6.8496 -5.6651 -5.9184 -6.1780 -6.5672 -7.2074 -9.5776 -10.3714 -9.7023 

2  -6.9727 -5.7635 -6.0411 -6.3747 -6.7569 -7.5026  -9.6107*  -10.4891* -9.7438 

3   -7.0298*  -5.7714*  -6.0621*  -6.4069*  -6.8448*  -7.5538* -9.4926 -10.4595  -9.7848* 

4  -6.9995 -5.6656 -5.9686 -6.3221 -6.7845 -7.5185 -9.4514 -10.4389 -9.7570 

5  -6.9497 -5.5711 -5.8858 -6.2436 -6.7279 -7.4880 -9.3913 -10.3720 -9.6415 

6  -6.9088 -5.4680 -5.7981 -6.1796 -6.6512 -7.3965 -9.2992 -10.3275 -9.6593 

7  -6.8581 -5.3721 -5.7124 -6.0751 -6.5343 -7.2848 -9.2616 -10.3246 -9.5824 

8  -6.8301 -5.3130 -5.6645 -6.0361 -6.5179 -7.2983 -9.3392 -10.4023 -9.7350 

9  -6.7888 -5.2256 -5.5904 -5.9862 -6.4583 -7.3588 -9.4265 -10.4777 -9.6948 

10  -6.8069 -5.2250 -5.6015 -5.9236 -6.3727 -7.2607 -9.3419 -10.3603 -9.6392 

11  -6.7671 -5.1538 -5.5256 -5.8621 -6.3685 -7.2807 -9.3347 -10.3101 -9.5925 

12  -6.7125 -5.0308 -5.4219 -5.8026 -6.3817 -7.3152 -9.2990 -10.2895 -9.6622 

Note:  

* Indicates lag order selected by the criterion 
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Using the lag orders selected as above, the vector autoregressions were estimated. As 

the data at levels was not stationary, first differenced data or the growth rates of arrivals 

for all countries were used for the estimation. Based on the estimated VAR models, 

Granger-Causality tests were done. Table 5.9 shows the Granger-Causality results for  

Case 1, which is about the spillover effects among the international tourism demands in 

Sri Lanka, India and the Maldives. For the entire period, there is evidence to support the 

hypothesis that the growth rate of international tourist arrivals in Sri Lanka Granger 

causes (significant at p<0.05) the growth rate of international tourist arrivals in India. 

However, when further analysis was performed using 10-year rolling sub samples, none 

of the sub sample results could reject the null hypothesis of non-Granger causality. 

Thus, evidence to support the hypothesis of Granger-causality from Sri Lanka to India 

is weak. On the other hand, the growth rate of international tourist arrivals in India 

Granger caused (significant at p<0.10) that of Sri Lanka during 2003-2012, and 2004-

2013. During other periods, strong evidence cannot be found to support Granger-

causality from Sri Lanka to India or India to Sri Lanka. Moreover, the growth rate of 

international arrivals in India Granger-caused (significant at p<0.05) during 2009-2018 

and the model estimates for all other time periods failed to reject the null hypothesis of 

non-Granger-causality. In other words, causality from India to the Maldives is absent. 

No evidence can be found for Granger-causality from the Maldives to Sri Lanka or from 

the Maldives to India or from Sri Lanka to the Maldives. All in all, when Sri Lanka, 

India, and the Maldives are included in the model, there is no strong evidence to support 

Granger-causality between any country-pair. Moreover, it is interesting to observe that 

there is no significant difference in the causality between war and post war periods as 

far as Case 1 is concerned. 
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When the results of  Case 2 are examined (Table 5.10), several important findings can 

be uncovered. The growth rate of international tourist arrivals in Kerala Granger-causes 

those in Sri Lanka during 2003-2012 (p<0.10), 2004-2013(p<0.05), and 2005-2014 

(p<0.05). It is interesting to see that all these periods include a mixture of both war 

periods in Sri Lanka (until May 2009) and post-war periods (After May 2009). During 

other periods, no evidence of Granger-causality from Kerala to Sri Lanka can be found. 

Moreover, there is no evidence found to support the hypothesis of Granger-causality 

from the Maldives to Sri Lanka. Granger-causality from Sri Lanka to Kerala is 

significant at p<0.01 for the entire period and for the period of 2001-2010, which 

includes the war period except for the last seven months; and also during 2007-2016, a 

significant (p<0.10) Granger-causality from Sri Lanka to Kerala can be seen. Therefore, 

this causality may be due to war in Sri Lanka. However, given that this study does not 

attempt to examine the causes of causality, those factors cannot be confirmed, and 

further analysis is required. On the other hand, there is strong evidence for Granger-

causality from the Maldives to Kerala during the entire period and 2001-2010 (p<0.05), 

2003-2012 (p<0.05), 2004-2013(p<0.05), 2005-2014 (p<0.01), and 2006-2015(p<0.01). 

It is also important to note here that all these periods include both some periods of war 

and post-war periods in Sri Lanka. Moreover, the results also indicate the existence of 

Granger-causality from Sri Lanka to the Maldives during the entire period, and is 

significant at p<0.10. However, no such significant causality from Sri Lanka to the 

Maldives is evident during any of the sub sample periods. It is interesting to note that 

the causal linkage between Sri Lanka and the Maldives is sensitive to whether India or 

Kerala is considered. The strongest evidence of Granger-causality is found from Kerala 

to the Maldives during the entire period and during 2001-2010, 2002-2011, 2003-2012, 

2004-2013, 2005-2014, and 2006-2015. All causality relationships from Kerala to the 

the Maldives are significant at p<0.01.  Although we expected a difference in the 



143 

causality during war and post-war periods, when we examine the Granger causality 

results of the sub samples which are based on 10-year rolling periods, no strong 

evidence can be ascertained to support such differences in causality.  Overall, 

significant bi-directional Granger causality can be found between Kerala and the 

Maldives (strong evidence) and Kerala and Sri Lanka; and no significant Granger 

causality from the Maldives to Sri Lanka. However, there is significant (p<0.10) 

Granger causality from Sri Lanka to the Maldives during the entire period. Therefore, 

past growth rates of tourist arrivals in the Maldives and Sri Lanka are important for 

forecasting future tourist arrivals in Kerala; and the same for Sri Lanka and Kerala is 

relevant when predicting future arrivals from the Maldives. Furthermore, past arrival 

growth rates from the Maldives are irrelevant to forecast future arrivals in Sri Lanka; 

but during some periods, past arrival growth rates of Kerala are relevant for predicting 

future arrivals in Sri Lanka.  
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      Table 5.9  

      Case 1 Granger-Causality Test Results (Sri Lanka, India and the Maldives) 

 

Dependent variable: DLOG_SL_SA

Model 1 Sub 1 Sub 2 Sub 3 Sub 4 Sub 5 Sub 6 Sub 7 Sub 8 Sub 9 Sub 10

Excluded Chi-sq df Prob Chi-sq df Prob Chi-sq df Prob Chi-sq df Prob Chi-sq df Prob Chi-sq df Prob Chi-sq df Prob Chi-sq df Prob Chi-sq df Prob Chi-sq df Prob Chi-sq df Prob

DLOG_IND 1 03 2 0 5965 0 59 1 0 4406 3 54 2 0 1700 5 8376 2 0 0540 5 4993 2 0 0640 3 2891 2 0 1931 0 8908 2 0 6406 1 5627 3 0 6679 3 4207 3 0 3312 2 6014 2 0 2723 2 2309 1 0 1353

DLOG_MDV 3 63 2 0 1626 0 70 1 0 4030 2 74 2 0 2547 2 1744 2 0 3372 2 7715 2 0 2501 3 7983 2 0 1497 0 1825 2 0 9128 3 4989 3 0 3209 3 1320 3 0 3717 1 7321 2 0 4206 0 0341 1 0 8535

All 4 82 4 0 3060 1 52 2 0 4682 7 04 4 0 1339 8 7298 4 0 0682 8 8175 4 0 0658 7 4690 4 0 1131 1 1115 4 0 8924 5 1772 6 0 5213 6 7969 6 0 3400 3 8242 4 0 4303 2 2427 2 0 3258

Dependent variable: DLOG_IND_SA

Excluded Chi-sq df Prob Chi-sq df Prob Chi-sq df Prob Chi-sq df Prob Chi-sq df Prob Chi-sq df Prob Chi-sq df Prob Chi-sq df Prob Chi-sq df Prob Chi-sq df Prob Chi-sq df Prob

DLOG_SL_S 7 17 2 0 0277 0 49 1 0 4859 0 43 2 0 8079 0 2082 2 0 9011 0 1947 2 0 9072 0 2739 2 0 8720 0 1585 2 0 9238 0 6487 3 0 8852 0 7813 3 0 8539 0 3929 2 0 8216 0 5282 1 0 4674

DLOG_MDV 3 87 2 0 1444 0 59 1 0 4435 1 16 2 0 5589 1 1031 2 0 5761 1 2637 2 0 5316 1 4753 2 0 4782 0 4260 2 0 8082 2 4522 3 0 4840 2 5162 3 0 4724 1 2696 2 0 5300 1 7372 1 0 1875

All 10 32 4 0 0354 1 82 2 0 4017 1 21 4 0 8768 1 1053 4 0 8934 1 2697 4 0 8665 1 4756 4 0 8309 0 5520 4 0 9682 2 9910 6 0 8100 3 1004 6 0 7962 1 4986 4 0 8269 2 1903 2 0 3345

Dependent variable: DLOG_MDV_SA

Excluded Chi-sq df Prob Chi-sq df Prob Chi-sq df Prob Chi-sq df Prob Chi-sq df Prob Chi-sq df Prob Chi-sq df Prob Chi-sq df Prob Chi-sq df Prob Chi-sq df Prob Chi-sq df Prob

DLOG_SL_S 2 37 2 0 3053 0 82 1 0 3662 0 43 2 0 8051 0 2410 2 0 8865 0 2922 2 0 8641 0 6884 2 0 7088 1 1242 2 0 5700 3 0140 3 0 3895 5 1000 3 0 1646 3 5369 2 0 1706 0 1792 1 0 6721

DLOG_IND 0 05 2 0 9776 0 07 1 0 7931 0 07 2 0 9658 0 2318 2 0 8906 0 8006 2 0 6701 1 1555 2 0 5612 3 8838 2 0 1434 4 7568 3 0 1905 6 1472 3 0 1047 7 0454 2 0 0295 2 6769 1 0 1018

All 2 44 4 0 6547 0 88 2 0 6431 0 49 4 0 9746 0 4685 4 0 9765 1 0715 4 0 8988 1 7369 4 0 7840 5 5389 4 0 2363 8 1584 6 0 2267 11 0355 6 0 0873 9 1214 4 0 0581 2 6956 2 0 2598
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      Table 5. 10  

      Case 2 Granger-Causality Test Results (Sri Lanka, Kerala and the Maldives) 

 

Dependent variable: DLOG_SL_SA

Model 2 Sub 1 Sub 2 Sub 3 Sub 4 Sub 5 Sub 6 Sub 7 Sub 8

Excluded Chi-sq df Prob. Chi-sq df Prob. Chi-sq df Prob. Chi-sq df Prob. Chi-sq df Prob. Chi-sq df Prob. Chi-sq df Prob. Chi-sq df Prob. Chi-sq df Prob.

DLOG_KER_SA 5.00 3 0.1715 3.99   3 0.2621 3.79   3 0.2847 7.48   3 0.0582 9.50   3 0.0233 10.28 3 0.0164 0.50   2 0.7777 0.26   2 0.8765 0.87   3 0.8329

DLOG_MDV_SA 3.32 3 0.3445 2.60   3 0.4579 1 97   3 0.5794 1.57   3 0.6653 3.32   3 0.3443 4.31   3 0.2296 0.09   2 0.9554 0.98   2 0.6126 2.47   3 0.4798

All 10.44 6 0.1073 8.77   6 0.1872 7 24   6 0.2992 10.51 6 0.1048 13.04 6 0.0424 15.03 6 0.0200 0.72   4 0.9485 1.61   4 0.8064 4 17   6 0.6538

Dependent variable: DLOG_KER_SA

Excluded Chi-sq df Prob. Chi-sq df Prob. Chi-sq df Prob. Chi-sq df Prob. Chi-sq df Prob. Chi-sq df Prob. Chi-sq df Prob. Chi-sq df Prob. Chi-sq df Prob.

DLOG_SL_SA 13.646 3 0.0034 12.52 3 0.0058 3.82   3 0.2819 4.10   3 0.2508 5.31   3 0.1502 4.00   3 0.2618 2.68   2 0.2619 5.84   2 0.0540 4 17   3 0.2439

DLOG_MDV_SA 10.272 3 0.0164 7.88   3 0.0486 5 22   3 0.1562 8.05   3 0.0449 11.98 3 0.0075 14.13 3 0.0027 3.12   2 0.2103 4.24   2 0.1199 2.78   3 0.4273

All 24.158 6 0.0005 20.80 6 0.0020 9 33   6 0.1561 13.50 6 0.0358 18.34 6 0.0054 20.73 6 0.0021 5.72   4 0.2210 9.39   4 0.0520 6 96   6 0.3241

Dependent variable: DLOG_MDV_SA

Excluded Chi-sq df Prob. Chi-sq df Prob. Chi-sq df Prob. Chi-sq df Prob. Chi-sq df Prob. Chi-sq df Prob. Chi-sq df Prob. Chi-sq df Prob. Chi-sq df Prob.

DLOG_SL_SA 6.8484 3 0.0769 5.24   3 0.1547 1 98   3 0.5773 2.28   3 0.5166 2.46   3 0.4834 2.41   3 0.4911 0.68   2 0.7118 1.32   2 0.5176 3.45   3 0.3268

DLOG_KER_SA 29.861 3 0.0000 21.77 3 0.0001 22.64 3 0.0000 26.22 3 0.0000 45.13 3 0.0000 53.14 3 0.0000 4.09   2 0.1292 9.75   2 0.0076 3 56   3 0.3131

All 34.683 6 0.0000 25.02 6 0.0003 23 19 6 0.0007 27.48 6 0.0001 46.44 6 0.0000 54.07 6 0.0000 5.75   4 0.2186 11.66 4 0.0201 8 34   6 0.2143
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One of the major disadvantages of the Granger causality test is that it cannot detect any 

indirect causality which occurs via multiple equations, as Granger causality tests are 

based on single equations (Levendis, 2018). However, impulse response function (IRF) 

analysis is able to detect such indirect causal relationships (Levendis, 2018). This is 

why IRF is incorporated into the analysis in combination with Granger causality tests in 

this study. In this study, generalised impulses are used as they do not depend on the 

VAR ordering introduced by Pesaran & Shin (1998. Figure 5.7 exhibits the impulse-

response function graphs of Case 1 which depict the response of each time series to one 

standard deviation generalised shock or innovation to the other time series. This method 

has been used by several studies,  for instance, Cao et al. (2017), and Torraleja et al. 

(2009), which attempted to examine the interdependencies and spillover effects of 

tourism demand across countries. A one standard deviation generalised shock to growth 

rate of international tourist arrivals in India had no noticeable impact on the same for Sri 

Lanka, although there is a slight decline in the growth rate of arrivals in Sri Lanka in the 

short-run until Period 4, approximately. Then, it hits steady state value. A similar 

outcome can be seen in the response of growth rate of arrivals in India to that of the 

Maldives, response of the Maldives to Sri Lanka, and response of the Maldives to India. 

In all these cases, the response lasts only for a short period and dies out thereafter. On 

the other hand, the response of the growth rate of international arrivals in Sri Lanka to 

one standard deviation shock to that of the Maldives initially declines, and then after 

three periods it increases until Period 6 and then becomes stable. Moreover, the growth 

rate of Indian international arrivals responds to one standard deviation shock to Sri 

Lanka in a quite different way. Initially the response gradually declines until the second 

period and then the response gradually increases for about one period and then again 

declines, and disappears after Period 4. No permanent effect can be observed when 

examining either own country effect or cross-country effect. The highest own country 
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effect is exhibited by Sri Lanka, followed by the Maldives and India. It is noteworthy to 

mention here that the own country effect is the highest effect size in Case 1 for all three 

countries under consideration. Moreover, that effect is short-term in all cases, whether it 

is own country effect or cross-country effect; and it is positive until the second period 

and then negative up to the third  period and becomes steady after the fourth  period.   

The smallest size of the impact is on India from Sri Lanka and the Maldives and on the 

Maldives from India. This makes sense, given that India is a larger country with huge 

influx of international tourists compared to  Sri Lanka and the Maldives.
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         Figure 5. 7.   Impulse – Response Function (Case 1)
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Figure 5.8 presents the impulse-response graphs of Case 2, which involves Sri Lanka, 

Kerala and the Maldives. The growth rate of arrivals in Sri Lanka in response to shocks 

in Kerala declines until Period 3 and then increases until  Period 5 and then again 

declines and stabilises after Period 6. Although the magnitude of the effect is smaller, 

the response of Kerala to Sri Lanka is quite similar to that of Sri Lanka to Kerala. In 

both directions, shocks to both these countries seem to have an asymmetric impact on 

their growth rates in the short term.  Similarly, the growth rate of arrivals in Kerala in 

response to a shock in the Maldives is asymmetric. That is, initially the response 

declines until Period 3 and then increases until Period 5. Thereafter the response again 

declines, and it hits steady state after Period 5.  Interestingly, the response of growth 

rate of international arrivals in the Maldives to a shock to that of Sri Lanka leads to a 

decrease in positive response, with a slight increase in Period 6 and then it becomes 

stable. It is important to note here that this effect remains in the positive region overall. 

Therefore, Sri Lanka and the Maldives can be considered as complementary 

destinations for international tourists.  

Finally, the response of the Maldives to a shock in Kerala is also asymmetric. That is, 

the impact initially declines until Period 2 and it becomes stable for about 4 periods. 

After that, the response again increases for 5 periods and then gradually decreases and 

becomes steady after Period 7.  Similar to the results of  Case 1, the highest response to 

shocks is own country effects in all cases. International tourism demand in Sri Lanka 

records highest sensitivity to shock in the Maldives. Both Sri Lanka and the Maldives 

have a quite similar effect on international tourist arrivals in Kerala. International 

tourism demand in the Maldives is more sensitive to tourism demand in Sri Lanka than 

in Kerala.  
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         Figure 5. 8. Impulse-Response Function (Case 2)
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5.6 Conclusion 
 

The main purpose of this study was to identify spillover effects of tourism demand 

among Sri Lanka, India and the Maldives. Moreover, given that Kerala state shares the 

same climatic characteristics and offers similar kinds of tourism products, Kerala state 

was also included in the analysis. As there is no study available which investigates 

spillover effects among these countries, and even globally such studies are limited, this 

study makes an important contribution to the tourism demand literature.  

In this study several important findings were uncovered. Strong evidence was found for 

two-way causality from growth rate of arrivals in Kerala to that in the Maldives; no 

causality was shown running from the Maldives to Sri Lanka, although the other way is 

present. Causality from Sri Lanka to the Maldives was significant for the entire period. 

A bidirectional causality between Sri Lanka and Kerala could be seen in some of the 

rolling periods. Contrary to our expectations, there were no significant differences in 

causality during war and post-war periods. In addition, the IRF analysis reveals several 

important findings which were not present under the Granger causality test. Firstly, the 

highest response to shocks is own country effect in all cases. India’s response to shock 

in Sri Lanka and the Maldives is the lowest. Moreover, IRF results confirm the 

complementary nature of tourism in Sri Lanka and in the Maldives. 

The findings have important implications for tourism policy and tourism marketing 

purposes Cross-country spillover effects of tourism demand, which are rarely explored 

in the tourism demand literature, need to be considered when tourism policies are 

developed, as such effects are important in explaining international tourism demand for 

a destination. Moreover, tourism policy makers, destination management organisations 

and private establishments in the tourism industry that are concerned about tourism 

demand, need to closely monitor the activities of neighbouring destinations to better 
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understand the tourism demand behaviour in a destination. Moreover, what actions they 

need to take will depend on the nature of the spillover effect between the country-pair. 

For instance, as the Maldives and Sri Lanka are complementary destinations for 

international tourists, tour operators and government agencies could work closely with 

each other in other countries when it comes to promoting and marketing tourism 

products.Additionally, joint tour packages could be introduced which included 

attractions in both countries. And the same is valid for the Maldives and Kerala.  

There were several limitations to this study. Firstly, international arrivals data for 

Kerala state was available only until December 2017, although the data for other 

countries was available until September 2019. Therefore, when estimating the model in 

Case 2, data only up to December 2017 was considered. The other limitation of this 

study is that aggregate data was considered in this study. However, different types of 

tourists may behave differently. In the future, researchers may focus on analysing cross-

country spillover effects using disaggregate data by purpose of visit, and by country of 

residence to uncover more insights. In this study only three countries were considered. 

Including more countries in the model may be useful. Future studies may also include 

political and economic factors in the model to identify factors that drive spillovers from 

one country to another. At the same time, asymmetric impacts of positive and negative 

shocks along with asymmetric causality tests, could also be explored in the future.  
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CHAPTER 06 

IMPORTANCE OF NON-ECONOMIC FACTORS IN 

TOURISM DEMAND MODELLING: A DISAGGREGATE 

STUDY BY PURPOSE OF VISIT 

6.1 Introduction 

As discussed in the Chapters 1 and  2, tourism is pivotal for Sri Lanka and the arrivals 

have been growing since the end of war and are making a significant contribution to the 

Sri Lankan economy. All international tourists will not respond to the changing factors 

in the same way, and the decision to travel or not to travel to a particular destination 

depends on a number of factors, including the origin country, purpose of visit etc. 

Further, these decisions can change over time. Therefore, understanding the demand 

behaviour of international tourists in each origin country is important. Demand analysis 

serves this purpose.  

Tourism demand modelling is an important aspect of tourism planning and policy 

making. For this purpose, it is necessary to estimate a realistic model which reflects the 

behaviour of the tourists. However, most of the models estimated include only 

economic variables with some specific events that affect tourism demand. Cho (2010) 

highlighted the importance of incorporating noneconomic factors into the model to 

better estimate the demand. In the literature, there is limited research which has 

attempted to investigate the impact of non-economic factors on tourism demand (Cho, 

2010; Goh & Law, 2011; Lim, 1997; Saha et al., 2016).  Elasticities with respect to 

various variables including price and income, depend on the source country, distance of 

travel (short-haul or long-haul market), time (short term or long term), and the business 

cycle (Divisekera, 2003; Garín-Munoz, 2006; Kadir & Karim, 2009; Peng et al., 2015; 

Smeral, 2012; Song et al., 2010a). As there are many studies carried out at aggregate 

level, disaggregate tourism demand models provide better inputs for decision making 

(Song & Li, 2008). However, such studies are rare in the tourism demand literature.  
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The main purpose of this study is to investigate how institutional quality factors 

(political risk, economic freedom and civil liberty) and globalisation factors (trade and 

migration) affect international tourism demand. Moreover, this study examines  how 

these factors affect various types of tourism demand such as leisure tourism, VFR 

tourism and business tourism. This study contributes to the literature in two ways. 

Firstly, according to the best of my knowledge, this is the first study to investigate the 

impact of these factors on various types of tourism demand, namely, leisure, VFR and 

business tourism. Secondly, this is the first study to investigate such factors using 

tourism demand in a single country from various source markets. Therefore, this study 

sheds light on the applicability of such non-economic factors when developing a 

tourism demand model to a single destination from various countries.  

The rest of the chapter is organised as follows. Section 6.2 provides a literature review 

related to this study, while Section 6.3 describes the methodology used. Empirical 

results are discussed in Section 6.4 and this is followed by discussion of the results and 

the implications of the study in Section 6.5.  Finally, conclusions are given in Section 

6.6. 

6.2 Literature Review 

The international tourism demand model is derived from classical economic theory, and 

tourists’ income, tourism prices, substitute prices (prices of the competing destinations), 

exchange rates, transport costs between the destination and the origin are considered the 

explanatory variables of the typical international tourism demand model. In addition to 

these independent variables, in most of the studies, dummy variables have been utilised 

to account for the effects of various events that are likely to affect tourism demand and 

to capture the deterministic trends (Cho, 2010; Divisekera, 2003; Garín-Muñoz, 2007; 

Kadir & Karim, 2009; Peng et al., 2015; Shen et al., 2011; Witt & Witt, 1995). 
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Income and prices have played an important and central role in international tourism 

demand analysis and Cho (2010) contended that given the recognition of international 

tourism as a luxury commodity or service, this is not something unanticipated. Selection 

of the best tourism demand model, identification of the main economic factors of 

tourism demand, calculation of the demand elasticities and  evaluation of the forecasts 

about the power of the models have been the main tasks in tourism demand research 

(Song, Dwyer, Li, & Cao, 2012). Although tourism demand is dominated by economic 

theory, attention to the importance of non-economic variables is increasing, which is 

explored in detail later in this chapter. Given tourism products are very different from 

other goods and services, many researchers, as discussed below, have concluded that 

proven economic theory is not sufficient to better understand the nature of demand for 

tourism. Therefore, incorporating both economic variables along with relevant non-

economic variables, is  likely to better explain the demand for international tourism. 

Theorical frameworks for tourism demand models are mainly derived from consumer 

demand theory, tourism area life cycle theory, and the gravity model, all of which are 

briefly explained below. 

6.2.1 Theoretical Background 

6.2.1.1 Consumer Demand Theory 

The majority of previous studies in international tourism demand are predominantly 

based on the consumer demand theory. According to the consumer demand theory, 

demand is a function of price, income, prices of substitute and/or complementary 

products, taste etc. Tourism demand is defined as “the willingness and ability of 

consumers to buy different amounts of a tourism product at different prices during any 

one period of time” (Dwyer et al., 2010, p. 37). Based on  an extensive review of 

previous literature, Lim (1997) and Peng et al. (2015) have identified several factors 
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which affect tourism demand. These determinants include income in origin countries, 

relative prices of tourism, transport costs, exchange rate, prices of substitute or 

alternative destinations, size of the population, destination promotion expenditure, 

changes in tourists’ taste, and other factors. Although there are many factors in the 

demand model, Albaladejo, González-Martínez, and Martínez-García (2016) stated that 

income and price variables play the main role in shaping demand. In the following 

sections, critical discussion on how demand is measured in tourism and the 

determinants of tourism demand is offered. 

6.2.1.2 Tourism Area Life Cycle Theory 

Tourism area life cycle (TALC) theory is another widely used theory to explain the 

evolution of destinations over the time. This is developed based on the popular life 

cycle theory in business. According to TALC theory, tourism destinations are regarded 

as products. Moreover, tourism destinations initially grow at a slower rate, then speed 

up and finally decline (Butler, 2009). The TALC theory details several stages of 

destination development; namely, exploration, involvement, development, 

consolidation, stagnation, and decline or rejuvenation and the beginning of a new cycle 

(Butler, 2009). In order to maintain  sustained development of the destination, this 

theory suggests that tourism managers should be involved in preventing tourism 

development beyond its inherent capacity, which is defined in terms of economic, 

social, environmental and physical parameters. Albaladejo et al. (2016) suggested that 

the TALC theory supports the idea that current tourism demand is influenced by 

previous demand and the effect is not linear but nonlinear. Consequently, they 

highlighted the importance of considering this non-constant effect of previous tourism 

demand when analysing tourism demand. Even though the TALC theory is important in 

explaining spatial patterns of the development of tourism destinations, TALC is not 
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sufficient to explain the future of tourism destinations given the stiff competition faced 

by the destinations in the face of global competition (Butler, 2009). 

6.2.1.3 Gravity Model 

The gravity model, which is derived from Newton’s Law of Gravitation, is widely used 

in many studies in international trade, migration and foreign direct investment in order 

to understand the patterns of trade, migration and FDI in countries. As tourism can also 

be regarded as a special type of trade in services, this model could be applied in 

analysing international tourism flows as well. Morley et al. (2014) claimed that the 

application of the gravity model in tourism was ignored in  previous studies but that is 

important when analysing the structural factors of tourism. The gravity model implies 

that “bilateral flows between two countries are directly proportional to the countries’ 

economic masses and inversely proportional to the distance between them” (Morley et 

al., 2014, p. 1). Moreover, they stated that the selection of the independent variables in 

the gravity model is influenced by the research on consumer economic models. In 

addition, they further highlighted the fact that as consumer theory is applicable to 

tourism demand, the gravity model could be derived from the individual utility theory. 

Balli et al. (2016) studied tourism demand using a static panel data model which 

included gravity variables such as population, whether the destination country was a 

colony of the origin country or not, GDP per capita of the origin country, distance, 

volume of exports between two countries, whether two countries shared a common 

boarder or not, whether the countries shared a common language or not etc.. along with 

other special events and noneconomic variables. Although the gravity model is not 

widely applied in tourism demand, it provides a useful tool to understand bilateral 

tourism flows.  
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6.2.2 Determinants of Tourism Demand 

In the tourism demand analysis literature, most studies are predominantly based on 

economic theory and as a result, in such studies, only economic variables are considered 

along with some special events which are likely to affect tourism demand. However, a 

focus on the incorporation of noneconomic variables has been growing in recent years. 

In the following sections, economic factors, non-economic factors and special events 

used in the tourism demand analysis are discussed. Since tourism products are very 

different from most other goods and services, factors specific to tourism are also 

highlighted.  

6.2.2.1 Economic Factors 

6.2.2.1.1 Price or relative price 

Three price variables, namely cost of living, travel cost and the substitute prices are 

considered very often in tourism demand modelling. In this section, we focus on the 

cost of living, which is also known as the relative price. This is the cost of living of 

tourists at the destinations, relative to the cost of living in the origin country (Albaladejo 

et al., 2016). Selecting the appropriate price is not an easy task in tourism demand 

analysis. There are two main ways to calculate the cost of living for tourists in the 

destination country. The first method  to calculate the cost of living is to construct a cost 

of living index, this being the ratio between the Consumer Price Index (CPI) of the 

destination country and the origin country. The second method is to calculate this by 

way of adjusting the above through the nominal exchange rate to take the effect of 

exchange rate into account. Both methods have been used in previous studies. Although 

CPI has been widely used for constructing the price variable to capture the effect of cost 

of living in a destination country, it is not free from criticisms. Divisekera (2003) 

argued that the basket of goods and services consumed by the tourists may not be the 

same as that used in calculating overall consumer prices and therefore CPI may not 
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exactly reflect the cost of living for tourists in the destination country . The other 

argument by Diviesekara (2003) is that CPI in the destination country and the origin 

country may not be constructed based on the same basket of goods and services as the 

CPI constructed based on the socioeconomic characteristics and the consumption habits 

of the people in a given country. Moreover, the cost of living in the context of tourism 

demand has two components – namely, destination country prices and the exchange 

rate.  Kim and Lee (2016) suggested that these two variables should be included in the 

demand model separately, since the international tourists may be well aware of the 

exchange rate fluctuations rather than the cost of living in a foreign country. Therefore, 

consumers are more likely to be sensitive to exchange rates than the cost of living. This 

view is also supported by Han et al. (2006). Conversely, Eilat and Einav (2004) 

proposed another proxy for measuring the cost of living, which is the reciprocal of the 

purchasing power parity factor and they concluded it presents price variables well. 

Despite the arguments against using CPI as a proxy for tourism price, Morely (1994) 

claimed that CPI is an appropriate proxy for tourism prices, as he found in his study 

based on 10 important tourism destinations, that  CPI and tourism prices are highly 

correlated (0.99), with some exceptions.  

In line with demand theory, the expected sign of the coefficient value of price is 

negative (Lim, 1999). However, in rare cases it has turned out to be positive. Crouch 

(1995) found that 29% of 80 studies covered by his meta-analysis had positive price 

elasticity. Crouch (1995) suggested two possible reasons for unexpected positive price 

elasticities, namely the possible high-income effect, or a complementary relationship 

with other alternative destinations, or both. Although a negative sign is expected, the 

magnitude of the elasticity depends on several factors. Firstly, it differs across 

destination countries and origin countries. For instance, tourists from Northern Europe 

are less responsive to price, while tourists from Latin America, Oceania, and the 
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developed Asia, have higher sensitivity to price (Crouch, 1995). Secondly, the 

magnitude of the price elasticity varies based on the type of destination, for example 

whether the destination is a short-haul destination or long-haul destination for a given 

source country (Crouch, 1995). Thirdly, if tourism demand is analysed by taking the 

purpose of visit into account, business tourist demand has a lower price elasticity 

compared to the other types of travel demand such as leisure and VFR tourism demand 

(Garín-Muñoz, 2007). Cortés-Jiménez and Blake (2011) claimed that most holiday 

markets are price elastic with varying magnitude, and some of the business and VFR 

markets have positive price elasticities. Fourthly, “sun and sea” type tourism is highly 

sensitive to price, leading to higher negative price elasticities (Croes & Vanegas, 2005; 

Falk, 2013; Garín-Muñoz, 2007). Fifthly, price elasticity can significantly vary over 

time (De Mello et al., 2002; Rosselló, Aguiló, & Riera, 2005). Garín-Muñoz and 

Montero-Martín (2007) in their study of tourism demand in the Balearic Islands found 

that short-run and long-run price elasticities were -0.76 and -1.65 respectively. In this 

case, in the short run, demand for tourism was inelastic while that  in the long run was 

elastic. Further, studies by De Mello et al. (2002) found that  elasticity in the short run 

and long run is different. Therefore, it is necessary to take these aspects into account 

when analysing international tourism demand in order to obtain reliable estimates. 

6.2.2.1.2 Travel Cost 

In international tourism demand analysis, travel cost is an important determinant, as it 

could account for a significant portion of tourists’ costs. As the most popular mode of 

international travel is air transportation, Witt and Witt (1992) suggested measuring cost 

of air travel by the cheapest airfare between the origin country and the destination 

country. Further, they suggested including the cost of travel (return fare) in real terms in 

origin currency. Dwyer et al. (2010) maintained that not only the transport cost between 

the destination country and the origin country, but also the transport costs to the 
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substitute and complementary destinations affect international travel flows. Further, 

they stated that leisure travel is more sensitive to travel cost than business travel due to 

the fact that leisure travel is based on discretionary spending and many other goods and 

services (substitutes) compete for a share of the consumer’s discretionary budget. 

Dwyer et al. (2010) highlighted several reasons for business travel being less sensitive 

to prices such as, business travellers value time more than leisure travellers do; they 

have fewer options for travelling, and the cost is usually paid for by the company.  

The travel cost is measured by several means, such as economy class airfare (Witt & 

Witt, 1992), aviation fuel prices (Chaiboonsri, Sriboonjit, Sriwichailamphan, Chaitip, & 

Sriboonchitta, 2010), crude oil prices (Algieri & Kanellopoulou, 2009; Brida & Risso, 

2009; Garín-Muñoz, 2007) and distance between the two countries (Cho, 2010). 

However, measuring transport cost with airfare is problematic because airfares vary 

based on the class of travel (Croes & Vanegas, 2005), season of travel (Croes & 

Vanegas, 2005) and the pricing strategies of airlines (Divisekera, 2003; Durbarry & 

Sinclair, 2003). To overcome these difficulties Divisekera (2003) suggested including 

the effective travel costs by calculating the geometric mean of the airfare.  

Many scholars have suggested excluding the travel cost from the demand model for  

several reasons, such as possible multicollinearity between travel cost (airfare) and 

income (Croes & Vanegas, 2005), and insignificant effect (Durbarry & Sinclair, 2003). 

However, Kim and Lee (2016) developed a new method to calculate the travel cost by 

considering both aviation fuel prices and the distance between two countries. They 

claimed that this method to calculate the travel cost overcame the limitations of using 

oil price and distance as a sole proxy for travel cost. Despite the arguments against the 

inclusion of travel cost as an explanatory variable in the demand model, many 

researchers have considered the travel cost in their models. The theoretically expected 

coefficient sign is negative. However, evidence in the literature is mixed. In some 
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studies, it is significant (Brida & Risso, 2009; Chaitip & Chaiboonsri, 2009; Cho, 2010; 

Crouch, 1995; Ekanayake, Halkides, & Ledgerwood, 2012; Garín-Muñoz & Montero-

Martín, 2007) while in others it is insignificant (Algieri & Kanellopoulou, 2009). 

Further, in some cases, tourism demand is inelastic with respect to the travel cost 

(Ekanayake et al., 2012; Peng et al., 2015). Another important aspect of travel cost 

elasticity is that it varies according to the region or country. For example, North 

America and Oceania show elastic demand in relation to travel cost (-1.52 and -1.46 

respectively) while Northern Europe and the developed Asia show an inelastic demand 

in regard to travel cost (Crouch, 1995). Therefore, relevance of travel cost in making 

travel decision, and its magnitude, may depend on several factors such as the purpose of 

visit, origin country and whether it is short-haul or long-haul travel. Moreover, 

incorporation of travel cost into the demand model is theoretically and empirically 

sensible.  

6.2.2.1.3 Substitute Price 

In demand theory, prices of substitutes and complementaries are important variables. In 

the context of tourism demand, prices of substitutes are tourism prices in other 

competing destinations or tourism prices in the domestic tourism (Witt & Witt, 1992). If 

the elasticity is negative, then the destination is a substitute destination and if it is 

positive, then the destination is a complementary destination (Dwyer et al., 2010). Some 

examples of complementary destinations include Australia and New Zealand 

(Divisekera, 2013), India and Nepal, China and Hong Kong (Dwyer et al., 2010). The 

United Kingdom and USA are considered as substitute destinations (Divisekera, 2013). 

Tourists are likely to consider several destinations before they make the final decision to 

travel to a destination. There are several methods available to measure substitute price. 

One way is to select the possible substitute destinations, and then to specify the tourists’ 

cost of living variable in the form of possible destinations’ values relative to the origin 
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value (Fuleky, Zhao, & Bonham, 2014; Song & Witt, 2000). In this case, it is assumed 

that the domestic tourism is the substitute. The second method is to calculate the 

substitute price variable by way of the tourists’ cost of living variable as destination 

value relative to a weighted average value calculated for a set of alternative destinations 

(Dwyer et al., 2010;Witt & Witt, 1992). Here, the weights are assigned based on the 

relative market share in each competing destination (Dwyer et al., 2010). Inclusion of 

substitute price variable in the model can lead to important policy implications. For 

instance, if two destinations are complementary, the governments can consider joint 

tourism marketing campaigns for both countries. In the case of substitute destinations, 

government and travel professionals may take initiative to remain price competitive. 

Further, since substitute price is an important determinant of tourism demand, it should 

be included in the demand model for reliable estimation without omitted variable bias.  

6.2.2.1.4 Price Competitiveness Index 

Recently Seetaram, Forsyth, and Dwyer (2016) developed a price competitive index 

(PCI) to be included in tourism demand models rather than using other proxies to 

measure price of tourism. It was tested in a demand model which was used to analyse 

Australian outbound tourism and they found that PCI performs better than the real 

exchange rate (REX) which is, in some cases, used as a proxy for price variable. In their 

model, REX was insignificant and had a low coefficient value, whereas PCI was 

significant and generated a high coefficient value. PCI is calculated as a ratio of the real 

GDP of the destination and its GDP evaluated at PPP, to that of a base country 

(Seetaram et al., 2016, p. 77). As they suggested an increase in PCI indicates an erosion 

of the destination price competitiveness. Further, they claimed that this measure could 

be used in outbound demand models and further application of this measure is required 

to confirm the use of this variable in lieu of REX as a proxy for price in outbound 

tourism demand models. 
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6.2.2.1.5 Income  

The income of the origin country is one of the leading variables in tourism demand 

models. There are several ways to measure income such as nominal GDP, real GDP, 

GNP, or their per capita, national disposable income, per capita disposable income, 

industrial production index (as a proxy) (Goh, 2012) and per capita private consumption 

(as a proxy). Although income can be measured by numerous ways, for leisure tourism 

and VFR, the most appropriate method to measure income is per capita disposable 

income or per capita private consumption expenditure (in constant terms) in the origin 

country, if tourism demand is specified in per capita terms in the model (Dwyer et al., 

2010; Witt & Witt, 1992). For business tourism, GDP, GNP or NDI (National 

Disposable Income) are the best proxies (Dwyer et al., 2010). As foreign travel is 

typically considered to be a luxury good, a positive relationship between income and 

tourism demand is expected (Dwyer et al., 2010; Eilat & Einav, 2004; Witt & Witt, 

1992). Moreover, income elasticities for origin countries from the developing world are 

expected to be lower than those of the developed countries (Crouch, 1995). In the 

majority of previous studies, income elasticities have been found to be higher and 

positive, indicating that international travel is a luxury good and hence economic cycles, 

economic events and economic development in origin countries can have a great 

influence on international tourism demand.  

There are some interesting findings in previous studies regarding the effect of income 

on international tourism demand. Firstly, income elasticities tend to vary more by origin 

country (Crouch, 1995). Therefore, economic downturns which lead to lower economic 

growth in origin countries can have a considerable negative impact on international 

tourism demand by such countries. Secondly, the long run income elasticities are 

reported to be higher than those of the short run (Garín-Muñoz, 2007). This indicates 

that income elasticity with respect to international tourism demand varies over time and 
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it is not constant. Therefore, international tourism demand studies should take this into 

account in order to obtain better estimates for policy analysis. Thirdly, the income 

elasticity could vary across different origin-destination pairs (Peng et al., 2015). 

Consequently, aggregate demand models are of little value due to this fact.  Fourthly, 

demand for short-haul destinations is less income elastic compared to that for long-haul 

markets (Garín-Muñoz, 2007). Fifthly, “sun and sea” destinations are more income 

elastic (Garín-Muñoz, 2007). All these indicate that aggregate tourism demand models 

are of little value in identifying the influence of income on international tourism 

demand for a specific country, and thus more disaggregate level demand analysis is 

necessary to capture these dynamics.  

Although most of the studies have considered the effect of the current income on the 

current period tourism demand, Bernini and Cracolici (2015) highlighted the fact that 

future income is also an important aspect of tourism demand. Moreover, they claimed 

that demand for international tourism is becoming more income elastic. In contrast, 

increase in per capita income may not guarantee that demand for international tourism 

would increase if the income inequality was widening in an origin country. Therefore 

Garín-Munoz (2006) suggested including some measure of income distribution into the 

demand model as an explanatory variable to better reflect the effect of income on 

international tourism demand. Consequently, when analysing international tourism 

demand, these aspects should be taken into consideration.  

6.2.2.1.6 Exchange Rate and Exchange Rate Volatility 

For international tourists, exchange rate could be an important determinant. In many 

international tourism demand studies, exchange rate is considered in two main ways. 

The first method is to combine the exchange rate variable with the price variable. In 

most of the studies, price variable has been expressed as a ratio between the CPI of 

origin country and CPI of destination country. In many studies, this ratio has been 
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adjusted by the exchange rate between the countries to take the effect of exchange rate 

into account. The other way is to include exchange rate as a separate explanatory 

variable in the model. Some researchers have suggested including the exchange rate 

variable separately, due to the fact that the tourists who visit international destinations 

are more aware of the exchange rate than of the prices in such destinations and the 

exchange rate is often used in destination selection (Kim & Lee, 2016). Therefore, they 

are more likely to respond to exchange rate changes than changes in prices. There is no 

uniform way of including the exchange rate in tourism demand models, and some 

researchers have used real effective exchange rate, while others have used nominal 

effective exchange rate to measure the exchange rate variable.  Whatever the rate used, 

exchange rate is expressed in terms of national currency (currency of the origin country) 

units per foreign currency (Currency of the destination country). In some studies, in 

addition to the exchange rate between the destination country and the origin country, the 

exchange rate between the origin country and competitor destination is taken into 

account to accommodate the effect of substitute destinations (Durbarry & Sinclair, 

2003). Most studies have found exchange rate to be a significant variable (Croes & 

Vanegas, 2005; Ekanayake et al., 2012; Falk, 2013), with only a few finding that it was 

insignificant. Further, the effect of exchange rate on international tourism demand is 

heterogeneous and varies by the origin country, the destination country and the purpose 

of visit (type of tourists).  

Despite the fact that most previous studies included the exchange rate in their studies, 

some other researchers have argued that the exchange rate should not be included in the 

model due to the fact that there could be collinearity between exchange rate and price. 

Therefore, they have suggested including exchange rate volatility (Agiomirgianakis, 

Serenis, & Tsounis, 2014; Vita & Kyaw, 2013) instead of using exchange rate in the 

model, and further they have argued that this method better reflects the effect of 
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exchange rate on international tourism demand. Moreover, Schiff and Becken (2011) in 

their study analysing tourism demand for New Zealand found that exchange rate 

fluctuations have a significant effect on international tourism demand. Given these 

facts, it is important to include the exchange rate volatility as an explanatory variable in 

international tourism demand models to better capture the effect of exchange rate 

movements on tourism demand. Agiomirgianakis et al. (2014) further stated that the 

volatile exchange rates could adversely affect tourist arrivals into a country and that 

little attention has been paid to this in the tourism demand analysis literature. The 

exchange rate volatility is often measured in two ways, namely: standard deviation of 

the moving average of the logarithm of real effective exchange rate and high-low 

fluctuations of the average values of volatility, by using a variable to capture high and 

low peak values of the real effective exchange rate (Agiomirgianakis et al., 2014). 

Further they found that the exchange rate volatility is inversely related to tourist inflows 

and the effect differs across origin countries. In another study by Chang and McAleer 

(2012), it was found that exchange rate volatility had two different effects on 

international tourism demand to Taiwan. Some countries show a positive impact, while 

others exhibit a negative impact. Therefore, the effect of ERV depends on the origin 

country. This aspect needs to be taken into account when modelling international 

tourism demand to a country. Santana-Gallego, Ledesma-Rodríguez, and Érez-

Rodríguez (2010) emphasised the importance of further investigating the role exchange 

rate volatility plays in tourism demand. Further they claimed that less-flexible exchange 

rate regimes generate a positive impact on tourism demand. Vita and Kyaw (2013) 

suggested including exchange rate volatility as a separate variable to reflect the 

“uncertainty avoidance” in destination selection rather than use it as a proxy for price. 

Although the exchange rate has been used either as a separate variable or implicitly in 

price variable, many recent studies have suggested including exchange rate volatility as 
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a separate explanatory variable when analysing international tourism demand. However, 

this needs to be studied further, as there is little research on this and there are some 

contradictory findings in the literature such as the positive effect of exchange rate 

volatility on tourism demand.  

6.2.2.1.7 Bilateral Trade  

Some studies have attempted to test the link between international trade and the tourism 

and have found that growth in international trade positively affects tourist arrivals in a 

country. In a study by Katircioglu (2009) on the relationship between trade, tourism and 

growth, it was found that growth in international trade, including both exports and 

imports, led to higher international tourist arrivals in Cyprus. His main explanation for 

this relationship was that growth in international trade expands the capacity of an 

economy by way of increased capital investments, including in the tourism sector, 

attracting more tourist arrivals to a country. However, he found mixed evidence on this 

and stressed the need for further research in other islands to confirm the relationship 

between trade and international tourism demand. Keum (2010) investigated the 

possibility of using trade theories to explain tourism flows and found that the gravity 

model, which is heavily used in modelling trade flows between countries, could be used 

to explain the tourism flows. In another study by Khan, Toh, and Chua (2005) on the 

long run relationship between trade and international tourist arrivals in Singapore, it was 

found that business tourist arrivals are positively linked to imports in Singapore. They 

found little evidence to support the claim that the link is positive between the other 

types of tourism such as leisure and VFR, and trade. Further, Wong and Tang (2010) 

also established evidence to support the claim that business tourism is positively related 

to trade. However, there are studies at aggregate level that show a positive relation 

between trade and tourism (Santana-Gallego, Ledesma-Rodríguez, & Pérez-Rodríguez, 

2011; Shan & Wilson, 2001). Besides, a bi-directional causal relationship between trade 
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and tourism has been obtained in many other works (Santana-Gallego et al., 2011; Shan 

& Wilson, 2001). Therefore, when econometric models are employed to analyse 

tourism demand, this aspect needs to be considered as it can create endogeneity 

problems in the model. Wong and Tang (2010) investigated the impact of trade 

openness on tourism inflows to Singapore and found that  trade openness is positively 

related to tourist arrivals in Singapore. In conclusion, there are certain important aspects 

to be highlighted and considered in tourism demand modelling. The relationship 

between tourism and trade could depend on several factors such as type of tourism, 

origin country and destination etc. Thus, this heterogeneity aspect shouldn’t be 

overlooked. Moreover, further research into this relationship is necessary given that the 

fact that the relationship between trade and tourism is not well-established.  

6.2.2.2 Non-economic Factors 

Tourism demand literature is predominantly based on economic theory and hence such 

studies have mainly considered the impact of economic variables such as price, income 

etc. on tourism demand. This is partially attributed to the fact that the data for economic 

variables is readily available compared to that for non-economic variables (Dragouni, 

Filis, Gavriilidis, & Santamaria, 2016). However, Butler (2009) argued that tourism is 

much more than an economic activity and considering the impact of noneconomic 

factors is of great importance to identify future trends and patterns at the global level, or 

more specifically, in specific locations. This idea was further supported by Goh, Law, 

and Mok (2008) and Dragouni et al. (2016). For instance, tourists from Europe and Asia 

prefer to visit a destination for its cultural heritage, while travellers from the Americas 

would like to visit a nearby country where there is a sociable environment (Cho, 2010). 

This indicates that the tourists from different regions or origin countries have dissimilar 

preferences. Therefore, tourism demand studies need to go beyond the traditional 

economic framework and should include relevant non-economic variables into the 
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model, leading to a combined framework to better understand the behaviour of 

travellers from specific origin countries. Consequently, analysing tourism demand at a 

disaggregate level is needed to better understand the behaviour of tourists from different 

origins. There are several non-economic factors identified in the literature by various 

scholars, such as habit formation, violent crimes and political violence, migration, 

institutional quality, and other factors. Those are briefly discussed below, with 

empirical evidence.  

6.2.2.2.1 Violent Crimes and Political Violence 

Tourists usually prefer to visit safe destinations. However, due to political violence, 

crimes, terrorism and many other factors, some destinations are increasingly becoming 

unsafe to travel. All these factors increase the perception of risk of destinations. This is 

likely to affect the travel patterns of tourists to destinations. Therefore, some researchers 

have taken this into account when analysing international tourism demand. Llorca-

Vivero (2008) studied the impact of terrorism on tourism demand from G-7 countries, 

taking into account 134 destinations from 2001 to 2003. He found that both domestic 

crimes and international attacks are relevant factors that affect  tourists’ destination 

choice. Therefore, even if terrorism or violent incidents are not directly related to 

tourists, such events are likely to increase the perception of risk in such destinations. 

Strong evidence is found in the literature that there is an inverse relationship between 

the tourists’ level of risk perception or victimisation risk, and tourism demand to such 

destinations (Altindag, 2014; Cui et al., 2016; Llorca-Vivero, 2008). However, the 

impact of crimes and terrorism on tourism demand is less studied (Altindag, 2014). 

Altindag (2014) studied the impact of crimes on international tourism and found that 

violent crimes negatively affect both international tourist arrivals and tourism revenue. 

He used crime rate, which was defined as number of violent crimes per 100,000 

residents in the destination country, as a proxy for the victimisation risk. Moreover, he 
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argued that lagged crime rate is the appropriate measure rather than the current crime 

rate because potential tourists take some time to make their destination decision, and 

including both current and lagged crime rate may create an endogeneity problem in the 

model. In addition, Llorca-Vivero (2008) confirmed that both domestic victims and 

international attacks affect the travel decision. An interesting aspect was highlighted by 

Garg (2015). That was, that cultural differences among countries could shape the impact 

of risk perception on tourism demand. However, this aspect has  not been explored in 

the literature. It is worth  investigating this phenomenon as it could be an explanation 

for the differences in responses to travel risk among the origin countries. Given the 

importance of the tourism industry to many countries as a driver of economic growth 

and development, and the increasing travel risk caused by crimes and terrorist attacks, it 

is worthwhile to further investigate the impact of political violence on international 

tourism demand. 

6.2.2.2.2 Migration  

Increasingly, people from both developing and developed countries of varying degrees 

are migrating to other countries, mainly to developed countries. In particular, there are 

many people from developing countries, including Sri Lanka, who live in developed 

countries. These people are likely to affect tourism in two ways, namely by visiting 

their home country repeatedly, and by promoting the home country among their friends 

in origin countries (advertising effect). Therefore, migrants can have an impact on 

international tourism demand. In a study by Balli et al. (2016) it was found that 

immigrants in OECD countries had a positive advertising effect on international tourism 

demand in their home countries, leading to increased tourist arrivals from OECD 

countries, whereas immigrants from Africa and Europe did not have such effect. 

Further, they pointed out that the main reason for this difference was institutional 

quality. Moreover, the investigation of the effect of immigrants on tourism demand is 
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novel to the literature (Balli et al., 2016; Seetaram et al., 2016). Furthermore, Dwyer et 

al., (2014) in their attempt to find a quantitative link between migration and VFR 

tourism, found that migrations positively and significantly affect both VFR tourism and 

non-VFR tourism. Based on the above discussion, it is clear that the effect of migration 

on tourism demand could vary according to the origin and destination country. In 

particular, Sri Lankan provides an interesting case for studying this phenomenon due to 

the large number of migrants from there residing in many advanced countries,  most of 

which are important source markets for Sri Lanka. 

6.2.2.2.3 Institutional quality  

That institutional quality affects trade patterns, economic growth and development has 

been quite well researched in the trade and economic literature. Tourism can also be 

viewed as a kind of international trade. However, the effect of institutions on tourism 

demand has received little attention in the tourism demand literature. Levchenko (2004, 

p. 3) stated that “The term (institutions) typically refers to a wide range of social 

structures affecting economic outcomes: contract enforcement, property rights, investor 

protection, the political system, and the like.” There are a few studies which have 

investigated the impact of institutions on tourism demand, and they reveal that quality 

of institutions plays an important role in attracting international tourists to a destination. 

For instance, Balli et al. (2016) found that quality of institutions, including both 

freedom and civil liberties, significantly affects the selection of tourism destinations in 

the Asia-Pacific region and Latin America, while it is not significant for Europe and 

Africa. Further they offered justification for the insignificance of this variable in Europe 

and Africa. These regions are on two extremes of institutional quality indices. As 

Europe has high quality institutions, tourists care little about slight differences from 

their own country, but in Africa, as institutional quality is very low, and thus it is not 

relevant and other factors dominate the decision. To measure institutional quality, 
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researchers have used mainly freedom house indices and the corruption perception 

index by Transparency International. Various aspects of institution quality have been 

considered and it has been found that the level of political rights (democracy) (Llorca-

Vivero, 2008), political changes (De Mello & Fortuna, 2005), civil liberties and 

economic freedom (Saha et al., 2016), affect inbound tourism flows. Moreover, Saha et 

al. (2016) claimed that when economic freedom measured by civil liberties is relatively 

low, economic freedom plays an influential role in inbound tourism. Another important 

aspect is that people from democratic countries tend to spend more on international 

travel (Vietze, 2011). Given these facts, there is evidence to believe that that 

institutional quality can affect tourism demand, and its effect depends on the origin 

country.However, there is little research on this, and further studies are needed to 

establish the importance of this phenomenon. 

6.2.2.2.4 Other non-economic factors  

In addition to the noneconomic factors discussed above, there are some more similar 

factors explored in the literature, such as accessibility and road network infrastructure 

(Cho, 2010), population (Cho, 2010; Goh et al., 2008), physical distance between the 

origin country and destination country (Cho, 2010; Fernández-Morales et al., 2016; 

McElroy & Parry, 2010), news shock (Ertuna & Ertuna, 2009), colonial ties (Balli et al., 

2016), leisure time (Dragouni et al., 2016; Goh et al., 2008), occupation status 

(Chaiboonsri & Chaitip, 2008), visa requirements (Ekanayake et al., 2012), supply side 

factors (Vietze, 2011) , sentiment and mood shocks (Dragouni et al., 2016), aging, 

cohort effect and gender (Bernini & Cracolici, 2015; Chaiboonsri & Chaitip, 2008), 

climate and environmental conditions (Cho, 2010; Eugenio-Martin & Campos-Soria, 

2010; Grillakis et al., 2016), culture and natural heritage (Eilat & Einav, 2004; Esiyok, 

Çakar, & Kurtulmuşoğlu, 2016; Llorca-Vivero, 2008; Vietze, 2011) and habit formation 
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(Garín-Muñoz, 2007; Albaladejo et al., 2016;  Brida and Risso, 2009; Cortés-Jiménez 

and Blake,2011; Garín-Munoz, 2006). 

6.2.2.2.5 Special events 

Special events could be either negative or positive. Tourism is generally considered to 

be sensitive to both internal and external events. The effect of special events on tourism 

flows has been well explored in the tourism demand literature. Such events include the 

oil crisis in 1976 (Richard Butler, 2009), the Gulf War in 1991 (Chu, 2004), the Asian 

financial crisis in 1997 (Chu, 2004), the September 11 attack (Chu, 2004; Dragouni et 

al., 2016), the Iraqi invasion in 2003, the outbreak of the SARS virus in 2006, and the 

global financial crisis during 2008-2009. All these events had a negative impact on the 

international tourism demand. Therefore, when analysing international tourism demand, 

it is of paramount importance to consider relevant events. Moreover, these political and 

economic events have led to higher volatility in international tourist arrivals (Chu, 

2004) However, the effect of these events is unlikely to last for a long period of time. 

Richard Butler (2009) stated that the effects of these events would  diminish to the 

normal situation within a short period.  

6.2.3 Econometrics Approaches to Tourism Demand Modelling 

The main purpose of tourism models based on econometric approaches is to explain and 

forecast tourism demand (Goh & Law, 2011). Further, a multivariate mathematical 

function based on the quantitative relationship between demand and its determinants is 

mainly utilised in these models (Goh & Law, 2011). These models are mainly based on 

single equation models, multi-equation models and pooled and panel data approaches 

are the main categories of econometrics techniques. Both single equation models and 

multi-equation models can further be divided into static models and dynamic models. 

Goh and Law (2011) have further asserted that over the years, econometrics methods 
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have become more and more complicated. 

6.2.3.1 Single Equation Static Models 

Goh and Law (2011) and Witt and Witt (1995) have claimed that most of the studies 

carried out in the 1990s based on econometric approaches mainly used single-equation 

models. Further, they argued that although these models achieved superior explanatory 

and prediction power, most were spurious regressions as non-stationarity of variables, 

multicollinearity and autocorrelation were not taken into consideration when estimating 

the tourism demand models. These observations are consistent with those found in 

Crouch (1995) and Lim (1997). However, those models vary in terms of estimation 

method and the functional form adopted. Goh and Law (2011) highlighted that OLS 

was the main estimation method used in most of the single-equation models, while log-

linear functional form was the predominantly adopted specification. Moreover, several 

studies have confirmed that the appropriate functional form is the log-linear form, as it 

generates results as suggested by the demand theory and higher model fit compared to 

the linear functional form (Uysal & Roubi, 1999; Vanegas & Croes, 2000). Moreover, 

the log-linear functional form is preferred mainly for two reasons. Firstly, coefficients 

of regression can be interpreted as demand elasticities (Witt & Witt, 1995). Secondly, 

the estimated models using log-linear functional forms produce lower residual variance 

compared to that of other models (Goh & Law, 2011). Moreover, Goh and Law (2011) 

ascertained that despite the fact that assumption of constant coefficients over time does 

not hold, many studies, including those using error correction models and vector 

autoregressive methodologies, were estimated using ordinary least squares method. 

However, several studies have found that elasticities vary over time (Garín-Munoz, 

2006; Garín-Muñoz, 2007; Song & Witt, 2000). Moreover, Song and Witt (2000) have 

stated that the traditional single equation methods ignore both long-run co-integrating 
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relationships among explanatory variables and short-term dynamics. Therefore, single-

equation models that are estimated based on the assumption of parameter consistency 

do not provide accurate information for policy makers and for those who utilise these 

results for planning.  

Advancing the single-equation method and moving away from the OLS estimation 

method, Song and Witt (2000) adopted a time-varying parameter model (TVP), for an 

estimating tourism demand model. The main advantage of this model is that it 

stimulates structural changes in the demand model. Further, Song and Witt (2000) 

contended that the TVP model outperforms the ordinary least squares regressions. For 

this clain, Song and Witt (2000) compared the forecasting performance of the Engle-

Granger Error Correction Model, the Wickens-Breusch Error Correction model, the 

Johanson Vector Error Correction model, the Autoregressive Distributed Lag model, the 

Vector Autoregressive model and TVP, and concluded that the TVP model is superior 

and generates more accurate estimates. Therefore, taking into account parameter 

inconsistency or structural instability is important when modelling tourism demand.  

Some researchers have estimated tourism demand models allowing for non-stationarity 

of variables; however, Song and Witt (2000) stated that this exercise was particularly 

evident in the mid-1990s. In those studies, variables were made stationary by taking the 

first difference. Nevertheless, this differencing process removes the long-run 

relationships among the variables and thus these models cannot be used to analyse long-

run relationships (Song & Witt, 2000). 

6.2.3.2 Single Equation Dynamic Models 

It is believed that the dynamic models produce better results than the single-equation 

static models due to the fact that the lagged effects of the independent variables are 
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considered in the estimation process (Goh & Law, 2011). Inclusion of the lagged 

dependent variable as an explanatory variable is justified  for two main reasons. Firstly, 

this can capture the effects of habit persistence (Witt & Witt, 1995). The lagged 

dependent variable can capture the effect of habit formation and supply constraints 

(Witt & Witt, 1995). Supply of tourism related products and services such as hotel room 

capacity, passenger transportation, and experienced employees cannot be increased 

instantaneously. Consequently, lagged regression allows for such rigidities in supply 

(Witt & Witt, 1995). 

 Goh and Law (2011) argued that in most of the studies where lagged variables were 

used, selection of number of lags was arbitrary and proper lag selection criteria such as 

AIC and SIC were hardly utilised. As a result, number of lags included was not properly 

justified in such studies. In the presence of co-integration, error correction models 

which provide useful information about both short-run and long-run relationships 

between variables can be estimated. In this case, a general to specific approach is used 

to estimate the short-run relationships under the error correction model framework (Goh 

& Law, 2011).  

Another popular method in the tourism demand modelling literature is the 

Autoregressive Distributed Lag (ARDL) model which regresses the dependent variable 

on its own lags, current and lags of all independent variables (intercept included). In this 

model, error term is assumed to be normally distributed with a zero mean and a constant 

variance (Goh & Law, 2011).  In most of the studies, lagged variables were found to be 

significant, meaning that habit persistence, time lags in supply adjustments and 

information collecting by tourists on changing economic conditions are relevant in 

tourism demand modelling (Goh & Law, 2011). 
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6.2.3.3 Multi Equation Static Models 

Both interdependencies that are likely to exist among independent variables and 

potential correlation of error terms among the equations, are taken into consideration 

when estimating the multi-equation static models (Goh & Law, 2011). Moreover, these 

models can explain the bi-directional causality in contrast to single equation models. 

The most popular techniques under this method are an almost ideal demand system 

(AIDS) and Structural Equation models (SEM). Durbarry and Sinclair (2003) stated that 

the AIDS model is a system of equations and is well-grounded on theory and that the 

respective assumption can be tested. Furthermore, this system of equations can be 

estimated using recent econometric techniques.  Durbarry and Sinclair (2003) further 

established that the AIDS model can be used to estimate tourism demand models at a 

national level or more disaggregate level. In most of the countries where tourism plays 

an important role, shares of origin countries normally change overtime. Therefore, it is 

of importance to policy makers to understand the reasons behind this structural change. 

The AIDS model is an important technique which enables this task. Durbarry and 

Sinclair (2003) maintained that the effect of these changes in market share become vital 

when only few origin countries account for a large share of the tourism arrivals and 

expenditure. Identification of such changes can help policy makers to take corrective 

actions to avoid probable adverse effects of such changes. Thus, the AIDS model can be 

used to analyse and quantify how the changes in economic variables such as relative 

prices, exchange rates relative price and expenditure affect the destination share of 

major origin countries (Durbarry & Sinclair, 2003). As the consumer demand theory 

suggests that a rational consumer maximises his/her utility of a given budget and prices, 

the AIDS model for tourism demand modelling considers this in the estimation process. 

As a consequence, the AIDS model provides theoretically consistent results (Durbarry 

& Sinclair, 2003). The AIDS model can be estimated as a static model or dynamic 
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model. Durbarry and Sinclair (2003) analysed French tourism demand in Italy, Spain 

and the UK (the main destinations for French tourists) using the dynamic AIDS 

technique, as autocorrelation was present in their static AIDS model. In their study they 

modelled how changes in major economic variables, relative prices, exchange rates, 

tourists’ expenditure budget, and external events can affect the choice of destination and 

found that effective price competitiveness is a major driver of changes in  market share. 

Song and Witt (2006) extended the AIDS model by incorporating TVP into their model 

and found that this combination approach outperforms the traditional AIDS static and 

dynamic models. They estimated both a static model and dynamic model, which 

enabled them to calculate both short-run and long-run elasticities.  

The structural equation modelling (SEM) is the other multi-equation static model found 

in the literature and it includes several equations with both exogenous and endogenous 

variables. SEM is recognised as a dominant tool to investigate the nature of the 

relationship among the variables using testable causal links (Goh & Law, 2011).  The 

SEM method for tourism demand modelling was first adopted by Turner, Reisinger, and 

Witt (1998). In their study, they used quarterly data for 18 years to model tourism 

demand at a more disaggregate level, based on the purpose of visit, namely holidays, 

business trips and VFRs (visiting friends and relatives) (Goh & Law, 2011). This work 

was further extended by Turner and Witt (2001) by including more origin-destination 

pairs, and particularly incorporating origin-destinations pairs with longer travel 

distances and fewer economic links. They found that trade is a major determinant of 

business tourism demand, price and GDP, which in turn affect VFR tourism. Assaker, 

Vinzi, and O'Connor (2010) assessed the studies on tourism demand modelling using 

SEM from 1998 to 2009. They mainly assessed those studies in terms of sample issues, 

identification, overall model fit, measurement issues, modification and reproducibility 

issues, and identified several problems in the methodology used in previous studies. 
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They suggested ways to improve the SEM approach to tourism demand modelling. 

Issues identified with regard to the majority of studies were, failure to specify how 

missing data was handled, failure to describe the distribution of data or normality, 

failure to test the reliability and validity of the constructs, and re-specification of the 

model without a theoretical grounding (Assaker et al., 2010). Therefore, there is room 

for improving tourism demand models using SEM in terms of methodology. 

6.2.3.4 Multi Equation Dynamic Models 

The SEM approach to tourism demand modelling has been challenged due to the 

limitations of the theoretical restrictions imposed on it and there have been calls for a 

new approach to modelling tourism demand (Goh & Law, 2011). As a result, the Vector 

Autoregressive (VAR) technique has been adopted (Goh & Law, 2011). A VAR model 

consists of a system of equations where each endogenous variable in the system is 

regressed on the lagged values of that variable and all other endogenous variables in the 

system. VAR can be used as a forecasting system which models interrelated time series 

and as a tool to analyse the dynamic effect of the disturbances on the endogenous 

variables in the system (Goh & Law, 2011). VAR method start with the unrestricted 

VAR model and if co-integration exists among the variables, then the Vector Error 

Correction model is more suitable than the unrestricted VAR model. Several studies 

have used this approach for modelling tourism demand and found interesting results. 

Several studies found that co-integration is present among the variables (Kadir & 

Karim, 2009; Li, Song, & Witt, 2006; Shen et al., 2011). Therefore, in those studies 

VEC was used. In addition to VAR and VEC, Error Correction Linear Approximated 

Almost Ideal Demand System and TVP-EC-AIDS have been the other popular multi-

equation dynamic models used to analyse tourism demand (see Durbarry & Sinclair, 

2003; Han et al., 2006; Li et al., 2006). 



181 

6.2.4 Pooled and Panel Data Approaches. 

Under both pooled data and panel data approaches, both cross sectional data and the 

time series data are used. Panel data models can be estimated in two main ways: static 

or dynamic. In the literature, both methods have been used to analyse tourism demand. 

However, there are only few studies which have adopted panel data (Ekanayake et al., 

2012; Goh & Law, 2011; Song, Gao, & Lin, 2012; Song & Li, 2008).  Cho (2010) 

studied the impact of non-economic factors on tourism demand using the static panel 

data approach, taking 135 countries and territories into account. This study is an 

important study, as it attempted to explain tourism demand to a particular destination 

using non-economic factors. However, it did not consider the effect of economic 

variables. Thus, combining both economic factors and non-economic factors can 

improve the explanatory power of the model. Moreover, Saha et al. (2016) examined the 

effect of political and economic freedom on inbound tourism using panel data model 

and concluded that both economic and political freedom matter in inbound tourism 

demand. In the static panel data models, the problem is that the elasticities cannot be 

calculated for both short run and long run and such models ignore the impact of habit 

formation or loyalty effect on tourism. However, as discussed earlier, elasticities vary 

over time and hence the calculation of both short run and long run elasticities is 

important for policy decisions. Moreover, as discussed under factors affecting tourism 

demand, there is strong evidence to suggest that habit formation is present in tourism. 

Thus, this needs to be taken into account in order to get reliable estimates. Therefore, 

some researchers have used dynamic panel data models which enable the calculation of 

both short run and long run elasticities. Garín-Muñoz (2007) studied German tourist 

demand for 17 Spanish destinations (autonomous communities) for the period 1991-

2003 using the dynamic panel data model and found that tourism demand in previous 

period has a significant effect on  current demand. Moreover, Garín-Munoz (2006) 
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estimated a dynamic panel data model for international tourism demand for the Canary 

Islands for the period 1992-2002 using the Generalised Methods of Moments estimation 

technique, and considered 15 source countries. Further Garín-Munoz (2006) highlighted 

that the preferred model is the GMM-DIFF model proposed by Arellano and Bond, as it 

accounts for the possible non-stationarity of variables in the model. Interestingly, they 

concluded that lagged demand is significant for all the selected source countries. They 

also offered a static model for the same for comparison purposes and it was evident that 

the dynamic model is preferred over the static model. Using the dynamic panel data 

model, Serra, Correia, and Rodrigues (2014) estimated a demand model for seven major 

international markets in the seven tourism regions of Portugal for the period 2000-2011 

and found that macroeconomic variables affect tourism demand in various ways. 

Further they highlighted some of the advantages of panel data models such as allowing 

for controlling heterogeneity of source countries, less collinearity, more variability, 

more degrees of freedom, and greater efficiency etc. Therefore, it is clear that panel data 

models are of great importance when analysing international tourism demand for a 

country by several source markets over a considerable period of time. 

6.2.5 Time Series Approach to Tourism Demand Modelling  

Time series models are mainly used to predict the future movements of dependent 

variables based on past data. In the tourism demand analysis, there are several time 

series methods that have been used, ranging from univariate time series models to 

multivariate time series models. It includes simple techniques such as naïve models, 

autoregressive, moving average, exponential smoothing, ARIMA, and more advanced 

methods such as ARDL, ADLM and SARIMA. (Akın, 2015; Chu, 2004; Preez & Witt, 

2003; Smeral, 2012). Abedtalas and Toprak (2015) studied international tourist arrivals 

in Turkey from France, Germany, the UK, USA and the Netherlands for the period 

1986-2012 using autoregressive the distributed lag (ARDL) method with the intention 
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of testing cointegration. Moreover, they estimated a long-run model and an error-

correction model for international tourism demand. They found that real per capita 

income and real effective exchange rate were the most important determinants.  In 

addition, they concluded that the effect of political events is significant, and that effect 

differs from country to country. Seasonal ARIMA (SARIMA) models have been 

utilised in tourism demand as tourism demand time series are with trends, seasonal 

patterns and short time correlation. Baldigara and Mamula (2015) modelled quarterly 

German tourist demand to Croatia from 2003-2012 and concluded that SARIMA 

models perform better. In addition to the univariate time series models, system-based 

cointegration methods and their dynamic counterpart vector error correction models 

(Bonham, Gangnes, & Zhou, 2009), and Dynamic Almost Ideal Demand systems (De 

Mello & Fortuna, 2005) are applied in modelling tourism demand. Time series models 

are mainly used in tourism demand literature to build models, forecast tourism demand 

and to model the uncertainty in arrivals.  

The majority of international tourism demand research has attempted to investigate the 

impact of economic factors (related to demand theory) on tourism demand. Less 

attention has been paid to the impact of non-economic factors on tourism demand. 

These non-economic factors include migration stock, institutional quality (economic 

freedom and political freedom), violent crimes and terrorism, trade openness, income 

distribution in the origin country, exchange rate volatility, environmental conditions etc. 

In particular, these noneconomic factors are rarely used in examining international 

tourism demand to an individual destination country. International tourism demand 

modelling for individual countries is predominantly based on economic factors, along 

with some specific events. Given the unique nature of the tourism product, considering 

non-economic factors along with economic factors is of paramount importance for 

understanding demand to a specific country.  
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Tourists’ purpose of visit (such as leisure, business and visiting friends and relatives) 

has important implications on international tourism demand because it can significantly 

affect the magnitude of the effect of both economic and non-economic factors and also 

there can be some factors that particularly affect some tourists but not all. Therefore, it 

is important to study international tourism demand by disaggregating tourism demand 

based on the purpose of visit and each source market. However, such studies are rare in 

the literature. 

6.3 Methodology 
Following the extensive literature survey carried out, it is expected that there would be 

differences in effect in terms of nature of effect and magnitude of the effect on various 

types of tourism demand. The following sections describe the model specification, data 

and sources of data and the estimation methodology. 

6.3.1 Model Specification 

Based on the tourism demand theory that we discussed widely in the literature review, 

the factors affecting tourism demand include income, price, transport cost (travel cost), 

substitute prices and other factors. Consequently, tourism demand function can be 

formulated as follows. 

Q = f (income, price, travel cost, substitute prices, X) 

In the above specification, income refers to international tourists’ income (in the origin 

country); price is the tourism related cost which usually includes local accommodation 

cost, food expenses, local transport etc.; substitute prices refer to tourism prices in 

competing destinations; X refers to the other factors influencing tourism demand. In this 

study, in addition to the traditional economic factors, we also include institutional 

quality factors (political risk, economic freedom and political freedom), and 

globalisation factors (trade and migration) which were derived from previous research. 
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We estimate four models, Model 1 includes only the traditional economic factors, 

Model 2 includes both traditional economic factors and institutional quality factors 

(political risk, economic freedom and political freedom). Model 3 includes traditional 

economic factors and globalisation factors (trade and migration) and Model 4 includes 

all the factors such as traditional economic factors, institutional quality factors and 

globalisation factors. As we are interested in examining how the factors, except 

traditional economic factors, affect various types of tourism demand, all four models in 

four cases are estimated, namely for total tourism demand, leisure tourism demand, 

VFR tourism demand and business tourism demand. 

Model 1 (Baseline model based on variables derived from the traditional demand 

model) 

Model 1 includes all the variables: income, price, transport cost and substitute price 

derived from traditional demand theory and a dummy variable to capture the effect of 

war on tourism demand.  

log(𝑇𝐴𝑖𝑡) = 𝛼𝑖 + 𝛽1𝑙𝑜 𝑔(𝐼𝑁𝐶𝑖𝑡) + 𝛽2 log(𝑃𝑖𝑡) + 𝛽3 log(𝑇𝑅𝐶𝑖𝑡) + 𝛽4 log(𝑆𝑃𝑖𝑡)

+  𝛽5WAR𝑡 +  µ𝑖𝑡   

log(𝐿𝐸𝐼𝑖𝑡) = 𝛼𝑖 + 𝛽1𝑙𝑜 𝑔(𝐼𝑁𝐶𝑖𝑡) + 𝛽2 log(𝑃𝑖𝑡) + 𝛽3 log(𝑇𝑅𝐶𝑖𝑡) + 𝛽4 log(𝑆𝑃𝑖𝑡)

+  𝛽5WAR𝑡 +  µ𝑖𝑡 

log(𝑉𝐹𝑅𝑖𝑡) = 𝛼𝑖 + 𝛽1𝑙𝑜 𝑔(𝐼𝑁𝐶𝑖𝑡) + 𝛽2 log(𝑃𝑖𝑡) + 𝛽3 log(𝑇𝑅𝐶𝑖𝑡)

+ 𝛽4 log(𝑆𝑃𝑖𝑡) +  𝛽5WAR𝑡 +  µ𝑖𝑡 

log(𝐵𝑈𝑆𝑖𝑡) = 𝛼𝑖 + 𝛽1𝑙𝑜 𝑔(𝐼𝑁𝐶𝑖𝑡) + 𝛽2 log(𝑃𝑖𝑡) + 𝛽3 log(𝑇𝑅𝐶𝑖𝑡)

+ 𝛽4 log(𝑆𝑃𝑖𝑡) +  𝛽5WAR𝑡 +  µ𝑖𝑡 

With i=1,2,…….29, t=1999,2000,……….,2017, 𝛼𝑖= country-specific intercepts to 

capture heterogeneities across source markets and µ𝑖𝑡 = error term 

Model 2 (Baseline model and institutional quality factors) 

Model 2 extends Model 1 by incorporating institutional quality factors such as political 

risk, economic freedom and political freedom (civil liberty) into account. 

(6.1) 

(6.2) 

(6.3) 

(6.4) 
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log(𝑇𝐴𝑖𝑡) = 𝛼𝑖 + 𝛽1𝑙𝑜 𝑔(𝐼𝑁𝐶𝑖𝑡) + 𝛽2 log(𝑃𝑖𝑡) + 𝛽3 log(𝑇𝑅𝐶𝑖𝑡) + 𝛽4 log(𝑆𝑃𝑖𝑡)

+ 𝛽5𝑃𝐿𝑅𝑡 + 𝛽6𝐸𝐹𝑡 + 𝛽7𝐶𝐿𝑡 +  𝛽8WAR𝑡 +  µ𝑖𝑡 

log(𝐿𝐸𝐼𝑖𝑡) = 𝛼𝑖 + 𝛽1𝑙𝑜 𝑔(𝐼𝑁𝐶𝑖𝑡) + 𝛽2 log(𝑃𝑖𝑡) + 𝛽3 log(𝑇𝑅𝐶𝑖𝑡) + 𝛽4 log(𝑆𝑃𝑖𝑡)

+ 𝛽5𝑃𝐿𝑅𝑡 + 𝛽6𝐸𝐹𝑡 + 𝛽7𝐶𝐿𝑡 +  𝛽8WAR𝑡 + µ𝑖𝑡 

log(𝑉𝐹𝑅𝑖𝑡) = 𝛼𝑖 + 𝛽1𝑙𝑜 𝑔(𝐼𝑁𝐶𝑖𝑡) + 𝛽2 log(𝑃𝑖𝑡) + 𝛽3 log(𝑇𝑅𝐶𝑖𝑡)

+ 𝛽4 log(𝑆𝑃𝑖𝑡) + 𝛽5𝑃𝐿𝑅𝑡 + 𝛽6𝐸𝐹𝑡 + 𝛽7𝐶𝐿𝑡 + 𝛽8WAR𝑡 +  µ𝑖𝑡 

log(𝐵𝑈𝑆𝑖𝑡) = 𝛼𝑖 + 𝛽1𝑙𝑜 𝑔(𝐼𝑁𝐶𝑖𝑡) + 𝛽2 log(𝑃𝑖𝑡) + 𝛽3 log(𝑇𝑅𝐶𝑖𝑡) + 𝛽4 log(𝑆𝑃𝑖𝑡)

+ 𝛽5𝑃𝐿𝑅𝑡 + 𝛽6𝐸𝐹𝑡 + 𝛽7𝐶𝐿𝑡 +  𝛽8WAR𝑡 +  µ𝑖𝑡 

With i=1,2,…….29, t=1999,2000,……….,2017, 𝛼𝑖= country-specific intercepts to 

capture heterogeneities across source markets and µ𝑖𝑡 = error term 

Model 3 (Baseline model and globalisation factors) 

Model 3 includes traditional economic factors and globalisation factors such as trade 

and migration. 

log(𝑇𝐴𝑖𝑡) = 𝛼𝑖 + 𝛽1𝑙𝑜 𝑔(𝐼𝑁𝐶𝑖𝑡) + 𝛽2 log(𝑃𝑖𝑡) + 𝛽3 log(𝑇𝑅𝐶𝑖𝑡) + 𝛽4 log(𝑆𝑃𝑖𝑡)

+ 𝛽5 log(𝑇𝑇𝑅𝐷𝑖𝑡) + 𝛽5 log(𝐼𝑀𝐺𝑖𝑡) +  𝛽7WAR𝑡 + µ𝑖𝑡  

log(𝐿𝐸𝐼𝑖𝑡) = 𝛼𝑖 + 𝛽1𝑙𝑜 𝑔(𝐼𝑁𝐶𝑖𝑡) + 𝛽2 log(𝑃𝑖𝑡) + 𝛽3 log(𝑇𝑅𝐶𝑖𝑡) + 𝛽4 log(𝑆𝑃𝑖𝑡)

+ 𝛽5 log(𝑇𝑇𝑅𝐷𝑖𝑡) + 𝛽6 log(𝐼𝑀𝐺𝑖𝑡) + 𝛽7WAR𝑡 +  µ𝑖𝑡 

log(𝑉𝐹𝑅𝑖𝑡) = 𝛼𝑖 + 𝛽1𝑙𝑜 𝑔(𝐼𝑁𝐶𝑖𝑡) + 𝛽2 log(𝑃𝑖𝑡) + 𝛽3 log(𝑇𝑅𝐶𝑖𝑡)

+ 𝛽4 log(𝑆𝑃𝑖𝑡) + 𝛽5 log(𝑇𝑇𝑅𝐷𝑖𝑡) + 𝛽6 log(𝐼𝑀𝐺𝑖𝑡) +  𝛽7WAR𝑡

+  µ𝑖𝑡 

log(𝐵𝑈𝑆𝑖𝑡) = 𝛼𝑖 + 𝛽1𝑙𝑜 𝑔(𝐼𝑁𝐶𝑖𝑡) + 𝛽2 log(𝑃𝑖𝑡) + 𝛽3 log(𝑇𝑅𝐶𝑖𝑡) + 𝛽4 log(𝑆𝑃𝑖𝑡)

+ 𝛽5 log(𝑇𝑇𝑅𝐷𝑖𝑡) + 𝛽6 log(𝐼𝑀𝐺𝑖𝑡) +  𝛽7WAR𝑡 +  µ𝑖𝑡 

With i=1,2,…….29, t=1999,2000,……….,2017, 𝛼𝑖= country-specific intercepts to 

capture heterogeneities across source markets and µ𝑖𝑡 = error term 

Model 4 (Baseline model and: traditional economic factors; institutional quality 

factors; and globalisation factors) 

Model 4 includes all the factors that we discussed above, such as traditional economic 

factors, institutional quality factors and globalisation factors. 

log(𝑇𝐴𝑖𝑡) = 𝛼𝑖 + 𝛽1𝑙𝑜 𝑔(𝐼𝑁𝐶𝑖𝑡) + 𝛽2 log(𝑃𝑖𝑡) + 𝛽3 log(𝑇𝑅𝐶𝑖𝑡) + 𝛽4 log(𝑆𝑃𝑖𝑡)

+ 𝛽5𝑃𝐿𝑅𝑡 + 𝛽6𝐸𝐹𝑡 + 𝛽7𝐶𝐿𝑡 +  𝛽8 log(𝑇𝑇𝑅𝐷𝑖𝑡) + 𝛽9 log(𝐼𝑀𝐺𝑖𝑡)

+ 𝛽9WAR𝑡 +  µ𝑖𝑡 

log(𝐿𝐸𝐼𝑖𝑡) = 𝛼𝑖 + 𝛽1𝑙𝑜 𝑔(𝐼𝑁𝐶𝑖𝑡) + 𝛽2 log(𝑃𝑖𝑡) + 𝛽3 log(𝑇𝑅𝐶𝑖𝑡) + 𝛽4 log(𝑆𝑃𝑖𝑡)

+ 𝛽5𝑃𝐿𝑅𝑡 + 𝛽6𝐸𝐹𝑡 + 𝛽7𝐶𝐿𝑡 +  𝛽8 log(𝑇𝑇𝑅𝐷𝑖𝑡) + 𝛽9 log(𝐼𝑀𝐺𝑖𝑡)

+ 𝛽9WAR𝑡 + µ𝑖𝑡 

log(𝐿𝐸𝐼𝑖𝑡) = 𝛼𝑖 + 𝛽1𝑙𝑜 𝑔(𝐼𝑁𝐶𝑖𝑡) + 𝛽2 log(𝑃𝑖𝑡) + 𝛽3 log(𝑇𝑅𝐶𝑖𝑡) + 𝛽4 log(𝑆𝑃𝑖𝑡)

+ 𝛽5𝑃𝐿𝑅𝑡 + 𝛽6𝐸𝐹𝑡 + 𝛽7𝐶𝐿𝑡 +  𝛽8 log(𝑇𝑇𝑅𝐷𝑖𝑡) + 𝛽9 log(𝐼𝑀𝐺𝑖𝑡)

+ 𝛽9WAR𝑡 + µ𝑖𝑡 

(6.5) 

(6.6) 

(6.7) 

(6.8) 

(6.9) 

(6.10) 

(6.11) 

(6.12) 

(6.13) 

(6.14) 

(6.15) 
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log(𝐿𝐸𝐼𝑖𝑡) = 𝛼𝑖 + 𝛽1𝑙𝑜 𝑔(𝐼𝑁𝐶𝑖𝑡) + 𝛽2 log(𝑃𝑖𝑡) + 𝛽3 log(𝑇𝑅𝐶𝑖𝑡) + 𝛽4 log(𝑆𝑃𝑖𝑡)

+ 𝛽5𝑃𝐿𝑅𝑡 + 𝛽6𝐸𝐹𝑡 + 𝛽7𝐶𝐿𝑡 + 𝛽8 log(𝑇𝑇𝑅𝐷𝑖𝑡) + 𝛽9 log(𝐼𝑀𝐺𝑖𝑡)

+ 𝛽9WAR𝑡 +  µ𝑖𝑡 

 

With i=1,2,…….29, t=1999,2000,……….,2017, 𝛼𝑖= country-specific intercepts to 

capture heterogeneities across source markets and µ𝑖𝑡 = error term 

6.3.2 Variables, Data and Sources of Data 

This study  considers annual data from 29 countries, namely: Canada, United States of 

America, Australia, Belgium, Denmark, Finland, France, Netherland, Italy, Norway, 

Spain, Sweden, Switzerland, United Kingdom, Germany, Russia, China, Indonesia, 

Japan, Malaysia, the Philippines, Singapore, Thailand, South Korea, India, the 

Maldives, Pakistan, Australia and New Zealand) from 1999 to 2017. By using annual 

data, the problems and issues arising from seasonality are avoided. The number of 

source countries and the period selection were selected mainly on the basis of data 

availability for the entire sample period. The following sections describe firstly the 

variables used in the model specifications and the data sources, and then the estimation 

methodology. 

Dependent Variables 

Tourism demand is measured using four different ways: total international tourist 

arrivals (TA), leisure arrivals (LEI), VFR arrivals (VFR) and business arrivals (BUS). 

Although there are many ways to measure tourism demand, such as tourism 

expenditure, overnight stays etc., number of arrivals is the most commonly used way to 

measure tourism demand. As we are interested in comparing results based on the 

purpose of the visit, we estimated an aggregate model which was based on the total 

international tourist arrivals (TA) and disaggregate models based on the purpose of 

visit, namely, leisure tourist arrivals (LEI), VFR tourist arrivals (VFR) and business 

tourist arrivals (BUS). Consequently, each model described below was estimated using 

the four dependent variables described above.  

(6.16) 
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Traditional Economic Factors 

Determinants of tourism demand suggested by traditional tourism demand theory, 

namely: income, price, transport cost, and substitute prices were included as traditional 

variables. In addition to those variables, a dummy variable to capture the effect of war 

(WAR) in Sri Lanka was used.  

Income (INC) 

Income of incoming international tourists is an important determinant of international 

tourism demand in a destination. Some studies highlight the fact that income is the most 

significant variable (Cho, 2010; Wong, 2006; Song, 2009). Although there are several 

ways to measure income, in this study income is measured using per capita purchasing 

power parity gross domestic product (GDP) at constant prices in the origin country (Li, 

2017; Saha, 2016; Liu, 2018). A positive relationship between income and tourism 

demand is expected, in line with the tourism demand theory and previous empirical 

research. 

Price (P) 

Price is the tourism price, which includes cost of living at the destination 

(accommodation, local transport, food expenses etc.) and travel cost or transport cost. 

However, in this study travel cost is included separately. The living cost in the 

destination country is affected by the exchange rate and thus needs to be taken into 

account. Despite the fact that some studies have used relative cost of living and 

exchange rate separately, in this study the price variable is defined as the relative cost of 

living and is adjusted by the exchange rate. The inclusion of exchange rate separately 

could lead to a possible multicollinearity problem in the model (Dogru, 2018). 

Therefore, relative price (relative cost of living), adjusted by the exchange rate between 

the destination country and origin country, is considered as the best proxy for price 
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variable (Li, 2017; Song, 2009; Dogru, 2017; Liu, 2018). Consequently, in this study, 

price is measured as follows. 

𝑃𝑖,𝑡 =  
𝐶𝑃𝐼𝑆𝐿,𝑡 

𝐶𝑃𝐼𝑖,𝑡
∗ 𝐸𝑅𝑖,𝑡 

where; 𝑃𝑖,𝑡 is the price for origin country i at time t; 𝐶𝑃𝐼𝑆𝐿,𝑡  is the Consumer Price Index 

in Sri Lanka at time t; 𝐶𝑃𝐼𝑖,𝑡  is the Consumer Price Index of origin country i at time t; 

and ERi,t is the exchange rate between the Sri Lankan rupee and origin country currency 

expressed in terms of origin country currency. In line with the literature, a positive 

relationship between tourism demand and income is expected. 

Transport cost (TRC) 

Travel cost to a destination is an important factor as it usually represents higher portion 

of a tourist’s budget. However, many tourism demand studies have excluded this 

important variable from tourism demand model due to lack of data (Song, 2009). Non-

inclusion of transport cost could lead to biased results (Liu, 2018) As discussed in the 

literature review, there are many ways to measure travel cost. In many studies either 

distance or crude oil price/ jet-fuel price is used as a proxy for travel cost. In this study 

transport cost is defined as an interaction variable of crude oil price and the distance as 

follows. As the travel cost is affected by both distance and oil prices, this represents a 

better proxy for travel cost. As higher transport cost discourages international tourism 

demand to a destination, a negative sign is expected. 

𝑇𝑅𝐶𝑖,𝑡 = 𝐶𝑟𝑢𝑑𝑒 𝑜𝑖𝑙 𝑝𝑟𝑖𝑐𝑒 𝑝𝑒𝑟 𝑔𝑎𝑙𝑙𝑜𝑜𝑛𝑡

∗ 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝐶𝑜𝑙𝑜𝑚𝑏𝑜 𝑎𝑛𝑑 𝑡ℎ𝑒 𝑐𝑎𝑝𝑖𝑡𝑎𝑙 𝑐𝑖𝑡𝑦 𝑜𝑓 𝑜𝑟𝑖𝑔𝑖𝑛 𝑐𝑜𝑢𝑛𝑡𝑟𝑦𝑖 

Where;  𝑇𝑅𝐶𝑖,𝑡 is the transport cost of origin country i at time t. 

 

 

6.17 

(6.18) 
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Substitute prices (SP) 

In tourism demand model, substitute prices are the prices of competing destinations. 

According to (Song, 2009) substitute price can be measured in two different ways, 

either by specifying an average price calculated for a group of competing destinations or 

by specifying a distinct weighted average of competing destinations’ price variable. In 

this study, the second method was adopted following many empirical studies including 

(Dogru, 2017). Moreover, these prices were adjusted by the exchange rates as suggested 

by (Dogru, 2017) to better reflect the substitute prices. The Maldives and India were 

selected as substitute destinations for Sri Lanka given the fact that those two countries 

share somewhat similar characteristics to Sri Lanka and close proximity. The substitute 

price is variable was measured as follows. 

𝑆𝑃𝑖,𝑡 =
𝐶𝑃𝐼𝑀𝐷𝑉,𝑡

𝐶𝑃𝐼𝑖,𝑡
∗ 𝐸𝑅𝑖,𝑡 ∗ 0.50 +

𝐶𝑃𝐼𝐼𝑁𝐷,𝑡

𝐶𝑃𝐼𝑖,𝑡
∗ 𝐸𝑅𝑖,𝑡 ∗ 0.50  

Where, SPi,t is the substitute price of origin country i at time t, CPIMDV, t is the Consumer 

Price Index of Maldives at time t, CPIIND, t is the Consumer Price Index of India at time 

t, ERi,t is the exchange rates between the Maldivian currency and the origin country 

currency and the same between Indian Rupee and origin country currency at time t 

respectively, and CPIi,t is the Consumer Price Index of origin country. 

War (WAR) 

Sri Lanka experienced a war between the Sri Lankan government and Liberation Tamil 

Tigers of Eelam (LTTE) from 1983 to 2009. During this period tourist arrivals to Sri 

Lanka was heavily affected. Therefore, a dummy variable to capture this effect was 

included in the model.  

 

 

(6.19) 
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Independent Variables 

Institutional factors (economic freedom, political freedom and political risk) and 

globalisation factors (trade and migration) were the main factors of interest in this 

study. Those factors are described below 

Economic freedom (EF) 

There are several arguments for including economic freedom in the tourism demand 

model. Firstly, as higher level of economic freedom in the destination country could 

improve tourism services, it encourages international tourists to visit that destination 

(Saha et al., 2016). Secondly, corruption in the destination country could lead to lower 

tourist arrivals to a country (Saha, 2015) and higher level of economic freedom reduces 

the level of corruption and thereby increase the international tourist arrivals (Saha, 

2009). In this study economic freedom indexed developed by Fraser Institute was used. 

The index value ranges from 0 to 10. Higher value means a higher economic freedom. 

Therefore, a positive relationship between tourism demand and economic freedom is 

expected. 

Political freedom/Civil Liberty (CL) 

Good governance practices in a destination is likely to attract more tourists (Tang, 

2018). Saha et al. (2016) in a cross-country panel data study found that political 

freedom measured by civil liberty has a favourable effect on international tourism 

demand. Therefore, in this civil liberty index published by Freedom House was utilised. 

Civil liberty index ranges from 1 to 7 and the lower value means a higher civil 

liberty/political freedom. Higher civil liberty/political freedom is likely to attract more 

international tourists and thus a negative sign is expected. 

Political risk (PLR) 

Previous research suggests that political risk and political stability are important 

determinant of international tourism demand (Naudé, 2005; Xu, 2019). Therefore, in 
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this study, political risk index published by International Country Risk Group (ICRG) 

which is widely used in economic research was used. This index takes twelve indicators 

into account, namely, government stability, socio economic conditions, investment 

profile, internal conflicts, external conflicts, corruption, military in politics, religious 

tensions, law and order, ethnic tensions, democratic accountability, and bureaucracy 

quality. The minimum value of the index is zero while the highest possible value is 100. 

Higher the political risk index lowers the political risk. Consequently, a positive sign is 

expected. 

Trade (TTRD) 

Bilateral trade between the destination country and the origin country in some studies 

found to be having a positive impact on the international tourism demand (Surugiu, 

2011; Liu, 2018). This variable has been measured in various ways. In this study, trade 

was measured using total trade (import and exports) between Sri Lanka and the origin 

country. A positive sign is expected as trade could encourage international tourism 

demand. 

Migration (IMG) 

Migration positively affects VFR tourism (Leitão, 2012; Gheasi, 2011). Moreover, there 

are some evidence to suggest that migration affect other types of tourism as well apart 

from VFR tourism (Naudé, 2005). Number of immigrants from Sri Lanka residing in 

the origin country was included in this study as a variable to represent migration. A 

positive relationship between migration and tourism demand is expected. 
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A summary of all the variables and operationalisation is provided in Table 6.1.  

      Table 6. 1 Operationalization and Measurement of Variables 

Category Variable Operationalisation Measurement Expected 

sign 

Dependent variables 

 International 

tourism 

demand (TA) 

Total 

international 

tourist arrivals 

(Total number of 

international tourist 

arrivals from i source 

country, at year t.) 

NA 

 International 

leisure 

tourism 

demand (LEI) 

international 

leisure tourist 

arrivals 

(Total number of 

international leisure 

tourist arrivals from i 

source country, at year 

t.) 

NA 

 International 

VFR tourism 

demand 

(VFR) 

international VFR 

tourist arrivals 

(Total number of VFR 

international tourist 

arrivals from i source 

country, at year t.) 

NA 

 International 

business 

tourism 

demand 

(BUS) 

Total 

international 

business tourist 

arrivals 

(Total number of 

business international 

tourist arrivals from i 

source country, at year 

t.) 

NA 

Traditional economic variables 

 Income (INC) Per capita GDP Per capita PPP GDP at 

constant prices 

+ 

 Price (P) Relative price 

(Relative cost of 

living adjusted by 

the ER) 

Pi,t = 

(CPISL,t/CPIi,t)*ERi,t 

- 

 Transport cost 

(TRC) 

Fuel price fuel pricei,t= crude oil 

price per 

gallon*distance 

- 

 Substitute 

price (SP) 

Substitute prices 

for India and 

Maldives 

(CPIs,t/CPIi,t*)*ERi.t - 

 War (WAR) Presence  of war 

or peace 

Dummy variable=1 if 

war was present in Sri 

Lanka, otherwise 0 

- 

Independent variables 

 Political risk 

(PLR) 

Political risk Political risk index for 

Sri Lanka at time t 

(Higher the PLR index 

lower the political risk) 

- 

 Economic 

freedom (EF) 

Economic 

freedom  

Index of economic 

freedom published by 

Fraser institute (scale 0 

+ 
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to 10, higher value 

means higher level of 

economic freedom) 

 Political 

freedom (CL) 

Civil liberty Civil liberty index 

published by Freedom 

house for Sri Lanka at 

time t (ranging from 1 to 

7, higher the score lower 

the civil liberty) 

- 

 Trade 

(TTRD) 

Total trade  Total trade between Sri 

Lanka and the source 

country i at time t 

+ 

 Migration 

(IMG) 

Number of 

immigrants 

Number of immigrants 

originating from Sri 

Lanka residing in source 

country i at time t 

+ 

 

Sources of Data 

The required data for this study covers both economic and noneconomic data. The Table 

6.2 presents the type of data required and where those are obtained from. Moreover, in 

this study 29 countries source countries and annual data for the period 1999-2017 are 

considered. 

        Table 6. 2 Data Sources  

Type of Data Source 

International tourist arrivals Annual reports of United Nations World 

Tourism Organisation (UNWTO) and annual 

reports of Sri Lanka Tourism Development 

Authority and Sri Lanka Tourism Board 

CPI data for Sri Lanka, source 

countries and substitute 

destinations (India and Maldives) 

World Bank, Central Bank of Sri Lanka, 

Organisation for Economic Co-operation and 

Development (OECD) 

Exchange rates IMF, World Bank, OECD, Central Bank of Sri 

Lanka 

Per capita PPP GDP, GDP World Bank 

Crude oil prices Bloomberg database 

Distance Centre d’Etudes Prospectives et d’Informations 

Internationales  

Import and Export  World Trade Organisation (WTO), World 

Bank, International Monetory Fund (IMF) 

direction of trade statistics 

Immigrants United Nations immigration database 

Economic freedom index Fraser Institute 

Civil liberty index Freedom House 

Political risk  International Country Risk Group (ICRG) 
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6.3.3 Estimation Methodology 

The econometric models specified above under the model specification section were 

estimated using the panel data technique. Annual data from 29 origin countries from 

1999 to 2017 was taken into account in the estimation process. There are several 

advantages to using the panel data technique. There are several advantages of using 

panel data over cross-sectional or time series analysis in this case. The tourism demand 

literature suggests that heterogeneity across source countries is evident in tourism 

demand and needs to be taken this into account (Dogru, 2017; Lim, 2017). Therefore, 

using panel data techniques rather than cross-sectional or time series analysis has the 

advantage of avoiding misspecification of the model and biased results (Hsiao, 2014; 

Baltagi, 2013). At the same time, (Hsiao, 2014) highlighted that the panel data 

technique provides data which is more informative with more variability and less 

collinearity, and has more degrees of freedom and more efficiency than other 

techniques.  Furthermore, using the panel data technique greatly improves the 

generalisation ability of the empirical findings (Kim, 2017) 

There are several estimation techniques under panel data analysis. The two techniques 

mainly used are fixed effect (FE) estimation and random effect (RE) estimation. Of 

these two main estimation techniques, the advantage of using fixed effect estimation 

rather than the random effect estimation is that it enables avoidance of the omitted 

variable bias, which occurs due to possible correlation between explanatory variables 

and omitted variables provided that the omitted variables are time-invariant (Saha et al., 

2016). There could be several time-invariant factors that affect tourism demand such as 

location, colonial ties, natural heritage, culture, and visa requirements (Balli et al., 2016; 

Eilat & Einav, 2004; Ekanayake et al., 2012; Esiyok et al., 2016; Llorca-Vivero, 2008; 

Saha et al., 2016). These omitted variables could be correlated with some of the factors 

in our models. For instance, political freedom and economic freedom may be correlated 
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with culture of a country. Therefore, in this study, fixed effect estimation is the 

preferred technique over the other techniques. Moreover, to correct estimation results 

for heteroskedasticity, autocorrelation, and cross-sectional dependence, robust standard 

errors were obtained for all estimated models.  

6.4 Empirical Results 

This section discusses the empirical results obtained for the demand models. In this 

analysis our main focus is on institutional quality factors and globalisation factors. 

Firstly, descriptive statistics are described, and this is followed by the results of the 

aggregate demand model. Then empirical results obtained for tourism demand models 

of various types of tourism (disaggregate tourism demand models), namely, leisure, 

VFR and business are discussed.  

Balanced annual panel data for 29 origin countries of Sri Lankan tourism demand 

representing various regions in the world from 1999 to 2017 was utilised in this study. 

Table 3 provides the descriptive statistics of variables used in this study. All the 

variables were transformed into logarithm form so that the elasticities with respect to 

each variable could be obtained. However, political risk, economic freedom, and 

political freedom (civil liberty) were not transformed into logarithmic form as those are 

indices, and their interpretation makes sense without taking logarithm. As can be seen 

from Table 6.3, most of the variables show a considerable variation in values over the 

period. However, the logarithm of total trade between Sri Lanka and the origin country 

exhibits the lowest variability while that of Sri Lankan immigrants in origin countries 

shows the highest variability. 
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       Table 6. 3  

       Descriptive Statistics 

Variable Obs Mean SD Min Max 

ln(TA) 551 (n=29, t=19) 9.3566 1.2536 6.1485 12.8600 

ln(LEI) 551 (n=29, t=19) 9.1074 1.2386 5.9402 12.6051 

ln(VFR) 551 (n=29, t=19) 6.1177 2.3805 0.0000 11.3324 

ln(BUS) 551 (n=29, t=19) 6.4049 1.4267 1.7918 10.5905 

ln(INC) 551 (n=29, t=19) 10.1439 0.8223 7.8021 11.3567 

ln(P) 551 (n=29, t=19) 2.7335 2.4163 -4.9229 5.5257 

ln(SP) 551 (n=29, t=19) 1.6410 2.3790 -5.9389 4.3718 

ln(TRC) 551 (n=29, t=19) 9.1473 0.8220 6.0386 10.7081 

PLR 551 (n=29, t=19) 56.0132 2.7202 51.4167 61.2917 

WAR 551 (n=29, t=19) 0.2632 0.4407 0.0000 1.0000 

EF 551 (n=29, t=19) 6.4558 0.1727 6.2000 6.7700 

CL 551 (n=29, t=19) 3.8421 0.4885 3.0000 5.0000 

ln(TTRD) 551 (n=29, t=19) 2.4510 0.1354 2.0009 2.7290 

ln(IMG) 551 (n=29, t=19) 8.6207 2.4930 0.0000 12.1691 

 

6.4.1 Total Arrivals (Aggregate Tourism Demand Model)  

Table 6.4 provides empirical results for the aggregate tourism demand model. The 

results indicate that all the explanatory variables (control variables and independent 

variables) are significant either at 1% or 5 % except transport cost and migration, which 

are insignificant in the estimated models. F-statistics indicate that the overall models is 

significant at 1%.   

Income is the most influential factor for international tourism demand to Sri Lanka and 

statistically significant at p<0.01 in all four aggregate models estimated. Income level of 

international tourists positively affect tourism demand to Sri Lanka, and a 1% increase 

in income leads to a 2.4387% increase in tourists arrivals in Sri Lanka, ceteris paribus,  

based on our final aggregate demand model (Model 4).  

The price is significant at p<0.01 in all four models estimated with the expected 

negative sign. As the estimated coefficient of price in all four models is less than one, 

tourism demand in Sri Lanka is price-inelastic. Based on our complete model (Model a 
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1% increase in price leads to a 0.6232% decrease in tourist arrivals in Sri Lanka, ceteris 

paribus. This finding is in linet with the previous empirical research findings. For 

instance, (Surugiu, 2011) and (Naudé, 2005) argued that international tourism demand 

to developing countries is less sensitive to variations in price. Consequently, lower 

elasticity is expected.  

Transport cost is not significant in any of the estimated models. This may be due to the 

fact that, a large portion of total arrivals in Sri Lanka is from Asian countries such as 

India, China,  the Maldives and many other Asian countries and for tourists from these 

countries, Sri Lanka is a short-haul destination. (Kim, 2017) state that for tourists 

originating from short-haul markets worry much little the transport cost.  On the other 

hand, substitute price is significant at p<0.01 in all four models with the expected 

positive sign. A 1% increase in prices in substitute destinations leads to a 1.1950% 

increase in tourist arrivals in Sri Lanka, ceteris paribus. Furthermore, the war dummy 

variable is significant at p<0.01 in all four models with a negative sign, indicating that 

presence of peace is a prerequisite for tourism development. 

Political risk is significant at p<0.05 in Models 2 and Model 4, with a  positive sign as 

expected (higher value for political risk means lower political risk). Based on the final 

model estimation (Model 4), a one unit improvement in political risk index, increases 

tourist arrivals in Sri Lanka by 0.0175%, ceteris paribus. This finding is in consistent 

with previous empirical findings. For instance, Xu (2019) argued that higher political 

risk in a destination country leads to lower tourism flows in that country. This is further 

confirmed by the findings of (Naudé, 2005) which state that the political risk/political 

stability in a destination country is an important factor in attracting international tourism 

flows at least from some countries thought it is not relevant for all countries according 

to their study. Therefore, maintaining political stability and lower political risk is an 

important determinant of international tourism demand. Moreover, Naudé (2005) 



199 

argued that inclusion of political risk as a variable, let the researcher to control for the 

origin country – side heterogeneity bias leading to reliable estimates of the other 

variables in the model.  

Both economic freedom and political freedom/civil liberty are highly significant at 

p<0.01 with the expected signs. The results suggest that higher levels of economic 

freedom and political freedom are linked to higher levels of international tourism 

demand in Sri Lanka.  The coefficients of both economic freedom and civil liberty in 

this study are greater than in the study done by Saha et al. (2016). In their study, the 

coefficients of economic freedom and civil liberty were 0.0739 (p<0.05) and 0.0985 

(p<0.1) respectively. However, in our study, they are 0.6570 (p<0.01) and 

0.1968(p<0.01) respectively. It is also important to mention here that, the study by Saha 

et al. (2016) was a cross-country study whereas our study is a study based on a single 

destination which is Sri Lanka and many origin countries. This indicates that both 

economic freedom and civil liberty in a destination affect tourism demand and the 

magnitude of the effect depends on destination and origin country.  

Trade  has a statistically significant (p<0.05) positive impact on tourism demand based 

on the both models estimated. This finding is in line with the previous studies done by 

Surugiu, (2011) and Liu (2018). According to the full model (Model 4) if trade between 

Sri Lanka and the origin country increases by 1%, tourism demand to Sri Lanka 

increases by 2.6%, ceteris paribus. 
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      Table 6. 4  

       Empirical Results (Dependent Variable = ln(TA)) 

Variable Model 1   Model 2   Model 3   Model 4   

ln(INC) 2.9288 *** 2.8389 *** 2.4776 *** 2.4387 *** 

  (0.4452)   (0.4105)   (0.3776)   (0.3649)   

ln(P) -0.6037 *** -0.6646 *** -0.5891 *** -0.6232 *** 

  (0.1767)   (0.1890)   (0.1931)   (0.2046)   

ln(TRC) 0.0262   -0.0236   -0.0531   -0.1163   

  (0.0633)   (0.1057)   (0.0825)   (0.0993)   

ln(SP) 1.2640 *** 1.2747 *** 1.1889 *** 1.1950 *** 

  (0.2421)   (0.2304)   (0.2383)   (0.2275)   

WAR -0.3044 *** -0.2391 *** -0.2813 *** -0.2264 *** 

  (0.0528)   (0.0448)   (0.0469)   (0.0419)   

PLR     0.0235 **     0.0175 ** 

      (0.0106)       (0.0079)   

EF     0.6570 ***     0.5991 *** 

      (0.0997)       (0.1264)   

CL     -0.1968 ***     -0.1872 *** 

      (0.0295)       (0.0327)   

ln(TTRD)         2.7812 ** 2.6000 ** 

          (1.1326)   (1.1159)   

ln(IMG)         0.0743   0.0644   

          (0.1725)   (0.1742)   

Cons -20.9366 *** -24.2410 *** -23.0142 *** -25.5742 *** 

  (4.6601)   (4.8394)   (3.8623)   (3.7936)   

N                     551   551   551   551   

R-sq                0.6393   0.6615   0.6682   0.6864   

adj. R-sq           0.6360   0.6565   0.6640   0.6806   

F-Stats 42.07    59.98    48.58    73.33    

F(P-value)  0.0000    0.0000    0.0000    0.0000   

Note: Robust standard errors in parentheses * p<0.1, ** p<0.05, *** p<0.01 

6.4.2 Leisure Tourism Demand 

The results for the model of demand for leisure/holiday tourism in Sri Lanka is given in 

Table 6.5. As can be seen, income is significant in all the models at p<0.01 with a 

positive sign. Income elasticity in the estimated models ranges from 2.5935 to 3.0106 

indicating that leisure tourism demand in Sri Lanka is highly sensitive to income level 

in the orgin countries. Based on the Model 4, a 1% increase in origin country tourists’ 

income levels  leads to a 2.558% increase in leisure tourist arrivals in Sri Lanka, ceteris 

paribus. This is slightly higher than the income elasticity for the aggregate model. On 
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the other hand, price is significant at p<0.1 in all four models estimated, and the price 

elasticity ranges from -0.6602 to -0.8317.   

On the other hand, travel cost is insignificant in all the models estimated for leisure 

tourism demand in Sri Lanka, despite the fact that the coefficient of travel cost has the 

correct sign. Inclusion of the transport cost in the model makes sense both theoretically 

and practically, given that travel cost represents a large slice of the total cost. However, 

the literature finds evidence for its significance and insignificance as discussed in detail 

in the literature review. For instance, Algieri and Kanellopoulou (2009) found that 

transport cost was insignificant in their tourism demand study. Substitute price is highly 

significant (p<0.01) and the coefficient ranges from 1.2141 to 1.3987 indicating that 

holiday tourism demand in Sri Lanka is very sensitive to the price levels in substitute 

destinations. At the same time, war is also highly significant (p<0.1) with the expected 

negative sign. This indicates that the presence of war in Sri Lanka decreases holiday 

tourist arrivals in Sri Lanka by around 2.6.48% to 32.80%, ceteris paribus.  

Both economic freedom and civil liberties (political freedom) are highly significant 

(p<0.1), indicating that higher levels economic and political freedom in the destination 

country encourages international leisure tourists. The magnitude of the effect of 

economic freedom in the holiday tourism demand model is considerably lower than that 

of the aggregate model whereas the effect of civil liberty on leisure tourist arrivals in Sri 

Lanka is very similar to that of the aggregate model. Moreover, political risk is a 

significant factor (p<0.05) in leisure tourism demand.  

Trade between Sri Lanka and the origin country is a significant variable (p<0.05) and 

leisure tourism demand is highly sensitive to the trade between the countries as the 

estimated coefficients are 2.2548 and 2.4073. This is a unique finding as there is no 

study, according to the best of our knowledge, which had attempted to investigate the 

link between holiday tourism demand and bilateral trade.  On the other hand, Sri 
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Lankan immigrants in origin countries is not a significant factor for holiday tourism 

demand in Sri Lanka.  

       Table 6. 5  

       Empirical Results (Dependent Variable = ln(LEI)) 

Variable Model 1   Model 2   Model 3   Model 4   

ln(INC) 3.0106 *** 2.9291 *** 2.5935 *** 2.5595 *** 

  (0.3635)   (0.3380)   (0.2914)   (0.2883)   

ln(P) -0.6687 *** -0.8317 *** -0.6602 *** -0.7996 *** 

  (0.1519)   (0.1734)   (0.1797)   (0.1966)   

ln(TRC) -0.0573   -0.0104   -0.1304   -0.0953   

  (0.0647)   (0.1160)   (0.0840)   (0.1017)   

ln(SP) 1.2842 *** 1.3987 *** 1.2141 *** 1.3251 *** 

  (0.2392)   (0.2290)   (0.2390)   (0.2294)   

WAR -0.3280 *** -0.2648 *** -0.3061 *** -0.2526 *** 

  (0.0478)   (0.0400)   (0.0412)   (0.0370)   

PLR     0.0298 **     0.0242 ** 

      (0.0115)       (0.0084)   

EF     0.4584 ***     0.4035 ** 

      (0.1362)       (0.1707)   

CL     -0.1965 ***     -0.1878 *** 

      (0.0310)       (0.0334)   

ln(TTRD)         2.5748 ** 2.4073 ** 

          (1.0834)   (1.0675)   

ln(IMG)         0.0867   0.0794   

          (0.1653)   (0.1666)   

Cons -21.1006 *** -24.3336 *** -23.1727 *** -25.7296 *** 

  (3.7950)   (3.9706)   (3.2743)   (3.1348)   

N                     551   551   551   551   

R-sq                0.6352   0.6548   0.6615   0.6775   

adj. R-sq           0.6318   0.6497   0.6571   0.6715   

F-Stats 56.94    51.11    57.45    58.95    

F(P-value)  0.0000    0.0000    0.0000    0.0000   

Note: Robust standard errors in parentheses * p<0.1, ** p<0.05, *** p<0.01  

6.4.3 VFR Tourism Demand 

VFR tourism demand is a little studied area in tourism as discussed in the literature 

review. It was found only a few studies on VFR tourism. The VFR demand model, 

estimated in this study is a comprehensive model which attempt to identify several 

factors that boost the VFR tourism demand for a destination in addition to the 

traditional economic factors. The results of the VFR tourism demand models are shown 
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in Table 6.6. Income is the most important variable for VFR tourism demand. Income 

elasticity in the estimated models ranges from 3.1241 to 4.0748 and is significant at 

p<0.01 in all the models.  

Price is significant in all models either at p<0.1 or p<0.01 except Model 3 where the 

price is insignificant. The estimated price elasticity in the complete model (Model 4) is 

1.4028 (p<0.01).  Interestingly,the  sign of the coefficient is positive  

Transport cost is a significant positive coefficient in the Models 1 and Model 3. 

However, it is insignificant in Models 2 and 4 with the correct, negative sign. Therefore, 

conclusive evidence could not be found to support the hypothesis that transport 

negatively and significantly affects VFR tourism demand in Sri Lanka. At the same 

time, the substitute price is not significant in any of the models estimated. This makes 

sense empirically as those who are visiting Sri Lankan friends and relatives, are unlikely 

to consider a neighbouring destination before making the travel decision.  

The war variable is significant in all the models either at p<0.01 or p<0.05 with the 

expected negative sign. Economic freedom and civil liberty were included  in Models 2 

and 4. In both models, civil liberty is insignificant, however, with the correct sign. On 

the other hand, economic freedom is significant in both models at p<0.01. the 

coefficient size is greater than the same for the aggregate model and the leisure tourism 

demand model indicating that economic freedom is more important for VFR tourism 

than for leisure tourism demand. Political risk is significant only in the Model 4 and has 

the correct sign. Therefore, economic freedom and political risk in the destination 

country are important factors in VFR tourism demand, at least in the Sri Lankan case. 

It is interesting to see that trade between Sri Lanka and the source country is an 

important determinant of VFR tourism. Trade is significant at p<0.01 in both models 

and has a considerably larger coefficient, indicating that VFR tourism is affected by 
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trade. This is a unique finding of this study, one that could not be found in the literature. 

As expected, Sri Lankan immigrants in source countries are positively related to VFR 

tourism. In both models this is significant at p<0.05. The coefficient in the final model 

(Model 4) indicates that a 1% increase in Sri Lankan immigrants in origin countries 

leads to a 0.7457% increase in VFR tourism demand in Sri Lanka, ceteris paribus. Out 

estimate is higher than that was estimated by Dwyer et al. (2014) which was 0.658%.  

      Table 6. 6  

      Empirical Results (Dependent Variable = ln(VFR)) 

Variable Model 1   Model 2   Model 3   Model 4   

ln(INC) 4.0748 *** 3.9276 *** 3.1890 *** 3.1241 *** 

  (1.0369)   (0.9840)   (0.8779)   (0.8673)   

ln(P) 0.6859 * 1.5095 *** 0.5376   1.4028 *** 

  (0.3508)   (0.4003)   (0.3930)   (0.4360)   

ln(TRC) 0.7539 *** -0.0395   0.6076 *** -0.2054   

  (0.1805)   (0.3032)   (0.1694)   (0.2743)   

ln(SP) 0.8171   -0.0778   0.6442   -0.2398   

  (0.5133)   (0.5003)   (0.5030)   (0.4884)   

WAR -0.3712 *** -0.3260 ** -0.3075 *** -0.2834 ** 

  (0.1243)   (0.1232)   (0.1085)   (0.1192)   

PLR     -0.0357       -0.0480 ** 

      (0.0259)       (0.0217)   

EF     1.9289 ***     1.7675 *** 

      (0.4623)       (0.4247)   

CL     -0.0201       -0.0088   

      (0.0884)       (0.0930)   

ln(TTRD)         5.5914 *** 5.4070 *** 

          (1.9105)   (1.8865)   

ln(IMG)         0.7751 ** 0.7457 ** 

          (0.3626)   (0.3603)   

Cons -45.2311 *** -47.6510 *** -54.6213 *** -55.4272 *** 

  (10.4331)   (10.8512)   (8.7566)   (8.8691)   

N                     551   551   551   551   

R-sq                0.6454   0.6548   0.6664   0.6741   

adj. R-sq           0.6421   0.6497   0.6621   0.6681   

F-Stats 59.10    54.41    58.76    52.91    

F(P-value)  0.0000    0.0000    0.0000    0.0000   

Note: Robust standard errors in parentheses * p<0.1, ** p<0.05, *** p<0.01 
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6.4.4 Business Tourism Demand  

Business tourism demand is another area which is less researched than others, despite 

its growing importance. The results of the business tourism model are given in Table 

6.7. Income is not significant in any of the models estimated. On the other hand, price is 

highly significant (p<0.01) in all models. It is worth noting here that all the price 

elasticities estimated in the business tourism demand model are positive although a 

negative sign was expected.  Transport is significant only in Model 2, and in all other 

models it is insignificant. Therefore, strong evidence was not found to state that 

transport cost is a significant determinant. Moreover, this may be due to the fact that 

most business travel is sponsored by a company, not paid for by the individuals. 

Furthermore, war is significant in all models, except Model 1, indicating that war 

negatively and significantly affects business tourism demand in Sri Lanka. Both 

economic freedom and civil liberty (political freedom) are highly significant factors 

(p<0.01) for business tourism demand. Moreover, the impact of economic freedom and 

civil liberty on business tourism demand is greater than that on non-business tourism. 

Therefore, economic and political freedom are more important for attracting more 

business tourists than for attracting non-business tourists. On the other hand, both 

political risk and migration are not related to business tourism demand. Surprisingly, 

total trade is significantly and negatively related to business tourism demand although a 

positive sign was expected. This could have happened due to the fact that Sri Lanka gets 

more business tourists from origin countries where it has few trade ties. It was 

experimented with several variables such as imports, exports and total trade as a 

percentage of GDP and could not find any positive relationship between trade and 

business tourist arrivals. This needs to be further investigated. 
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       Table 6. 7  

       Empirical Results ( Dependent Variable = ln(BUS)) 

Variable Model 1   Model 2   Model 3   Model 4   

ln(INC) -0.3588   -0.4189   -0.1281   -0.1512   

  (0.5030)   (0.5270)   (0.5003)   (0.2799)   

ln(P) 1.9832 *** 2.0729 *** 2.0129 *** 2.0850 *** 

  (0.2605)   (0.2406)   (0.2703)   (0.3239)   

ln(TRC) 0.0666   -0.3493 ** 0.1052   -0.2916   

  (0.1036)   (0.1325)   (0.1137)   (0.2228)   

ln(SP) -2.2312 *** -2.2958 *** -2.1875 *** -2.2421 *** 

  (0.3985)   (0.3890)   (0.3958)   (0.3370)   

WAR -0.4154   -0.2778 ** -0.4311 *** -0.2899 *** 

  (0.1115)   (0.1088)   (0.1074)   (0.0808)   

PLR     0.0133       0.0174   

      (0.0144)       (0.0201)   

EF     1.7472 ***     1.7954 *** 

      (0.2765)       (0.3312)   

CL     -0.6370 ***     -0.6417 *** 

      (0.0441)       (0.0774)   

ln(TTRD)         -1.4502 ** -1.7784 ** 

          (0.6837)   (0.6920)   

ln(IMG)         -0.1703   -0.1722   

          (0.2999)   (0.1516)   

Cons 7.7853   2.4460   9.9646 * 4.4063   

  (4.7524)   (4.9097)   (5.1533)   (3.1239)   

N                     551   551   551   551   

R-sq                0.2882   0.4077   0.2939   0.4157   

adj. R-sq           0.2817   0.3990   0.2848   0.3723   

F-Stats 51.41    105.33    40.33    36.43    

F(P-value)  0.0000    0.0000    0.0000    0.0000   

Note: Robust standard errors in parentheses * p<0.1, ** p<0.05, *** p<0.01 

 

6.5 Discussion and Implications 
In this study, we estimated both aggregate and disaggregate tourism demand models for 

Sri Lanka using annual data from 29 source countries across 19 years with the main 

intention of identifying the roles of institution quality and globalisation factors. the 

traditional economic factors were also included in the estimated models. The 

disaggregate tourism demand models estimated were leisure tourism, VFR tourism and 

business tourism. The main rationale behind the estimation of disaggregate models is 

that the various types of tourists can respond to both economic and non-economic 
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factors differently. Therefore, disaggregate analysis could provide more insights into the 

nature of the impacts of various factors on tourism demand as opposed to an aggregate 

model. Although the tourism demand modelling is an important task for tourism 

policies, the literature is dominated by the aggregate models which is largely attributed 

to the difficulty in obtaining disaggregate data. The disaggregated analysis done, could 

help uncover some important findings.  

Traditional economic factors such as income, price, transport cost and substitute price 

were included in the estimated models. Several important findings can be highlighted. 

When income is taken into account, we can observe that VFR tourism demand is more 

sensitive to income in origin countries whereas business tourism demand exhibits no 

significant relationship with income. It is evident here that magnitude of the effect of 

income on total international tourism demand is largely influenced by that of leisure 

tourism demand. This is in line with tourism demand theory and empirical findings in 

previous research, for example in Garín-Munoz (2006); Cho (2010); and Song  (2009). 

Since the estimated income elasticity is greater than one, Sri Lanka is seen as a luxury 

good (destinations) by  both holiday and VFR tourists. Moreover, (Lu, 2018) found that 

the income is the most significant variable in Asian countries and based on a meta-

analysis of tourism demand studies, Peng et al. (2015) found that Asian destinations 

have the highest income elasticity and average income elasticity for the Asian region is 

at 3.165% whereas that of Sri Lankan aggregate tourism demand is slightly less than 

that average. Therefore, this estimate makes sense both theoretically and empirically. A 

meta-analysis of tourism demand studies by Peng et al. (2015) reveals that average 

income elasticity is 2.401. Our estimate is slightly higher than this. Another study by 

Cortés-Jiménez and Blake (2011) found that income elasticity for holiday tourism 

demand ranges from 1.37 to 2.10. However, in that study the destination country was 

the United Kingdom and all the origin countries were developed countries ( France, 
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Germany, Spain, Italy, Ireland, Netherland, and the United States) and were from the 

Europe and the North America. Our estimates are considerably higher than the income 

elasticities estimated for VFR tourism demand in several developed countries, which 

ranged from 1.28 to 1.92 (Cortés-Jiménez, 2011). The estimates in our study are greater, 

may be due to two reasons. Firstly, Sri Lanka is an Asian destination and a developing 

country. Secondly, our study includes both developed countries and developing 

countries. Interestingly income was not a significant variable in the business tourism 

demand model.  

As far as the price variable is concerned, total arrivals and holiday tourism demand is 

negatively related to price whereas VFR and business tourism demand are positively 

related. A study by Peng et al. (2015) stated that average price elasticity for the Asian 

region is -1.456%. As far as holiday tourism is concerned, our estimates are within the 

range of average price elasticity for holiday tourism which is from -0.14 to -2.48 

(Cortés-Jiménez, 2011). However, the price elasticity of our holiday tourism demand 

model is considerably lower than the average price elasticity for holiday tourism which 

is -1.102 (Peng et al., 2015) . Furthermore, the average price elasticities of tourists from 

Africa, America, Asia Oceania and Europe to Asia are -1.767, -1.223, -1.818, -1.246 

and -1.436 respectively. Our estimate is considerably lower than these estimates and the 

average price elasticity for holiday tourism. Cortés-Jiménez (2011) found that the price 

elasticity ranges from 0.13 to -0.45. However, in this study all the origin countries and 

the destination country were developed countries. In general it is said that the tourism 

demand to less developed countries is not very sensitive to prices (Dogru, 2017). 

However, it seems that VFR tourism in Sri Lanka is highly sensitive to prices and prices 

and VFR tourism demand in Sri Lanka is positively related. (Surugiu, 2011) modelled 

the tourism demand to Romania and found that price is positively related to tourism 

demand. At the same time, in another study, Dogru (2017) found positive price 
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elasticities for some origin countries (France, the United Kingdom, Italy, and the United 

States of America). Positive price elasticity indicates that the VFR tourists consider Sri 

Lanka a high-quality service rather a highly expensive tourist attraction. Crouch (1995) 

argued that positive price elasticity could be due to two reasons, namely due to possible 

high-income effect or a complementary relationship with the competing destinations or 

both. Of these reasons, we find evidence to for a complementary relationship between 

competing destinations as can be seen by the substitute price coefficient, which is 

negative in all four models estimated. Further, Cortés-Jiménez and Blake (2011) found 

that several origin countries (Germany, Italy, Netherlands and USA) had positive price 

elasticity to the United Kingdom. In our analysis, all these four countries were included 

and represent a significant proportion of the business tourist arrivals in Sri Lanka. As 

leisure tourism demand in Sri Lanka which represents the largest proportion of tourism 

demand has a lower price elasticity compared to other Asian destinations, Sri Lanka has 

some competitive advantage over its rivals. As tourism in Sri Lanka is not very price-

sensitive decreasing prices seems not to be a viable strategy to attract international 

tourists for  two reasons. Firstly, it can decrease overall foreign exchange earnings and 

secondly it can lead to retaliation from  competing destinations such as the Maldives 

and India leading to unhealthy competition.  

Substitute prices are positively related to total international arrivals and holiday arrivals. 

Our estimate is greater than the average substitute price elasticity for holiday tourism 

which is -1.102 (Peng et al., 2015) and within the range which was estimated by Cortés-

Jiménez (2011), that stated that substitute destination price elasticities ranges from -7.01 

to 4.15.  As total international tourism demand and leisure tourism demand to Sri Lanka 

are very sensitive to prices in substitute destinations, Sri Lankan policy makers and 

providers of various tourism products in Sri Lanka, should closely monitor price levels 

in substitute destinations, in particular, in the Maldives and India. On the other hand, 
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substitute price is not a significant variable for VFR tourism demand. This makes sense 

as the main purpose of VFR tourists is to visit their friends and relatives, it is unlikely 

that they would consider price levels in competing destinations. Moreover, business 

tourism demand considers either the Maldives or India or both as complementary 

destination/s given that the coefficient is negative. Therefore, it seems worth 

considering joint promotion campaigns and joint packages by Sri Lanka and the 

Maldives and/or India for business tourists. 

On the other hand, war between the Sri Lankan government and LTTE had an adverse 

impact on all types of tourism demand. We do not observe a huge difference in the 

magnitude of the effect. This indicates that having a peaceful environment is a 

prerequisite for developing tourism industry in a country. Moreover, political risk was 

relevant only for aggregate tourism demand and VFR tourism demand.  

Both economic freedom and political freedom (civil liberty) were significant factors in 

the determination of total, leisure and business tourism demand. However, for VFR 

tourism demand,  only economic freedom was significant. Economic freedom has the 

greatest effect on VFR and business tourism demand. On the other hand, business 

tourism is more sensitive to civil liberty than total demand and holiday tourism demand. 

Given that no attempt has been made to investigate how the economic freedom and 

political freedom affect tourism demand at the disaggregate level, these findings are 

unique. Furthermore, these findings highlight the importance of institutional reforms 

that have the intention of improving both economic and political freedom to develop the 

tourism industry and achieve development goals. However, these reforms take a long 

time. The progressive initiatives towards improving these are of paramount importance. 

In this study, we also examined the impact of trade and migration on tourism demand. 

We found stronger linkages through trade with the origin countries could boost tourist 

arrivals to a destination. On the other hand, immigration does not have any statistically 
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significant effect on aggregate tourism demand. Katircioglu (2009) offered a plausible 

reason for the importance of trade in tourism demand, which states that growth in trade 

increases the capital investments including in the tourism sector, thereby enabling better 

service for the incoming tourists. This makes the destinations attractive to international 

tourists. At the same time, trade can make the people aware of a country and so they 

want to travel and experience it. However, the trade had a negative and significant effect 

on business tourism demand which needs further investigations. Interestingly trade has 

the greatest effect on VFR tourism followed by leisure and total demand. Moreover, 

immigration is only related to VFR tourism in this case.  Therefore, linkages between 

destination country and origin countries via trade and migration play an important role 

in developing the tourism industry. Therefore, policy makers should take these into 

account in their policy making process to better understand the nature of tourism 

demand. 

As discussed before, we see considerable differences in the magnitude of the effect and 

the direction of effect of both economic and non-economic variables on various types of 

demand. Moreover, size and direction of the effect of variables on aggregate demand 

seem to be largely influenced by leisure tourism demand as it represents a larger portion 

of total tourism demand. Therefore, this study highlights two important things for 

researchers into tourism demand. Firstly, disaggregate demand modelling by purpose of 

visit is required to better understand factors behind tourism demand. Relying on 

aggregate modelling can lead to inappropriate policies and decisions. Secondly, both 

economic  and non-economic factors need to be included in the tourism demand model 

given that tourism is a unique product which  cannot be fully explained by factors in the 

traditional demand model. 
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6.6 Conclusion and Policy Implications 
 

The main purpose of this study was to investigate the impact of institutional quality 

variables and globalisation factors on various types of tourism demand. We included the 

traditional economic factors as control variables in the model.  The majority of  tourism 

demand studies are aggregate studies and in particular there is only a very limited 

number of studies focusing on disaggregate studies such as leisure, VFR and business 

tourism demand. Therefore, this study makes an important contribution to the tourism 

demand literature by identifying the nature of the impact that the above variables can 

have on leisure, VFR and business tourism demand.  

Overall, the results obtained show that the estimated coefficients are plausible in terms 

of their statistical significance, expected signs based on economic theory, and the 

magnitude of the coefficients except for the trade variable in business tourism demand 

model. Income and price were a significant variable in all types of tourism demand 

models. However, VFR tourism demand showed the highest sensitivity to income 

whereas income was not a significant factor in determining business tourist arrivals in 

Sri Lanka. On the other hand, for VFR and business tourism demand, price elasticities 

were positive, meaning that for those tourists, Sri Lanka is a destination with high 

quality service rather than an expensive destination. Despite the fact of the very strong 

literature support for the inclusion of transport cost in the tourism demand model, we 

were unable to find any strong evidence to support its significance in any of the 

aggregate or disaggregate tourism demand models. Only for leisure tourists, India and 

the Maldives can be considered substitute destinations whereas for business tourists 

both or either of those two countries are complementary destination/s. Therefore, the 

government and destination planners should pay attention to this aspect, and explore the 

possibility of offering joint business tourism packages to boost the business tourism 

should also be explored as it is currently neglected or paid little attention to. Joint-
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government level collaboration to promote business tourism as it mutually beneficial to 

all countries involved. Substitute price was not a significant variable in the the VFR 

tourism demand model. Moreover, although it is important to keep an eye on tourism 

prices in competing destinations, it is not recommended to reduce tourism prices in Sri 

Lanka to attract international travellers there for two reasons. Firstly, it can lead to an 

overall reduction in foreign exchange earnings from tourism, as both leisure and VFR 

tourists (who represents more than 90% of the international arrivals) are less sensitive to 

price. Secondly, price reduction can lead to unnecessary competition, and retaliation 

from the competing destinations, leading to an unhealthy competition with the 

neighbouring countries. 

Both higher levels of economic freedom and political freedom/ civil liberty in general 

attract more international tourists to Sri Lanka. Moreover, VFR and business tourists are 

very sensitive to economic freedom whereas business tourism demand is more sensitive 

to civil liberty. This indicates the importance of institutional reforms aiming at 

achieving higher levels of economic freedom and political freedom to boost the tourism 

industry to achieve the government tourism revenue targets. However, it is not easy to 

achieve these in the short-run, as it needs a long-term commitment and approach to 

achieve it. In addition, it is also important to take measures to achieve political stability 

and lower political risk for tourism development.  

Our results confirm that trade between the destination country and origin country is 

positively related to other types of tourism such as leisure and VFR tourism, apart from 

business tourists. Furthermore, we found strong evidence for the claim that migration 

stock originating from Sri Lanka, residing in source countries is positively related to 

VFR tourism only. Brain-drain is a major problem in Sri Lanka as most of the talented 

professionals migrate- mainly to developed countries. The government and destination 

managers should take migration trends into account for better planning. Moreover, in 
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this study we demonstrate the importance of the disaggregate study of tourism demand 

by purpose of visit. Depending on aggregate tourism demand models could be 

misleading! 

There were several limitations to this study, which could affect the generalisation-ability 

of the results. Firstly, no countries from the Middle-East, or Africa were included in the 

analysis due to non-availability of data for the entire sample period. This could affect 

the generalisability of the results to these two regions. Secondly, only 29 origin 

countries were included in the study due to data availability issues. 

This study also has some implications for future research. In our study, migration is 

only related to VFR tourism, not other tourism demand such as leisure and VFR, 

although they are important in some other studies. Therefore, it is beneficial to further 

investigate why VFR tourism is important for leisure and business tourism in some 

countries, but not in some other countries as this link is a little researched area. 

Investigating the nature of business tourists and their motivation for visiting (by their 

purpose of visiting such as for selling their products, negotiation, events and exhibition 

etc.) Sri Lanka and other countries will lead to better understanding of their behaviour, 

which is currently neglected in the literature. 
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CHAPTER 07 

CONCLUSION 
 

7.1 Introduction  
 

Tourism demand studies have become popular among tourism economics researchers 

given their importance for tourism strategies, planning and policies. As noted in 

previous chapters in this thesis, there is a large body of literature on the topic. However, 

there are still some knowledge gaps. Some of these gaps have been identified in the 

thesis. The main aim of this thesis was to fill those knowledge gaps using Sri Lanka as a 

case study. Sri Lanka is an ideal case study as its tourism has been recovering from the 

end of war and tourism has been considered Sri Lanka’s engine of growth since 2009.  

This thesis consists of four studies related to tourism demand. The first study developed 

a number of forecasting models for predicting total international tourist arrivals and 

international arrivals from 10 major source countries in Sri Lanka while the second 

study investigated the uncertainty associated with international tourist arrivals in Sri 

Lanka using both aggregate and disaggregate models in two cases related to two 

periods, namely during the war and the post war. The third study examined whether 

there is any spillover effect among three neighbouring countries in South Asia, Sri 

Lanka, the Maldives and India. The final study focussed mainly on identifying whether 

institutional quality factors and globalisation factors are important in attracting 

international tourist arrivals. The rest of this chapter is organised as follows. The next 

section provides a summary and findings of each study. Thereafter, policy implications 

and recommendations based on each study are discussed in Section 3. Section 4 offers a 

discussion of the limitations of each study. In the last section, suggestions for future 

research based on the above four studies are offered. 
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7.2 Summary and Findings 
 

The first study developed forecasting models for predicting aggregate tourism demand 

and tourism demand from ten major source countries using monthly data from January 

1984 to December 2016 using the SARIMA approach which works better when the 

seasonality is an issue. The selected models were evaluated using data from January 

2017 to December 2017.  The models selected in this study for predicting aggregate 

demand and disaggregate models seem to have a very high out-of-sample accuracy. 

Moreover, it was revealed that achieving the government target of four million 

international tourists by 2020 seems impossible. The results of this study demonstrate 

that policy planners and makers need to undertake systematic detailed forecasting 

studies before setting their targets for tourist arrivals. 

The second study investigated another aspect of international tourism demand in Sri 

Lanka. Although forecasts are important for tourism planning and policies, those 

forecasts could backfire because of unforeseen future events as tourism demand is very 

sensitive to internal and external events as evidenced in Sri Lanka after the Easter 

Sunday terrorist attacks in April 2019. War, terrorism, and political violence are 

becoming the most important factors challenging modern tourism demand. Therefore, 

this study investigated how political violence affects the persistence of volatility and 

interdependencies between source markets. Moreover, in this study both aggregate and 

disaggregate volatility models were developed to get more insights into the issue. As the 

literature suggests that both symmetric and asymmetric effects could be present in 

tourism demand volatility, both ARIMA(p,q)-GARCH(1,1) and ARIMA(p,q)-GJR(1,1) 

techniques were used. Monthly data from January 1984 to December 2017 were taken 

into account in this study. Several important findings related to seasonality, the 

volatility of tourism demand and interdependencies between source markets were 

uncovered in this study. Firstly, strong seasonal patterns of international tourist arrivals 
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were found in aggregate arrivals and in arrivals from all ten major source countries. In 

general, December is the peak season whereas April-June and September-October are 

the two off-peak seasons. However, the seasonality of tourism demand from individual 

source countries differs from the seasonality of aggregate international arrivals. 

Moreover, no noticeable differences were found with regard to seasonality during and 

post-war periods. Therefore, at least in the Sri Lankan case, political violence does not 

affect seasonality of international tourism demand. Secondly, in the second study, 

empirical evidence for an asymmetric effect, a symmetric effect and no effect of news 

shocks on tourism demand, were found.  Thirdly, only tourism demand from China, the 

UK, Germany, France and Russia exhibits an asymmetric effect and all other selected 

source countries had a symmetric effect during the war period. Fourthly, none of the 

countries had an asymmetric effect during the post-war period. Therefore, it seems that 

political violence is likely to create  asymmetric effect of news shock on tourism 

demand from some source countries. Moreover, five source countries, namely, 

Germany, the Maldives, France, Russia and the USA showed no ARCH or GARCH 

effect during the post-war period. Another important finding of this study is that, in 

general, volatility during the war period was much greater than during the post-war 

period. This indicates that a peaceful environment is a pre-requisite for stable tourism 

demand. Finally, the analysis of volatility also reveals notable differences between the 

aggregate model and disaggregate models.  

Moreover, the second study also examined the nature of interdependencies in tourism 

demand among the major ten source countries using the DCC-GARCH (1,1) technique. 

Monthly data from January 1984 to December 2017 was used in the analysis. Several 

important findings were obtained from the analysis. Firstly, low to moderate levels of 

dynamic conditional correlations were identified between the source markets. 

Moreover, twelve country pairs had a dynamic conditional correlation greater than 0.30. 
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Secondly, international tourism demand from Asian countries except that of Japan 

exhibited a very low level of interdependencies with either Asian or other source 

countries. However, developed countries showed higher level of interdependencies 

compared to Asian source countries. Interestingly, such interdependencies were mainly 

between developed countries. Thirdly, although there was no significant difference in 

the mean value of dynamic conditional correlations during and post-war periods, 

correlations were subjected to greater variations during the war period. This indicates 

that political violence in destination countries creates more uncertainties and such 

uncertainties spillover to some countries, mainly from developed countries to developed 

countries. 

The third study attempted to identify the spillover effects of tourism demand among Sri 

Lanka, India and the Maldives. The specified model was estimated in two cases. In the 

first case, Sri Lanka, India and the Maldives were included whereas in the second case 

Sri Lanka, Kerala state of India and the Maldives were taken into account. The main 

reason for including Kerala in the second case is that Kerala is located closer to Sri 

Lanka, and shares with it quite similar socio-economic and climatic conditions, and 

offers similar kinds of tourism products. Therefore, India’s Kerala  could be a substitute 

destination for Sri Lanka. Monthly data from January 2001 to September 2019 was used 

for the first case and monthly data upto December 2017 were considered in the second 

case due to data unavailability for Kerala after that period. The main tools of analysis 

were the Granger causality test and the impulse response function based on a vector 

autoregressive model. The maim reason for using both the Granger causality test and 

the impulse response function is the inability of the Granger causality test to uncover 

indirect causality effects and the impulse response function could discover both direct 

and indirect effects. Therefore, combining both techniques provided a better insight into 

the issue at hand. This study was the first to investigate such spillover effects among 
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these three countries and these kinds of studies are rare in the tourism demand literature 

as well. 

Several important findings were uncovered by the third study. Granger causality tests 

confirmed bidirectional causality in the growth rates of international tourism demand 

between Kerala and the Maldives was found. While there was Granger causality 

running from Sri Lanka to the Maldives, there was no strong evidence for the other way 

around. Moreover, Granger causality from Sri Lanka to the Maldives was significant for 

the entire period. A bidirectional Granger causality could be seen in some of the rolling 

periods between Sri Lanka and Kerala. Interestingly, there was no differences in 

Granger causality during and post-war periods.  

In addition to Granger causality tests, impulse response function analysis was used in a 

complementary manner to get more insights into the issue and it revealed several 

important findings. Firstly, the own country effect in all countries has the highest level 

of response to shocks. Secondly, the response of international tourist arrivals in India to 

shocks to international arrivals in Sri Lanka and the Maldives is lowest. This indicates 

that international tourism demand in India is not much affected by the shocks to 

international tourism demand in Sri Lanka and the Maldives. Moreover, impulse 

response function analysis further revealed that international tourism demand in Sri 

Lanka and the Maldives are complementary products. This is the first study to identify 

this relationship. 

The fourth study was concerned with identifying factors affecting international tourism 

demand by leisure, business and VFR tourists. As the literature is very strong about the 

economic factors, the main focus of this study was how the institutional quality 

variables and globalisation variables affect various types of international tourism 

demand in Sri Lanka, being the first study to examine this at individual country level 

and at disaggregate level by purposes of visit. Traditional economic factors were 



220 

included in the models as control variables. Annual data from 1999 to 2017 (19 years) 

from 29 countries were used in a panel data model for the analysis. In general, the 

estimated coefficients were in line with the theoretical expectations in terms of sign and 

magnitude of the effect. When it comes to control variables, VFR tourism demand 

records the highest sensitivity to income, while the same variable is not a significant 

variable business tourism demand in Sri Lanka. Interestingly, both VFR and business 

tourists seem to consider Sri Lanka as a destination with high quality service, since the 

price elasticities were positive in both models. Although there is strong support in the 

tourism demand literature for the inclusion of the transport variable in the tourism 

demand model, no evidence was found for its significance either at aggregate level or 

disaggregate level. Substitute price variable was significant only in leisure and business 

tourism demand models and not in the VFR tourism demand model. Evidence was 

found for relevance of institutional quality factors (economic freedom and political 

freedom/civil liberty) in determining aggregate international tourism demand in Sri 

Lanka. Furthermore, both VFR and business tourists were very sensitive to economic 

freedom. On the other hand, business tourism demand showed the highest sensitivity to 

civil liberty. Trade between Sri Lanka and source countries was a significant variable in 

all types of tourism demand models in our study except business tourism demand. 

Moreover, Sri Lankan migration stock in source markets was positively significant in 

determining VFR tourism demand in Sri Lanka and was not a significant factor in other 

types of tourism demand models. 

7.3 Policy Implications and Recommendations 
 

The four studies that were carried out in this thesis yield some important policy 

implications and recommendations. Based on the forecasting models developed, Sri 

Lanka is unlikely to achieve its 2020 target of 4 million international tourists into Sri 

Lanka simply because the target is too ambitious and not based on a scientific method. 
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Therefore, relevant authorities in Sri Lanka should have a realistic approach to 

forecasting and use a scientific method like SARIMA method suggested in this study 

for forecasting. Although Sri Lanka is unlikely to achieve her future international 

tourism demand targets, international arrivals are growing at a rapid rate. Consequently, 

hotel occupancy rate stood at above 70% and shows an increasing trend. On the other 

hand, the government and private establishments in the tourism industry could take 

some actions to further boost international tourism demand in Sri Lanka such as 

carrying out promotional campaigns in major cities in major source countries, and 

increase connectivity between Sri Lanka and Asia and Western Europe given the 

importance of those markets to Sri Lanka. Moreover, it is important to take actions to 

encourage investments in new hotels and expanding room capacity in existing hotels to 

accommodate increasing numbers of future international tourists. Moreover, other 

infrastructure facilities, including those at the airport need to be further developed and 

trained labour should be attracted into the industry to maintain and improve the service 

quality.  

As the seasonality of individual countries differs from overall seasonality, promotional 

campaigns should be carried out in source countries where international tourists visit Sri 

Lanka in off-seasons. This will stabilise and decrease overall seasonality while 

providing a sustainable level of tourism demand. Furthermore, the second study carried 

out highlights the importance of analysing volatility at the disaggregate level given 

there is remarkable difference between the aggregate volatility models and disaggregate 

models. This approach to volatility analysis could help the destination country to create 

a portfolio of less risky tourism markets. Moreover, the uncertainty of international 

tourism demand needs to be considered along with tourism demand forecasts for better 

tourism planning and policies. This could help destinations management organisations 
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and the government to implement better recovery strategies rather than panicking or 

making ad hoc decisions in crisis situations. 

As  evidence was found for the existence of interdependencies between source markets, 

this information needs to be taken into account when designing marketing and 

promotion campaigns. For example, the UK and Germany, and the UK and Australia 

showed high level of interdependencies when visiting Sri Lanka. Therefore, marketing 

and promotion campaigns in these countries needs to be developed while paying 

attention to their interdependencies. At the same time, other source countries which 

showed less, or no interdependency, could be treated independently. 

As the Maldives and Sri Lanka are complementary destinations for international 

tourists, tour operators and governments should work closely with each other when 

carrying out marketing and promotional campaigns in source countries. Furthermore, 

joint tour packages including both countries could be developed.  

The last study in this thesis indicates the importance of institutional quality factors for 

attracting international tourists to Sri Lanka. As higher levels of economic freedom and 

political freedom (civil liberties) are associated with higher levels of international 

tourists, one way to boost international tourism demand is to create an environment with 

high economic and political freedom. However, this cannot be done overnight and a 

long-term approach to improving these factors is needed. As the migration stock in 

source countries is positively related to VFR tourism demand in Sri Lanka, government 

and DMOs should take this into account for better planning and policies. Moreover, this 

study sheds further light on the importance of analysing international tourism demand at 

the disaggregate level by purpose of visit, as opposed to the common practice of using 

aggregate demand models, to better and accurately understand how various types of 

tourists respond to both economic and noneconomic factors. 
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Moreover, although it is important to keep an eye on tourism prices in competing 

destinations, it is not recommended that tourism prices in Sri Lanka be reduced to 

attract international travellers to Sri Lanka for two reasons. Firstly, it can lead to overall 

reduction in foreign exchange earnings from tourism, as both leisure and VFR tourists 

(which represent more than 90% of the international arrivals) are less sensitive 

(inelastic) to price. Secondly, price reduction can lead to unnecessary competition and 

retaliation from the competing destinations, leading to unhealthy competition with the 

neighbouring countries. 

7.4 Limitations  
 

There were several limitations to the studies. The forecasting model development was 

based purely on historical data and no other variables were taken into account. Another 

event that affected the forecasts generated from the models developed, was the Easter 

Sunday attack carried out by the ISIS on churches and hotels in Sri Lanka on 21st April, 

2019. As the study was completed before this date, this event was not considered. 

Consequently, the forecasts generated may be affected by this event.  In the second 

study, only ten major countries were discussed. Including more countries in the analysis 

could yield better policy inputs. Moreover, in this study, due to data unavailability, total 

tourism demand was considered. However, volatility analysis by purpose of visit could 

reveal further insights into the issue. 

As far as the third study is concerned, several limitations could be identified. Firstly, 

international arrivals data for Kerala state was available only until December 2017, 

although the data for other countries was available until September 2019. Therefore, 

when estimating the model under Case 2, only up to December 2017 was considered. 

The other limitation of this study is that aggregate data was considered in this study. 

However, different types of tourists may behave differently. Therefore, analysing at a 
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disaggregate level by country of nationality and by purpose of visit may reveal more 

insights into the issue. Lastly, in this study only three countries were taken into account; 

including more countries in the model may be useful.  

There were several limitations to the fourth study that could affect the generalisability 

of the results. Firstly, no countries from either the Middle-East or Africa were included 

in the analysis due to non-availability of data for the entire sample period. This could 

affect the generalisability of the results to these two regions. Secondly, only 29 origin 

countries were included in the study due to data availability issues. 

7.5 Directions for Future Research  
 

There are several research directions stemming from the four studies in this thesis. To 

improve the accuracy of the forecasting models further, other techniques such as 

incorporating google trends into the SARIMA model, using artificial intelligence-based 

methods such as machine learning, could be explored. When analysing volatility, taking 

tourism demand by purpose of visit such as leisure, VFR and business may yield 

important findings and implications. When analysing the spillover effects among 

destinations, only three countries, Sri Lanka, India and the Maldives were taken into 

account. However, including more countries both Asian and other countries in a global 

vector regression model may be important. Moreover, this study was also based on 

aggregate demand. Analysing spillover effects among countries by purpose of visit may 

reveal more insights.  The last study points to some research directions. In this study, 

Sri Lankan migration stock in source countries was important only for VFR tourism 

demand, whereas some studies found evidence to support its relevance for leisure and 

business tourism demand. Consequently, as this link is a less-researched area, more 

research is needed to first, examine the link between migration stock and disaggregate 

tourism demand and second, investigate the nature of business tourists and their 
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motivation for visiting (by their purpose of visiting such as for selling their products, 

negotiations, events and exhibition etc.) Sri Lanka and other countries so as to better 

understand their behaviour, which is currently neglected in the literature. Future studies 

could also focus on this aspect. 
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