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Over the past decade, the tourism industry has contributed markedly to the 

global economy. In many less-developed regions, tourist-led development is considered 

as the ‘last straw’ to grasp in their attempt to create opportunities that will shrink the gap 

between developed and under-developed areas. Yet within the large body of tourist 

geography literature, very few studies have utilized ‘traditional’ economic geography 

and the regional study method to gain a deeper understanding of the industry. The 

analysis of tourist flows and their economic impact, as defined by rigorous economic-

geography theories and model, is necessary to improve our understanding of tourism 

from a regional perspective. Economic-geography based analyses will help us gain 

valuable insights into the spatial process of tourism and tourist-led development. The 

research in this dissertation provides a series of innovative geographical and 

econometric analyses to deepen our understanding of (a) the subsequent decision 

choices of tourists with respect to sequential tourist destinations; (b) the spatial effects 

(spatial dependence and spatial heterogeneity) in regional tourism growth as an 

outcome of tourist flows; and c) the related economic impacts and determinants of the 

associated multiplier effects of the regional tourism industry.
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CHAPTER  1 
INTRODUCTION 

With the increase of leisure time and personal disposable income and the relative 

decline of travel cost, tourism has become increasingly important as an economic 

activity in a society where recreation and relaxation have become essential to personal 

development. Although the concept of tourism as an economic activity seems to be 

intuitive, there is no consensus in the academic world on its definition. A frequently used 

technical definition of tourism comes from United Nations World Tourism Organization 

(UNWTO), and suggests that tourism comprises “the activities of persons travelling to 

and staying in places outside their usual environment ... for leisure, business and other 

purposes” (Medlik, 2003). According to this definition, tourism covers a large spectrum 

of travel and travel-related activities, which include tours and travel for business, 

socialization and religious purposes, medical care, and education. 

In modern society, tourism is no longer a trivial leisure activity, and it exerts 

significant economic, social, and political impacts. First, the tourism industry has been 

found to contribute markedly to the global economy. Now touted as the world’s largest 

industry, tourism accounted for 9% of the Global Gross Domestic Product (GGDP) in 

2010. In many less-developed regions, tourist-led development is now considered as 

the ‘last straw’ to grasp in their attempt to create opportunities that will shrink the gap 

between developed and under-developed areas. Within these regions, it is well 

understood the preliminary stage of tourism growth does not hinge on well-developed 

infrastructure or the intensity of financial investment, but rather on creating unique 

recreational experiences to satisfy potential consumers. 
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Apart from its extraordinary economic contribution, tourism also brings in 

considerable social, cultural, and political benefits. The satisfaction derived from various 

tourist activities provides a release from the stress of daily life. It has been widely 

accepted that the tourist’s travel experience and related interpersonal interactions are 

important for personal growth and development (Mannell & Iso-Ahola, 1987). Moreover, 

the communication and interaction between the hosts and guests facilitates the social-

cultural bond between people and places (origins and destinations), and provides a vital 

force for fostering peaceful relations between regions and cultures (Louis J, 1988). 

Geographers, who are particularly interested in spatial and temporal patterns of 

activities and flows, have been actively involving in tourism research (Nepal, 2009). As 

highlighted by Mitchell and Murphy (1991), the major contribution of geographic 

research in tourism lies on the breadth of its perspective, which is found through 

examining considerations that are environmental, cultural, social, economic, and geo-

historical. Moreover, the geographer brings spatial scale into the analysis, spanning the 

local, regional, and global aspects of the industry. Geographic theories of spatial flows 

and interactions have incorporated notions of distance decay, place perception, and 

place-dependence in modeling frameworks that seek to understand the movement of 

people from a spatial and behavioral perspective. Armed with tools such as Geographic 

Information Systems (GIS) and gravity models, geographers have been productive in 

tourism research (Nepal, 2009) and have gained a reputation (referred to as “the 

geographic advantage”) in their ability to solve tourism problems (Hanson, 2004). The 

study of tourist-related movement and the tourism impact on local and regional 

economies has become a popular topic in geography studies (Mitchell & Murphy, 1991). 
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Yet within the large body of geography literature on tourism, few studies have 

utilized ‘traditional’ economic geography and the regional study method to gain 

understanding of the industry and the implications of regional-based tourism for regional 

economic development. Debbage and Ioannides (1998, p. 4) described this 

phenomenon as “the silence of economic geographers,” and they ascribed this silence 

to the ‘non-industrialized’ nature of tourism (Debbage & Ioannides, 1998). However, 

with the boom of the tourism industry at both the global and regional scales, the 

analysis of the tourism industry using rigorous economic geography theories and 

models seems necessary and even urgent to improve our understanding of tourism 

from a regional perspective. It is the economic geographer that offers much in the way 

of facilitating analyses that can help us gain insights into the spatial process of tourism 

and tourist-led development, as well as local and regional tourism demand assessments 

and marketing strategies. 

Within the framework of economic geography and regional studies, this research 

applies various spatial and economic models to investigate three issues in tourist flows 

and economic impacts. The first two issues focus on the process and mechanism of 

tourist flows from demand-side and supply-side perspectives (Chapters 2 and 3, 

respectively), whereas the third issue concerns one of the major impacts that tourist 

flows exert on the local community, the economic impact (Chapter 4) (Figure 1-1). 

These three issues are interconnected with each other. First, to gain a comprehensive 

picture of tourist flows and tourism growth, both demand-side and supply-side analyses 

are indispensable. The demand-side study sheds light on the consumer-related factors 

influencing tourist flows, such as socio-demographic attributes of individual tourists, 
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whereas the supply-side study looks into destination-related determinants of tourist 

flows from a regional perspective. Second, both demand-side and supply-side factors 

would relate to the economic impact of tourism. For example, the expenditure pattern of 

individual tourists and local industrial structures inevitably influence how the economic 

benefits are distribute over various economic sectors of the local and regional economy 

and how much the total benefits could be. 

Chapter 2 focuses on the modeling of multi-destination tourist movement from 

the demand side. Although a large segment of the tourism literature has been devoted 

to tourism demand analysis (Baltas, 2006; Crouch, 1994a, 1994b, 1995; Ryan, 2003; 

Song & Li, 2008; Song & Witt, 2000; Song, Witt, & Li, 2003), much less attention has 

been paid to decision-making processes as defined in a multi-destination tourism 

context (Stewart, 1997; Tideswell & Faulkner, 1999; Wu, Zhang, & Fujiwara, 2011b). 

The single-destination assumption adopted by most destination-choice models is 

problematic and lacks validity, given it does not take into account considerations for how 

the organizational aspects of tourist destinations affect tourist movement and spatial 

demand. To fill in this research gap, three-level nested logit model incorporating spatial 

configuration factors is applied to estimate tourists’ choice of subsequent destinations. 

The approach taken in this dissertation represents one of the first attempts to consider 

spatial configuration in a micro-level oriented, multi-destination tourism choice context. 

Chapter 3 focuses on two spatial effects or outcomes: spatial dependence and 

spatial heterogeneity.  These effects/outcomes are examined in a supply-side regional 

tourism growth model. The importance of various destination attributes such as 

infrastructure, urbanization economies and localization economies is also considered 
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and analyzed according to their contributions to regional tourism growth under the 

rigorous empirical framework of a spatial growth model (Capone & Boix, 2008; 

Lazzeretti & Capone, 2009). To date, no known tourist research has considered these 

spatial effects in tourism growth in an integral way; and hence, this study fills a gap in 

the literature. More specifically, this study will introduce a geographically weighted 

spatial Durbin model to account for both spatial dependence and spatial heterogeneity. 

The modeling approach adopted in this dissertation will provide output that will enable 

national and regional governments to better propose and target specific tourism 

development plans as they seek to take full advantage of various destination-related 

factors. 

Chapter 4 focuses on the various economic impacts of tourism and the variability 

of impact across different regions. In the tourism economic impact literature, a large 

variation in the calculated multipliers has been observed (Archer, 1995; Archer & 

Fletcher, 1996; Heng & Low, 1990; Mbaiwa, 2005; Stoeckl, 2007). Therefore, it is 

necessary to recognize the essential factors explaining tourism’s economic benefits 

across regions so that reasonable estimates on multipliers can be found once region-

specific determinants of economic impact are identified (Baaijens & Nijkamp, 2000; 

Baaijens, Nijkamp, & Van Montfort, 1998; van Leeuwen, Nijkamp, & Rietveld, 2009). To 

fill the research gap, an input-output (I-O) modeling framework will be applied. Relying 

on inter-sectoral linkage measures from an I-O table encompassing regional economic 

linkages across 30 provinces in China, the impact of tourism will be highlighted. Several 

multivariate statistical analysis techniques will be employed to uncover the pattern of the 

forward and backward linkage structures related to China’s tourism industry. 
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Furthermore, a latent class regression model is applied to analyze determinants of the 

tourism economic multipliers and identify several latent classes of tourism economic 

impacts based on the sample of China’s provinces.  
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CHAPTER 2 
MODELING SEQUENTIAL TOURIST FLOWS: WHERE IS THE NEXT DESTINATION?  

Chapter Summary 

This chapter analyzes the subsequent decision choices of tourists with respect to 

sequential destinations: why they visit a given destination after visiting a previous one 

and where are they most likely to go. Using a dataset from an on-site tourist survey in 

Nanjing, China, this decision process is partitioned it into three stages, and a nested 

logit model is used to estimate the determinants in each stage. Apart from tourist 

individual characteristics and destination attributes, it is found that the spatial 

configuration of destinations (spatial structure) also tends to influence tourists’ 

destination choice. Finally, a series of simulations are carried out to understand the 

competition/substitution patterns between subsequent destinations. 

Background 

The study of tourists’ destination choice is an important topic in tourism studies 

as it shed lights on the nature and patterns of individual tourism demand. The focus on 

the decision-making process of individuals provides a platform that more accurately 

reflects demand levels from particular tourist segments rather than relying on aggregate 

demand models that tend to overlook the determinants of destination choice (Baltas, 

2007). The majority of approaches investigating tourists’ destination choice have been 

couched in traditional frameworks that highlight origin-to-destination tourist movement. 

These studies assume that there is only one destination in tourists’ itinerary (Nicolau & 

Más, 2008; Santos, Ramos, & Rey-Maquieira, 2012; Wu, et al., 2011b). Under this 

single-destination assumption, it is believed that tourists’ itineraries, in light of numerous 

alternatives, are made according to the expected utility associated with visiting various 
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destinations that are part of individuals’ destination choice sets. Preferences are 

typically shown toward destinations that offer the greatest amount of expected utility, in 

relation to individual characteristics or preferences of the tourists and particular 

attributes of the destinations in question (Seddighi & Theocharous, 2002; Wu, Zhang, & 

Fujiwara, 2011a).  

Although a large segment of the tourism literature has been devoted to 

investigating tourists’ single destination choice, much less attention has been paid to 

this decision-making process in multi-destination tour circumstance. Along with a multi-

destination tour, tourists gain extra utility from experiencing a series of different 

destinations or diversified tourist attractions and activities. In order to maximize potential 

utility while minimize expenses to a particular region/area, tourists tend to visit to more 

than one destination in a single tour; taking advantage of locations or regions that offer 

bundled tourist sites or activities (Smith, 1983). Therefore, the single-destination 

assumption adopted by most destination-choice models is problematic and lacking 

validity given it does not take into account considerations for how the organizational 

aspects of tourist destinations affect tourist movement and spatial demand. More 

importantly, according the theoretical microeconomic models by Santos, Ramos and 

Rey-Maquieira (2011), the determinants of destination choice under a single-destination 

trip framework might be different from those couched under the multi-destination 

hypothesis. 

In modeling individual tourist destination choice, another category of 

determinants that previous research has ignored is the geographic factor. While factors 

like the effects of spatial structure-- the organizational layout and attributes of tourist 
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destinations-- as well as competition between destinations and the impact of 

intervention opportunities or substitute locations have been used in aggregate 

tourism/recreation demand modeling (Fesenmaier & Lieber, 1985; Hanink & Stutts, 

2002; Kim & Fesenmaier, 1990; Mings & Mchugh, 1992), none have been included in 

micro-level or individual tourist demand models to capture or model sequential tourist 

flows in relation to the demand for multiple tourist locations. Spatial configuration is an 

important concept to consider in that it is a reflection of a long-term process and the 

degree to which alternative destinations or activities locate over geographic space 

(Bernasco, 2010; Elhorst & Oosterhaven, 2006; Pellegrini & Fotheringham, 2002). As 

tourists at given areas are likely to visit neighboring areas or proximate secondary 

destinations, the consideration of spatial configuration offers many possibilities to 

measure the potential attractiveness of a destination based on the attractiveness of 

nearby destinations that are part of a “spatial bundle”. Therefore, spatial configuration 

effects must be taken into account to measure the extent to which various locations may 

have augmented attractiveness from multi-destination and secondary tourist locations 

found within or near primary tourist locations. 

To fill in the research gap discussed above, a nested logit model incorporating a 

spatial configuration factor to estimate tourists’ choice of subsequent destination is 

applied; based on information obtained from an on-site tourist survey in Nanjing. A 

three-level decision-making process is considered. First, a tourist at a primary tourist 

location is assumed to first consider whether to move on to a subsequent destination or 

return home. Second, those opting to continue must then select the type of subsequent 

destination. Thirdly, they must finally choose a specific subsequent destination within 
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that particular type from the subset of feasible destinations that fall within that type. This 

multi-stage destination choice process has been validated in the context of single-

destination tourism (Eugenio-Martin, 2003; Nicolau & Más, 2005, 2008; Seddighi & 

Theocharous, 2002), yet the link to how the decision-making process is affected by 

spatial configuration is largely absent in the literature. To the best of my knowledge, this 

study represents one of the first applications to consider spatial configuration in the 

context of micro-level oriented multi-destination tour. 

Literature Review 

Destination Choice of Tourists 

Research on tourist destination choice has adopted random utility theory, a 

classic micro-economic theory that emphasizes rank-order utility maximization among a 

set of alternative destinations (Huybers, 2003a, 2003b, 2005; Nicolau & Más, 2008). It 

states that when tourists make decisions, they compare the utility of each choice for a 

given destination choice set. Though utility is an unobserved quantity, one could 

observe people’s actual choice; and hence, the rank of utility of each choice alternative 

can be deduced from observation. In the case of tourist destination choice, a tourist is 

assumed to compare the utility he/she expects to obtain from visiting a particular 

destination and chooses the one with the greatest expected utility. The use of discrete 

choice models is compatible with the economic principle of utility maximization, where 

the utility of a given destination is a function of tourists’ socio-demographic profiles and 

the attractiveness of destinations as defined by their attributes.  

Since tourist destination choice is regarded as a complicated decision-making 

process, with a large number of heterogeneous choices, many studies have suggested 

that this process involves multiple stages; where tourists are assumed to make 
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decisions sequentially (Eugenio-Martin, 2003; Nicolau & Más, 2005, 2008; Seddighi & 

Theocharous, 2002). Two types of discrete-choice models have been applied to validate 

this multi-stage process: the nested logit model (Huybers, 2003a, 2003b, 2005; Wu, et 

al., 2011a) and the error-component logit model (Nicolau & Más, 2005, 2008). In the 

former model, a nested structure is specified for individual stages of the decision-

making process, while in the latter model (which involves a special type of a mixed logit 

model), decisions at different stages are captured by specifying random effects to 

represent the nested structure. 

Although much of the current tourist literature is devoted to analyzing tourist 

destination choice, nearly all of these studies assume that tourists choose only one 

destination (Lue, Crompton, & Stewart, 1996; Tideswell & Faulkner, 2003). Hence, the 

choice outcome of the empirical model is a single destination that is typically the primary 

destination. Two exceptions come from  Nicolau and Más (2005) and Wu, Zhang, and 

Fujiwara (2011b). Nicolau and Más (2005) examined the decision to take multi- or 

single-destination vacations while Wu, Zhang, and Fujiwara (2011b) applied a universal 

logit model to analyze destination choice with future dependence. As multi-destination 

tourist floes are very common, it is essential to further our understanding of multiple-

destination choices as they relate to the attributes and the geography of destinations 

and tourist related policy implications. 

Multi-destination Tour 

In tourism research, much attention has been paid to understanding the factors 

contributing to destination choice, intention, and the extent of multi-destination tour. This 

chapter has largely focused on the questions of why tourists are visiting more than one 

destination and how many destinations they will stay during a single tour? These efforts 
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generally include both supply-side and demand-side factors. Supply-side factors 

indicate the opportunity to visit distinct destinations based on location-specific attributes, 

while demand-side factors, such as individual tourist characteristics, reflect tourists’ 

desire to visit more than one destination based on the need to fulfill an overall tourist 

experience (Wu & Carson, 2008). 

On the supply side, it has been shown that the compatibility to a previous 

destination is an important consideration when tourists are making decisions regarding 

their next destination choice. As argued by Bristow, Lieber, and Fesenmaier (1995) and 

Jeng and Fesenmaier (1998), the increase in utility from multi-destination tour is 

conditional on the compatibility of each destination included in the tour. Jeng and 

Fesenmaier (1998) used the term ‘perceived similarity’ to describe the compatibility 

between destinations and asserted that destinations which are geographically proximate 

to each other are more likely to be perceived as similar destinations by tourists. 

However, according to Lue, et al. (1996), the cumulative attractiveness will be enhanced 

if the secondary destination is dissimilar from the previous one by offering a more 

diverse tourist experience. Whether the cumulative attraction derives from similar or 

complementary (diverse) attractions is a matter of speculation and depends greatly on 

the context and nature of the tourist experience and the needs of the individuals within a 

group. Nonetheless, Lue et al. (1993) have argued that multi-destination choice will be 

affected by spatial structure as well as the geographic scale at which the research is 

being conducted. 

From the demand side, a large number of studies have examined the 

determinants of multi-destination tourism, concluding that single- and multi-destination 
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tourists differ in terms of demographic profiles, trip types, motivations and intentions, 

service quality assessments, and their propensities to participate in cultural activities 

(McKercher & Wong, 2004). Various social-economic characteristics of individual tourist 

are found to determine tourists’ intention and extent or duration of multi-destination 

tourism. Multi-destination tour patterns can vary greatly depending on tourist motivation, 

travel distance, familiarity of sites based on past visitation, party size and organization, 

mode(s) of transport, time and cost constraints, and information sources (Tideswell & 

Faulkner, 2003).  

Although past research has shed light on the various factors determining tourists’ 

intention and the extent of multi-destination tour as related to their needs and 

characteristics, there remains a significant gap in our understanding of why tourists 

select a particular destination during a multi-destination tour. To investigate these 

factors, many statistical and econometric methods have been applied, such as conjoint 

analysis (Lue, et al., 1996), linear regression models (Bristow, et al., 1995; Tideswell & 

Faulkner, 1999), and count data models (Santos, et al., 2012). The use of discrete 

choice models to study multi-destination tourism has been limited to the work of Nicolau 

and Más (2005) and Wu, Zhang, and Fujiwara (2011b). However, up to now, no known 

research in this area has employed a discrete-choice model to examine the exact 

subsequent destination choice in situations specifically involving multi-destination tour. 

Spatial Configuration and Tourism Demand 

As tourists’ decision-making process on destination choice can be regarded as a 

spatial choice process, it is necessary to review some background theories of spatial 

choice as couched from a geographic perspective. Pellegrini and Fotheringham (2002) 

have stated that several issues are raised specifically for spatial choice decision and 
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emphasized the importance of examining the inherent spatial patterns among observed 

choices. Because of limitations to people’s ability to process large amounts of 

information, a hierarchical information-processing strategy is likely to be used when the 

destination choice set is large. In order to capture the decision-making process, spatial 

configuration factors should be included in the spatial choice model (Fotheringham, 

1988). To reproduce the real situation of the spatial choice, various spatial configuration 

factors have been incorporated in discrete choice modeling (Arentze, Oppewal, & 

Timmermans, 2005; Bernasco, 2010; Cascetta, Pagliara, & Papola, 2007; Cascetta & 

Papola, 2008; Pellegrini & Fotheringham, 2002). A common measurement of the spatial 

configuration effect is the accessibility of an alternative to all other alternatives. When 

used in a spatial interaction context, the estimated coefficient for location accessibility 

provides an indication of the competition/substitution patterns between different 

destination alternatives; where a positive coefficient suggests an agglomeration effect of 

alternatives while a negative coefficient suggests a competition effect (Fik, 1988; Fik, 

Amey, & Mulligan, 1992; Fotheringham, 1985). 

In aggregate tourism demand research, many researchers have emphasized the 

importance of spatial configuration effects (Fesenmaier & Lieber, 1985; Hanink & Stutts, 

2002; Kim & Fesenmaier, 1990) and the need to incorporate the impact of spatial 

structure in modeling tourist movement (Koo, Wu, & Dwyer, 2012; Lin & Morais, 2008; 

Tideswell & Faulkner, 1999). Due to the lack of attention paid to spatial structure effects, 

many destination choice models lack transferability between study areas (Lue, et al., 

1993). It is now accepted that multi-destination decision-making and behavior is 

dependent on the spatial configuration of destinations (Hwang, Gretzel, & Fesenmaier, 
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2006). More specifically, measures of centrality, connectedness/connectivity, 

directionality, and network structure have been found to influence aggregate multi-

destination tour patterns of tourists in Midwestern states in the U.S. (Hwang & 

Fesenmaier, 2003). However, to date, no known research has incorporated spatial 

configuration factors to explain the destination choice of individual tourists. In essence, 

this study will be one of the first attempts to investigate the spatial configuration effect in 

disaggregate tourism demand research with individual tourist data. 

Model Specification 

In this chapter, a three-stage decision-making process is specified. After visiting 

a particular destination, tourists are assumed to make decisions regarding their next 

stop sequentially. In the first stage, they choose to move on to the next destination or go 

back home. In the second stage, conditional on visiting subsequent destinations, they 

are facing a decision on the type of subsequent destinations to incorporate the 

hierarchical information-processing strategy (Pellegrini & Fotheringham, 2002). In the 

third stage, tourists choose the exact destination based on the type they select in the 

second stage. 

In order to estimate the three-stage subsequent destination choice model, 

tourists are assumed to make a rationalized decision and select the destination that 

maximizes their individual utilities. A natural and popular estimation procedure that is 

consistent with this assumption is the nested logit model. Compared to other discrete 

choice models, like the multinomial and the conditional logit models, it is in line with 

independence from irrelevant alternatives, by assuming the sequential process of 

making choices. This suggests that all choices are grouped within particular nests. 

Along with the decision-making process, the individual makes the choice of nests first, 
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and then choose alternatives within that nest. First, I specify the total utility function of 

final choice t (given first-stage choice m and second-stage choice r) as: 

mrt mrt mrtU V                                                (2-1) 

where the overall utility is represented as the sum of two parts: the systematic or 

deterministic component, mrtV , and the stochastic component, mrt , which is assumed to 

follow a Gumbel distribution. Assume that one can decompose the stochastic 

component as a sum of utility from different stages and use explanatory variables at 

different stages to explain the corresponding utility, the systematic component 

becomes: 

mrt m r t m r tV V V V Z Y X                              (2-2) 

where Z, Y, and X are the row vectors of variables for the first-, second-, and third-stage 

decision making, respectively. 

Let C1, C2, and C3 represent the choice variables for the first-, second-, and third-

stage, respectively. Consistent with utility maximization assumption, the probability of 

visiting subsequent destination t (C3 = t) can be written as a product of the conditional 

probabilities in each stage: 
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where Nr is the number of alternatives in the nest of C2 = r, Nm is the number of second-

stage alternatives in the nest of C1 = m, and N is the number of first-stage alternatives. 

Moreover, 
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Note that rI , jI  , *

mI , and *

iI  are called “inclusive value”, reflecting the expected value 

of utilities derived from all alternatives within the nest. The coefficient on the inclusive 

value, δ , measures the relevance of the nested structure, and this value should fall 

between 0 and 1 to be consistent with random utility maximization (Hensher, Greene, & 

Rose, 2005). The NLOGIT 5.0 package is utilized to estimate this model via fully 

information maximized likelihood estimation, which estimate the parameters 

simultaneously in the likelihood function. The contribution of an observation i to the log 

likelihood of the model is:  

1 2 1 3 2 1log log ( ) log ( | ) log ( | , )i i i iL P C m P C r C m P C t C r C m             (2-5) 

To estimate the model defined above, one must first specify the determinants for 

decisions made at different stages; that is, to choose independent variables Z, Y, and X 

in the utility function. For Z, variables determining the first stage decision-making, I 

include individual tourist’s characteristics, like night (nights of stay in Nanjing), pastvisit 

(number of previous visits to Nanjing, 1=0; 2=1; 3=2-3; 4= 5 and above), age (age of 

tourist, 1=14 and below; 2= 15-24; 3=25-44; 4=45-64; 5=65 and above), motivation 

(1=vacation; 2=sightseeing; 3=VFR; 4=others), organization (1=by affiliations; 2=with 
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families and friends; 3=by travel agencies; 4=alone). For Y, variables influencing the 

second-stage decision on selecting the destination type, I select another individual 

tourist characteristic variable, distance1, which measures the distance from tourist’s 

residence to Nanjing (in 100km). Finally, for X, variables explaining the final choice of 

the exact subsequent destination, a set of destination attributes are chosen. It includes 

attraction (number of AAAA scenic spots in the destination), distance2 (distance from 

Nanjing to the subsequent destination alternative, in 100km), distance3 (distance from 

the subsequent destination alternative to residence, in 100km), and CD, which is the 

competing destination effect specified as: 

                           
tj t

j
j

t

d d tj

attraction
CD

d

                      (2-6) 

where t indexes a particular subsequent destination alternative, and j indicates other 

destination alternatives. dtj is the distance between destinations t and j, while dt is the 

distance from Nanjing to Destination t. Following hierarchical competition framework 

(Fik, 1988; Fik, et al., 1992), only destinations shown in Table 2-1 are counted in the 

calculation of variable CD.  

Data Description  

The dataset used in this research comes from the provincial domestic tourist on-

site survey of Jiangsu province in 2007. The Jiangsu domestic tourist survey is 

conducted by Jiangsu Tourism Administration, and the questionnaires are distributed to 

domestic tourists in scenic spots and hotels of thirteen cities in Jiangsu. In this survey, 

various questions cover individual social-demographic information, trip characteristics, 

and trip satisfaction. As far as I am concerned, this survey is one of the most 

comprehensive domestic tourist surveys in China, considering its sample size, the 
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scope and variety of questions, and the heterogeneity of surveyed tourists. The 

responders were screened on the basis of two criteria. Only those traveled to a 

destination at least 10 km away from home and spent at least 6 hours for tourism were 

retained in the sample.  

Note that in this study only the data from Nanjing is considered, the capital of 

Jiangsu province. As the overarching research goal, I focus on tourists’ subsequent 

destination choice after visiting Nanjing. Table 2-1 presents the top-ten tourists’ choice 

for subsequent destinations. They are Beijing, Shanghai, Hangzhou, Suzhou, 

Huangshan, Nantong, Changzhou, Yangzhou, Wuxi and Zhenjiang. As suggested by 

Table 2-1, the market share of each subsequent destination is positively related to the 

number of tourist attractions and negatively associated with the distance from Nanjing. 

For example, although there are a large number of tourist attractions in Beijing, due to 

its large distance from Nanjing, only a small proportion of tourists will choose Beijing as 

a subsequent destination after visiting Nanjing. Table 2-1 also provides the description 

of these ten subsequent destinations. It shows that they vary considerably in population 

size, the number of tourist attractions, and the distance from Nanjing.  

The locations of these destinations are shown in Figure 2-1. Located in Eastern 

China, Nanjing is the capital of Jiangsu Province, an important city on the middle and 

lower reaches of the Yangtze River. Six of ten subsequent destinations are located in 

the same province as Nanjing, namely, Yangzhou, Zhenjiang, Changzhou, Wuxi, 

Suzhou and Nantong. Figure 2-1 demonstrates their locations relative to Nanjing. Eight 

of ten destinations locate in Yangtze Delta Area. The other two, Huangshan and Beijing, 

are relatively distant from Nanjing. One in Anhui Province to the south of Nanjing, and 
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the other is national capital to the north. According to their distance to Nanjing and their 

attractiveness measured by the number of AAAA scenic spots, I categorize these ten 

subsequent destinations into two groups (Table 2-1). The first group (Type A and C2 = 

1) includes Shanghai (C3 = 1), Suzhou (C3 = 2), Hangzhou (C3 = 3), Huangshan (C3 = 

4), and Beijing (C3 = 5). They are distant from Nanjing, and enjoy the reputation as a 

national-wide destination with ample tourist attractions. The other group (Type B and C2 

= 2) includes cities nearby Nanjing with less tourist attractions, like Yangzhou (C3 = 6), 

Changzhou (C3 = 7), Zhenjiang (C3 = 8), Nantong (C3 = 9), and Wuxi (C3 = 10). This 

categorization of destinations was also corroborated by the preliminary estimation 

results from a degenerate nested logit (Hensher, et al., 2005, pp. 577-580).  

Figure 2-2 illustrates the decision tree embedded in the three-level nested logit 

model. In the first stage, tourists visited Nanjing choose to move on to the next 

destination (C1 = 1) or go back home (C1 = 2). In the second stage, I consider two types 

of subsequent destinations: Type A and Type B, as previously specified. In the third 

stage, the alternative destinations include five in Type A and five in Type B. There are 

totally eleven alternatives for final choice: ten subsequent destinations and home. It 

should be noted that, tourists may face different alternatives in the choice set. If they are 

living in one of these ten subsequent destinations, that destination should be excluded 

from the choice set, leaving ten alternatives for the final choice.  

According to the report published by Nanjing Tourism Administration, the total 

number of domestic tourist arrivals to Nanjing was 44.89 million in 2007. Of these 

tourists, 26.48% came from Jiangsu Province and 9.52% from Zhejiang Province. Their 

average expenditure in Nanjing was 1,131 Yuan RMB, with 17.09% spent on 



 

32 

accommodation and 14.53% on food and beverage. Table 2-2 presents the descriptive 

statistics for the dataset used in this chapter. In total, the dataset consists of 3,055 

observations of tourists in Nanjing. The top panel shows statistics for continuous 

variables, while the bottom panel shows those for categorical variables. As shown in the 

table, the tourist in Nanjing covers a broad geographic range, and the travel distance to 

Nanjing (distance1) ranges from 44.5 km to 3849.7 km, with an average distance of 

538.8 km. In terms of tourists’ nights of stay, although the average value is 1.823, some 

tourists tend to stay far longer, such as the maximum value of 14 nights. For categorical 

variables, the table shows nearly half of the tourists in sample are first-time tourists to 

Nanjing, and 58% aged between 25 and 44. In terms of tourists’ organization patterns, 

44.58% of them are traveling with families and friends, while 26% travel alone. As for 

tourism purposes, 66% of tourists are sightseeing tourists while only 20% are 

vacationing tourists. Vacation and sightseeing tourists account for 86% of total tourists. 

The descriptive statistics of destination variables for each destination alternative can be 

found in Table 2-1. 

Results and Discussion 

Table 2-3 presents the estimation results for the specified nested logit model. 

Column one provides the results for the model using the whole sample. The estimated 

inclusive values fall between 0 and 1, indicating that the specified nested structure 

(Figure 2-2) is appropriate. For the first stage decision-making process, a positive and 

significant estimated coefficient indicates that the variable is positively associated with 

tourists’ intention to move onto the next destination. Among various independent 

variables, night is estimated to be negative and statistically significant, suggesting that a 

tourist with a longer duration of stay in the previous destination, Nanjing, is less likely to 
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continue their tour to the next destination. This can be contributed to the time constraint 

facing by tourists given that tourists’ time budget is fixed before the visit (Lew & 

McKercher, 2006). In other words, once a larger portion of time has been spent on a 

particular destination, it is difficult for the tourist to arrange sufficient time to visit other 

destinations; therefore, reducing the likelihood of moving on to a subsequent 

destination.  

Another variable, pastvisit, is also estimated to be negative and significant. It 

suggests that the more times the tourist has been to Nanjing in past, the less probability 

he/she will come to a subsequent destination after Nanjing. This result is consistent with 

the findings from Hwang, et al.(2006) and Tideswell and Faulkner (1999). The estimated 

coefficient of age is positive and significant, indicating that older tourists are more likely 

visit subsequent destinations after leaving Nanjing. With regard to categorical factors, 

as indicated by the negative and significant coefficients of three motivation variables, 

sightseeing tourists, VFR tourists, and other-motivation tourists are less likely to visit 

subsequent destinations than vacationing tourists. The result also shows that only one 

organization pattern variable is significant, suggesting that tourists traveling with families 

and friends are more likely to continue their tour after visiting Nanjing than other three 

types of tourists. This is because during this type of tourism, the schedule 

accommodates the preference from group members, and as a result of this variety-

seeking nature, they are more inclined towards multi-destination tour (Tideswell & 

Faulkner, 1999).  

For the second stage decision-making process, a positive and statistically 

significant coefficient of distance1 suggests that, the longer the distance from tourist’s 
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residence to Nanjing, the more likely he/she will choose Type A destinations, which is 

characterized by longer distance from Nanjing. This result is consistent with tourists’ 

utility maximization theory: to make the time and money costs associated long distance 

to Nanjing worthwhile, they would come to other reputed destinations to maximize the 

utility within a single tour (Tideswell & Faulkner, 1999).  

In the third stage, several destination attributes are found to be important in 

determining tourists’ choice of subsequent destinations. The coefficient of attraction is 

positive and significant, indicating that bundled attractions provide an inducement to 

attract tourists, and the larger the bundle the greater the inducement. CD is found to be 

positive and significant, suggesting that the spatial configuration effect plays a salient 

role in the tourist destination-choice process, or in other words, that tourist destinations 

close to other destinations with a large number of attractions are generally more 

attractive than isolated tourist destinations for multi-destination travelers leaving 

Nanjing. The significant and positive coefficient CD is consistent with the findings of 

travel demand (Newman & Bernardin, 2010) but different from the results in crime 

location choice (Bernasco, 2010) and inter-metropolitan migration (Pellegrini & 

Fotheringham, 1999). A positive competition destination effect highlights the 

agglomeration effect among various destinations and attractions (Weidenfeld, Butler, & 

Williams, 2010a, 2010b). One possible explanation is that the cumulative attraction 

would increase tourist arrivals by bundling with proximate destinations (Hunt & 

Crompton, 2008) because tourists might visit them as well during a multi-destination 

tour. Finally, distance2 and distance3 are estimated to be significant. A negative 

coefficient of distance2 suggests that the proximate destination to Nanjing are more 
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likely to be chosen as a tourists’ subsequent destination, while a positive coefficient of 

distance3 implies that tourists are more likely to choose to subsequent destinations 

which are distant from their residence, supporting Hwang and Fesenmaier (2003)’s 

finding that the roundtrip distance by multi-destination tourists is larger than that of 

single-destination tourists. 

To further examine the decision-making process for different types of tourists, I 

split the sample separately into different groups and estimate the model with these sub-

samples. Columns two through five in Table 2-3 present the estimation results from 

tourists with distinct motivations. The sample is split into four sub-samples according to 

the tourist’s motivation. In column four, since there is only one or two tourists traveling 

with families and friends or alone, I estimate the model by excluding these samples to 

avoid computational difficulty. For the first-stage decision making, night is estimated to 

have the greatest impact on vacationing tourists. This can be explained by the 

sensitivity of time-constraints of vacationing tourists after their longer stay in a particular 

destination (Yang, Wong, & Zhang, 2011). The coefficients for pastvisit and age are 

estimated to be significant for only sightseeing and VFR tourists. Different from what I 

discovered from the whole-sample model, sightseeing and VFR tourists organized by 

travel agencies are less likely to continue their trips to a subsequent destination. This 

can be explained by the fact that these tourists are constrained by the pre-arranged 

schedule by travel agencies, and this constraint reduces the probability of multi-

destination tour. Furthermore, the result indicates that organization pattern does not 

influence the first-stage decision making for vacationing tourists.  
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In the second stage, the travel distance from tourists’ residence to Nanjing is 

found to be significant for sightseeing and VFR tourists, while in the third stage, the 

attraction and competition destination variables are significant for only vacationing and 

sightseeing tourists, suggesting that AAAA scenic spots specified in the model might not 

be the major attractions for VFR and other-motivation tourists. By comparing the 

magnitudes of estimated coefficients, it is found that the coefficients of attraction and 

CD are largest for vacationing tourists and the coefficient of distance2 is largest for 

sightseeing tourists. These results suggest that vacationing tourists are more ‘attraction 

based’ while sightseeing tourists are more ‘distance sensitive’. 

With regard to tourists with different organization patterns, the estimation results 

are presented in columns six through nine of Table 2-3. The sample is split into four 

sub-samples according to the tourist’s organization pattern. The sample of VFR tourists 

is removed in some models due to computational difficulty. Some differences can be 

observed by comparing the magnitude, sign and significance of the coefficient estimates 

from these models. In column six, the model for tourists organized by affiliations, 

distance3 is estimated to be negative and significant, suggesting this type of tourist 

tends to choose a subsequent destination that is proximate to their residence instead of 

far away. This indicates a smaller geographic scope for affiliation organized tours, and it 

may be explained by the relatively fixed budget for this type of tour. Concerning the 

model for tourists traveling with families and relatives (column seven), the result is 

similar to that from the whole-sample model. However, VFR motivation is found to be 

not significant in making the first-stage decision.  
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As for the model of tourists organized by travel agencies (column eight), a 

noticeable finding is the relatively large estimated coefficient of attraction, suggesting 

AAAA attraction is an important factor for this type of tourist to choose subsequent 

destinations. This can be explained by the fact that travel agencies can always get 

exclusive discount from AAAA scenic spots, and therefore, they always include these 

attractions in the tour itinerary. Finally, the competing destination effect is found to be 

statistically significant, but only for tourists traveling with family and friends. One 

possible explanation is that as this type of tourist is more likely to engage in multi-

destination tour (as implied by the results of the whole-sample model), the attraction of 

a particular destination will be augmented by its nearby destinations if tourists choose to 

visit them together during a single tour.  

Simulation  

One of the most important advantages of discrete choice model is its easy use 

for simulation (Hensher, et al., 2005). In this study, with the estimation results from the 

whole-sample model (column one in Table 2-3), a simulation is carried out based on the 

scenario of an increase of one additional AAAA scenic spot in the subsequent 

destination. By comparing the predicted probability before and after this change, one 

can get a clear picture of spatial interaction and substitution patterns of these 

destination alternatives. It should be noted that, the increase of an additional attraction 

does not only change the variable attraction, but also enters the variable CD. It is 

assumed that, by a particular increase of attractions, the probability of selecting that 

destination is increasing while the probability of choosing other destinations decreases. 

However, since neighboring destinations are likely to get benefits from agglomeration 
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effects suggested by the positive and significant coefficient of CD, the agglomeration 

effect might essentially offset the probability decrease.  

The simulation results are presented in Table 2-4, and they show that as the 

attraction of a subsequent destination increases, the probability of going home 

decreases. The implication here is that spatial bundling is inducing more tourists to 

undertake multi-destination tour. As suggested by the bolded number in the diagonal of 

Table 2-4, the increase of tourist attraction will contribute to more potential tourist 

arrivals that, of course, depend on previous levels of tourist attraction. For a destination 

with limited attraction endowments, the probability increase is larger; as in the cases of 

Yangzhou, Zhenjiang and Changzhou, with estimated probability increases of 0.677%, 

0.650% and 0.613%, respectively. Finally, and more importantly, one can identify 

competing destinations and possible collaborative destinations from this analysis. For 

instance, one more AAAA scenic spot in Suzhou will also result in a 0.027% probability 

increase of tourists to Wuxi. Therefore, Wuxi tends to be a potentially collaborative 

destination with Suzhou. On the other hand, this increase will induce a relatively large 

decline of tourists’ probability to Shanghai (by 0.093%) and Hangzhou (by 0.108%). As 

a result, for tourists from Nanjing seeking subsequent destinations, Shanghai and 

Hangzhou can be regarded as competing destinations to Suzhou. 

Chapter Conclusion 

This research proposed a three-stage decision-making model to investigate 

tourists’ choice for a subsequent destination after visiting a previous one. It 

distinguishes from previous research by looking into destination choice under a multi-

destination setting and considering the spatial configuration effect. Based on the 

estimation results of a nested logit model, it was found that, tourists’ age, motivation, 
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organization pattern, duration of stay, and past visitation experience for a previous 

destination significantly influence decision-making in the first stage: whether to move 

onto a subsequent tourist destination or return home. In the second stage, tourists’ 

decision regarding the choice of the type of subsequent destination is based on their 

distance from the origin to the previous destination, and while in the third stage, 

destination attributes like the number of attractions, the competition destination effect, 

the distance from a previous destination, and the distance between the subsequent 

destination and their place of residence, were found to play significant roles in choosing 

a subsequent destination. Utilizing the results of the model, a simulation exercise was 

undertaken to look into the competition/substitution pattern between different 

subsequent destinations. 

As one of the first research endeavors to investigate individual tourist destination 

choice under a multi-destination tour circumstance, this research contributes to the 

literature on tourists’ destination choice and extends the traditional model by 

considering multiple and sequential destination visits. Moreover, this chapter provides 

statistical evidence of the significance of the spatial configuration effect in disaggregate 

tourist demand model. The result suggests that spatial configuration helps to explain 

tourists’ destination choice because of the multi-destination tour tendencies of tourists. 

From a policy perspective, based on the results from this research, several implications 

can be drawn in terms of marketing strategy for destinations and the potential bundling 

of proximate and/or competing destinations. As shown in the simulation results table, 

destinations can find their possible cooperator; and therefore, carry out synergy 

marketing with them to enhance the tourist experience.  
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Furthermore, through the estimation and modeling of various effects for different 

types of tourists, distinct destinations are able to position their own products based on 

their relative advantage and/or relative geographic location. The results of this modeling 

effort also suggest that generalizations can be made on various tourist types. For 

example, some tourists do not consider the endowment of attraction as important in the 

decision-making process. Others may be more sensitized to the travel distance and 

more apt to engage in organized tourism even if it meant visiting sites that were less 

endowed. As a result, destinations with a limited number of tourist attractions but 

proximate to Nanjing can target this specific market segment. All in all, this type of 

analysis can greatly enhance the understanding of tourists’ choice decision and 

contribute to marketing strategy designs aimed at offering possibilities to the multi-

destination tourists. 

Some limitations in this research should be highlighted. First, I only look into one 

subsequent destination in the proposed model. However, tourists are likely to visit 

multiple subsequent destinations. Therefore, further research can make some 

extensions to the nested structure specified to incorporate a more general situation and 

consider numerous sequential destinations. Second, as individual heterogeneity of 

tourists has been documented in tourist destination choice research (Nicolau & Más, 

2006), further research can utilize models incorporating individual heterogeneity to 

analyze tourist behavior during multi-destination tour. That behavior may be 

flexible/adaptive or fixed depending on the type of tourist activity and the characteristics 

of the tourists themselves. 
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Table 2-1.  Description of subsequent destination alternatives 

Name Market 
share as 

subsequent 
destination 

from 
Nanjing 

Population 
(in 10,000) 

Distance 
from 

Nanjing 
(in km) 

Number 
of AAAA 
scenic 
spots 

CD Type 

Beijing 1.48% 1,213 884 37 0.001 A 
Shanghai 21.34% 1,379 267 17 0.052 A 
Hangzhou 9.60% 672 234 16 0.046 A 
Suzhou 25.84% 624 190 18 0.078 A 
Huangshan 4.50% 148 258 11 0.009 A 
Nantong 0.94% 766 194 2 0.069 B 
Changzhou 2.01% 357 113 5 0.067 B 
Yangzhou 17.05% 459 72 4 0.025 B 
Wuxi 14.63% 462 151 12 0.093 B 
Zhenjiang 2.62% 269 65 5 0.020 B 
Notes: all data is as in 2007. CD refers to the competition destination measurement. 
 
 
 
Table 2-2.  Descriptive statistics of tourists’ profile  

Continuous data 

Variable Mean Standard 
Deviation 

Minimum Maximum Cases 

distance1  5.388  4.460  0.445  38.497  3055 
night   1.823  1.208  0.000  14.000  3055 
Categorical data 
Variable value=1 value=2 value=3 value=4 value=5 
pastvisit 45.696% 25.663% 13.813% 14.828%  
age 1.408% 15.385% 58.331% 24.255% 0.622% 
organization 6.743% 58.003% 9.460% 25.794%  
motivation 19.640% 66.187% 7.692% 6.481%  

 
 



 

42 

Table 2-3.  Estimation results of nested logit models 
 Whole-

sample 
(1) 

Vacation 
(2) 

Sightseeing 
(3) 

VFR 
(4) 

Other 
motivation 

(5) 

By 
affiliation 

(6) 

With families 
and friends 

(7) 

By travel 
agencies 

(8) 

Alone 
(9) 

First Stage          

constant -0.748** -0.805 -0.718* 3.069 0.411 3.557** -1.312*** -2.253 0.204 

 (0.314) (0.805) (0.383) (5.428) (1.452) (1.802) (0.338) (1.522) (0.977) 

night -0.298*** -0.550*** -0.268*** -0.223* -0.068 -0.227 -0.317*** -0.329** -0.298*** 

 (0.038) (0.096) (0.049) (0.115) (0.160) (0.165) (0.050) (0.163) (0.072) 

pastvisit -0.121*** -0.079 -0.273*** -0.353** -0.235 -0.158* -0.129*** 0.015 -0.102*** 

 (0.020) (0.088) (0.049) (0.161) (0.168) (0.081) (0.026) (0.079) (0.038) 

age 0.282*** 0.019 0.322*** 0.417* 0.360 0.307 0.383*** 0.138 0.100 

 (0.062) (0.147) (0.077) (0.217) (0.273) (0.280) (0.082) (0.219) (0.118) 

motivation=2 -0.232**     0.199 -0.205 -0.297 -0.339* 

 (0.104)     (0.542) (0.134) (0.384) (0.201) 

motivation=3 -0.397**      -0.210  -0.856*** 

 (0.175)      (0.221)  (0.313) 

motivation=4 -0.920***     -1.026* -0.615* 0.373 -1.149*** 

 (0.202)     (0.546) (0.326) (0.774) (0.436) 

organization=2 0.528** 0.589 0.125  2.081***     

 (0.226) (0.577) (0.303)  (0.807)     

organization=3 -0.269 -0.178 -0.561** -0.579* -0.275     

 (0.198) (0.511) (0.276) (0.323) (0.476)     

organization=4 -0.252 -0.220 -0.587**  0.287     

 (0.188) (0.490) (0.263)  (0.418)     

Second Stage          

constant 0.663** 1.198* 0.568* -1.550 0.415 -1.476 0.958*** -2.855 1.064 

 (0.276) (0.684) (0.306) (5.963) (1.741) (7.652) (0.294) (2.049) (0.671) 

distance1 0.158*** 0.127 0.163*** 0.132* 0.013 0.123 0.197*** 0.083 0.065** 

 (0.037) (0.086) (0.051) (0.068) (0.080) (0.258) (0.066) (0.173) (0.028) 
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Table 2-3.  Continued 
 Whole-

sample 
(1) 

Vacation 
(2) 

Sightseeing 
(3) 

VFR 
(4) 

Other 
motivation 

(5) 

By 
affiliation 

(6) 

With families 
and friends 

(7) 

By travel 
agencies 

(8) 

Alone 
(9) 

Third Stage          

attraction 0.879*** 1.001*** 0.846*** 0.557 1.338 1.863 0.579*** 2.022*** 0.988** 

 (0.149) (0.289) (0.184) (0.795) (1.237) (1.271) (0.177) (0.498) (0.384) 

distance2 -0.767*** -0.735*** -0.912*** -
0.286*** 

-0.266 -0.493 -0.990*** -0.817*** -0.424*** 

 (0.049) (0.100) (0.068) (0.218) (0.309) (0.307) (0.079) (0.185) (0.099) 

distance3 0.314*** 0.351*** 0.352*** -0.017 -0.138* -0.151*** 0.412*** 0.304*** -0.020 

 (0.027) (0.055) (0.039) (0.068) (0.071) (0.057) (0.051) (0.099) (0.038) 

CD 0.004** 0.007** 0.004* 0.007 0.001 -0.002 0.008*** -0.004 -0.000 

 (0.002) (0.004) (0.002) (0.011) (0.016) (0.015) (0.002) (0.006) (0.005) 

Inclusive Values         

Type A 0.362* 0.389 0.413** -1.291 0.960 1.784 0.242 1.046 -0.482** 

 (0.190) (0.425) (0.199) (1.669) (1.356) (1.417) (0.177) (0.910) (0.224) 

Type B 0.607*** 0.665 0.637*** -1.973 1.117 1.873 0.566*** 0.887 -0.344** 

 (0.203) (0.480) (0.215) (2.935) (1.467) (1.353) (0.197) (1.167) (0.146) 

continue 0.385*** 0.545 0.361*** 0.911 -0.367 -0.413* 0.415*** 0.600 1.973** 

 (0.107) (0.362) (0.103) (1.095) (0.496) (0.373) (0.126) (0.562) (1.003) 

No.obs. 3055 600 2022 231 198 205 1772 286 788 

L.L -4971.15 -1029.94 -3303.37 -309.58 -262.01 -316.99 -2772.75 -549.67 -1225.92 

AIC  3.267 3.486 3.280 2.802 2.808 3.239 3.148 3.949 3.152 

Pseudo R2 0.104 0.134 0.106 0.136 0.129 0.159 0.110 0.191 0.104 

Notes: standard error in parenthesis, * indicates significant at 0.10 level, ** indicates significant at 0.05 level, *** indicates 
significant at 0.01 level. Inclusive values for the choice of ‘go home’ is fixed to be 1. For motivation, 1=vacation, 
2=sightseeing, 3=VFR, 4=others. For organization patterns, 1=by affiliation, 2=with families and friends, 3=by travel 
agencies, 4=alone.
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Table 2-4.  Simulation results of the probability change with the attraction increase 
 Home Beijing Shangha

i 
Hangzho
u 

Suzhou Huangsh
an 

Nantong Changzh
ou 

Yangzho
u 

Wuxi Zhenjian
g 

Beijing -0.001% 0.016% -0.003% -0.003% -0.005% -0.002% 0.000% 0.000% 0.000% -0.001% -0.001% 

Shanghai -0.026% -0.006% 0.257% -0.076% -0.059% -0.043% 0.002% -0.013% -0.012% 0.007% -0.014% 

Hangzhou -0.030% -0.008% -0.071% 0.313% -0.116% -0.047% -0.003% -0.013% -0.012% -0.003% -0.015% 

Suzhou -0.048% -0.011% -0.093% -0.108% 0.369% -0.072% -0.001% -0.004% -0.023% 0.027% -0.029% 

Huangshan -0.022% -0.007% -0.060% -0.059% -0.111% 0.289% -0.002% -0.008% -0.008% -0.015% -0.010% 

Nantong -0.058% -0.005% -0.026% -0.041% -0.028% -0.031% 0.426% -0.041% -0.057% -0.068% -0.070% 

Changzhou 0.013% 0.021% 0.271% 0.275% -1.192% 0.132% -0.009% 0.613% -0.053% -0.021% -0.065% 

Yangzhou -0.099% -0.008% -0.054% -0.073% -0.084% -0.044% -0.025% -0.087% 0.677% -0.167% -0.038% 

Wuxi -0.067% -0.007% -0.045% -0.052% 0.006% -0.041% -0.012% -0.026% -0.063% 0.387% -0.078% 

Zhenjiang -0.099% -0.008% -0.057% -0.063% -0.086% -0.046% -0.025% -0.082% -0.030% -0.163% 0.650% 

Notes: Each row represents each scenario of the attraction increase of the corresponding destination.
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Figure 2-1. Location map of Nanjing and subsequent destination alternatives. 
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Figure 2-2. Decision-making process and specification of choice sets in the nested logit model  
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CHAPTER 3 
SPATIAL EFFECTS IN REGIONAL TOURISM GROWTH 

Chapter Summary 

This chapter examines two particular spatial effects in regional tourism growth: 

spatial dependence and spatial heterogeneity. Spatial dependence can be explained by 

spillover effects of regional tourism growth: the indirect or unintentional effects that a 

region’ tourism industries exert on tourist flows to other regions. On the other hand, 

spatial heterogeneity describes different regional tourism growth patterns because of 

different resource endowments, infrastructure, and market access indicated by core-

periphery theory in economic geography. With the spatial growth regression model, this 

chapter identifies a set of factors that explain the rate of regional tourism growth across 

342 cities in China from 2002 to 2010. Local economic growth has been found to be the 

most important factor stimulating both inbound and domestic tourism growth. Other 

significant factors include localization economies, tourist resource endowments, and 

hotel infrastructure.  

With the tourism growth model incorporating spatial dependence, the significant 

spatial spillover effects are recognized, and the cross-city competition effect is 

highlighted in terms of tourism resource endowments for inbound tourism and hotel 

infrastructure for domestic tourism. Moreover, based on geographically weighted spatial 

Durbin model, substantial geographic variations were identified in terms of local tourism 

growth patterns. For example, the spillover effect of inbound tourism growth was found 

to be larger in the Northwest and the North China area, while the spillover effect of 

domestic tourism growth exhibits a clear pattern of south-north division.  



 

48 

Introduction 

Along with the global boom of the tourism industry, more and more regions in 

developing countries have realized the significance of tourism to the local economy. In 

acknowledgement of the positive multiplier effects of tourism that greatly contribute to 

the local economy and other forward- and backward-linked industries, tourism has 

recently received much more support from both regional government and society. A 

notable example comes from China. To expedite local tourism development, 24 out of 

31 Chinese provincial level regions officially declared tourism to be the backbone of 

their industry (Wu, Zhu, & Xu, 2000), resulting in high priority being given to tourism in 

all levels of regional master plans. 

The development of tourism has been suggested to be an important factor for 

economic growth in peripheral areas (Zurick, 1992). In the context of a depressed 

economy, tourism growth is regarded as a reasonable choice for regional development 

(Hohl & Tisdell, 1995) because of unique tourism resource endowments in some 

marginalized areas. However, the development plan might not be successful in these 

regions (Krakover, 2004) because tourism growth heavily relies on agglomeration 

economies rather than resource endowments (Capone & Boix, 2008). Therefore, the 

understanding of a regional tourism growth model will greatly help in identifying both 

advantages and disadvantages of tourism development in the area, and in 

implementing more reasonable and rational polices for the industry development. 

In tourism research, a large body of literature has been devoted to tourism 

demand analysis, which is used to investigate demand-side factors contributing to 

tourist flows/revenues (Song & Li, 2008). However, few studies focused on tourism 

development analysis by considering supply-side factors like infrastructure, resource 
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endowment, and market access. This supply-side insight is important for regional 

tourism development analysis by unveiling the importance of various destination 

attributes. Based on the results from this analysis, more specific efforts can be made to 

strengthen a destination’s competitive advantages to attract more tourists and generate 

more substantial tourism revenue. 

Apart from factors incorporated in conventional economic growth models, two 

types of spatial effect, spatial dependence and spatial heterogeneity, are evident in 

regional tourism growth. Spatial dependence can be explained by spillover effects of 

regional tourism growth: regions might receive beneficial spillovers through the thriving 

tourism industry in their neighbors. On the other hand, spatial heterogeneity describes 

different regional tourism growth patterns because of different resource endowments, 

infrastructure, and market access indicated by core-periphery theory in economic 

geography. The failure to incorporate spatial dependence and spatial heterogeneity 

might result in unreliable coefficient estimates. Therefore, a more generalized growth 

model incorporating both spatial dependence and spatial heterogeneity should be 

proposed to explore regional tourism growth patterns.  

Literature Review 

Regional Tourism Growth Model 

To understand the development trajectory of tourism, a set of evolutionary 

models have been discussed from spatial and/or temporal perspectives (Dredge, 1999; 

Pearce, 1995, pp. 9-17). One of the most popular evolutionary models in the literature is 

the tourist area life cycle (TALC) model by Butler (1980), which pointed out a six-stage 

evolutionary sequence of local tourism growth including exploration, involvement, 

development, consolidation, stagnation, and rejuvenation or decline. In different 
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development phases, different types of facilities are found to support tourism growth. 

The TALC model has been applied to study the evolution of various types of 

destinations all over the world, and the variations in timing and nature of each stage 

have been reported and particular extensions have been proposed to improve the 

original model (Baum, 1998; Butler, 2004; Cole, 2009, 2012; Douglas, 1997; Garay & 

Cànoves, 2011; Getz, 1992). However, instead of discovering the growth mechanism in 

different phases, past applications of the TALC model are more enthusiastic in fitting the 

S-shaped curve indicated by the model with their data (da Conceição Gonçalves & 

Roque Águas, 1997; Karplus & Krakover, 2005; Lozano, mez, & Rey-Maquieira, 2008; 

Lundtorp & Wanhill, 2001; Moore & Whitehall, 2005), and their results tend to be of 

limited value for guiding local tourism development (Cole, 2009, 2012). 

Apart from the TALC model, several other evolutionary models aim to explain the 

spatiotemporal pattern of local tourism development. In Gormsen’s seaside tourism 

development model (Pearce, 1995, p. 13), the pattern change in accommodation types 

and local participation were emphasized over time and space. Furthermore, in 

Miossec’s model of tourist development, the spatial/social structure change in resorts, 

transport, tourist behavior and attitudes have been identified over different phases 

(Pearce, 1995, pp. 14-15). Oppermann (1993) proposed another evolutionary model to 

describe the tourism growth pattern in developing countries and pointed out the 

dominant role that the capital city plays. In a more recent research by Papatheodorou 

(2004), his evolutionary model underlined a dualism in market and spatial structures 

along with regional tourism growth, and emphasized the linkage between core and 

peripheral regions. 
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According to the theory of economic-driven tourism growth, it is suggested that 

local economic growth plays a key role in facilitating local tourism development. In the 

process of economic growth and expansion, more business travelers are attracted (Oh, 

2005). On the other hand, economic development leads to a boost of international 

trade. Therefore, the number of international tourist arrivals increases. Economic 

expansion also improves local tourism-related infrastructures and service qualities 

because of external economies (Capone & Boix, 2008). As a result, the overall 

competitiveness of destinations is enhanced. Many empirical studies found a 

unidirectional causal relationship from local economic development to tourism growth 

(Eugenio-Martín, Martín Morales, & Scarpa, 2004; Narayan, 2004; Oh, 2005), and some 

studies even suggested a reciprocal relationship between them (Dritsakis, 2004; 

Durbarry, 2004). However, the economic-driven tourism growth hypothesis is not always 

supported, due to different economic conditions of tourism destinations (Balaguer & 

Cantavella-Jordá, 2002; Gunduz & Hatemi-J, 2005; Lee & Chang, 2008).  

Compared to many studies proposing conceptual models, very few analyzed the 

regional tourism growth pattern through rigorous economic geography modeling. To the 

best of my knowledge, the only studies of this topic come from the research on regional 

tourism employment growth rate in Italy (Capone & Boix, 2008; Lazzeretti & Capone, 

2009). Their research pointed out the importance of agglomeration economies as the 

major source of regional tourism growth. However, these studies fail to control other 

factors considered in spatial growth model and did not take spatial heterogeneity into 

consideration. 
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Spatial Effects of Tourism Growth 

As a typical spatial effect, the spillover effects would be substantial in tourist 

flows. The spatial spillover effect refers to the indirect or unintentional effects that a 

region’ tourism industries exert on tourist flows to other regions. As a result, a region 

can obtain benefits for the local tourism development of their neighbors’ tourism growth 

(a positive spillover effect). Yang and Wong (2012b) provided a framework to interpret 

the spillover effects in the tourism industry from both supply and demand sides and 

discussed several important channels triggering the effects. 

In some empirical research, the spillover effects have been identified in tourist 

flows (Drakos & Kutan, 2003; Gooroochurn & Hanley, 2005; Neumayer, 2004; Yang & 

Wong, 2012b) and regional tourism growth (Capone & Boix, 2008; Lazzeretti & Capone, 

2009). Therefore, it is necessary to capture this effect through spatial dependence 

specified in a spatial growth regression model (LeSage & Fischer, 2008).  

Another important spatial effect in regional tourism growth is spatial 

heterogeneity, which underlines different growth patterns of tourism in different regions. 

As indicated by some evolutionary models of tourism growth, various regions might 

adopt different resources and facilities to support tourism growth. In the TALC model, 

because of different timing in tourism growth, tourism in different regions might be 

positioned in different stages, indicating the distinct growth mechanisms. Gormsen’s 

model also highlights regional heterogeneity, suggesting that guest houses and private 

rooms are important accommodations for tourism in Periphery I and II but not in 

Periphery III and IV.  

Spatial heterogeneity in tourism development has also been identified in many 

other empirical studies. For example, infrastructure factors are found to be particularly 
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important for tourism in less developed destinations (Eugenio-Martín, et al., 2004), and 

transportation infrastructure is estimated to be more sensitive to tourism growth in 

African and Asian destinations (Khadaroo & Seetanah, 2008). In Capon and Boix 

(2008)’s research of regional tourism growth data in Italy, they also found different 

growth patterns for different types of cities and districts. However, all these studies only 

considered the heterogeneity between certain groups and did not treat spatial 

heterogeneity in a rigorous way in their empirical models.  

Research Methods 

At the outset of empirical research, exploratory spatial data analysis (ESDA) 

tools will be applied to recognize the spatial pattern of tourism growth rates across 342 

China’s cities. In particular, local Moran’s I and local G* statistics are employed to 

identify the cluster of cities that has experienced intense increase in tourism revenue 

from 2002 to 2010.  The local Moran’s I statistic is specified as follows (Anselin, 1995): 

  and                     (3-1) 

where i and j index the cities (i, j  = 1,…., 342), and  is the mean value of , which 

denotes the growth rate of tourism revenue in each city. W is the spatial weighting 

matrix: the elements wii on the diagonal are set to zero, and wij indicates the way city i 

spatially connects to city j. To specify the spatial weighting matrix W, following Dall’erba 

(2005) and Yang and Wong (2012a), the research applies a nearest neighbor spatial 

weighting matrix, which guarantees the exogeneity of the matrix (Anselin & Bera, 1998). 

For a k-nearest neighbor matrix, wij sets to be 1 if city j is the one of the kth nearest 

cities of city i. In this study, I choose k = 5 and compare it with the results for k = 10 and 

15 to check the robustness of results. The Moran’s I statistic ranges between -1 and 1. 
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A value of 1 indicates perfect positive autocorrelation, 0 indicates no autocorrelation, 

and -1 indicates perfect negative autocorrelation. To further visualize the cluster, the 

Moran cluster map is utilized. It shows cities with significant local Moran statistics and 

indicates them by four different types of clustering corresponding to the local spatial 

association between a city and its neighbors (Anselin & Bao, 1997): HH (a city with a 

high value surrounded by cities of high values), LH (a city with a low value surrounded 

by cities of high values), LL (a city with a low value surrounded by cities of low values), 

and HL (a city with a high value surrounded by cities of low values). Therefore, based 

on the local Moran cluster map, significant clusters can be visualized and identified. 

Furthermore, another local spatial statistics, the local G* statistic is defined to 

measure the spatial pattern around each city, which is given as (Ord & Getis, 1995): 

                                                            (3-2) 

To get a standardized local G* statistic, one can subtract it from its expectation and 

divide it by the square root of variance (Lloyd, 2011): 

                                               (3-3) 

where , , , and . After the 

normalization, the statistic is normally distributed. If G* is positive and statistically 

significant, it suggests a cluster of cities with high values, and if G* is negative and 

statistically significant, it indicates a cluster of cities with small values. 
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To explain the spatial pattern of regional tourism growth rates, this study intends 

to extend the general spatial growth regression model to incorporate spatial 

heterogeneity. The general spatial growth regression model proposed by LeSage and 

Fischer (2008) suggests that the long-term regional economic level is a function of the 

characteristics of the home region and neighboring ones, spatial connectivity with other 

regions, and the strength of spatial dependence. To capture the spillover effects in 

regional growth and omitted variables with spatial autocorrelation, the model follows a 

spatial Durbin model (SDM) in a form as: 

                                                                                 (3-4) 

where y is n × 1 vector of observed regional growth rates, and W is the spatial weighting 

matrix. X contains a set of explanatory variables, and ε is the error term, which follows 

an i.i.d N (0, σ2). Several studies advocated the use of the SDM in regional growth 

literature from a technical point of view (Elhorst, 2010; LeSage & Pace, 2009). First, the 

SDM nests most other spatial regression model and is the more generalized 

specification. Therefore, it provides the unbiased estimates even though the data-

generation process is misspecified. Second, it alleviates the omit-variable problem by 

introducing a set of spatially lagged independent variables. Finally, the SDM enable 

researcher to obtain and interpret direct and indirect effects embedded in the model 

specification.   

In the spatial growth regression model, LeSage and Pace (2009) proposed a 

method to obtain the direct, indirect, and total impacts of different variables in the long-

run steady-state equilibrium. Because of spatial lags of dependent and independent 

variables in the model, these impacts may include the feedback effects through spatial 

y y      W X WX
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spillover. To interpret the direct and indirect effects, the SDM can be re-written in a 

reduced form as follows: 

                                     (3-5) 

Thus, the partial derivative of the model with respect to a particular independent 

variable can be obtained as: 

                                      (3-6) 

where  is the kth independent variable in X with a coefficient of . This derivative is 

an N × N matrix instead of a scalar in an ordinary regression model. LeSage and Pace 

(2009) calculated the average direct effect as the sum of the trace elements of the N × 

N matrix in Equation 3-6 divided by the total number of observations. This direct effect 

reflects the impact of change in  of observation i on the dependent variable y of 

observation i. On the other hand, the average total effect is calculated by dividing the 

row sums of that N × N matrix by the total number of observations, representing the 

cumulated impact of change in  of observation i on the dependent variable y of all 

observations. Finally, the difference between the total and direct effect is labeled as the 

indirect effect, which incorporates the feedback effects across different regions. The 

standard error of these effect estimates can be obtained from a Markov Chain Monte 

Carlo method with 2,000 simulated draws (LeSage & Pace, 2009). 

The spatial Durbin model can be estimated by maximum likelihood estimation 

(MLE), and its log-likelihood function is specified as (Anselin, 1988):  
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(3-7) 

For computational convenience, the log-likelihood can be concentrated with respect to 

the coefficients ρ, β, and γ and the noise variance parameter σ2 (LeSage & Pace, 

2009). Based on the estimates from MLE, one can test the significance of spatial 

coefficients ρ and γ through Wald tests (Greene, 2007). 

How to specify the spatial weighting matrix is a key issue in modeling spatial 

growth as different matrices capture different channels of spillover (Corrado & Fingleton, 

forthcoming; LeSage & Fischer, 2008). Basically, there are three ways to accomplish 

this. The first is nearest neighbor matrix discussed in Equation 3-1. The second one, 

contiguity-based weight matrix, is specified as follows: wij = 1, if regions i and j share a 

common boundary; and wij = 0, otherwise. For the third type, distance-decay weight 

matrix, it is assumed that the connection between two places declines as the distance 

between them increases. Thus, 

                                                    (3-8) 

where dij is the geographical distance between the centroids of two regions, and α 

refers to as the distance decay parameter. 

To incorporate the spatial heterogeneity of regional tourism growth and obtain 

localized estimates for each city in the sample, the SDM model can be extended under 

a framework similar to geographically weighted regression (Páez, Uchida, & Miyamoto, 

2002). This new model is entitled “geographically weighted spatial Durbin model” (GW-

SDM). To generalize the ordinary SDM, Ω refers to the variance-covariance matrix of 
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error term ε in Equation 3-3, which might be not i.i.d. GW-SDM tends to capture spatial 

heterogeneity by assuming Ω dependent on location of each observation as follows: 

with elements as and       (3-9) 

where Ωo is the variance-covariance matrix used to obtained the localized estimates at 

the location o, σ2 is the unknown variance parameter, doi is the distance from 

observation i to the focal observation o, and τo is called the kernel bandwidth. In this 

study, the Gaussian weight is used as the geographic weights in the GW-SDM.  

refers to the probability density function of standardized normal distribution, and 

refers to the function of standardized deviation. How to get a reasonable kernel 

bandwidth τo is important to obtain reliable local estimates from the GW-SDM. A cross-

validation method is used to pick up the suitable τo by minimizing the cross-validation 

(CV) score (Fotheringham, Brunsdon, & Charlton, 2002), which is specified as: 

                                               (3-10) 

where  is the fitted value of  with the observations for point i omitted from the 

estimation. In this study, the minimization algorithm is based on golden section search 

and parabolic interpolation (Brent, 1973; Forsythe, Malcolm, & Moler, 1977). The kernel 

bandwidth τo that minimizes the CV score is retained for further estimation. Finally, one 

can get the updated log-likelihood function for any focal observation o as: 

 

(3-11) 
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By using different log-likelihood functions for observations in different locations, 

one can get a set of estimates for different locations. During the estimation, this model 

“borrows” data from neighboring regions to estimate the localized model. As a result, 

the estimated coefficient of variables will vary over space, suggesting spatial 

heterogeneity in regional tourism growth patterns. Matlab was then used to estimate the 

general spatial growth model with spatial heterogeneity.  

Data Description 

Following the general specification of the spatial growth regression model in 

Equation 3-4, the dependent variable in this research is the log of the regional tourism 

growth rate over the years 2002 to 2010. There are two types of regional tourism growth 

rate one can use for the sample of China: (1) the growth rate of the total revenue from 

inbound tourism (lnrate_inb) and (2) the growth rate of the total revenue from domestic 

tourism (lnrate_dom). By comparing the results from the models with different growth 

measures, one can reveal the major distinct factors of tourism growth. Several 

independent variables are used to explain the source of long-term tourism growth. 

lnrev_inb measures the log of the total revenue of inbound tourism (in 10,000 USD) in 

2002, while lnrev_dom is the log of the total revenue of domestic tourism (in 100 million 

RMB Yuan) in 2002. Both of these independent variables reflect the initial level of local 

tourism development during the first year of the research period, and their coefficients 

tend to capture the catch-up effect of tourism growth. Their coefficients are expected to 

be negative, as cities with a less developed tourism industry have experienced more 

intense tourism growth to catch up with the leading cities.  

Moreover, lnpopden is the log of the population density of city (person / km2) in 

2002, which is a common variable to measure urbanization economies (Frenken, Van 
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Oort, & Verburg, 2007); lntertiary represents the log of the percentage of GDP from 

tertiary industries relative to the overall GDP, which captures the influence of 

localization economies. Since both urbanization and localization economies could be 

beneficial for local tourism growth (Capone & Boix, 2008; Lazzeretti & Capone, 2009), 

the estimated coefficients lnpopden and lntertiary are expected to be positive. To 

incorporate the influence of tourism resource endowment, a weighted index of the 

tourism resources is used. This index is defined as the sum of the number of world 

heritage sites (weighted by four), the number of national parks (weighted by two), and 

the number of AAAA scenic spots in a city in 2002. lnresource is the log of this weighted 

index. If the original index equals zero, 0.5 is assigned to avoid a log of zero. As argued 

by Ellerbrock and Hite (1980) and Yang, Lin, and Han (2010), tourism resources serve 

as the major engine of local tourism growth. Therefore, the estimated coefficient of 

lnresource is expected to be positive. Furthermore, lnhotel is the log of the number of 

star-rated hotels per capita in a city in 2002, which is used to capture the influence of 

the local tourism infrastructure. Also, lnGDP_rate is the log of the growth rate of GDP 

from 2002 to 2010. The coefficients of these two variables are also expected to be 

positive. 

As suggested by LeSage and Fischer (2008) and Cuaresma, Doppelhofer, and 

Feldkircher (2012), most independent variables specified in the spatial growth 

regression model use the values at the initial year of the research period to explain the 

variation in tourism growth rates. Therefore, the problem that arises from the 

simultaneity between dependent and some independent variables can be partly 

avoided. More importantly, the possible endogeneity problem can be alleviated by using 
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these predetermined regressors. Furthermore, since all dependent and independent 

variables have been transformed into a logarithm, the estimated coefficients of different 

independent variables can be interpreted as elasticities. As a result, these coefficients 

can be directly used to gauge the magnitudes of various factors determining local 

tourism growth.  

The data set covers 342 cities in mainland China. Most Chinese city-level data 

can be obtained from the China Statistical Yearbook for Regional Economy (2003-2011) 

published by the National Statistical Bureau of China. China City Statistical Yearbook 

and CNKI Statistical Yearbook Database are referred to in order to fill out some of the 

missing values. The number of national parks for each city is collected from the website 

of the Ministry of Housing and Urban-Rural Development of China 

(http://www.mohurd.gov.cn). The data of number of AAAA scenic spots for each city is 

collected from the website of CNTA (http://www.cnta.gov.cn), and that of number of 

World Heritage Sites is obtained from the website of the United Nations Educational, 

Scientific, and Cultural Organization (http://whc.unesco.org) 

This study focuses on all cities in mainland China. However, several issues about 

the sample cities should be highlighted. First, there are some special counties that are 

governed directly by the province. In this situation, the study combines these 

neighboring counties together and treats them as one city. For example, neighboring 

counties that are directly under the jurisdiction of the provincial government in Hainan 

and Hubei are each regarded as single cities. Second, these special counties may also 

be isolated from other special counties and surrounded by cities, such as Jiyuan in 

Henan and Shennongjia in Hubei. The study considers them as individual cities. Thirdly, 
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as there is no prefecture level city governed by municipalities such as Beijing, 

Shanghai, Tianjin and Chongqing, these four are treated as general cities.  

Table 3-1 presents the descriptive statistics of variables considered in the spatial 

growth regression model. Regarding the two dependent variables, the mean value of 

lnrate_inb is 1.472, which is smaller than that of lnrate_dom, 1.854. This suggests that 

the average growth rate of domestic tourism is larger than that of inbound tourism over 

the 342 cities in China from 2002 to 2010. The mean value of lnGDP_rate is merely 

1.305, and it is smaller than those of lnrate_inb and lnrate_dom, which demonstrates 

that both inbound and domestic tourism have grown at a higher speed than the local 

GDP over the research period. Furthermore, the standard deviation of lnrate_inb, 1.566, 

is nearly twice as large as that of lnrate_dom, 0.814, which highlights a more substantial 

variety in inbound tourism growth over cities. Moreover, the mean value of lnresource is 

0.309, and this small value can be explained by the fact that 147 out of 342 cities did 

not have any qualified tourism attractions in 2002. Figures 3-1 and 3-2 further present 

the histograms of lnrate_inb and lnrate_dom, respectively. It is shown that the 

distributions of these two variables are uni-modally distributed with two thin tails. 

Table 3-2 presents the Pearson correlation coefficients between independent 

variables incorporated in the spatial growth regression model. The only coefficient 

above 0.6 is the one between lnrev_dom and lnpopden, which is 0.603. This indicates 

that, in 2002, the cities with a higher population density were more likely to attract a 

large number of domestic tourists. More importantly, 15 out of 20 correlation coefficients 

are below 0.4, suggesting the absence of the multi-collinearity problem in the specified 

models (Leeflang, Wittink, Wedel, & Naert, 2000).  
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Results of ESDA 

A set of ESDA tools are employed to investigate the spatial pattern of tourism 

growth rates (lnrate_inb and lnrate_dom). First, the Global Moran’s I statistic is 

calculated for these two variables. By using a five-nearest-neighbor spatial weighting 

matrix, the global Moran’s I of lnrate_inb is estimated to be 0.270, while that of 

lnrate_dom is 0.223. Both of them are statistically significant at the 0.01 level after 

99999 permutations. The results suggest that the growth of inbound tourism is 

distributed in a slightly more clustered way than the growth of domestic tourism. 

Furthermore, the local Moran’s I and local G* statistics are applied to look into 

the localized pattern of tourism growth rates over 342 cities in China from 2002 to 2010. 

Figure 3-3 presents the local Moran cluster map of the growth rate of inbound tourism 

revenue, and Figure 3-4 illustrates the local G* cluster map of the growth rate of 

inbound tourism revenue. Both maps provide very similar information regarding the 

clustering of inbound tourism growth. However, the local G* cluster map fails to 

recognize the negative localized spatial association, such as LH and HL patterns. A 

large area covering several cities in Gansu, Qinghai, and Ningxia has been identified as 

a cluster of slow inbound tourism growth. Five small areas are found as clusters 

experiencing intense inbound tourism growth. They are a cluster with several cities in 

Liaoning, a cluster including several bordered cities in Xinjiang, a cluster including three 

cities in Hubei, a cluster containing some cities in Hunan, and a cluster incorporating 

some cities in Shandong and Hebei. Compared to the results from Yang and Wong 

(2012a), which used the growth rate of inbound tourist arrivals from 2002 to 2006, some 

clusters are also highlighted in this research, such as the one in Liaoning and the one in 

Hubei. 
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Figure 3-5 shows the local Moran cluster map of the growth rate of domestic 

tourism revenue, and Figure 3-6 demonstrates the local G* cluster map of the growth 

rate of domestic tourism revenue. It is found that the two maps also demonstrate a very 

similar pattern of the clustering of domestic tourism growth. Two areas are 

characterized by slow growth of domestic tourism, and they include one in Xinjiang and 

the other in Guangdong, Hainan, and Fujian. However, different factors can be used to 

explain the slow growth in these two areas. For the one in Xinjiang, the remoteness to 

major domestic tourist market in the Center and East becomes a substantial 

disadvantage for the local domestic tourism development. With regard to the one in 

Guangdong, Hainan, and Fujian, the relatively saturated domestic tourism demand 

there impedes the quick growth. On the other hand, three areas are shown with a high 

growth rate of domestic tourism revenue. The most significant one is located in Ningxia 

and the southern part of Gansu, while the other two are found in the Southwest (some 

cities in Guangxi and Guizhou) and the Northeast (several cities in Heilongjiang). These 

results are partly consistent with those from Yang and Wong (2012a), which also 

demonstrated a LL cluster in Guangdong and Guangxi and a HH cluster in the 

southwest. 

As the choice of spatial weighting matrices is arbitrary in ESDA, varying spatial 

weighting matrices should be compared to check the robustness of results. The results 

are considered to be robust if a city with the significant LISA statistic remains in the 

same LISA category no matter which spatial weighting matrix is selected (Le Gallo & 

Ertur, 2003). When comparing the results with the five-nearest-neighbor matrix with 

those with other matrices, such as the ten-nearest-neighbor matrix, the fifteen-nearest-
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neighbor matrix, the contiguity based matrix, and the distance decay matrix, most cities 

remain within the same LISA category, and cities in each LISA category have little 

variation. More importantly, no city is seen shifting from one significant LISA category to 

another. Therefore, the robustness of LISA results is confirmed.  

Results of Spatial Growth Regression Model 

OLS Estimates 

OLS is first used to fit the tourism growth model without taking any spatial effects 

into consideration. The model includes all specified independent variables. Table 3-3 

presents these OLS estimates of various tourism growth models. Model 3.1 (in column 

1 of Table 3-3) fits the growth model of inbound tourism revenue and includes all 342 

cities in China. lnrev_inb is estimated to be negative and statistically significant, 

highlighting a substantial catch-up effect in inbound tourism growth across Chinese 

cities. lnpopden is positive and statistically significant, suggesting that the advantage 

stemming from urbanization economies plays an important role in stimulating inbound 

tourism growth. However, lntertiary, although positive, is not statistically significant, 

which provides little support for the impact of localization economies on inbound tourism 

development. For other independent variables, lnresource, lnhotel, and lnGDP_rate are 

estimated to be statistically significant and positive, indicating that tourism resource 

endowment, tourism infrastructure, and local economic growth are important factors 

explaining the growth rate of inbound tourism revenue. Since all variables are in a 

logarithm form, one can compare the estimated magnitudes of different variables, and 

their relative contributions to regional tourism growth can be outlined. By comparing the 

magnitudes of different coefficients, the coefficient of lnGDP_rate, which is 0.685, is 

found to be the largest. This suggests the substantial importance of economic growth. 
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Moreover, the coefficient of lnhotel is estimated to be larger than that of lnresource, 

indicating that inbound tourism growth is more “infrastructure oriented” than “resource 

oriented.” 

Models 3.2 to 3.4 (in columns 2-4 of Table 3-3) refer to the inbound tourism 

models from different regions in China: the East, the Center, and the West, respectively. 

By comparing the estimates from these three models, different patterns of inbound 

tourism growth can be recognized in different regions of China. The estimated 

coefficient of lnrev_inb is found to be the largest in the Center, showing that the catch-

up effect of inbound tourism growth is more substantial among central cities. Moreover, 

lnresource is estimated to be significant in eastern and central cities, while lnhotel is 

found to be significant only in western cities. This suggests that the tourism resource 

endowment helps to explain inbound tourism growth in eastern and central cities, and 

tourism infrastructure dominantly stimulates the growth in western cities. Furthermore, 

lnGDP_rate is found to be the largest in eastern cities, which suggest that economic 

growth is a key factor influencing the growth of inbound tourism revenue there. 

Model 3.5 (in column 5 of Table 3-3) fits the data of domestic tourism growth over 

342 cities in China. All but one variable are estimated to be statistically significant with 

expected signs. Unlike the estimate in the inbound tourism model (Model 3.1), lnhotel is 

not significant, and this illustrates that tourism infrastructure is not a major factor 

contributing to the growth of domestic tourism revenue in China. This is attributed to the 

fact that inbound tourists have higher expectations with regard to infrastructure 

provision and prefer to use high level infrastructure to maintain the same comfort as 

they do in home countries (Khadaroo & Seetanah, 2007, 2008). lnrev_dom is estimated 
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to be -0.554, and its magnitude is much larger than that of lnrev_inb in Model 3.1 for 

inbound tourism growth. This result shows that the “catch-up effect” is more pronounced 

in domestic tourism growth in Chinese cities. Moreover, the estimated coefficient of 

lntertiary is much larger than that of lnpopden in the model. It suggests that the benefit 

from localization economies plays a more important role in boosting domestic tourism 

than that from urbanization economies. In addition, the estimated coefficient of 

lnresource is larger than its counterpart in Model 3.1, suggesting that the tourism 

resource endowment is more helpful in explaining domestic tourism growth. This can be 

explained by the fact that there are more Chinese domestic tourists interested in 

sightseeing, and the tourism resource specified contains mainly sightseeing attractions.  

Regarding the regional difference in domestic tourism growth, Models 3.6 to 3.8 

are estimated using each respective dataset from the East, the Center, and the West. 

The statistically insignificant coefficient of lnrev_dom in Model 3.6 suggests that the 

catch-up effect is not evident among eastern cities. Moreover, lnpopden and lntertiary 

are estimated to be significant only in Model 3.8, and this implies that the advantages 

stemming from urbanization and localization economies are important factors 

determining domestic tourism growth in only western cities in China. As indicated by the 

significant coefficients of lnresource in Models 3.7 and 3.8, the tourism resource 

endowment is also found to be a major driver of domestic tourism in the Center and the 

West. Finally, lnGDP_rate is estimated to be the largest in eastern cities. It highlights 

the paramount role that economic growth plays in stimulating domestic tourism growth, 

which is consistent with the finding from the inbound tourism model (Model 3.2).  
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SDM Estimates 

A further examination of the residuals from Models 3.1 and 3.5 highlights the 

significant spatial autocorrelation in the predicted residuals. The global Moran’s I of the 

residuals is estimated to be 0.290 for Model 3.1 and 0.236 for Model 3.5, both of which 

are statistically significant at the 0.01 level. The spatial dependence will render possible 

biased estimates, and therefore, the spatial effect is necessary to take into 

consideration in the tourism growth model. Table 3-4 presents the estimation results of 

spatial growth regression models for both inbound and domestic tourism. Apart from the 

SDM specified in Equation 3-4, several other specifications of spatial regression models 

are also considered to assess the robustness of model estimates. These alternative 

models include the spatial autoregressive model (SAR), the spatial error model (SEM), 

and the heteroskedasticity and autocorrelation consistent (HAC) spatial model. The 

SAR model is a restricted model of the SDM by excluding all spatially lagged 

independent variables and only includes a spatial lag of dependent variable with a 

spillover coefficient of ρ. On the other hand, the SEM model specifies a spatially 

autoregressive term for the error term with an autoregressive coefficient of λ. Finally, the 

HAC model incorporates spatially autoregressive terms of both the dependent variable 

and the error term.  

The first four columns of Table 3-4 give the estimation results of various spatial 

models of inbound tourism growth. In particular, Model 3.11 refers to the spatial growth 

regression model with a SDM specification in Equation 3-4. As suggested by the 

smallest AIC value, Model 3.11 outperforms the other three models, including the SAR 

model (Model 3.9), the SEM model (Model 3.10), and the HAC model (Model 3.12). 

Moreover, the AIC values of these four models are found to be smaller than that of the 
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OLS model (Model 3.1), which is 1218.0 (Table 3-3). This shows the fact that the 

inclusion of spatial dependence improves the goodness-of-fit of the model. This 

argument is also supported by the significant Wald test statistics on various spatial 

effects embedded in these four spatial models. With regard to the estimates of 

independent variables that are not spatially lagged, four models present similar 

information regarding their significances and signs. However, the estimated magnitudes 

of some coefficients vary greatly across different models, which highlight the importance 

of correct model specification. 

Model 3.11 is of particular interest as it captures additional spatially lagged 

dependent and independent variables. ρ is estimated to be 0.532, which is statistically 

significant at the 0.01 level. It highlights the significant spillover effects on inbound 

tourism growth over cities and suggests that a 1% increase in the growth rate of 

inbound tourism revenue in a given city will contribute to a 0.532% increase in the 

growth rate of the nearby cities. Moreover, lnrev_inb has a significant coefficient of -

0.427, which unveils the catch-up effect of inbound tourism growth. Other explanatory 

variables including lntertiary, lnresource, lnhotel, and lnGDP_rate are significant with an 

expected sign. However, lnpopden is found to be insignificant.  

Although the initial purpose for including the spatially lagged explanatory 

variables is capturing the unobserved effects (Elhorst, 2010), their estimates also 

provide some insights on the spillover effects of these variables on regional tourism 

growth. As shown in Model 3.11, four out of the six spatially lagged explanatory 

variables are estimated to be statistically significant. Even though lnrev_inb has a 

negative sign, its spatial lag is estimated to be positive, which suggests that a high 
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value of the initial inbound tourism revenue of nearby regions promotes the local 

inbound tourism growth. The estimation results also show that the growth rate of 

regional inbound tourism is positively associated with the urbanization economies 

(lnpopden) and the tourism infrastructure (lnhotel) of the neighboring regions, while it is 

also negatively associated with resource endowments (lnresource). The positive 

association depicts an agglomeration effect, while the negative association implies a 

competition effect. Therefore, the highly significant and negative coefficient of the 

spatial lag of lnresource indicates that more tourism resource endowments in the 

neighboring regions will hinder the local inbound tourism growth because of this 

competition effect across nearby cities. 

Since the SDM model incorporates the spatial lags of both dependent and 

independent variables, its estimates are not directly comparable to their counterparts in 

other models, such as the OLS model, the SAR model, and the SEM model. The 

decomposition of spatial effects of independent variables is used to look into the direct, 

indirect, and total effects of independent variables. These results are presented in Table 

3-5. It should be noted that the indirect effect captures the cumulative spillover effects 

over the whole sample of Chinese cities in this study. As shown in Table 3-5, 

urbanization economies have a positive and indirect effect on the local inbound tourism 

growth, while localization economies have a positive and direct effect. This is consistent 

with the estimates from Model 3.12 in Table 3-4. Moreover, tourism resource 

endowments have a positive direct effect and a negative indirect effect, which indicates 

once again the resource-oriented competition effect in regional inbound tourism growth. 

The total effects summarize the overall impact of various factors in a spatial framework 
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and represent the long-run effects in a new steady-state situation (Del Bo & Florio, 

2012). The total effects of tourism infrastructure (lnhotel) and economic growth 

(lnGDP_rate) are found to be significant and substantial. For example, the total effect of 

tourism infrastructure is 1.063, which can be interpreted as elasticity: a 1% increase in 

the hotel infrastructure will correspond to a significance increase in regional inbound 

tourism revenue of 1.063%, accounting for both direct, own-region effects, and the 

positive spillover effects to other regions. It is interesting to point out the insignificant 

total effect of tourism resource endowments (lnresource). This is because the positive 

direct effect tends to decrease due to the competitive force which pulls tourism revenue 

and tourist arrivals away. 

Concerning the estimates of the spatial growth regression model of domestic 

tourism revenue (Model 3.16), the spillover coefficient ρ is also statistically significant 

and positive, and it is smaller than its counterpart in Model 3.12. This results suggests 

that the spillover effect in inbound tourism growth is more substantial than that in 

domestic tourism growth, which corroborates the findings from Yang and Wong (2012b). 

Furthermore, domestic tourism growth is found to be positively associated with the local 

localization economies (lntertiary), resource endowments (lnresource), and economic 

growth (lnGDP_rate), while it is negatively associated with the initial level of domestic 

tourism revenue (lnrev_dom). With regard to the spatially lagged independent variables, 

only two of them are found to be statistically significant, and they are the spatial lag of 

lnrev_dom and lnhotel. The initial level of domestic tourism revenue in neighboring 

regions is positively associated with domestic tourism growth, which is in line with the 

previous findings. Moreover, the tourism infrastructure of neighboring regions adversely 
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impacts the local domestic tourism growth, which can be recognized as the competition 

effects across regions. Looking at the decomposition of the impacts of the variables in 

Table 3-5, it is shown that the direct effect of lntertiary is the largest, which highlights the 

substantial impact of localization economies on domestic tourism growth across 

Chinese cities. Furthermore, the total effect of lnGDP_rate is lower than its counterpart 

in the inbound tourism growth model, and this result shows the fact that local economic 

growth plays a more important role in stimulating inbound tourism than domestic 

tourism. In summary, all of these results support the conjecture that the determinants of 

international and domestic tourism demand/flows would be different (Bigano, Hamilton, 

Lau, Tol, & Zhou, 2007; Salman, Shukur, & von Bergmann-Winberg, 2007; Yang & 

Wong, 2012b). 

Different spatial weighting matrices tend to yield different estimates from the 

spatial growth regression model. To check the robustness of the aforementioned 

results, the spatial growth regression model will be fit with different spatial weighting 

matrices. Table 3-6 presents these results with three other weighting matrices: the 

distance decay matrix Wdist (with distance decay parameter α = 2), the ten-nearest-

neighbor matrix W10nn, and the fifteen-nearest-neighbor matrix W15nn. It should be noted 

that the contiguity based matrix is not appropriate to model city-level data in China. This 

is because some island cities make the weighting matrix singular and render 

computational difficulty in MLE. According to the results shown in Table 3-6, there are 

only minor changes in the estimates with different spatial weighting matrices. They 

identify a similar set of significant variables with the same sign. 
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GW-SDM Estimates 

Spatial heterogeneity is incorporated in the GW-SDM model. The simple SDM 

model assumes a same tourism growth mechanism over different cities in China, and 

the model is likely to mask geographical variations of tourism growth mechanisms. For 

example, when the coefficient of a factor from the global model is statistically 

insignificant, the factor may facilitate tourism growth in some regions while reducing it in 

others. To unveil the possible spatial variation of each regression coefficient in the SDM 

model (Leung, Mei, & Zhang, 2000; Páez, et al., 2002), the GW-SDM model will be 

applied to explore the spatially varying relationships in the dataset.  

A CV procedure is applied to obtain the suitable bandwidth of geographic 

weights. Note that bandwidth values less than 0.25 trigger certain singular matrix 

problems once geographic weighting is applied to the model. Therefore, bandwidths of 

0.25 to 2.00 were applied to get the most appropriate bandwidth of τo in Model 3.7 of 

both inbound and domestic models. Figure 3-7 shows the CV scores from 0.25 to 2.00. 

The left one illustrates CV results of the inbound tourism model, and the right one 

demonstrates those of the domestic tourism model. With a minimization algorithm of 

golden section search and parabolic interpolation, a bandwidth of 0.99972 is picked up 

for the inbound tourism growth model, while a bandwidth of 0.92997 is selected for the 

domestic tourism growth model. 

Table 3-7 summarizes the results of the GW-SDM model of inbound tourism 

growth by reporting the minimum, 25% percentile, median, 75% percentile, and 

maximum coefficient values for each city. The median value can be compared with the 

estimate from the SDM model (Model 3.12), and the estimates of most independent 

variables are fairly close. However, it should be noted that the GW-SDM estimates of 
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some variables cover a broad range. For example, the finding that the estimated 

coefficient of lnpopden ranges from -0.409 to 0.539 points out a substantial spatial 

variation of the impact of urbanization economies on inbound tourism growth. More 

importantly, both positive and negative estimates are found for lnpopden. This suggests 

that urbanization economies might bring in extra benefits for inbound tourism in some 

areas while exerting negative impacts on others. Of particular interest, the spillover 

coefficient ρ ranges from 0.064 to 0.594 and provides a sound evidence of varying 

spillover effects across cities. In summary, the sample exhibits substantial spatial 

heterogeneity, and the SDM model is likely to mask this heterogeneity and yield 

misleading results. 

As an output from the GW-SDM model, one can map the spatial distribution of 

the estimated coefficients of the independent variables. Such visualization tools provide 

a powerful means to better understanding the impact of various factors on local tourism 

growth. Figures 3-8 and 3-9 illustrate the spatial distribution of various coefficients 

obtained from the GW-SDM model, and the spatial heterogeneity of inbound tourism 

growth can be observed through these maps. In Figure 3-8, there is a clear 

geographical pattern of the distribution of cross-city spillover effects in inbound tourism 

growth. The spillover coefficient is found to be large in two major areas: the Northwest 

and the North China (Huabei) area, while it is small in the Northeast.  

As indicated in Figure 3-9(a), the distribution of the coefficient lnrev_inb shows a 

clear variation as well: the catch-up effect of inbound tourism growth is most substantial 

in the Southwest, which covers a large number of cities in Guangxi, Yunnan, and 

Guizhou. The variables of lnpopden and lntertiary are estimated to be insignificant or 
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weakly significant in Model 3.12. A further look at their GW-SDM estimates in Figures 3-

9(b) and 3-9(c) shows that they are highly significant in certain areas. Positive and 

significant estimates of lnpopden predominate the northeastern area, which indicates 

the positive effect of urbanization economies on spurring local inbound tourism. 

However, negative and significant estimates occur in the northwestern area. One 

possible explanation is that lnpopden tends to measure the “wildness” in this sparsely 

populated area as a possible attraction to inbound tourists. Therefore, lower population 

density is expected to attract more inbound tourist arrivals. For the estimates of 

lntertiary, the benefits of localization economies are found to be substantial in a large 

range of western cities in facilitating inbound tourism growth. 

Figures 3-9(d) and 3-9(e) illustrate the spatial distribution of GW-SDM estimates 

from lnresource and lnhotel. The two maps confirm the contribution of tourism resource 

endowments and hotel infrastructure to local inbound tourism growth in most China’s 

cities. The affluent tourism resource endowments are found to be a huge advantage of 

inbound tourism development in the Southwest (e.g Yunnan, Guizhou, Guangxi, and 

Sichuan), while hotel infrastructure plays a more substantial role in facilitating inbound 

tourism growth in the Northwest (e.g Gansu, Ningxia, and Qinghai). Another noticeable 

finding from Figure 3-9(e) is that hotel infrastructure is not a significant determinant of 

local inbound tourism in the Southeast, which is usually referred to as the most 

developed area in China. Finally, Figure 3-9(f) demonstrates that the influence of local 

economic growth on local inbound tourism is at its greatest positive extent in the 

Northeast, but in most cities it is insignificant. 
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Table 3-8 summarizes the results of the GW-SDM model of domestic tourism 

growth and reports the minimum, 25% percentile, median, 75% percentile, and 

maximum coefficient values for each city. The median values are very close to the 

estimate from the corresponding SDM model (Model 3.16). Similar to the results from 

the GW-SDM estimates of the inbound tourism growth model, the coefficients of some 

variables cover a broad range, such as lnGDP_rate (-0.511 to 0.520), W*lntertiary (-

0.567 to 1.789), and W*lnresource (-0.756 to 0.749). 

Figure 3-10 demonstrates the spatial distribution of spillover coefficient and 

suggests that the direct spillover effect of domestic tourism growth is stronger in the 

South, but the positive spillover declines when moving north, with negative effects 

appearing in the Northwest and Northeast. It exhibits a different pattern from the 

spillover effect of inbound tourism growth (Figure 3-8). Figure 3-11(a) depicts the spatial 

distribution of the estimated catch-up effect, and the finding that this effect is most 

sizable in the western region is partly consistent with pattern shown for the inbound 

tourism growth in Figure 3-9(a). Even though lnpopden is not statistically significant in 

the SDM model (Model 3.16), its GW-SDM coefficients cover both negative and positive 

significant values as shown in Figure 3-11(b). Figure 3-11(b) demonstrates a very clear 

trend from positive values in the Southwest to negative values in the Northeast. The 

GW-SDM estimates of lntertiary are consistently positive in Figure 3-11(c), and 

localization economies play a very trivial role in domestic tourism growth in the East, 

especially the coastal area. It is also noteworthy that the influence of tourism resource 

endowments declines from the West to the East (Figure 3-11(d)), and the impact of 

hotel infrastructure is only significant in Xinjiang and northeastern cities (Figure 3-11(e)). 
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Finally, local economic growth is found to be important for local domestic tourism growth 

in the Northeast and around Guangxi (including Hainan) (Figure 3-11(f)). 

Chapter Conclusion 

With the spatial growth regression model, this chapter has identified a set of 

factors that explain the rate of regional tourism growth across 342 cities in China from 

2002 to 2010. Local economic growth has been found to be the most important factor 

stimulating both inbound and domestic tourism growth. Other significant factors include 

localization economies, tourist resource endowments, and hotel infrastructure. 

Moreover, with the tourism growth model incorporating spatial dependence, the 

significant spatial spillover effects and catch up effects were recognized, and the cross-

city competition effect was highlighted in terms of tourism resource endowments for 

inbound tourism and hotel infrastructure for domestic tourism. 

The differences between inbound and domestic tourism growth patterns were 

identified in the research as well. The spillover effect was found to be more substantial 

for inbound tourism growth, while the catch up effect was more sizable for domestic 

tourism growth. Moreover, it has been found that the advantage of localization 

economies was significant to stimulate domestic tourism growth, and the benefits 

stemming from urbanization economies were positively associated with inbound tourism 

growth through an indirect effect.  

The geographically weighted framework adopted in this research provides a 

reasonable way to obtain the smooth map of parameters that help to recognize 

localized patterns of tourism growth, which are likely to be masked in the global 

regression. Substantial geographic variations have been identified in terms of local 

tourism growth patterns. For example, the spillover effect of inbound tourism growth 
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was found to be larger in the Northwest and the North China area, while the spillover 

effect of domestic tourism growth exhibits a clear pattern of south-north division. More 

importantly, some insignificant variables in the global regression may have both positive 

and negative significant coefficients in the GW-SDM, such as lnpopden in the domestic 

tourism model. 

The results of this research provide several important implications for tourism 

policymakers. First, tourist destinations should take full advantage of positive spatial 

spillover effects in tourism growth and internalize these benefits by collaborative 

marketing efforts with nearby cities. Second, since the catch-up effect have been 

recognized for less developed tourist destinations, additional efforts can be made to 

support their tourism growth of these destinations at the beginning stage. Third, the 

cross-city completion effects triggered by tourism resources and hotel infrastructure can 

be detrimental to local tourism growth, and specific strategies should be considered to 

alleviate this competition, such as the differentiation of products and destination image. 

Finally, the revealed spatial heterogeneity enables local policymakers to understand the 

localized pattern of inbound and domestic tourism growth and propose appropriate 

strategic plans for local tourism growth. 

In this part of the dissertation, even though spatial heterogeneity has been 

incorporated to explain regional tourism growth, no statistical tests have been 

conducted to test the significance of this spatial heterogeneity. Moreover, although 

some coefficients of the spatial growth regression model might be spatially varying over 

different cities, some may not. The GW-SDM is unable to restrict these coefficients to 
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be spatially stable. Finally, I did not consider the hierarchical structure of the data and 

did not incorporate the effect of the individual province in which the city belongs. 
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Table 3-1.  Descriptions of variables used in the tourism growth model 

Variable obs. mean Std. Dev. Min Max 

lnrate_inb 342 1.472 1.566 -6.359 6.765 
lnrate_dom 342 1.854 0.814 -0.315 6.063 
lnrev_inb 342 5.750 2.532 -1.347 12.648 
lnrev_dom 342 2.069 1.631 -4.305 6.902 
lnpopden 342 5.238 1.485 -1.349 7.904 
lntertiary 342 -1.022 0.214 -2.220 -0.395 
lnresource 342 0.309 1.061 -0.693 3.892 
lnhotel 342 -2.850 1.049 -5.691 0.766 
lnGDP_rate 342 1.305 0.275 0.495 2.758 

 

 

 

Table 3-2. Pearson correlation coefficients between independent variables 

Variable lnrev_inb lnrev_dom lnpopden lntertiary lnresource lnhotel 

lnpopden 0.264 0.603   
  

lntertiary 0.357 0.220 -0.008  
  

lnresource 0.590 0.546 0.158 0.294  
 

lnhotel 0.519 0.308 -0.150 0.297 0.454  
lnGDP_rate -0.077 -0.049 -0.120 -0.014 -0.036 0.089 
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Table 3-3. OLS estimates of tourism growth model 

Variable 
Model 

3.1 
Model 3.2 

Model 
3.3 

Model 
3.4 

Model 
3.5 

Model 
3.6 

Model 
3.7 

Model 
3.8 

 Inbound Inbound Inbound Inbound Domestic Domestic Domestic Domestic 

lnrev_inb -0.345*** -0.307*** -0.585*** -0.329*** 
    

 
(0.055) (0.063) (0.084) (0.090) 

    
lnrev_dom     -0.435*** -0.0602 -0.424*** -0.581*** 

     (0.055) (0.067) (0.088) (0.061) 

lnpopden 0.269*** -0.000590 0.214 0.0779 0.145*** -0.124 -0.100 0.251*** 

 
(0.068) (0.170) (0.208) (0.085) (0.041) (0.100) (0.086) (0.050) 

lntertiary 0.236 -0.516 0.779 0.688 0.378** -0.291 0.328 0.594** 

 
(0.419) (0.556) (0.584) (0.599) (0.186) (0.334) (0.325) (0.262) 

lnresource 0.154* 0.166* 0.352** 0.151 0.164*** -0.0467 0.179** 0.283*** 

 
(0.087) (0.090) (0.136) (0.167) (0.045) (0.062) (0.075) (0.059) 

lnhotel 0.390*** -0.0115 0.253 0.549*** -0.0401 -0.0582 -0.0249 -0.0456 

 
(0.122) (0.120) (0.213) (0.190) (0.036) (0.055) (0.101) (0.058) 

lnGDP_rate 0.685* 1.188*** 0.858* 1.001 0.375*** 0.658*** 0.537* 0.241 

 
(0.377) (0.335) (0.512) (0.619) (0.139) (0.190) (0.272) (0.202) 

constant 2.454*** 1.845 4.104*** 3.204** 1.724*** 1.284 2.869*** 1.834*** 

 
(0.833) (1.420) (1.206) (1.251) (0.303) (0.780) (0.705) (0.375) 

N 342 102 108 132 342 102 108 132 

Sample All East Center West All East Center West 

R-square 0.190 0.466 0.459 0.189 0.432 0.253 0.509 0.565 

AIC 1218.0 247.3 346.5 517.8 649.6 145.2 184.5 267.3 

BIC 1244.8 265.6 365.3 537.9 676.4 163.6 203.3 287.5 

Notes: *** indicates significance at the 0.01 level, ** indicates significance at the 0.05 level, and * indicates significance at 
the 0.10 level. Robust standard error presented in parenthesis. 
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Table 3-4. Estimates of spatial growth regression model 

Variable 
Model 

3.9 
Model 
3.10 

Model 
3.11 

Model 
3.12 

Model 
3.13 

Model 
3.14 

Model 
3.15 

Model 
3.16 

 Inbound Inbound Inbound Inbound Domestic Domestic Domestic Domestic 

Model SAR SEM HAC SDM SAR SEM HAC SDM 

Spatial weight W5nn W5nn W5nn W5nn W5nn W5nn W5nn W5nn 

lnrev_inb -0.339*** -0.410*** -0.394*** -0.427*** 
    

 
(0.039) (0.040) (0.039) (0.039) 

    
lnrev_dom     -0.416*** -0.472*** -0.466*** -0.474*** 

     (0.032) (0.033) (0.032) (0.033) 

lnpopden 0.180*** 0.0134 -0.0429 -0.104 0.153*** 0.117*** 0.0812** 0.0547 

 
(0.052) (0.079) (0.079) (0.084) (0.031) (0.035) (0.037) (0.041) 

lntertiary 0.318 0.420 0.418 0.630* 0.265 0.264* 0.318** 0.404*** 

 
(0.349) (0.324) (0.304) (0.330) (0.164) (0.153) (0.145) (0.155) 

lnresource 0.174** 0.297*** 0.291*** 0.281*** 0.147*** 0.161*** 0.152*** 0.163*** 

 
(0.082) (0.082) (0.078) (0.081) (0.040) (0.039) (0.037) (0.038) 

lnhotel 0.339*** 0.207** 0.175** 0.219** -0.00511 0.00602 0.0122 0.0114 

 
(0.085) (0.089) (0.085) (0.087) (0.039) (0.040) (0.039) (0.040) 

lnGDP_rate 0.473* 0.460* 0.431 0.456* 0.330*** 0.256** 0.222* 0.218* 

 
(0.254) (0.277) (0.267) (0.275) (0.119) (0.127) (0.125) (0.129) 

W*lnrev_inb 
   

0.237*** 
    

    
(0.073) 

    
W*lnrev_dom        0.316*** 

        (0.063) 

W*lnpopden 
   

0.411*** 
   

-0.0319 

    
(0.115) 

   
(0.067) 

W*lntertiary 
   

0.118 
   

0.385 

    
(0.740) 

   
(0.340) 

W*lnresource 
   

-0.437*** 
   

-0.0398 

    
(0.156) 

   
(0.074) 
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Table 3-4. Continued 

Variable 
Model 

3.9 
Model 
3.10 

Model 
3.11 

Model 
3.12 

Model 
3.13 

Model 
3.14 

Model 
3.15 

Model 
3.16 

W*lnhotel    0.274*    -0.181** 

    
(0.157) 

   
(0.071) 

W*lnGDP_rate 
   

0.298 
   

0.216 

    
(0.489) 

   
(0.228) 

constant 2.350*** 4.069*** 4.692*** 1.348 1.232*** 2.122*** 3.038*** 1.032** 

 
(0.651) (0.785) (0.798) (1.219) (0.294) (0.311) (0.437) (0.465) 

ρ 0.502*** 
 

-0.349*** 0.532*** 0.251*** 
 

-0.340*** 0.402*** 

 
(0.060) 

 
(0.131) (0.059) (0.063) 

 
(0.121) (0.067) 

λ 
 

0.630*** 0.771*** 
  

0.477*** 0.660*** 
 

 
 

(0.058) (0.055) 
  

(0.067) (0.071) 
 

σ 1.264*** 1.209*** 1.152*** 1.179*** 0.596*** 0.565*** 0.540*** 0.554*** 

 (0.049) (0.048) (0.050) (0.046) (0.023) (0.022) (0.023) (0.021) 

N 342 342 342 342 342 342 342 342 

Wald1 70.169*** 119.947*** 284.619*** 79.900*** 15.971*** 50.798*** 117.099*** 35.542*** 

Wald2 
   

48.264*** 
   

47.491*** 

AIC 1165.9 1147.6 1143.6 1133.0 638.5 613.3 607.6 606.9 

BIC 1200.5 1182.1 1181.9 1190.5 673.0 647.8 646.0 664.4 

Notes: *** indicates significance at the 0.01 level, ** indicates significance at the 0.05 level, and * indicates significance at 
the 0.10 level. Standard error presented in parenthesis. Wald1 refers to the Wald test on rho and (or) lambda, and Wald2 
refers to the Wald test on spatial lag of independent variables. 
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Table 3-5. Decomposition of spatial effects of independent variables 

 Inbound model (Model 3.12) Domestic model (Model 3.16) 

 Direct 
effect 

Indirect 
effect 

Total 
effect 

Direct 
effect 

Indirect 
effect 

Total 
effect 

lnrev_inb -0.425*** 0.020 -0.404***    

lnrev_dom    -0.462*** 0.198** -0.264** 

lnpopden -0.053 0.707*** 0.654*** 0.055 -0.019 0.036 

lntertiary 0.685* 0.862 1.548 0.446*** 0.907 1.354** 

lnresource 0.245*** -0.577* -0.332 0.164*** 0.042 0.206 

lnhotel 0.266*** 0.797** 1.063*** -0.002 -0.289*** -0.291** 

lnGDP_rate 0.543** 1.137 1.680* 0.240** 0.497 0.737** 

Notes: *** indicates significance at the 0.01 level, ** indicates significance at the 0.05 
level, and * indicates significance at the 0.10 level. 
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Table 3-6. Estimates of spatial growth regression model with different weighting 
matrices 

Variable 
Model 
3.17 

Model 
3.18 

Model 
3.19 

Model 
3.20 

Model 
3.21 

Model 
3.22 

 Inbound Inbound Inbound Domestic Domestic Domestic 

Model SDM SDM SDM SDM SDM SDM 

Spatial weight Wdist W10nn W15nn Wdist W10nn W15nn 

lnrev_inb -0.443*** -0.431*** -0.423***    

 
(0.040) (0.039) (0.040)    

lnrev_dom    -0.468*** -0.487*** -0.492*** 

    (0.032) (0.033) (0.032) 

lnpopden -0.0131 -0.0900 -0.0475 0.0964*** 0.0659* 0.0477 

 
(0.074) (0.082) (0.082) (0.037) (0.039) (0.039) 

lntertiary 0.559* 0.569* 0.568* 0.388** 0.461*** 0.448*** 

 
(0.336) (0.329) (0.336) (0.153) (0.150) (0.150) 

lnresource 0.279*** 0.245*** 0.252*** 0.136*** 0.160*** 0.158*** 

 
(0.083) (0.081) (0.083) (0.039) (0.038) (0.038) 

lnhotel 0.243*** 0.225** 0.249*** 0.0346 0.0200 0.0311 

 
(0.090) (0.088) (0.088) (0.041) (0.040) (0.039) 

lnGDP_rate 0.537** 0.374 0.568** 0.172 0.148 0.130 

 
(0.271) (0.281) (0.278) (0.123) (0.129) (0.126) 

W*lnrev_inb 0.425*** 0.271*** 0.206*    

 
(0.140) (0.100) (0.120)    

W*lnrev_dom    0.528*** 0.465*** 0.483*** 

    (0.113) (0.080) (0.095) 

W*lnpopden 0.420** 0.412*** 0.392** -0.124 -0.122 -0.0666 

 
(0.207) (0.142) (0.163) (0.108) (0.080) (0.091) 

W*lntertiary -1.276 -0.702 -0.973 0.219 0.425 0.193 

 
(1.413) (1.099) (1.300) (0.567) (0.488) (0.596) 

W*lnresource -0.553* -0.435** -0.470* -0.0537 -0.0679 -0.0987 

 
(0.310) (0.208) (0.247) (0.148) (0.099) (0.117) 

W*lnhotel 0.317 0.338 0.464* -0.310*** -0.252*** -0.221** 

 
(0.254) (0.211) (0.271) (0.107) (0.092) (0.109) 

W*lnGDP_rate 1.010 0.935 0.419 0.672 0.352 0.602* 

 
(1.066) (0.617) (0.756) (0.476) (0.287) (0.345) 

constant -2.899 -0.363 0.384 -0.678 0.793 0.00522 

 
(2.427) (1.660) (1.943) (0.771) (0.598) (0.702) 

ρ 0.774*** 0.587*** 0.622*** 0.664*** 0.515*** 0.586*** 

 
(0.091) (0.070) (0.077) (0.114) (0.082) (0.095) 

σ 1.206*** 1.181*** 1.200*** 0.551*** 0.542*** 0.544*** 

 (0.047) (0.046) (0.046) (0.021) (0.021) (0.021) 

N 342 342 342 342 342 342 
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Table 3-6. Continued 

Variable 
Model 
3.17 

Model 
3.18 

Model 
3.19 

Model 
3.20 

Model 
3.21 

Model 
3.22 

Wald1 73.021*** 70.469*** 66.072*** 33.768*** 39.282*** 38.236*** 

Wald2 45.930*** 47.174*** 32.214*** 46.852*** 61.262*** 62.122*** 

AIC 1142.6 1128.1 1136.0 602.7 591.0 593.4 

BIC 1200.2 1185.6 1193.5 660.2 648.5 650.9 

Notes: *** indicates significance at the 0.01 level, ** indicates significance at the 0.05 
level, and * indicates significance at the 0.10 level. Standard error presented in 
parenthesis. Wald1 refers to the Wald test on rho and (or) lambda, and Wald2 refers to 
the Wald test on spatial lag of independent variables. 
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Table 3-7. GW-SDM parameter summary of inbound tourism growth 

 
Minimum 25% 

percentile 
Median 75% 

percentile 
Maximum 

lnrev_inb -0.512 -0.484 -0.456 -0.427 -0.249 

lnpopden -0.409 -0.018 0.036 0.062 0.539 

lntertiary -0.317 0.324 0.555 0.717 1.747 

lnresource -0.021 0.265 0.322 0.374 0.443 

lnhotel -0.016 0.158 0.217 0.346 0.640 

lnGDP_rate -0.040 0.369 0.503 0.572 1.253 

W*lnrev_inb -0.389 0.098 0.178 0.199 0.590 

W*lnpopden -0.300 0.368 0.448 0.573 1.058 

W*lntertiary -0.338 0.742 0.914 1.065 1.840 

W*lnresource -1.496 -0.672 -0.464 -0.271 -0.064 

W*lnhotel 0.207 0.305 0.432 0.580 1.242 

W*lnGDP_rate -0.451 -0.296 -0.034 0.272 1.590 

constant 1.338 2.262 2.551 3.094 5.728 

ρ 0.064 0.446 0.476 0.497 0.594 

 

 

 

Table 3-8. GW-SDM parameter summary of domestic tourism growth 

 
Minimum 

25% 
percentile 

Median 
75% 

percentile 
Maximum 

lnrev_dom -0.706 -0.559 -0.431 -0.337 -0.209 

lnpopden -0.326 -0.009 0.087 0.164 0.249 

lntertiary 0.197 0.351 0.426 0.549 1.112 

lnresource -0.009 0.049 0.117 0.243 0.573 

lnhotel -0.073 -0.045 -0.021 0.023 0.393 

lnGDP_rate -0.511 0.096 0.149 0.237 0.520 

W*lnrev_dom -0.596 0.098 0.281 0.413 0.568 

W*lnpopden -0.391 -0.303 -0.127 0.139 0.855 

W*lntertiary -0.567 0.210 0.539 0.718 1.789 

W*lnresource -0.756 -0.148 -0.103 -0.052 0.749 

W*lnhotel -0.384 -0.131 -0.056 0.020 0.672 

W*lnGDP_rate -0.614 0.058 0.235 0.282 1.434 

constant 0.948 1.739 2.298 2.744 7.108 

ρ -1.000 0.190 0.339 0.448 0.579 
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Figure 3-1. Histogram of lnrate_inb 

 

 
Figure 3-2. Histogram of lnrate_dom 
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Figure 3-3. Local Moran cluster map of the growth rate of inbound tourism revenue 

 
Figure 3-4. Local G* cluster map of the growth rate of inbound tourism revenue 
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Figure 3-5. Local Moran cluster map of the growth rate of domestic tourism revenue 

 
Figure 3-6. Local G* cluster map of the growth rate of domestic tourism revenue 
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Figure 3-7. Plot of bandwidth against CV score 

 
Figure 3-8. Spatial distribution of the GW-SDM spillover coefficient in the inbound 

tourism model 
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(a)                                                                             (b) 

 

 
(c)                                                                              (d) 

 
(e)                                                                             (f) 

 
Figure 3-9. Spatial distribution of the GW-SDM coefficients in the inbound tourism model 
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Figure 3-10. Spatial distribution of the GW-SDM spillover coefficient in the domestic 
tourism model 
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(a)                                                                                   (b) 

 
(c)                                                                                    (d) 

 
(e)                                                                                   (f) 

 
Figure 3-11. Spatial distribution of the GW-SDM coefficients in the domestic tourism model 
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CHAPTER 4 
ANALYSIS OF TOURISM ECONOMIC IMPACTS AND THEIR DETERMINANTS 

Chapter Summary 

 To understand the economic contributions made by the tourism industry, this 

chapter applies a set of tools to understand tourism's linkages and multipliers from the 

input-output table of 30 provinces in China at the year of 2002. After obtaining inter-

sector linkage measures, factor analysis and cluster analysis are utilized to recognize 

the pattern of the forward and backward linkage structure of the tourism industry and 

group micro-level industries into a smaller set of “industrial clusters”. It is also found that 

tourism is weakly backward linked to other industries in nearly all China’s provinces. 

Finally, a latent class regression model is applied to analyze determinants of the tourism 

economic multipliers and identify several latent classes of tourism economic impacts 

based on China’s provinces. In general, the profit of tourism firms within the province is 

found to be an important factor determining the output multiplier and the type I income 

multiplier of tourism. 

Introduction 

The tourism industry enjoys a reputation for substantial multiplier effects on local 

economies, and its striking economic importance has been emphasized in many studies 

(Archer, 1995; Croes & Vanegas, 2008; Vaughan, Farr, & Slee, 2000). Ryan (2003) 

suggested that the general economic benefits of tourism include earning foreign 

exchange and taxation revenue, generating employment, redistributing income, etc. To 

understand the economic contributions made by the tourism industry, various multipliers 

have been used to measure the economic importance of tourism to the local economy, 

such as output multiplier, income multiplier, employment multiplier, and government 
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revenue multiplier (Gasparino, Bellini, Del Corpo, & Malizia, 2009). Several methods 

have been applied to estimate these impacts, like the economic base model (Hefner, 

1990), the input-output (I-O) model (West & Gamage, 2001), the social accounting 

matrix (SAM) model (Daniels, Norman, & Henry, 2004), and the computable general 

equilibrium (CGE) model (Sugiyarto, Blake, & Sinclair, 2003). 

In past literature, the I-O model has been extensively used to calibrate the 

linkage of tourism to other industries and the total economic effects that tourism triggers 

(Song, Dwyer, Li, & Cao, 2012). The I-O table records the transactions between large 

numbers of industries and provides valuable information to trace the economic impact of 

the tourism industry upon other related industries and the whole economy. Therefore, it 

provides a reduced-form picture that is tractable and representative of the overall 

economic structure. The analysis of the I-O table dates back to early works in both 

economics and geography (Hewings, 1985). In economics, the theoretical background 

is rooted in the concept of Marxian and Walrasian general equilibrium, suggesting a 

stable state of transactions between industries in an economic system (Miller & Blair, 

1985). On the other hand, the linkage to geography can be found in several early works 

on urban economic base and city classification (Hewings, 1985). In the 1980s, I-O 

analysis attracted sizable research efforts from economic geographers and regional 

scientist to understand the regional economic structure and appraise the economic 

impact.  

In the tourism economic impact literature, a large variation in the calculated 

multipliers has been observed. For example, while Archer (1995) and Heng and Low 

(1990) highlighted the great economic importance of tourism to the local economy, 
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Mbaiwa (2005) and Stoeckl (2007) found that tourism brought very limited contributions 

to the local economy in their study areas. By using I-O analysis, Heng and Low (1990) 

found that the tourism income multiplier in Singappre is 0.98, while Lee (1996) 

calibrated the income multiplier of tourism in South Korea to be 0.49. Other tourism 

income multiplier results include 0.65 for metropolitan Victoria, Canada (Liu & Var, 

1983); 0.80 for Hawaii, U.S (Liu, 1986); and 0.40 for Tanzania (Kweka, Morrissey, & 

Blake, 2003). To unveil factors contributing to this variation, some studies investigated 

its determinants through past published articles and identified such factors as 

publication date and the scale of study region (Baaijens, et al., 1998; van Leeuwen, 

Nijkamp, & Rietveld, 2006; van Leeuwen, et al., 2009). However, it will be much more 

meaningful to investigate the variation of tourism’s economic impacts by a cross-

sectional sample from similar areas, and shed light on the essential factors explaining 

tourism’s economic benefits.  

Another weakness of the past literature lies in the lack of comparison and 

integration of tourism’s impact in multiple areas, since most studies focus on the impact 

analysis within a particular area or region. The in-depth analysis on multiple regions 

could provide more information on the heterogeneity of tourism linkage and the 

industrial structure which delineates the forward and backward linkage between tourism 

and other industries. To the best of my knowledge, this research represents one of the 

first efforts in tourism studies to highlight industrial clustering in terms of their linkages to 

the tourism industry and the regional heterogeneity of tourism’s economic impacts. 

To fill the research gaps discussed above, I-O analysis is applied in this chapter 

to calculate the economic impact of the tourism industry on the local economy of 30 
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provinces in China at the year of 2002. After obtaining inter-sector linkage measures 

from the I-O table, some multivariate statistical analysis tools are utilized to recognize 

the pattern of the forward and backward linkage structure of the tourism industry. By 

doing this, I identify similar micro-level industries and group them into a smaller set of 

industries, which can be recognized as the “industrial cluster”, an important concept in 

regional economics. Finally, a latent class regression model is applied to analyze 

determinants of the tourism economic multipliers calibrated from I-O analysis and 

identify several latent classes of tourism economic impacts based on China’s provinces.  

Literature Review 

Economic Impact of Tourism 

Economic impact analysis is an important element of a toolbox that can be 

adopted by tourism planners to look into the economic benefits generated by tourism 

(Tyrrell & Johnston, 2006). To estimate the economic impacts of the tourism industry, 

several methods have become fairly popular. Ryan (2003) identified four methods: 

multiplier studies, input-output measure, satellite accounts, and local impact studies with 

ad hoc measures. More specifically, frequently utilized tourism economic impact models 

include the economic base model (Hefner, 1990), the input-output (I-O) model (West & 

Gamage, 2001), the social accounting matrix (SAM) model (Daniels, et al., 2004; Polo & 

Valle, 2009), the computable general equilibrium (CGE) model (Sugiyarto, et al., 2003), 

and the tourism satellite account (TSA) model (Frechtling, 2010). 

The I-O model has been extensively used in examining the economic impact of 

tourism, especially in early years. It enables researchers to trace flows of goods and 

services through different sectors and estimate the direct and indirect impacts of tourism 

on the local economy (Klijs, Heijman, Maris, & Bryon, 2012; Song, et al., 2012). 
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Regarded as an extended I-O model, the CGE model includes a set of equations 

capturing the major relationships within the economy. The model treats the economy as 

an integrated system with feedback mechanisms and considers disequilibrium and 

market imperfections within the local economy (Klijs, et al., 2012; Song, et al., 2012). 

Furthermore, another tourism economic impact model, the TSA model, becomes more 

and more popular in both academia and industry. It refers to a standard method 

recommended by UNWTO for measuring tourism economic contributions, which rests 

upon a statistical accounting framework 

Based on various tourism economic impact models, the variation in the 

magnitude of tourism’s economic impact has been observed across different regions. 

By reviewing past estimates of tourism multipliers, Lee (1996) suggested that their sizes 

depend on the strength of inter-sectoral linkages, the degree of leakages outside the 

economy, and the general size of the economy. Pratt (2011) also found that economies 

with a larger population have a larger tourism output/income multiplier. According to the 

estimates of tourism’s impact of several Norwegian towns, Huse, Gustavsen, and 

Almedal (1998) discovered that this impact hinges on local infrastructure, local tourism 

age, and attributes of tourism industry. Ryan (2003) explained several major 

determinants of tourism’s economic impacts, which include the level of economic 

development, the nature of tourist attractions and facilities, ownership of tourism 

business, the employment of labor, government provision of infrastructure, tourist type, 

and the linkage to other economic sectors. From the I-O analysis results of 114 regions 

in five states of the U.S, Chang (2001) found that tourism economic multipliers can be 

explained by the regional population size and the classification of regions as “rural”, 
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“small metro”, “large metro” and “state”. Furthermore, using a survey data from 429 

different tourism enterprises in Northern Australia, Stoeckl (2007) showed that 

business-level multipliers of tourism industry is negatively correlated with the 

remoteness of location, and he argued that this may be explained by the fact that 

tourism is weakly linked to the major industry, agriculture, in the study areas.  

To synchronize the results from previous studies and provide a systematic review 

of tourism’s economic impact, meta-regression has been used to explore possible 

factors influencing the results of tourism multipliers obtained from past studies (Baaijens, 

et al., 1998; van Leeuwen, et al., 2006, 2009). Van Leeuwen, Nijkamp, & Rietveld (2006) 

suggested that the size of the tourism multiplier is associated with visitor numbers and 

expenditures, natural and cultural attractions in the area, and administrative levels. In 

their additional research, they found that the size of the economic base and total 

tourism demand also helped to explain the variation of tourism multipliers (van Leeuwen, 

et al., 2009). 

Application of Input-Output Analysis in Tourism 

There has been a long tradition in tourism studies of using I-O models to 

evaluate the regional economic impact brought about by the tourism industry. This can 

be explained by the several advantages I-O analysis offers. First, regional I-O tables are 

effortless to obtain in most regions and provide precise data sources for I-O analysis. 

Therefore, it is not necessary to conduct a large scale survey to get the data. Second, 

compared to other complicated models, it is fairly easy to compute and comprehend the 

results from an I-O model regarding the inter-sectoral linkage and the overall economic 

importance to the local economy. Other noticeable advantages of I-O analysis include 

the flexibility in research scales and the ability to study tourists with distinct expenditure 
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patterns (Sun, 2005). However, several major drawbacks of I-O models have been 

noted, such as its unrealistic assumptions and the absence of income feedbacks, 

resource limitations, and price adjustments (Polo & Valle, 2009). 

The purchase and sale coefficients matrices derived from I-O tables describe the 

relationship between different industries in the economy and provide sufficient 

information about the industrial structure of the region/nation. Based on 52 potential 

criteria, Klijs, et al. (2012) evaluated the performance of five economic impact models of 

tourism, including the export base model, the Keynesian model, the ad hoc model, the I-

O model, and the CGE model. Their results suggested I-O models as the compromise 

after taking several essential criteria into consideration, and recommended I-O models 

to analyze tourism impacts when the research model is not too complex. Moreover, 

some previous studies highlighted that the I-O model yields similar results as those from 

the CGE model (McGregor, Swales, & Yin, 1996) and I-O analysis is particularly 

suitable for small and open economies (West, 1995).  

The validity of I-O analysis hinges heavily on several important assumptions 

embedded in the I-O table. First, each industry in the table should be exclusively 

defined without overlaps between industries, and households are assumed to purchase 

goods from the same division of industries. Second, on the supply side, the linearity 

assumption suggests a linear relationship between industrial inputs and outputs while 

the homogeneity assumption refers to the identity of goods that are produced by every 

industry. Third, the demand-supply equilibrium should be achieved and the price is 

expected to be exogenous to the I-O table. In I-O applications on tourism impact 

analysis, several extensions have been made to relax some of these assumptions, such 
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as the non-linear I-O model (West & Gamage, 2001), the capacity constrain model 

(Fletcher, 1989), and the occupation base model (Daniels, et al., 2004).  

Apart from the traditional use of I-O analysis in the direct assessment of tourism 

economic multipliers, another important I-O application in tourism studies is the analysis 

of income/employment redistribution through tourists’ expenditure. By disaggregating 

tourists’ expenditure, Heng and Low (1990) found that the estimated tourism economic 

impacts are relatively uniform across tourists from different origins and with different 

purposes. Archer and Fletcher (1996) and Sun (2005) compared the economic impact 

of different inbound tourist segments according to their expenditure data and I-O 

analysis and picked up certain tourist segments that are more influential to local 

economies. 

The inter-industrial linkage between tourism and other industries can also be 

examined by I-O models. As noted by Lee (1996), it is important to understand who 

gains and who loses from tourism growth, and it is also important to recognize the 

industries that are substantially linked to tourism. Beynon, Jones, and Munday (2009) 

applied linkage analysis to study the intensity of transaction linkages of tourism-related 

sectors in Wales; to analyze how these linkages contribute to other parts of the 

economy. However, it appears that no known study has adopted multivariate methods 

to study the industrial clustering according to their linkages to tourism, which is 

important for recognizing the inter-industrial connection between tourism and other 

industries in the economy. 

Industrial Grouping/Complexes Analysis 

Since an I-O table incorporates the inter-sectoral purchase and sale flow 

information of a large number of industries, the table is too complex to be used to 
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generalize about the industrial structure and policy implications. As a result, it is more 

preferable for economists, planners, and political decision-makers to understand a 

smaller number of industrial clusters rather than the scatter of heterogeneous industries 

presented in the original I-O table (Czamanski & Ablas, 1979). Several endeavors have 

been made by economic geographers and regional scientists to simplify the I-O table for 

further analysis. For example, various dimension-reduction methods have been 

introduced to identify the group of industries or industry complexes to depict a more 

concise and simplified structure of local economic sectors (Ó hUallacháin, 1984, 1985; 

Roepke, Adams, & Wiseman, 1974).  

The terminology “industrial cluster” and “industrial complex” have been heavily 

used in early literature to present a more concise understanding of the structure of I-O 

tables. According to Czamanski and Ablas (1979), an industrial cluster is a subset of 

industries that are connected by flows of goods and services that are stronger than 

those linking them to other industries. The industries within the same industrial cluster 

are believed to be more homogeneous. Moreover, “industrial complex” places emphasis 

on the spatial concentration of industries in addition to general connections linked by 

flows of goods and services. However, in many papers, the industrial complex was used 

interchangeably with the term industrial cluster. Finally, it should be noted that the 

analysis of industrial cluster/complexes can be regarded as a method of aggregating the 

I-O table, which is another important stratum of I-O analysis (Oksanen & Williams, 

1992).  

To group different industries according to their interconnectedness embedded in 

the I-O table, Streit (1969) designed a coefficient to measure the intensity of inter-
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industrial flows and applied it to recognize the grouping of industries in France and 

Germany. Czamanski and Ablas (1979) compared several methods including several 

multivariate analysis tools and triangularisation/graph theory methods to identify 

industrial clusters and complexes of 78 industries. They highlighted significant 

differences between the results of different methods. Ó hUallacháin (1984) utilized 

principle component analysis (PCA) aided by eigenvector rotation to identify regional 

industrial complexes in the state of Washington based on 49 × 49 purchase and sale 

coefficient matrices, and 15 complexes were finally identified. He argued that the PCA 

results provide more information on the industrial structure than those from simple 

eigenvector analysis and graph theory method.  

Factor analysis has been frequently used in I-O analysis to understand the latent 

industrial clusters. With a 44 × 44 I-O table, Roepke, et al. (1974) applied factor analysis 

to look into the industrial complexes in Ontario, Canada. According to different matrices 

specified for factor analysis, three types of complexes were identified, and they found 

that different methods generate very similar results on the grouping of industries. 

Oksanen and Williams (1992), furthermore, employed factor analysis to aggregate an I-

O table of 66 industries and advocated factor analysis on the direct-plus-indirect matrix 

to keep a reasonable number of industrial clusters. Moreover, Loviscek (1982) 

highlighted the needs to consider both backward and forward linkages in identifying 

industrial clusters through I-O analysis. By looking into the clustering results from 

purchase and sale coefficient matrices, he found striking differences in terms of inter-

industry relationship. Since the single backward or forward measure could be 

misleading, he proposed a weighted average measure of the two to address demand- 
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and supply-constraints simultaneously. Apart from first-order factor analysis used in 

most literature, Ó hUallacháin (1985) applied higher order factor analysis to examine 

the hierarchical industrial structure of regional economies through requirement/sales 

correlation matrices from the I-O table. 

The aforementioned methods are capable of identifying the group of industries 

based on a single I-O table of all national/local economic sectors. In this study, the 

linkages between tourism and other relevant industries are of particular interest. As a 

result, to identify the group of industries in terms of their inter-connectedness with 

tourism in multiple I-O tables, the method adopted in this research should be a little 

different from past literature. It appears that, even though I-O analysis has been popular 

in tourism research over decades, no known study has looked into the grouping of 

tourism-related industries. This study is expected to contribute to the current body of 

literature by understanding the structure of industries that are highly linked to tourism, 

either backward-linked or forward-linked. 

Research Methods and Data 

Input-Output Analysis 

A typical I-O table assumes that the economic activity of a region can be 

partitioned to a number of industries, and each industry produces a single and unique 

product. I-O analysis relies on the I-O account of a particular region, and the I-O 

account captures the interconnectedness of various industries by recoding the 

transaction between different industries as either suppliers or demanders. Apart from 

the information between industries, the I-O account also lists the values of sales of each 

industry to final consumers, including households, exports, investments, and 

government units. Moreover, the additional purchase information outside all industries 
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of the region is recorded, such as the payments for value added items and net imports. 

A typical I-O table is specified as follows (Isard, et al., 1998, p. 45). 

To 

 

From 

Intermediate use Final use 

Total 
1 2 . . j . . n  

Consum-

ption 

Invest-

ment 

Govern-

ment 
Exports 

1 x11 x12 . . x1j . . x1n  c1 i1 g1 e1 X1 

2 x21 x22 . . x2j . . x2n  c2 i2 g2 e2 X2 

. . . . . . . . .  . . . . . 

i xi1 xi2 . . xij . . xin  ci ii gi ei Xi 

. . . . .  . . .  . . . . . 

n xn1 xn2 . . xnj . . xnn  cn in gn en Xn 

Value 

added 
v1 v2 . . vj . . vn      V 

Imports m1 m2 . . mj . . mn      M 

Total X1 X2   Xj   Xn  C I G E  

 

where xij = the monetary value of sales from industry i to industry j (i, j = 1, 2, …, n); 

Xi = the total value of goods produced by industry i in the region; 

vi = industry i’s payments for value added items, and V = v1 + v2 +.. + vn; 

mi = industry i’s total imports, and M = m1 + m2 +.. + mn; 

ci = household consumption on industry i’ sales, and C = c1 + c2 +.. + cn; 

ii = purchases of goods from industry i as investments, and I = i1 + i2 +.. + in; 

gi = government purchases of goods from industry i, and G = g1 + g2 +.. + gn; 

ei = exports of goods of industry i, and E = e1 + e2 +.. + en. 

To complete, Xi = x1i + x2i +.. + xni + vi + mi = xi1 + xi2 +.. + xin + ci + ii + gi + ei. 

In the table, each of the first n rows shows the distribution of an industry’s output: 

how many has been consumed by intermediate use of other industries and how many 

has been sold to the final consumers. On the other hand, each of the first n columns 

presents the distribution of an industry’s input: where does it come from? The most 

important information considered in this study comes from the upper left block of the I-O 
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table, which indicates the economic transactions between industries. This is known as 

an I-O transaction matrix, and denoted as Z, which is an n × n square matrix. Column 

vectors in this matrix represent direct transactions as inputs to various industries, while 

row vectors denote direct transactions as outputs of different industries. 

Before calculating certain measures on industrial linkages and multipliers, 

several new matrices have to be defined. First, an n × n technical coefficients matrix A, 

which is also known as a direct input coefficients matrix or direct requirement matrix, is 

defined as: 

                                                               (4-1) 

where aij indicates the proportion of input from industry i used to produce output of 

industry j. One can also obtain an n × n direct output coefficient matrix B, which is also 

known as a sales coefficient matrix, as follows: 

                                                               (4-2) 

where bij indicates the proportion of industry i’s total output that is used by industry j as 

input for production. 

In matrices A and B, only the direct interconnectedness between industries is 

captured, and the indirect effect coming from the loops is overlooked. To look into both 

direct and indirect effects, two matrices A* and B* are specified as follows: 

                                                        (4-3) 

                                                         (4-4) 

X

ij

ij

j

z
a 

X

ij

ij

i

z
b 

1* ( ) A I A
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where I is an n × n identity matrix. Matrix A* is known as a Leontief Inverse or total 

requirement matrix, while matrix B* is known as a Ghosh Inverse matrix. After obtaining 

these two new matrices, one can calculate the total forward and backward linkage of 

each industry. The simple backward linkage of a particular industry is defined as the 

corresponding column sums of A*, while the simple forward linkage is defined as the 

corresponding row sums of B*. To facilitate the comparison across different provinces, 

the direct linkage measures are defined as the standardized linkage in each province: 

                                                         (4-5) 

                                                          (4-6) 

where TBLj denotes the total backward linkage of industry j, and TFLi denotes the total 

forward linkage of industry i.  is the i,jth element in matrix A*, and it reflects the value 

of outputs in industry i that are required for a unit of new final demand for output in 

industry j (Miller & Blair, 1985).  is the i,jth element in matrix B*.  

The I-O table also enables us to calculate a set of multiplier measures to reflect 

the impact of tourism on the overall economy. The first multiplier measure of industry j is 

the output multiplier, Oj, which is the specified as the unstandardized version of the total 

backward linkage: 

                                                                (4-7)  
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Output multiplier of an industry represents how much each unit of final demand 

for a particular industry is blown up to the output requirement of all industries in the 

economy (Isard, et al., 1998). Therefore, the output multiplier is able to measure the 

degree of total interconnectedness between tourism and other industries. Generally, 

researchers are more likely to be concerned with the economic impact of final demand 

measured by household income, employment, tax revenue, etc., rather than the gross 

output of each industry. Therefore, a more informative multiplier measure that can be 

obtained from the I-O table is the income multiplier. There are two basic types of income 

multipliers that can be calibrated through an I-O table: type I income multiplier and type 

II income multiplier (Miller & Blair, 1985). For type I income multiplier, it is specified as: 

                                                       (4-8) 

where Yj denotes the type I income multiplier of industry j, li indicates the labor input 

coefficient of industry i, indicating household income received per unit of output. This 

multiplier represents direct and indirect effects of a change in output by industry j on 

total household income in the region.  

In this chapter, I-O models are applied to calculate various multipliers of the 

tourism industry and tourism’s forward and backward linkages to other industries. The 

reason to choose the I-O model is twofold. First, the I-O model has been extensively 

applied in tourism research and it is particular suitable for the analysis of inter-sectoral 

relations (Cai, Leung, & Mak, 2006; Fletcher, 1989; Frechtling & Horváth, 1999; West & 

Gamage, 2001). Compared to results obtained from some more sophisticated models, 

like the CGE model, the I-O model yields similar results regarding tourism impacts 

(Zhou, Yanagida, Chakravorty, & Leung, 1997). Second, due to the unavailability of 
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social accounting matrix data, further analysis on the SAM and CGE models requires 

tremendous efforts for multiple regions. Therefore, several major indexes will be 

calculated from the I-O model, including the total forward linkage index, the total 

backward linkage index, the output multiplier, and the type I income multiplier (Isard, et 

al., 1998). 

After basic I-O analysis, factor analysis will be applied to extract latent factors of 

backward- and forward-linked industries of tourism based on the data of backward 

linkage elements (in A*) and forward linkage elements (in B*) of different sectors in 30 

provinces of China. As suggested by Ó hUallacháin (1985), factor analysis can 

efficiently reduce the dimension and reproduce the inter-industry proportion of the I-O 

table by providing a parsimonious accounting of regional industrial structures. It is of 

particular interest to obtain the industrial clustering results from backward linkage 

indexes because the requirement similarity in A* is important to combine industries that 

are homogeneous as suppliers to the tourism industry. 

Latent Class Model 

In Chapter 3, spatial heterogeneity was incorporated by using a generalized 

geographically weighted regression framework, and the localized coefficients can be 

obtained within this framework. In this part, a latent class model is introduced to unveil 

the potential heterogeneity in factors determining tourism economic multipliers. The 

regression coefficients in this model are specified to be the same for observations within 

the same latent class while varying across difference classes. The latent class 

regression (or finite mixture regression) model specifies the density of a dependent 

variable, y, as a linear combination of J different densities, which is specified as: 
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                         (4-9) 

where i indexes the observation and j indexes the latent class, j = 1, …, J.  

is the density of jth class(component), and is the probability of being jth class. Since 

 is varying across different classes and it is assumed that  and 

 for the jth class regression, the factors contribute to multiplier effects for 

different classes in a different way. Finally, a constant-only multinomial logit model can 

be assume for  (Cameron & Trivedi, 2009). It is specified as: 

                                               (4-10) 

where the Jth coefficient of θ is set to be zero for identification purposes. By taking 

Equation 4-10 into Equation 4-9, the parameters , , and  can be obtained by the 

maximization of the log-likelihood function. To determine the empirical optimal value of J 

(the total number of classes) in the latent class model, a common way is to compare the 

information criteria (e.g. AIC and BIC) associated with different J values from maximum 

likelihood estimation (Bhatnagar & Ghose, 2004; Clark, Etilé, Postel-Vinay, Senik, & 

Van der Straeten, 2005). In general, lower values of information criteria measures are 

preferred.  

After the estimation of parameters, the posterior probability of class membership 

for each observation i can be derived using Bayes theorem, and it is specified as: 
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                                           (4-11) 

where refers to the probability density function of the standardized normal 

distribution. The class membership is predicted with the highest posterior probability 

. 

In the empirical latent class model of tourism multipliers, the dependent variable, 

y, is the tourism economic multiplier (output or income multiplier) of each province 

obtained from the I-O model. The independent variables x will be defined in the later 

sections. This type of model can be estimated by LIMDEP 9.0 with built-in syntax for 

latent class regression models (Greene, 2007, pp. 558-567). 

Data Description 

The I-O tables with 42 sectors(industries) of 30 of Chinese provinces in 2002 

were obtained from China National Statistics Bureau. Due to the unavailability of I-O 

table data, Tibet, which is also a provincial level unit in China, is excluded from the 

research sample. For brevity, a simple label is assigned to each industry. The tourism 

industry is listed as a separate industry in these tables, which is defined as the industry 

that provides particular services to both packaged and non-packaged tourists and 

business travelers. These services include, but not limit to, traveling consultation, 

schedule arrangement, tour guide, food and accommodation service, and transportation 

during their tour. Compared to the I-O tables used in previous research, the data 

adopted in this dissertation possesses several advantages. First, the tourism industry 
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has been identified as a unique and integrated sector in the national economic account, 

and therefore, it inherently avoids possible aggregation bias if the tourism industry has 

to be aggregated from more than one conventional industries in the I-O table 

(Briassoulis, 1991). Second, the data provides valuable information on regional 

heterogeneity in terms of economic structure. Since all 30 I-O tables were calibrated 

under the supervision of China’s central government and based on identical methods, 

the industrial linkage and multiplier measures can be directly comparable across 

different provinces. 

Dependent variables in the latent class regression model come from the results 

of I-O analysis, and the output multiplier and the type I income multiplier will be used. 

Regarding independent variables x, two variables will be considered, and they include 

lnGDP (the logarithm of total GDP of the province in 2002, in 100 billion RMB Yuan) and 

profit (the profits of tourism firms per employee in 2002, in 10,000 RMB Yuan). The data 

for these two variables was obtained from China Statistical Yearbook 2003 and China 

Tourism Statistical Yearbook (Supplementary) 2003, respectively. Descriptive statistics 

of these two variables are presented in Table 4-1. The average value of lnGDP in all 

provinces is 7.975 with a standard deviation of 0.893, showing a substantial difference 

across different provinces. Moreover, the average profit per employee in tourism firms is 

-810 RMB Yuan, suggesting that a large number of tourism firms in China were 

suffering from negative profits.  

Results and Discussion 

Industrial Grouping Analysis 

In this section, tourism’s forward and backward linkage measures to different 

industries will be calculated for 30 provinces in China. After that, factor analysis is 
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performed based on these measures of different provinces to identify the grouping of 

tourism-linked industries so that all other sectors are classified into a small number of 

groups according to tourism’s linkage patterns to them.  

Since the original I-O tables comprise a large set of industries, factor analysis is 

conducted to present a dissection of inter-industry structure and group industries 

according to tourism’s backward and forward linkages to them. In the dataset for factor 

analysis, the column represents the tourism’s backward/forward linkage measure to 

each other industry, and the row denotes the linkage measures of each province. After 

factor analysis of PCA with a varimax rotation, Figure 4-1 presents the scree plot of 

factor analysis on tourism’s backward linkage measures of 30 provinces. 13 factors are 

highlighted with a large-than-one eigenvalue, and a total of 86.93% variance has been 

explained by these 13 factors (Table 4-2). 

As shown in Table 4-2, all 41 industries are classified into 13 groups according to 

tourism’s backward linkages to them. In other words, these industries are grouped 

according to their roles as suppliers to the tourism industry. Factor 1 explains several 

manufacture industries and Factor 2 explains major petroleum industries. Furthermore, 

Factor 3 includes “Agriculture”, “Food”, and “Hotel and Restaurant”, which typically 

highlight the food service to tourists, while Factor 4 describes five business service and 

culture industries, including “Post”, “Business Services”, “Science and Research”, 

“Education”, and “Culture”. Moreover, “Textile”, “Clothing”, and “IT” are identified as an 

industrial cluster by Factor 5, and “Other Mining”, “Nonmetallic Minerals”, “Construction” 

are grouped by Factor 6. As a caveat, when explaining the factor analysis results, the 
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grouping of these industries is not based on their inherent characteristics; instead, it 

hinges on tourism’s backward linkages. 

The same factor analysis procedure is applied to group industries according 

tourism’s forward linkage to them. As shown in Figure 4-2, only eight factors whose 

eigenvalues are large than one are found, and they explain a total of 92.98% variation.  

According to the results of factor analysis presented in Table 4-3, two dominant 

factors explain 66.59% of variance. Compared to the grouping results based on 

tourism’s backward linkages, these forward linkage results seem to be difficult to 

interpret. One possible reason to explain this difficulty is that tourism usually weakly 

connects to other industries as a supplier, and the latent structure of forward linkage is 

hard to depict.  

Total Linkage 

Total backward and forward linkages (Equations 4-5 and 4-6, respectively) help 

to understand the importance of tourism in the local economy in relative to other 

industries. Recall that the total backward linkage reflects the relative importance of 

tourism as a purchaser to all other industries in the economy, while the total forward 

linkage represents the relative importance of tourism as a supplier to other industries 

(Cai, et al., 2006). Total linkage measures indicate how the tourism industry is linked to 

other industries, and therefore can be used to determine the key industry in the local 

economy. To compare the regional difference on these two linkage measures of the 

tourism industry in different provinces, a two-by-two matrix plot is applied to show the 

values of these linkages based on the total forward and backward linkage coordinates.  

In Figure 4-3, the y-axis denotes the total forward linkage while the x-axis 

denotes the backward one. Each data point represents the total forward and backward 
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linkage measures of each province. Data points in the top left quadrant of the plot 

indicate provinces with above-average forward linkages of tourism and below-average 

backward linkages of tourism, while those in the bottom right quadrant includes 

provinces with below-average forward linkages of tourism and above-average backward 

linkages of tourism. According the position of each dot, the tourism’s status in the local 

economy can be categorized into four different types (Beynon, et al., 2009): 

Key industry of the economy, if TBL > 1 and TFL > 1; 

Backward-linkage-oriented industry, if TBL > 1 and TFL < 1; 

Forward-linkage-oriented industry, if TBL < 1 and TFL > 1; 

Weak oriented industry, if TBL < 1 and TFL < 1. 

A general pattern observed from Figure 4-3 is that even though the total 

backward linkage of tourism is larger than one in 15 out of 30 provinces, its total forward 

linkage is consistently less than one. Only Hebei has a total forward linkage index of 

more than one, and in particular, a large number of provinces have a total forward 

linkage index less than 0.2. These results are consistent with the findings from Cai, et 

al. (2006) and Pratt (2011), which showed that tourism oriented sectors are strongly 

backward linked to other sectors while weakly forward linked to others. This can be 

explained by the fact that tourism sectors provide goods and services directly to end-

users instead of intermediate-users, and therefore, there are virtually limited linkages 

from tourism to the downstream industries. 

Fifteen provinces have a total backward linkage index larger than one, and these 

provinces are characterized by an above-average backward linkage of tourism 

compared to other industries in the province. In particular, the tourism industry in 
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Gansu, Anhui, and Zhejiang has the largest total backward linkage index, showing the 

significant importance of tourism in these provinces. On the other hand, the total 

backward linkage index is found to be less than 1 in the other 15 provinces. Hainan, 

Hebei, and Tianjin are found to have the smallest values of this index, suggesting a fairy 

limited economic effect that tourism can generate to other industries as a seller. 

Multiplier Measures 

The multiplier measures obtained from I-O analysis serve as important indicators 

to assess the performance of tourism in the local economy, and a high tourism multiplier 

measure indicates large economic benefits that tourism contributes to the economy. 

Table 4-4 presents the results of two economic multiplier measures of the tourism 

industry in 30 China’s provinces. 

Recall that an output multiplier of tourism measures the total value of production 

in the economy that is necessary to satisfy a unit of output for the tourism industry. The 

output multiplier of Beijing is estimated to be 2.156, suggesting that additional outputs of 

2.156 RMB Yuan from all sectors in the economy are required for 1 RMB Yuan new 

final demand for the output of the tourism industry in Beijing. Zhejiang, Guangdong, and 

Anhui are found to have the largest output multiplier of tourism in all of 30 China’s 

provinces, indicating that the tourism industry in these three provinces is highly 

connected with other industries as a purchaser. On the other hand, Hebei, Hainan, and 

Qinghai are characterized by the smallest output multiplier of tourism, showing the 

limited importance of tourism as a purchaser in the local economy. The type I income 

multiplier is found to be highly correlated with the output multiplier, with a Pearson 

correlation coefficient of 0.702. According to Table 4-4, the type I income multiplier is 

estimated to be the largest in Gansu, Anhui, and Shanxi, indicating the substantial 
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economic impact of tourism on local household income. On the other hand, this 

multiplier is found to the smallest in Beijing, Hebei, and Hainan. 

Furthermore, the maps of output multipliers and type I income multipliers are 

presented in Figures 4-4 and 4-5, respectively. Unlike the spatial distribution of tourist 

flows (Yang & Wong, 2012a) and hotel location (Luo & Yang, 2012) in China, there is no 

observable spatial clustering of tourism multipliers across different provinces. A further 

investigation by the global Moran’s I points out the insignificant spatial dependence of 

these multipliers. Using a five-nearest-neighbor spatial weighting matrix, the global 

Moran’s I of output multipliers is estimated to be -0.034 with a pseudo p-value of 0.529, 

and that of type I income multipliers is -0.102 with a pseudo p-value of 0.223.  

Latent Class Modeling of Multipliers 

As discovered in the last section, a substantial variation has been identified in the 

estimated tourism economic multipliers across 30 of Chinese provinces. To unveil 

factors explaining tourism economic multipliers, two simple linear regression models are 

fitted on both the output multiplier and the type I income multiplier of tourism in 30 

provinces of China, respectively. Due to the limited size of samples, only two 

independent variables are considered in the model. They are lnGDP and profit. The 

estimation results of these regression models are presented in Table 4-5. 

In Model 4.1 of the output multiplier, profit is estimated to be statistically 

significant and positive, suggesting that the profit of tourism firms per employee is a 

major determinant of output multipliers. On the other hand, although lnGDP is estimated 

to be positive, it is not statistically significant. In Model 4.2 of the type I income 

multiplier, the estimated coefficient of profit is positive albeit insignificant at 0.10 level, 

while lnGDP is also not statistically significant. 
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Recall that significant heterogeneity may exist in China’s provinces due to 

substantial economic, cultural, and physic differences between them. A latent class 

regression model is therefore introduced to capture this heterogeneity in tourism 

multiplier models. A set of latent class regression models are estimated according to the 

specification and procedure elaborated previously. Before estimating the model, it is 

necessary to determine the optimum number of latent class, J, in the model. Table 4-6 

presents the values of information criteria for different numbers of classes specified in 

the model. As highlighted by the smallest values of AIC, BIC, and HQIC, a 3-class 

model is selected for the output multiplier model while a 4-class model is chosen for the 

type I income multiplier model. 

Table 4-7 presents the estimation results of the latent class regression model on 

output multiplier (Model 4.3). In the three latent classes discovered, lnGDP and profit 

are estimated to be statistically significant only in class 3. Using Equation 4-9, one can 

predict the class membership of each province. Table 4-9 presents these results of 

class membership. Only 5 provinces belong to class 3, and they include Heilongjiang, 

Shanghai, Henan, Hainan, and Qinghai. 

Table 4-8 presents the estimation results of the latent class regression model on 

the type I income multiplier of tourism (Model 4.4). Even though both lnGDP and profit 

are estimated to be insignificant in the linear regression model (Model 4.2), they are 

statistically significant in the models of certain classes. For example, lnGDP is 

estimated to be statistically significant and positive in the model for classes 2 and 3, 

suggesting that the size of economy is an important determinant of tourism’s income 

multipliers in these provinces. This can be explained by the fact that the large economy 
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base provides more diversified economic structure and therefore is more likely to 

absorb the leakage effect from tourism (Huse, et al., 1998). This diversified economy 

also enables the tourism industry to find suitable suppliers, therefore contributing to a 

higher level of interconnectedness with other industries (Stoeckl, 2007; van Leeuwen, et 

al., 2009). profit is also found to be statistically significant and positive in these two 

classes. This can be explained by the fact that in a province with more profitable tourism 

firms, the tourism industry is more likely to connect to other industries through the 

diversified operation strategy of the firm. The detailed list of provinces belonging to 

classes 3 and 4 can be found in Table 4-9. 

Chapter Conclusion 

The contribution of this research is to conduct linkage analysis of tourism across 

different provinces in China and compare the economic multipliers of tourism through 

latent-class regression models. After obtaining the tourism’s forward and backward 

linkage measures for the various selected industries, factor analysis is used to find a 

small number of industrial clusters. Moreover, according to results from total forward 

and backward linkage indexes of tourism, it was found that tourism is weakly backward 

linked to other industries in nearly all China’s provinces. Finally, several regression 

models were used to explain the variation of economic multipliers of tourism in China’s 

provinces. The results of linear regression suggested that, in general, the profit of 

tourism firms per employee is positively associated with the outcome multiplier.  By 

contrast, the latent-class regression model highlighted the heterogeneity in multiplier 

models and demonstrated that both local GDP and tourism firms’ profits are positively 

associated with both the outcome multiplier and the type I income multiplier. 
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The results from this research can be used to assess the effectiveness of 

industrial development strategies. To propose strategic plans for the tourism industry, 

certain efforts should also be allocated on other tourism-facing industries as those 

highlighted in the results of industrial grouping. Moreover, the comparison of tourism 

economic multipliers shows where the government spending on tourism would have the 

greatest impact on the local economy in terms of total value of outputs or household 

income. According to the results, central government should allocate more tourism 

budgets on provinces with higher tourism economic multipliers and linkages. Finally, 

since the profits of tourism firms are found to be an important factor determining the 

output multiplier and the type I income multiplier of tourism, extra efforts should be 

made to improve the performance of tourism business and therefore magnify the 

possible economic benefits of tourism on the local economy. 

Several limitations should be stated for this research. First, there are still several 

other linkage measures that can be used to look into the inter-connectedness between 

industries, such as eigenvector measures (Beynon, et al., 2009; Midmore, Munday, & 

Roberts, 2006). Second, even though various multipliers were utilized to investigate the 

impact of the tourism industry on the local economy, the results were limited to these 

impacts on output and income only, and did not cover the multipliers of employment and 

government expense. In future research, longitudinal study should be conducted to 

trace the trajectory of inter-industrial linkage change according to their linkages to 

tourism (Cai, et al., 2006; Chen & Var, 2010; Henry & Deane, 1997) and examine the 

economic importance of tourism over different stages in the Tourism Area Life Cycle 

(Pratt, 2011).  
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Table 4-1.  Descriptive statistics of independent variables in the regression model  

Variable Defnition Mean Std. 
Dev. 

Min Max 

lnGDP Log of total GDP (in 100 billion 
RMB) 

7.975 0.893 5.831 9.511 

profit Log of profits of tourism firms per 
employee (in 10,000 RMB) 

-0.081 0.490 -0.960 1.320 
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Table 4-2. Factor analysis results on tourism’s backward linkage measures 

Factor Factor 
loading 

Eigenvalue Proportion Cumulative 

Factor 1  10.080 24.59% 24.59% 

Chemicals 0.672    

Metal Products 0.470    

Electrical Machinery 0.628    

Communication 
Equipment 

0.590    

Instruments 0.739    

Other Manufacture 0.796    

Power Supply 0.585    

Technical Services 0.624    

Factor 2  4.574 11.16% 35.74% 

Crude Petroleum 0.859    

Petroleum Processing 0.898    

Metal Smelting 0.629    

General Machinery 0.718    

Transport Equipment 0.683    

Factor 3  3.271 7.98% 43.72% 

Agriculture 0.950    

Food 0.871    

Hotel and Restaurant 0.818    

Factor 4  3.147 7.67% 51.40% 

Post 0.616    

Business Services 0.703    

Science and Research 0.535    

Education 0.808    

Culture 0.592    

Factor 5  2.528 6.16% 57.56% 

Textile 0.682    

Clothing 0.590    

IT 0.868    

Factor 6  2.125 5.18% 62.74% 

Other Mining 0.628    

Nonmetallic Minerals 0.833    

Construction 0.778    

Factor 7  1.809 4.41% 67.16% 

Paper 0.560    

Gas Supply 0.655    

Water Supply 0.949    

     

     



 

124 

Table 4-2. Continued 

Factor Factor 
loading 

Eigenvalue Proportion Cumulative 

Factor 8  1.694 4.13% 71.29% 

Mining 0.853    

Real Estate 0.494    

Factor 9  1.601 3.91% 75.19% 

Waste 0.767    

Other Social Services 0.776    

Factor 10  1.441 3.51% 78.71% 

Sawmills 0.794    

Wholesale and Retail 0.837    

Factor 11  1.232 3.00% 81.71% 

Finance 0.640    

Social Security 0.839    

Factor 12  1.113 2.71% 84.43% 

Transport 0.458    

Public Administration 0.900    

Factor 13  1.029 2.51% 86.93% 

Metal Ore 0.779    
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Table 4-3. Factor analysis results on tourism’s forward linkage measures 

Factor Factor 
loading 

Eigenvalue Proportion Cumulative 

Factor 1 
 

21.190 51.68% 51.68% 

Crude Petroleum 0.980 
   

Petroleum Processing 0.859 
   

Chemicals 0.873 
   

Metal Smelting 0.959 
   

Metal Products 0.781 
   

General Machinery 0.702 
   

Power Supply 0.898 
   

Post 0.952 
   

IT 0.837 
   

Wholesale and Retail 0.900 
   

Hotel and Restaurant 0.739 
   

Business Services 0.947 
   

Technical Services 0.924 
   

Education 0.692 
   

Social Security 0.881 
   

Public Administration 0.880 
   

Factor 2 
 

6.110 14.90% 66.59% 

Metal Ore 0.703 
   

Textile 0.859 
   

Clothing 0.954 
   

Sawmills 0.684 
   

Paper 0.858 
   

Electrical Machinery 0.695 
   

Instruments 0.733 
   

Gas Supply 0.631 
   

Transport 0.828 
   

Factor 3 
 

3.413 8.33% 74.91% 

Agriculture 0.573 
   

Food 0.809 
   

Nonmetallic Minerals 0.911 
   

Transport Equipment 0.975 
   

Water Supply 0.608 
   

Construction 0.699 
   

Factor 4 
 

2.400 5.85% 80.76% 

Finance 0.952 
   

Real Estate 0.664 
   

Other Social Services 0.671 
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Table 4-3. Continued 

Factor Factor 
loading 

Eigenvalue Proportion Cumulative 

Factor 5  1.614 3.94% 84.70% 

Communication 
Equipment 

0.853 
   

Other Manufacture 0.663 
   

Culture 0.657 
   

Factor 6 
 

1.274 3.11% 87.81% 

Mining 0.837 
   

Science and Research 0.746 
   

Factor 7 
 

1.103 2.69% 90.50% 

Other Mining 0.816 
   

Factor 8 
 

1.020 2.49% 92.98% 

Waste 0.965 
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Table 4-4. Tourism economic impact multipliers in different provinces 

Province Output 
Multiplier 

Rank Type I 
Income 

Multiplier 

Rank 

Beijing 2.156 26 1.477 30 

Tianjin 2.168 25 1.830 27 

Hebei 1.675 30 1.563 29 

Shanxi 2.427 16 13.072 3 

Inner Mongolia 3.147 6 5.910 8 

Liaoning 2.266 21 2.391 19 

Jinlin 3.124 7 5.827 9 

Heilongjiang 2.200 24 2.282 20 

Shanghai 3.427 4 5.544 10 

Jiangsu 2.540 11 2.528 15 

Zhejiang 3.739 1 10.545 5 

Anhui 3.464 3 13.942 2 

Fujian 2.211 22 1.938 24 

Jiangxi 2.472 14 2.651 14 

Shandong 2.282 20 1.960 23 

Henan 2.363 17 2.505 16 

Hubei 2.431 15 2.404 18 

Hunan 2.345 18 2.681 13 

Guangdong 3.536 2 7.102 6 

Guangxi 2.645 10 11.700 4 

Hainan 1.694 29 1.627 28 

Chongqing 2.201 23 2.281 21 

Sichuan 2.961 8 5.473 11 

Guizhou 2.128 27 2.405 17 

Yunnan 2.721 9 4.901 12 

Shaanxi 2.513 12 6.380 7 

Gansu 3.407 5 14.500 1 

Qinghai 2.125 28 1.929 25 

Ningxia 2.341 19 1.903 26 

Xinjiang 2.482 13 1.984 22 
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Table 4-5. Estimation results of linear regression 

 Model 4.1 Model 4.2 

 Output 
Multiplier 

Type I 
Income 

Multiplier 
lnGDP 0.079 -0.061 

 (0.092) (0.782) 

profit 0.482*** 1.523 

 (0.148) (1.010) 

constant 1.979** 5.383 

 (0.719) (6.511) 

observations 30 30 

R-squared 0.251 0.033 

AIC 44.40 172.6 

BIC 48.61 176.8 

Notes: * indicates p<0.10, ** indicates p<0.05, *** indicates p<0.01. Robust standard 
error in parenthesis. 

 
 
 

Table 4-6. Model fit based on information criteria 

Class  AIC BIC HQIC 

Output multiplier model 

2 1.530 1.950 1.664 

3 0.786 1.440 0.995 

4 1.222 2.110 1.506 

Type I income multiplier model 

2 4.479 4.899 4.613 

3 3.951 4.605 4.161 

4 2.736 3.623 3.020 
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Table 4-7. Estimation results of latent class regression on output multiplier 

 Model 4.3 

 Class 1 Class 2 Class 3 

lnGDP 0.049 -0.030 0.076*** 

 (0.350) (0.121) (0.001) 

profit 0.384 0.193 0.686*** 

 (1.253) (0.136) (0.002) 

constant 2.999 2.626*** 1.867*** 

 (2.747) (0.990) (0.007) 

sigma 0.126* 0.256*** 0.001 

 (0.076) (0.052) (0.002) 

probability 0.198*** 0.638*** 0.164** 

 (0.073) (0.089) (0.068) 

AIC 0.786 

BIC 1.440 

Notes: * indicates p<0.10, ** indicates p<0.05, *** indicates p<0.01. 
 
 

Table 4-8. Estimation results of latent class regression on type I income multiplier 

 Model 4.4 

 Class 1 Class 2 Class 3 Class 4 

lnGDP -1.381 0.107*** 0.173*** -4.826 

 (1.514) (0.036) (0.051) (4.241) 

profit -4.698 1.480** 0.635*** -1.039 

 (2.103) (0.599) (0.093) (4.064) 

constant 23.417* 1.046*** 1.111*** 42.520 

 (12.375) (0.306) (0.401) (34.272) 

sigma 1.267 0.000 0.085** 0.439 

 (1.392) (0.002) (0.035) (0.436) 

probability 0.228 0.116 0.450*** 0.206** 

 (0.279) (0.335) (0.140) (0.089) 

AIC 2.736 

BIC 3.623 

Notes: * indicates p<0.10, ** indicates p<0.05, *** indicates p<0.01. 
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Table 4-9. Latent class membership of different provinces  

Province Model 4.3 Model 4.4 

Beijing 2 4 

Tianjin 2 3 

Hebei 2 4 

Shanxi 2 1 

Inner 
Mongolia 

1 4 

Liaoning 2 3 

Jinlin 1 4 

Heilongjiang 3 3 

Shanghai 3 1 

Jiangsu 2 3 

Zhejiang 1 1 

Anhui 1 1 

Fujian 2 4 

Jiangxi 2 3 

Shandong 2 2 

Henan 3 3 

Hubei 2 3 

Hunan 2 3 

Guangdong 1 1 

Guangxi 2 1 

Hainan 3 3 

Chongqing 2 3 

Sichuan 2 1 

Guizhou 2 3 

Yunnan 2 4 

Shaanxi 2 4 

Gansu 1 1 

Qinghai 3 3 

Ningxia 2 2 

Xinjiang 2 3 
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Figure 4-1. Scree plot of factor analysis on tourism’s backward linkage measures 

 

 
Figure 4-2. Scree plot of factor analysis on tourism’s forward linkage measures 
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Figure 4-3. Tourism linkage matrix plot 

 
 

 
Figure 4-4. Map of output multipliers in different provinces 
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Figure 4-5. Map of type I income multipliers in different provinces 
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CHAPTER 5 
CONCLUSION 

This dissertation presents an important effort towards a better understanding of 

tourist flows and impacts from spatial perspectives. Various spatial and regional models 

were considered to examine tourist flows from both the demand and supply sides and 

the regional variation of tourism’s economic impacts (Figure 1-1). In particular, this 

dissertation focused on tourism demand under a multi-destination scenario and 

extended the regional growth regression model by considering spatial dependence, 

spatial heterogeneity and supply-side factors. Moreover, a latent-class regression 

analysis was used to explain regional differences in tourism related economic multipliers.  

For the demand-side analysis, a three-stage decision-making model was 

introduced in Chapter 2. This model highlighted tourists’ choice of subsequent 

destinations; focusing on tourists’ decision to choose a second destination once a 

primary destination was visited. The results of a nested logit model suggested that 

tourists’ age, motivation, organizational pattern, duration of stay, and past visitation 

experience at a previous destination significantly influence decision-making in the first 

stage: whether to move onto a subsequent tourist destination or return home. In the 

second stage, tourists’ decision regarding the type of subsequent destination was 

shown to be associated with the distance from their origin/residence to the previous 

destination. Then, in the third stage, destination attributes like the number of attractions, 

the competition destination effect, the distance from a previous destination, and the 

distance between the subsequent destinations and their place of residence, were found 

to play significant roles in choosing a subsequent destination. 



 

135 

For the supply-side analysis, a set of factors were identified in Chapter 3 to 

explain the rate of regional tourism growth across 342 cities in China over the period 

2002 to 2010. Local economic growth is the most important factor stimulating both 

inbound and domestic tourism growth. Other significant factors included localization 

economies, tourist resource endowments, and hotel infrastructure. More importantly, the 

significant degree of spatial dependence in the model suggested the presence of 

significant spatial spillover effects and regional catch-up effects. The geographically 

weighted framework adopted in this work provided a reasonable way to obtain a map of 

parameter values that account for the spatial heterogeneity of tourism growth and help 

explain geographic variations in local tourism growth patterns. The modeling effort 

suggested that the spillover effect of inbound tourism growth was found to be larger in 

the Northwest and the North China area, whereas the spillover effect of domestic 

tourism growth exhibits a clear pattern of a south-north division. Differences in tourism 

spillover patterns suggest that inbound versus domestic tourism are affected by two 

different and distinct spatial processes. 

To analyze the economic impact of tourism, a factor analysis was employed in 

Chapter 4, with the extraction and identification of a small number of industrial clusters 

according to their linkages to the tourism industry. The calibrated total forward and 

backward linkage indices suggested that tourism is weakly backward linked to other 

industries in nearly all of China’s thirty provinces. Several regression models were also 

used to explain the variation of regional economic multipliers of tourism across the thirty 

provinces. The results of the regression analysis suggest that, in general, the profit of 

tourist related firms per employee is positively associated with the outcome multiplier.  
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At the same time, the results of the latent class regression model suggested 

heterogeneity in multiplier models and revealed that both local GDP and tourism firms’ 

profits are positively associated with both the outcome multiplier and the type I income 

multiplier for provinces that fall into in specific latent classes. 

From a policy perspective, several implications can be drawn from this research.  

First, the demand-side analysis for multi-destination tourist flows suggests that tourist 

destinations can enable or facilitate flows. In short, tourist destinations can formulate 

marketing strategies aimed at exposing agglomeration economies. For example, they 

can offer or advertise the potential bundling of proximate and/or competing destinations 

in a given geographic area to attract more tourists. Second, the supply-side analysis of 

tourism growth suggests that tourist destinations should be able to take full advantage 

of positive spatial spillover effects in tourism growth and internalize these benefits 

through collaborative marketing efforts with nearby cities. The revealed spatial 

heterogeneity and distinction between inbound tourism versus domestic tourism 

enables local policymakers to understand that localized patterns of inbound and 

domestic tourism growth are driven by different forces and factors. As such, proposed 

strategic plans aimed at boosting local tourism growth and development should be 

sensitized to those differences. Finally, the results of the economic impact analysis 

imply that improving the profitability of tourist related enterprises is an important 

endeavor towards magnifying the economic impact of the tourism industry at large. 

As shown in Figure 1-1, there are still several potential fields for further research 

to help understand tourism from a spatial perspective. First, the demand-side and 

supply-side factors may act simultaneously to influence tourist flows. A well-known and 
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traditional analytic tool, the spatial interaction model, is able to take both origin- and 

destination- specific attributes into consideration and scrutinize spatial configuration 

effects, like the destination competition effect and intervening opportunities. Second, 

there are various impacts that tourist flows can generate apart from the economic 

impacts. Therefore, it is necessary to examine the tourist associated social, cultural, and 

environmental impacts.  

Finally, it should recognized that impacts have feedbacks on both demand-side 

and supply-side factors. Feedback could be included in a modeling framework which 

integrates and analyzes the economic, social, cultural, and environmental spillover 

effects and impacts of tourism, while differentiating between feedbacks for inbound 

versus domestic tourism. The development of such a framework can aid in policy 

formulation. For example, to maximize the potential economic multipliers or to mitigate 

the detrimental environmental impacts, local tourism authorities might allocate different 

resources and/or enhance attractions to support tourism on a need-specific basis; 

thereby, change the mix of supply-side factors in accordance with a targeted policy 

outcome. Any tangible impacts in the destinations can influence tourists’ experiences; 

and hence, adjust the expectation or perception of future tourists from the demand side. 

Incorporating supply- and demand-side considerations in a tourism impact model that is 

spatial sensitized, includes heterogeneity, and assesses the economic, social, cultural, 

and environmental spillovers and feedback can have tremendous benefits for both 

policymakers and planners. 
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