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Abstract


Tourism demand is severely affected by unpredicted events, which has prompted scholars to examine ways of predicting the effects of positive and negative shocks on tourism, to ensure a sustainable tourism industry. The purpose of this study was to investigate if non-linear dependence structures exist between tourist flows into South Korea from five major source countries, as South Korea has undergone fluctuations in tourist arrivals due to diverse circumstances and has complex relations with tourism source countries. Additionally, the study examines the structures of extreme tail dependence, which is indicated in the case of unexpected events, and identifies how co-movements vary over time through dynamic copula–GARCH (generalized autoregressive conditional heteroskedasticity) tests. The secondary time series data for the 2005–2019 period of tourist arrivals to Korea were derived from the Korea Tourism Knowledge and Information System for testing the copula models. The copula estimations indicate significant dependencies among all market pairs as well as the strongest dependence between China and Taiwan. Moreover, extreme tail dependence structures show co-movements for four pairs of tourism markets in only negative shocks, for five pairs in both positive and negative conditions, but no co-movement in the China–Taiwan pair. Finally, the dynamic dependence structures reveal that the China–Taiwan dependence is higher than the other time-varying dependence structures, implying that the two markets complement each other.
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1. Introduction


Although tourism has contributed to economic growth around the world, international tourism demand has been severely affected by numerous unpredictable events [1], indicating the vulnerability of tourism demand to negative shocks, such as financial crises, political instability, threats of global terrorism, and natural disasters [2]. For example, the global economic crisis of 2008–2009 caused a negative growth of 4% in international tourist arrivals in 2009 [3]. In Asia, due to the severe acute respiratory syndrome (SARS) outbreak in 2003, the number of international tourist arrivals to China decreased 70.0% in May 2003 compared with the same period in 2002 [4]; arrivals to Japan decreased 25.7% during the period of April–June 2003 [5]; and arrivals to South Korea (hereafter Korea) decreased 11.1% during the period of 2003 [6]. Additionally, the earthquake in Japan in 2011 decreased tourist flows to Japan by about 28% [7]. In summary, such negative shocks lead to the volatility of tourism demand, which, in turn, depresses national economic growth [1,8]. Conversely, some studies have found that mega-events and festivals have positive shocks [9,10,11]. In order for destinations to generate stable revenue from tourism and maintain the sustainability of their tourism industry, it is crucial to examine such negative and positive events and predict tourist arrivals from major markets [2]. However, to investigate the effect of various shocks on the interdependence among tourist arrivals from major source markets, and finding the implications from such socks for the sustainability of a destination’s tourism industry, has not been considered.



Scholars have analyzed the associated volatility to predict tourism demand by employing both econometric and statistical models, to address the challenges that tourism policymakers and destination managers face due to negative shocks and the associated uncertainty influencing tourist arrivals. Numerous studies have applied multivariate generalized autoregressive conditional heteroskedasticity (GARCH), e.g., [12,13,14,15], to remedy the shortcoming of univariate GARCH, which is that it cannot be used to investigate inter-relationships between variables. However, these studies also have some limitations. Although several data sets have variables with non-linear correlations and the dependence structure among variables is not normally distributed, numerous studies have applied Pearson correlations to such data assuming linear correlations and normally distributed variables [16]. Therefore, the copula function, which is a useful method for modeling fat tails, volatility clusters, and asymmetry [17], was employed in the study. The copula function can show co-movement during extreme events, and both constant and time-varying dependence can be considered. Since it is crucial for tourism developers and destination managers to understand the implied threat to the tourism industry of volatility in tourism demand, recent research has investigated the time-varying dependence between tourism demand and its associated variables, e.g., [11,18], and the interdependence between tourist source countries or between tourist destinations [1,19,20,21] by applying dynamic copula models.



Meanwhile, Korea has increased inbound tourism demand during the last two decades, which significantly contributes to the national economy. However, Korea has also undergone fluctuations in the political, diplomatic, and economic relations [22] with tourist source countries, which has led to variable growth rates for tourism receipts. For example, the deployment of the Terminal High Altitude Area Defense (THAAD) system by the US made the growth rates of Chinese tourist arrivals, which is the primary inbound tourism market of Korea, fall by 48.3% in 2017 [23]. The extreme tail dependence indicates that in the case of unexpected events, countries have similar or different effects on inbound tourism and one can be complementary or substituted for another to manage the risks of declining inbound tourism demand. For example, when negative shocks occur, tourism policymakers need to find alternative inbound tourism markets because such shocks often lead to a loss of one or more tourist markets [1].



Therefore, the current study introduced various copula–GARCH models, including both static and dynamic copula–GARCH models, to analyze the interdependencies between tourist arrivals to Korea from five source countries, namely, China (34.40%), Japan (21.48%), Taiwan (5.29%), Thailand (3.20%), and the US (6.10%), which are the five largest markets (in parentheses are the average tourist flows from each country as a percentage of the total tourist flow to Korea for the last 10 years). Therefore, the results of this study can contribute to not only addressing the gap in the literature but also to diversifying the risk in inbound tourism demand. More specifically, the objectives of this study were to (1) investigate if non-linear interdependencies exist between tourist flows from the five source countries to Korea; (2) examine, especially under extreme conditions, which source countries are interdependent; and (3) identify how co-movements between tourist source countries vary over time by employing dynamic copula–GARCH models for the 15 year period from January 2005 to June 2019.




2. Literature Review


There are two approaches used in the extensive quantitative research on tourism demand modeling and forecasting, which focuses on measuring tourism demand as the number of international tourist arrivals. One approach forecasts tourism demand through time series models, which indicate the future trend in tourism based on historical patterns. The other approach predicts future tourism demand using econometric models, which concentrate on establishing a causality structure between the explanatory variables and tourism demand or identifying how a variety of independent variables influence future tourism demand [20,24]. Many studies have attempted to identify the critical determinants and external interventions for tourism demand by investigating the correlations between the volatility of tourism demand and numerous variables, such as exchange rates and income levels, tourism prices and transportation costs, geopolitical risk, seasonality, and climate change [20,24,25,26,27,28]. However, Song et al. [24] (p. 338) argue the need to consider “the overall conditions of origin markets, destinations, and even neighboring or competing countries/regions” for accurate tourism demand forecasting.



Numerous studies have been conducted to determine the volatility of tourism flows by employing univariate and multivariate GARCH, which is a common method for investigating the volatility of tourism demand, e.g., [12,13,14,15,29,30]. For example, Athanasopoulos and de Silva [29] developed multivariate models for forecasting the accuracy of tourism demand by investigating the interrelationships between 11 origin countries and Australia and New Zealand. Additionally, Chan et al. [12] investigated the interdependence between tourism flows from the four main source countries (Japan, New Zealand, UK, and USA) to Australia, and the effects of positive and negative shocks on tourism demand, by applying three models: the symmetric constant conditional correlation multivariate GARCH (CCC-MGARCH) model and both symmetric and asymmetric vector autoregressive moving average GARCH (ARMA-GARCH) models. However, since numerous studies ignore non-linear correlations, the copula method has been employed to overcome the aforementioned drawbacks of the tourism data. Although several studies in tourism literature have applied nonlinear methods, such as chaos theory, to explain the complex structure of a tourist destination, e.g., [31,32,33], only a few studies have recently applied a copula model to explain the relationships between tourist flows from source countries.



Copula models have been useful for investigating dependence structures because they can be used to examine non-linear relationships and the symmetric and asymmetric interdependence of data series, leading to their wide use in research on finance and economics, e.g., [16,34,35,36,37,38]. Aloui et al. [34] applied a copula–GARCH approach to investigate the interdependency between crude oil prices and exchange rates for the US dollar. Hanif et al. [35] investigated the energy equity portfolios of the US and Canada to determine if they have non-linear, symmetric, or asymmetric dependence dynamics by using time-varying and vine copula models. Kang et al. [37] examined the causal relationship between housing prices and new policies or institutional settings and investigated extreme co-movements among the housing prices of four cities (Seoul, Hong Kong, Tokyo, and New York) by using Granger causality in different frequencies and the non-linear copula method.



In tourism literature, the analysis of non-linear, symmetric and asymmetric interdependence dynamics among tourist flows from source markets to destinations have been used to improve the accuracy of tourism demand forecasts. For instance, Puarattanaarunkorn and Sriboonchitta [1] examined the co-movements between tourist arrivals from China and Korea to Thailand, which are countries that have volatility in the growth rates of tourism demand, by applying the copula-based GARCH model to the period from 1997 to 2012. They found a somewhat weak dependence between the growth rates of tourist arrivals from China and Korea to Thailand. Tang et al. [21] also used the copula-based GARCH model to investigate the volatility and co-movement of Chinese outbound tourist flows to four destinations: Thailand, Singapore, Korea, and Japan. Their study results indicated that two of the four destinations, Thailand and Singapore, have conditional interdependence, implying that Thailand and Singapore complement each other as Chinese outbound tourism destinations. The current study focused on investigating the interrelationships between tourist flows from the leading source countries to the same destination, Korea, which has undergone fluctuations in tourist arrivals due to a variety of circumstances and complex relations among inbound tourism source countries.




3. Methods and Data


3.1. Methods


This study used static and time-varying copula functions to investigate the dependence structure between tourist flows from five source countries. Generally, the relationship between tourism markets was approached using a simple correlation. The growth rate of tourism demand between countries always varies depending on the occurrence of specific events or market conditions. However, when using the Pearson correlation to measure the dependence between variables, the marginal distribution is limited and cannot be fully explained. However, the copula is a useful method for modeling fat tails, volatility clusters, and asymmetry [17]. Specifically, the advantages of the copula function include its consideration of all information regarding the dependence between random variables, the nature of the dependencies, as well as the extreme co-movements. We modeled the marginal distributions using AR(p)-GARCH (1,1) and estimated the various copula models to explain the dependence structure.



Since the copula is an approach to model multivariate dependence structure, the study used copula functions to identify dependence between the tourist source countries. Copula’s theory, which was defined by Sklar [39], states that two random variables    X 1    and    X 2    are joined by a copula function C if their joint cumulative distribution function can be written as


  F    x 1  ,  x 2    =    F 1     x 1    ,    F 2     x 2       



(1)




where F is a bivariate cumulative distribution with margins    F 1   ,    F 2   . Then there exists a copula C, such that all    x 1  ,    x 2    ∈   − ∞ .   ∞    . If    F 1    and    F 2    are continuous, then C is unique. Conversely, if C is a copula and    F 1    and    F 2    are univariate distribution functions, F is a joint distribution function with margins    F 1    and    F 2   . A copula is a function that combines the marginal distributions. Thus, a copula is a multivariate function with marginal distributions and is defined as a joint distribution. This method offers greater flexibility in modeling dependence structures.



To estimate the copula models, the marginal distribution model is essential. Thus, in this study, the marginal distribution is estimated using the GARCH model by Bollerslev [40]. The AR (p)-GARCH (1,1) model is described as follows:


   y  i , t   = μ +  γ  i , k     ∑   k = 1  n   y  i , t − k   +  ε  i , t    



(2)






   h  i , t   = ω + α  ε  i , t − 1  2  + β  h  i , t − 1    



(3)




where    y  i , t     is the change rate of monthly tourist arrivals from each country,  μ  is the unconditional average change rate of tourist arrivals,  ω  indicates a constant,  α  is a short-run persistency of    ε  i , t     on the conditional variance, and  β  is the long-run persistency on the conditional variance. The coefficients  ω ,  α , and  β  are assumed to be positive to ensure that the conditional variance    h  i , t     is always positive. In order to better capture the fat tail behavior of the change rate of the series, we applied the skewed Student’s t distribution.



To describe the dependence structure, this study uses a static copula and time-varying copula. The static copula models are used with Gaussian, Student’s t, Clayton, Gumbel, Joe, Survival-Gumbel, Survival-Joe, BB1, and BB7 copulas.



The first copula is the Gaussian copula and the equation is defined as follows:


  C   u , v   =   ∫   − ∞    Φ  − 1    u    d  x 1    ∫   − ∞    Φ  − 1    v    d  x 2   1  2 π   1 −  ρ 2      e x p   −    x 1 2  − 2 δ  x 1   x 2  +  x 2 2    2   1 −  ρ 2         



(4)




where    Φ  − 1    ·    is the inverse cumulative distribution function of the standard normal distribution u and v, and  ρ  is the linear correlation coefficient matrix. The Gaussian copula does not capture lower and upper tail dependence,    λ L  =  λ U  = 0  . However, the Student’s t copula has a tail dependence (lower and upper) that the Gaussian copula does not detect. The Student’s t copula is defined as follows:


  C   u , v ; ρ , υ   =   ∫   − ∞    T υ  − 1    u    d  x 1    ∫   − ∞    T υ  − 1    v    d  x 2   1  2 π   1 −  ρ 2      e x p     1 +    x 1 2  − 2 δ  x 1   x 2  +  x 2 2    υ   1 −  ρ 2          −     υ + 2  2       



(5)




where    T ν  − 1     is the inverse cumulative distribution function of the    T ν    of the univariate Student’s t distribution with  ν  degrees of freedom, and  ρ  is the linear correlation coefficient in the correlation matrix. The Student’s t copula has a symmetric tail dependence (    λ L  =  λ U  = 2   1 −  t  n + 1         n + 1     1 + ρ     1 − ρ          ). When   n → ∞  , this copula converges into the Gaussian, which has no tail dependence.



On the other hand, the Clayton [41] and Gumbel [42] copulas can capture asymmetric tail dependence. The Clayton copula is defined as follows:


  C   u , v   =      u  − θ   +  v  − θ   − 1     − 1 / θ    



(6)




where  θ  is a copula parameter that indicates the strength of dependence between  u  and  v , and the range is   θ ∈   0 ,   + ∞    . When   θ = 0  , there is no dependence, and as  θ  increases, the dependence between  u  and  v  increases. The Clayton copula can measure a lower tail dependence (   λ L  =  2  − 1 / θ    ), but not an upper tail dependence (   λ U  = 0  ).



In contrast, the Gumbel copula captures upper tail dependence (   λ U  = 2 −  2  1 / θ    ). The Gumbel copula is defined as follows:


  C   u , v   = exp   −         − l n u    θ  +     − l n u    θ      1 / θ      



(7)




where  θ  is a copula parameter; when   θ = 1  , there is independence, and when   θ = + ∞  , there is perfect dependence.



The Joe copula [43] can also capture asymmetric dependence and is a model that can measure the upper tail dependence like the Gumbel copula. The Joe copula is defined as follows:


  C   u , v   = 1 −         1 − u    θ  +     1 − v    θ  −     1 − u    θ      1 − v    θ      1 / θ    



(8)







The dependence parameter  θ  is in     1 ,   ∞    , and in the case of the a lower tail dependence, it has the value of    λ L  = 0  , but the upper tail dependence has the value of    λ U  = 2 −  2  1 / θ    .



The BB1 and BB7 copulas can reflect flexibly different upper and lower tail dependence structures [44]. The BB1 copula is defined as follows:


  C   u , v   = 1 −         1 − u    θ  +     1 − v    θ  −     1 − u    θ      1 − v    θ      1 / θ    



(9)




where   θ > 0   and   δ ≥ 1  ;    λ U  = 2 −  2  1 / θ    ;    λ L  =  2  − 1 / δ    .



The BB7 copula is defined as follows:


  C   u , v   = 1 −     1 −     1 −     1 −  u θ      − δ   + 1 −     1 −  v θ      − δ   − 1     − 1 / δ       1 / θ    



(10)




where   θ > 0   and   δ ≥ 1  ;    λ U  = 2 −  2  1 / θ    ;    λ L  =  2  − 1 / δ    .



The survival copulas were also considered. The Gumbel and Clayton copulas cannot capture a negative tail dependence. We considered the 180° Survival-Gumbel and Clayton copulas, which Cech [45] defined as follows:


   C  180     u , v   = u + v + C   1 − u , 1 − v    



(11)







The above copula models are assumed to be time-invariant for the dependence. In order to estimate the time-varying dependence between tourist arrivals, we applied the Student’s t copula.


   ρ t  = Λ    ψ 0  +  ψ 1   ρ  t − 1   +  ψ 2   1 q    ∑   j = 1  q   t υ  − 1      u  t − j     ·  t υ  − 1      v  t − j        



(12)




where   Λ  χ  =   1 −  e  − χ         1 +  e  − χ       − 1     is the logistic transformation to keep the value of    ρ t    in (−1,1). Hence, the time-varying dependence is explained by a    ψ 0   ,    ψ 1   , and    ψ 2   .



Many methods are used to estimate the parameters of the copula function, such as the maximum likelihood method (MLE), inference function for margins (IFM), and canonical maximum likelihood (CML) methods. In this study, the parameters of the copula function are estimated by applying the MLE method. The log-likelihood function is as follows:


  L  θ  =   ∑   i = 1  n  l o g    c θ     F  n 1      X  i 1     ,  F  n 2      X  i 2          



(13)







Additionally, it is important to select the best model among the various copula functions. We compare the Akaike Information Criterion (AIC) and Log-Likelihood (LL) values to select the best models.




3.2. Data


The data in this study used international tourist arrivals from five source countries to Korea, namely, China, Japan, Taiwan, Thailand, and the US. The analysis period is from January 2005 to June 2019, and the monthly data were obtained from the Korea Tourism Knowledge and Information System [23]. Even though daily data can represent more precisely the destination seasonal periods, e.g., [46,47,48], collection of these data regarding tourists from the five source countries is not be easy. Due to this limitation of the data collection, monthly data were used in this study.



The change rate of tourist arrivals was calculated using log differences. Table 1 reports the descriptive statistics and Pearson correlations for the change rate of tourists from the five countries. The five countries appear to have a positive change rate on average during the sample period, indicating that tourists continued to increase. As shown in Table 1, skewness has negative values and kurtosis has high positive values, which indicates that all sample data have a sharp and fat-tailed distribution. The Jarque–Bera test found that each time series was non-normally distributed, and the null hypothesis was rejected.



Figure 1 shows the volatility of tourist arrivals from five major markets to Korea. Most countries have significant fluctuations and show similar movements. All countries were affected by extreme events, such as the Middle East Respiratory Syndrome (MERS) outbreak in 2015, when tourist arrivals were drastically reduced. Additionally, tourist arrivals from China decreased sharply in March 2017 due to the THAAD issue. Table 2 reports the Pearson’s correlations between the change rates of tourist arrivals from the five countries.



Overall, the correlations are positive and are higher between China and Taiwan as well as between Japan and Taiwan than between the other pairs.





4. Results


4.1. Results for the Marginal Models


Table 3 presents the parameter estimates for the mean and variance equation of the AR (p)-GARCH (1, 1) model with a skewed Student’s t distribution for each country. The    γ 1    and    γ 2    of the mean equation are negative and highly significant for Taiwan and the US. According to the coefficients of variance equation,  α  (short-run persistency) is positive and significant for China, Japan, and Thailand, which implies that a shock contributes to short-run persistence in these three countries. However,  β  (long-run persistency) is positive and significant for all countries, indicating that a shock leads to long-run persistence in all countries. Comparing the effects of  α  and  β , the results reveal that a short-run persistence of shocks is stronger than a long-run persistence of shocks in China, Japan, and Thailand, indicating a larger impact of short-run shocks on the tourism market volatility. Additionally, a coefficient of volatility persistence is referred to as (  α + β  ); the coefficients are 0.857 for China, 0.714 for Japan, 0.499 for Taiwan, 0.696 for Thailand, and 0.965 for the US, which indicates that volatility for the US is highly persistent regarding tourist arrivals when a shock occurs, while volatilities remain moderately persistent for China, Japan, and Taiwan, and lowly persistent for Thailand.




4.2. Results of the Static and Time-Varying Copulas


We used various copulas to investigate the dependence structure and tail dependence for each pair of source countries. Table 4 reports the results of Kendall’s tau and the lower and upper tail dependences for the optimal copula model for each of the ten pairs. For the pairs of Japan–Taiwan, Japan–US, Taiwan–Thailand, Taiwan–US, and Thailand–US, the Student’s t copula is the best-fitting model. Additionally, the dependencies between China–Japan, China–Thailand, and Japan–Thailand are best explained by the Survival-Joe copula. The Gaussian is the best-fitting model for the pair of China–Taiwan, and the Survival-Gumbel copula is the best-fitting model for the pair of China–US.



Kendall’s tau, which is transformed by the copula parameter, is used to compare the degree of correlation because each copula parameter value has a different range. Since Kendall’s tau correlation coefficient ranges from −1 to 1, it can evaluate the degree of linear and non-linear relationships. The Kendall’s tau of the optimal model shows positive values for all pairs, indicating there are interdependencies between the tourist arrivals of the five source countries and they tend to move together. Thus, as the number of tourist arrivals from one country increases (decreases), so does that from another country. However, the findings indicate that the strength of dependence between each pair of countries is relatively weak. Among them, the dependence strength of the China–Taiwan pair is the strongest, which is consistent with the fact that China and Taiwan share a similar culture and seasonal environment and tourist arrivals from the two countries to Korea have a strong interdependent relationship. In contrast, the dependence between Taiwan and Thailand is the weakest, suggesting there is little co-movement between tourist arrivals from Taiwan and Thailand to Korea. In particular, all countries paired with Thailand indicate a relatively low dependence, implying that tourist arrivals from Thailand to Korea are independent of those from the other four countries.



According to the coefficients of tail dependence in the optimal copula models, the pairs of Japan–Taiwan, Japan–US, Taiwan–Thailand, Taiwan–US, and Thailand–US have a symmetrical tail dependence, which indicates that markets move in the same direction for each of these pairs regardless of the type of shock (e.g., economic boom or recession, positive or negative extreme events). Conversely, the pairs of China–Japan, China–Thailand, China–US, and Japan–Thailand have a lower tail dependence, indicating tourist arrivals are likely to have higher dependence in the case of negative shocks than positive shocks. The highest value of tail dependence is 0.257 in the Japan–Thailand pair, suggesting that the co-movement between Japan and Thailand becomes stronger in negative extreme events. However, there is no tail dependence between China and Taiwan, indicating that the tourist arrivals from China and Taiwan are not highly correlated in extreme events. Overall, co-movement varies depending on the pair countries and type of shock, i.e., positive or negative.



The dependence structure varies over time. Thus, we used the time-varying copula to identify co-movement between tourist flows from each pair of countries over the 15-year period. As shown in Figure 2, we find that all pair countries have a different dependence over time. The dependencies between China–Taiwan, Japan–Taiwan, and Japan–Thailand are positive over time. However, the dependencies among the remaining pairs change positively or negatively over time. Especially, the dependence between China and Taiwan is the highest among all pairs and close to 0.8 at a certain time, which indicates highly correlated markets and is recognized as the “complement effect”. Moreover, we find that the dependencies of all pairs are commonly high during extreme events, such as the 2008 financial crisis and 2015 MERS.





5. Conclusions


This study investigated the dependence among source countries of the inbound tourism market to Korea as well as tail dependence using static and dynamic copula models using secondary time series data, which consequently provides tourism policymakers with effective implications for the sustainability of the tourism industry.



Three main conclusions can be drawn from the results. First, estimates from the best-fitting copula models indicate dependencies among all inbound tourism market pairs, and the strongest market pair is interdependence between China and Taiwan.



Second, the extreme tail dependencies in tourist flow movements to Korea exist across the source countries. Four tourism market pairs (China–Japan, China–Thailand, China–US, and Japan–Thailand) move together in only negative shocks while five pairs (Japan–Taiwan, Japan–US, Taiwan–Thailand, Taiwan–US, and Thailand–US) show co-movements in both positive and negative conditions. Interestingly, the asymmetric extreme tail dependence between China and Taiwan does not exist even though the pairing has the highest static dependency.



Finally, co-movements for specific events can be identified through the dynamic dependence structure, and the result indicates that the China–Taiwan dependence is higher than the other time-varying structures, implying that Chinese and Taiwanese tourists to Korea complement each other. Based on the results, the destination managers and tourism policy maker could plan and design tourism events and attractions by investigating the characteristics, culture, and preferences (e.g., holidays, festivals) for inbound tourists from one country, and could develop marketing strategies for the inbound market for the other country. In this case, although China and Taiwan have a complementary relationship, tail dependence does not exist. The THAAD issue is one of the most extreme events affecting inbound tourism demand in Korea, which led to a decrease in the total tourist flows into Korea by 22.7% in 2017, due to a 48.3% reduction in Chinese tourists. During the same period, however, Taiwanese tourists increased by 11.1% [23]. This result highlights the importance of inbound tourism market substitutes to manage risks such as extreme events that are not a general worldwide or regional circumstance but occurs in relation to only one specific country. Therefore, other co-moving countries should be considered as respective substitutes for one another to form a highly complementary relationship. For example, although three markets, namely, Japan, Thailand, and the US, have extreme tail dependence on Taiwan in positive extreme events, the reliance on Japan rather than Thailand and the US markets is dominant, suggesting Japan as a substitute for China, and at the same time as a complement of Taiwan. The results imply that tourism policymakers should focus on developing tourism products/services to satisfy both Taiwanese and Japanese tourists. In addition, the results indicate it is important to substitute for the major inbound markets, since there are political and diplomatic relations with tourist source countries, in order for tourism destinations to generate stable revenue and maintain the sustainability of their tourism industry [2].



In future research, the static and dynamic dependencies between two-way tourist flows among market pairs need to be investigated because the overall circumstances of the markets, including neighboring or competing countries, should be considered [27]. The incorporation of two-way flows may lead to more accurate tourism demand forecasts.
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Figure 1. Volatility of the tourist arrivals from five countries. 
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Figure 2. The time-varying copula. 
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Table 1. Descriptive statistics for tourist arrivals.
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	China
	Japan
	Taiwan
	Thailand
	US





	Mean
	0.013
	0.003
	0.007
	0.011
	0.004



	Maximum
	0.652
	0.383
	0.971
	0.272
	0.168



	Minimum
	−0.755
	−0.565
	−1.506
	−0.344
	−0.200



	Std. Dev.
	0.130
	0.092
	0.176
	0.094
	0.044



	Skewness
	−1.376
	−1.158
	−2.551
	−0.262
	−0.541



	Kurtosis
	14.821
	12.951
	39.138
	5.353
	6.803



	Jarque–Bera
	1061.84
	752.41
	9601.38
	41.89
	112.68



	p-value
	0.000
	0.000
	0.000
	0.000
	0.000



	Observations
	173
	173
	173
	173
	173










 





Table 2. Pearson’s correlations.






Table 2. Pearson’s correlations.













	
	China
	Japan
	Taiwan
	Thailand
	US





	China
	1.000
	
	
	
	



	Japan
	0.469
	1.000
	
	
	



	Taiwan
	0.628
	0.582
	1.000
	
	



	Thailand
	0.203
	0.413
	0.245
	1.000
	



	US
	0.170
	0.215
	0.328
	0.150
	1.000










 





Table 3. Result of the generalized autoregressive conditional heteroskedasticity (GARCH) (1,1).






Table 3. Result of the generalized autoregressive conditional heteroskedasticity (GARCH) (1,1).





	

	
China

	
Japan

	
Taiwan

	
Thailand

	
US






	
Mean Equation




	
  μ  

	
0.016 ***

(0.004)

	
0.002

(0.689)

	
0.005

(0.404)

	
0.008

(0.168)

	
0.004 ***

(0.000)




	
    γ 1    

	
−0.140

(0.158)

	

	
−0.160 *

(0.053)

	
−0.156

(0.133)

	
−0.505 **

(0.000)




	
    γ 2    

	
−0.075

(0.363)

	

	
−0.187 *

(0.010)

	
0.073

(0.546)

	
−0.284 **

(0.000)




	
Variance Equation




	
  ω  

	
0.004

(0.071)

	
0.003 **

(0.000)

	
0.004

(0.141)

	
0.003 **

(0.001)

	
0.000

(0.745)




	
  α  

	
0.450 *

(0.057)

	
0.474 **

(0.012)

	
0.500

(0.499)

	
0.512 **

(0.007)

	
0.034

(0.236)




	
  β  

	
0.407 ***

(0.005)

	
0.240 ***

(0.004)

	
0.499 **

(0.0054)

	
0.184 *

(0.056)

	
0.9649 ***

(0.000)




	
Skewness

	
0.790 ***

(0.000)

	
0.906 ***

(0.000)

	
0.855 **

(0.000)

	
0.973 ***

(0.000)

	
0.986 ***

(0.000)




	
Shape

	
3.2362 ***

(0.0000)

	
3.8202 ***

(0.0000)

	
2.5921 ***

(0.0000)

	
5.2730 ***

(0.0023)

	
3.0701 ***

(0.0000)








Notes.  μ : constant in mean equation;    γ 1    and    γ 2   : autoregressive terms;  ω : constant in variance equation;  α : short-run persistency;  β : long-run persistency. * p < 0.1, ** p < 0.05, *** p < 0.01; numbers in parentheses are the p-values.













 





Table 4. Kendall’s tau and tail dependence of the best-fitting copula.
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	Pairs
	Best Copula
	Kendall’s Tau
	Lower
	Upper





	China–Japan
	Survival-Joe
	0.091
	0.197
	-



	China–Taiwan
	Gaussian
	0.223
	-
	-



	China–Thailand
	Survival-Joe
	0.049
	0.111
	-



	China–US
	Survival-Gumbel
	0.103
	0.138
	-



	Japan–Taiwan
	Student’s t
	0.124
	0.178
	0.178



	Japan–Thailand
	Survival-Joe
	0.124
	0.257
	-



	Japan–US
	Student’s t
	0.124
	0.178
	0.178



	Taiwan–Thailand
	Student’s t
	0.028
	0.067
	0.067



	Taiwan–US
	Student’s t
	0.069
	0.150
	0.150



	Thailand–US
	Student’s t
	0.080
	0.125
	0.125
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