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Tourism value chains is scattered across the economic fields. This paper seeks to carry out an empirical analysis of the relationship between climate change and tourism development in China. We used relevant data from 31 provinces in China, and analyzed the spatial effects of climate change on tourism development using a spatial Durbin model. In the development of tourism in Chinese provinces, the research results show that the high-high agglomeration areas of inbound overnight tourists are widely distributed in the coastal areas of eastern China, while the low-low agglomeration areas are mainly distributed in western China, showing an unreasonable bipolar distribution. In terms of climate change, the increase of annual precipitation contributes to the enhancement of the number of inbound overnight tourists in local areas, but reduces the number of inbound overnight tourists in adjacent areas; the increase of annual average temperature raises the number of inbound overnight tourists in local areas, but decreases the number of inbound overnight tourists in adjacent areas; which indicates that there is a spatial spillover effect of climate change on tourism development. Therefore, we propose that western China should receive further policy support, the positive spatial spillover effect of the number of inbound overnight visitors among provinces should be fully utilized, and the tourist attractions should be enriched and developed. However, there are some limitations in the construction of the spatial weight matrix, the consideration of sample size, and the selection of factors affecting tourism development.
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1 INTRODUCTION
The COVID-19 pandemic has delivered a profound shock to the Global Value Chain (He, 2021). From the perspective of regional tourism development, the tourism value chain is a value creation process driven by government departments, private tourism service providers, non-governmental organizations and local residents (Khan and Banerjee, 2020). Since the middle and later 20th century, the global climate change characterized by climbing temperature has intensified day by day, shifting the natural and socio-economic conditions on which the development of tourism depends (WTTC, 2012). In multiple periods, the warming trend in China is prominent globally, with its average warming rate substantially higher than the global average warming rate during the same period (Ding et al., 2006). In this context, temporal and spatial changes in weather conditions and landscape quality within China have brought great uncertainty to tourism development. It is predicted that the annual average temperature in China will increase by 2.3–3.3°C in 2050, and by 3.9–6.0°C in 2,100 (Lin et al., 2006). It is apparent that climate change is bound to be one of the greatest challenges to be addressed in the development of tourism in China in the 21st century.
Tourism is a climate sensitive industry (Scott and Lemieux, 2010). Globally, the climate will be the main influencing factor on tourism (Smith, 2012). Climate change has an impact on countries (Agnew and Viner, 2001; Hamilton et al., 2005), tourist destinations (Staple and Wall, 1996; König, 1999), specific tourism activities or tourism sectors (e.g. ski industry) (Breiling and Charamza, 1999; Beniston, 2003). With global climate change, global warming presents good opportunities for tourism development in some countries or regions (Giles and Perry, 1998), the most popular destinations will shift to higher latitudes and higher altitudes (Hamilton et al., 2005). Climate change will reduce international tourist flows, and the warm climate will make residents of high-latitude countries spend more holidays in their own countries (Hamilton et al., 2005). In turn, climate change may make some tourist destinations less attractive and damage tourism resources and facilities, forcing a change in the type of tourism activity. Climate change can damage coastal tourism facilities, beaches, and have negative effects on marine ecosystems (Belle and Bramwell, 2005). Extreme weather can lead to infrastructure damage, flight cancellations, and traffic disruptions, which can make the area less safe and attractive for tourists, putting the tourism industry at great risk (Becken, 2005). Some islands will have continuous dry weather, the shortage of water resources may lead to the conflict between tourism development and local residents’ water use, and the deterioration of the environment further weakens the attraction of local tourism (Perry, 2006).
Climate is one of the factors affecting tourism decision-making. Climate is of internal importance to people’s travel decisions, including motivation, destination selection and travel timing (Scott and Lemieux, 2010). Climate change affects travelers’ participation levels in various tourism activities and travelers’ preference for destinations (Giles and Perry, 1998; Braun et al., 1999). According to the travel mode of British tourists, the maximum temperature for travel is 30.7°C, and a slight increase in temperature will reduce the number of tourists (Maddison, 2001). Climate change affects the spatial distribution and flow of tourists, the behavior of tourism activities in specific destination areas (Kent et al., 2002; Uyarra et al., 2005). Travel demand is related to daily temperature and precipitation, and travelers are willing to choose to travel to destinations with a more favorable climate (Maddison, 2001). Policies related to international air travel may affect tourists’ travel and choice of transport through increased transportation costs (Hares et al., 2010). Due to the implementation of mitigation measures such as carbon tax, the cost of long-distance air flights will increase, which may also reduce the attractiveness of some tourism destinations that rely on overseas long-distance tourist source markets (Frew and Winter 2009; Becken and Clapcott, 2011).
The above research analyzes the impact of climate change on the development of regional tourism from multiple perspectives, while there are few relevant studies on the impact of climate change on the coordinated development of cross regional tourism. At present, the trend of coordinated development of cross regional tourism is increasing. Climate change not only affects the development of local tourism, but also has an important impact on the coordinated development of cross regional tourism. Ignoring the impact of climate change on the coordinated development of cross regional tourism will underestimate the contribution of tourism to economic growth. Spatial econometric model is to incorporate spatial correlation into the traditional econometric model, which can not only improve the accuracy of model estimation, but also solve the problem of omitted variables of the model to a certain extent (Coughlin and Segev, 2010). Thus, we introduce spatial dependence into the traditional regression model to focus on the impact of climate change on tourism development. Based on the China’s provincial panel data, this paper takes climate change as the core factor, and focus on analyzing the spatial effect of annual average temperature and annual precipitation on inbound overnight tourists in China by using the spatial Durbin model.
2 RESEARCH METHOD
2.1 Variable design
2.1.1 Explained variable
Inbound tourism is a good indicator to assess the competitiveness of regional tourism, as it is an important component of the local economic system (Mou et al., 2020). Inbound tourists refer to foreigners, Hong Kong, Macao, and Taiwan compatriots who come to China (mainland) for sightseeing, vacation, visiting relatives and friends, medical treatment, shopping, attending conferences or engaging in economic, cultural, sports and religious activities during the reporting period (i.e., the number of inbound tourists) (Liu and Li, 2019). Overnight tourists are those who stay in China at least 24 h. Besides sightseeing, they do eating, staying, traveling, shopping, and pleasuring, thus spending more and bringing about more tourist receipt, and reflecting more of the development level of inbound tourism (Sun et al., 2008). Therefore, we select inbound overnight tourists to measure the tourism development of a region.
2.1.2 Explanatory variables
Since climate change refers to the change in the average state of climate over time, climate is changing in real time. Climate variables such as temperature and precipitation play a crucial role on tourism flows worldwide (Pintassilgo et al., 2016). In order to better estimate the impact of climate change on inbound overnight tourists, we used the average annual temperature (temp) and annual precipitation (preci) to study their effects on inbound overnight tourists in different provinces of China.
2.1.3 Control variables
As far as the control variables are concerned, the level of economic development reflects the affluence of a region, the higher the level of economic development, the better the development of tourism (Rauf et al., 2018). Traffic accessibility is a prerequisite for tourists to travel, and it is also a tourist destination and tourist source market. Good tourism traffic accessibility is a necessary conditions for the development of tourism (Wang et al., 2021). As an important part of the accommodation industry, star hotels reflect the reception ability of urban tourism to a great extent (Ren et al., 2016). Therefore, we chose economic basis, transportation convenience and tourism reception capacity as control variables. The specific variable descriptions are shown in Table 1.
TABLE 1 | Variable description.
[image: Table 1]2.2 Dataset sources
This paper uses data related to 31 provinces (municipalities and autonomous regions) in China. Specifically, the data of inbound overnight tourists from 2008 to 2017 are from “China Statistical Yearbook”. Data on annual precipitation and annual average temperature are from the statistical yearbooks of each province (municipality and autonomous region) in China as well as statistical bulletins. For provinces that cannot obtain climate data, the average value of climate data of prefecture level cities be used instead. The data of GDP per capita of each province are obtained from the “China Social Statistics Yearbook”. In addition, the data of total road mileage is obtained from the “China Traffic Yearbook,” and the data of the number of star-rated hotels is obtained from the “China Tourism Statistics Yearbook”.
2.3 Model
2.3.1 Model construction
The commonly used models for spatial econometrics are spatial lag model, spatial error model and spatial Durbin model. Before constructing the spatial econometric model, we first constructed the relationship between climate change and tourism development
[image: image]
In Eq. 1, [image: image] denotes inbound overnight tourists in year t in province i, which is used to reflect the development level of the tourism industry. To reflect climate change, [image: image] and [image: image] denote the annual average temperature and annual precipitation in province i in year t, respectively. Control variables including pgdp, traffic and restaurants respectively represent economic foundation, traffic convenience and tourism reception capacity. C is a constant term, and [image: image] is the random error term.
2.3.2 Spatial autocorrelation test
Whether to add spatial effects to the original model depends on the existence of spatial autocorrelation characteristics of inbound overnight tourists in 31 provinces (municipalities and autonomous regions) of China. Spatial autocorrelation tests (mainly Moran’s I, R-LM-lag, and LM-lag index, etc.) are required before constructing the model and are mainly hypothesis tests based on great likelihood estimation. The original hypothesis is [image: image]: [image: image] = 0 or [image: image]= 0. The most popular one at present is Moran’s I, which is defined as:
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In Eq. 2, [image: image] i,j = 1, 2, 3...n. If the Moran’s I is greater than 0, the measured variables are considered to present spatial positive correlation, and the correlation degree increases as the Moran’s I becomes larger. If the Moran’s I is less than 0, the measured variable is considered to present spatial negative correlation. If the Moran’s index is equal to 0, the measured variable does not have spatial autocorrelation (Bekti and Sutikno, 2012). The standardized Z statistic is used to test the significance of the spatial correlation coefficient, and the expression is as follows:
[image: image]
In Eq. 3, E(I) is the expected value of Moran’s I, and Var(I) is the standard deviation of Moran’s I.
2.3.3 Spatial weight matrix selection
In calculating Moran’s I, the first step needs to construct the spatial weight matrix. There are three common methods to construct the spatial weight matrix. The first is to construct the spatial weight matrix based on the inverse of the geographical distance. The second is to construct the spatial adjacency matrix based on whether the spaces are adjacent or the distance among two regions. The third is to set the spatial weight matrix based on the inverse of the economic distance weight matrix. In this paper, the spatial weight matrix is constructed according to whether the spaces are adjacent or not (Xiao and Mao, 2021), and the spatial weight matrix is defined as follows.
[image: image]
In Eq. (4), Wij indicates the proximity relationship between region i and region j. When region i and region j have adjacent boundaries, Wij equals 1, no adjacent boundaries are 0, and all elements on the main diagonal are 0. Since Hainan province has no geographically adjacent provinces to it, it is set to be adjacent to Guangdong province here.
2.3.4 Spatial panel model setting
The spatial econometric model is considered to be invoked instead of the classical econometric model, and the expressions created by the specific model are as follows:
1) Spatial lag model
[image: image]
2) Spatial error model
[image: image]
where [image: image];
3) Spatial Durbin model
[image: image]
In the above expression, C is constant term. [image: image] and [image: image] are the parameters to be estimated. W is the spatial weight matrix. [image: image] is the error term, which depends on the spatial lag error term [image: image] and the random error term [image: image]. For the convenience of operation and analysis, the logarithmic processing method was adopted. Since the natural base logarithm is a monotone function, whether or not to take the logarithm does not affect the direction in which the control variable acts on the explained variable (Huang et al., 2021).
2.3.5 Spatial effect decomposition
According to the theory of spatial econometric models, the dependent variable of a region is affected not only by the independent variables of that region (i.e., direct effects), but also by the independent and dependent variables of other regions (i.e., indirect effects or overflow effects). In this paper, we refer to the existing literature on partial differencing (Lesage and Pace, 2008), and write the spatial econometric model in vector form:
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In the above equation: [image: image] denotes the provincial inbound overnight visitors, [image: image] is the error term. We take the kth explanatory variable as the independent variable to derive Eq. 8, and then the partial differential matrix is obtained:
[image: image]
In the matrix on the right, the direct effect is represented as the mean of all elements on the main diagonal, the indirect effect is represented as the mean of all elements on the non-main diagonal, and the total effect is the sum of the direct and indirect effects.
3 SPATIAL CORRELATION ANALYSIS
3.1 Global spatial autocorrelation analysis
The global Moran’s I for inbound overnight tourists in 31 provinces (cities, autonomous regions) of China was calculated and tested for significance by using STATA 16.0. The results are shown in Table 2.
TABLE 2 | Global Moran’s I and its significance test results of inbound overnight tourists in 31 provinces (cities, autonomous regions) of China from 2008 to 2017
[image: Table 2]Table 2 shows the results of Moran’s I calculation for inbound overnight tourists by regions in China from 2008 to 2017. The global Moran’s I of inbound overnight tourists in China all ranged from 0.222 to 0.313, and the p-values are all less than 0.05, passing the significance test at the 5% level. This indicates that the number of inbound overnight tourists has a significant positive spatial correlation (i.e., there is spatial dependence) among provinces in China. The provinces with a large number of inbound overnight tourists also have high number of inbound overnight tourists in the surrounding provinces. However, the number of inbound overnight tourists in the provinces with a low number of inbound overnight tourists is also low in the surrounding provinces. It can be seen that the number of inbound overnight tourists in a province will be affected by the neighboring provinces. In addition, the spatial correlation of inbound overnight tourists by province has an increasing trend from 2013 to 2017, indicating that the spatial agglomeration characteristics of the number of inbound overnight tourists among Chinese provinces are gradually increasing. Overall, China’s tourism development is characterized by spatial agglomeration, which highlights the importance of Supply Chain Management in the tourism industry (Hariharasudan et al., 2021).
3.2 Local spatial autocorrelation analysis
Since the global Moran’s I only reflected the average state of the overall condition of the study area with respect to the differences among neighboring regions, it failed to reflect the spatial heterogeneity of regional units, which makes it difficult to reveal the dynamic evolution characteristics of inbound overnight tourists within the regions. Therefore, Moran scatter plots were drawn for 4 years (2008, 2011, 2014, and 2017) by using STATA 16.0. In Figure 1, Quadrant I and III indicate high-high aggregation area and low-low aggregation area respectively, which implies that provinces with higher (lower) inbound overnight tourists also have higher (lower) inbound overnight tourists in the periphery, showing a spatial aggregation trend. Quadrant II and IV denote low-high agglomeration areas and high-low agglomeration areas respectively, meaning that provinces with higher (lower) inbound overnight tourists have lower (higher) inbound overnight tourists in their surroundings instead.
[image: Figure 1]FIGURE 1 | Moran scatter plot of inbound overnight tourists from 31 provinces in China in 2008, 2011, 2014, and 2017.
The provinces located in the quadrant I and III are significantly more than those in the quadrant II and IV. Furthermore, the high-high agglomeration areas are significantly more than the low-low agglomeration areas, indicating that inbound overnight tourists are not only correlation but also spatial heterogeneity among provinces. Among them, the number of provinces in quadrant II generally shows a decreasing trend. However, the number of provinces in the quadrant III increases from seven in 2008 to 10 in 2017, with an increasing trend. In the quadrant I, the number of provinces changes steadily, increasing from 11 in 2008 to 12 in 2017. The number of provinces in the quadrant IV has changed, Hubei and Heilongjiang drop out of the high-low aggregation area, and change to the high-high aggregation area and low-low aggregation area, respectively. In general, it indicates that the agglomeration characteristics of inbound overnight tourists are mainly distributed in high-high agglomeration areas and low-low agglomeration areas, which shows the spatial agglomeration dynamics of areas with relatively high or low numbers of inbound overnight tourists are increasing. The spatial differences in regional tourism development are increasingly narrowing, which is consistent with the results of the global spatial autocorrelation analysis in the previous section.
The number of regional units located in the quadrant II and IV decreased as a whole. It indicated that the phenomenon of spatial polarization in the process of tourism development is gradually decreasing. Furthermore, the high-level regions of tourism development have a certain “trickle-down effect” on backward regions, which has a positive impact on the change of the unbalanced pattern of tourism development. The more developed regions such as Shandong (SD), Jiangsu (JS), Shanghai (SH), Zhejiang (ZJ), Fujian (FJ), and Guangdong (GD) are always in the quadrant Ⅰ, showing high aggregation. However, the backward regions such as Xinjiang (XJ), Gansu (GS), Qinghai (QH), and Ningxia (NX) have been in the quadrant Ⅲ for a long time, showing a low aggregation. The result of local spatial autocorrelation analysis shows that although the overall spatial difference of China’s tourism development is narrowing, the coordinated development of regional tourism has not been realized.
Specifically, we analyzed the inbound overnight tourists in 2017 (Figure 2) by using ArcGIS 10.7. It shows that among the high-high aggregation areas, Shandong, Jiangsu, Shanghai, Zhejiang, Fujian, Guangdong, and other coastal regions of eastern China are distributed in an “arc shape”. Furthermore, coupled with the radiation driving effect of their own economic development, the tourism industry in Anhui, Jiangxi, and Guangxi have also become a hot development area, and the regional scenic spots in Chongqing, Hunan, and Hubei are connected together. The overall distribution characteristics of regional scenic spots shows that there are more inbound overnight tourists in each province, and there are also more inbound overnight tourists in its adjacent provinces. In the low-low aggregation areas, Ningxia, Gansu, Qinghai, Xinjiang, and Tibet are all located in western China. The neighboring provinces are spatially similar, with western provinces having fewer inbound overnight tourists and their neighboring provinces having fewer inbound overnight tourists. For low-high aggregation areas and high-low aggregation areas, Hainan, Guizhou, and Henan are far away from each other, and there is no significant spatial correlation in the number of inbound overnight tourists among them. Liaoning, Inner Mongolia, Yunnan, Beijing, Shaanxi, and Sichuan are distributed in eastern, western, and central China, and do not show high local spatial correlation.
[image: Figure 2]FIGURE 2 | Moran scatter plot of inbound overnight tourists from 31 Chinese provinces in 2017.
Overall, there is a significant spatial distribution dependence and imbalance in the spatial distribution of inbound overnight tourists in China. The possible reason for this is that the development of tourism industry clusters requires higher tourism infrastructure and services, while the western region is an underdeveloped region with relatively backward development and in a disadvantageous position in the competition for tourism resources. Therefore, the tourism service facilities and tourism resources in the western region do not have an obvious role in driving tourism development. The eastern region is economically developed, the supporting services and facilities for tourism are more perfect, providing more convenience and high-quality tourism services to tourists. At the same time, the regional integration of tourism resources has brought cost advantages and agglomeration economic effects to the eastern region, promoting the linkage development of regional tourism.
3.3 Spatial measurement test
The presence of spatial effects made the relationship between climate change and tourism development more complex, and OLS estimation is no longer the optimal unbiased estimator. Therefore, this paper conducted a spatial econometric analysis using panel data of 31 Chinese provinces (municipalities and autonomous regions) from 2008–2017. The three spatial economic models including spatial Durbin model (SDM), spatial lag model (SLM) and spatial error model (SEM) have fixed effects and random effects, and the fixed effects specifically include time fixed effects, individual fixed effects, and spatio-temporal dual fixed effects. In this paper, we first conducted Lagrange multiplier (LM) test to prove whether the spatial econometric model considering spatial effect was better than the ordinary panel model. Then according to likelihood ratio (LR) test and Wald test, we could prove whether the SDM could degenerate into a SLM or a SEM (Elhorst, 2014). Finally, we conducted a Hausman test to determine whether there were individual effects or random effects in the model. The results of spatial econometric model correlation tests are shown in the following table.
Based on Table 3, the spatial error and spatial lag were tested using LM test to determine whether the spatial econometric model was used. From the LM test results, it can be seen that among the three tests for spatial error, R-LM-err rejects the original hypothesis of “no spatial autocorrelation”. In the two tests of spatial lag, both LM-lag and R-LM-lag tests reject the original hypothesis, indicating that spatial econometric analysis should be conducted. Further, the LR test and Wald test were used to analyze whether the SDM could degenerate into SEM or SLM. Two original hypotheses were set, one of which indicates that the SDM could degenerate into a SEM, and the other indicates that the SDM could degenerate into a SLM. As can be seen from Table 3, the LR test statistics all pass the 5% significance level, indicating that the SDM can not degenerate into SLM and SEM. The coefficients of the Wald test are greater than 0, and both reject the original hypotheses, also indicating that the SDM can not degenerate into a SEM or a SLM. Therefore, the SDM, combining SEM and SLM, should be selected for regression. To determine whether to use the SDM with fixed effects or the SDM with random effects, the Hausman test was used to discriminate. According to the inspection results, the chi-square statistic of SDM is 22.09, which passes the 1% significance test, and rejects the original hypothesis of accepting random effects, so the SDM with fixed effects should be selected.
TABLE 3 | Results of spatial econometric model correlation tests.
[image: Table 3]The regression results are shown in Table 4. Based on the magnitude of log-likelihood and dispersion (sigma2_e) of the three fixed-effect models, it can be seen that the fit of the SDM under the spatio-temporal dual fixed effect is significantly better than that of the SDM under the temporal fixed and spatial fixed effects. And the spatial autoregressive coefficient of the SDM with spatio-temporal dual fixed effects is significantly negative, indicating the increase of inbound overnight tourists from neighboring provinces will reduce the number of inbound overnight tourists from the central province. Finally, the spatial panel Durbin model with spatio-temporal dual fixed effects was chosen as the final model for analysis in this paper.
TABLE 4 | Regression results of the SDM with different effects.
[image: Table 4]4 MODEL ESTIMATION RESULTS AND ANALYSIS
The spatial econometric model regression coefficients does not effectively reflect the degree of influence of the explanatory variables on the dependent variable (Lesage and Pace, 2008). Therefore, the spillover effects were decomposed into direct, indirect and total effects using partial differencing. The results of SDM with spatio-temporal dual fixed effects are presented in Table 5.
TABLE 5 | Direct and indirect effects of explanatory variables on inbound overnight tourists.
[image: Table 5]According to the estimation results in Table 5, it could be seen that the regression coefficient of annual average temperature under the direct effect is 1.1441, which is significant at 1% significance level. The regression coefficient of indirect effect is -0.6903, which indicates that the increase of annual average temperature has a significant positive impact on the development of tourism in the local region, but has a hindering effect on the development of tourism in neighboring regions. The possible reason is under the influence of temperature change, the inbound overnight tourists have higher requirements for the perfection of tourism supporting services and facilities. This has strengthened the cooperation among tourism enterprises and effectively played the role of the supply chain of tourism products (Slusarczyk et al., 2016). In addition, innovation is an important factor for the development of an enterprise (Wall, 2021b), which inspires local tourism enterprises to improve their innovation ability to optimize their internal structure. In this dynamic process, the tourism ecological environment has been improved (Coombes and Jones, 2010), which plays a positive role in promoting the development of regional tourism in the local region. However, the increase of the annual average temperature is likely to cause the sea level rise, which destroys the tourism industry clusters and ecological environment, so that the spatial effect of inter-regional tourism industry clusters is disintegrated (Xu et al., 2019), thus hindering the development of tourism in the surrounding areas. The regression coefficient of the direct effect of annual precipitation is 0.0558 and the regression coefficient of the indirect effect is -0.4575, which is significant at the 5% significance level, indicating that the increase in annual precipitation promoted tourism in local region, but has a dampening effect on tourism development in neighboring regions. It also causes changes in the natural landscape and reduction of biodiversity, and results in direct changes in tourism resources and reduced sustainability (Becken, 2005), leading to the destruction of the tourism portfolio of the surrounding region.
In terms of control variables, the regression coefficient of GDP per capita is significantly positive under both direct and indirect effects, indicating that economic development promoted tourism development in local region and neighboring regions. That is because economic development leads to the improvement of tourism infrastructure and optimization of tourism support services (Eugenio-Martin et al., 2008), which in turn promotes the development of regional tourism. The coefficient of traffic convenience is 0.1364 in the direct effect, but it is -1.3696 in the indirect effect, which passes the 1% significance test, indicating that the convenient the transportation can contribute to an increase in local inbound overnight tourists and a decrease in inbound overnight tourists from neighboring regions. The regression coefficients of the number of star hotels in the direct and indirect effects are not significant, which may be due to the fact that the increase in the number of star hotels will drive tourism consumption and raise the price level, which will reduce the occupancy rate of tourists.
5 CONCLUSION AND DISCUSSION
5.1 Conclusion
We used spatial autocorrelation theory and spatial econometric models to study the impact of climate change on the spatial distribution of tourism development in China. The following conclusions are drawn: 1) Through global and local spatial correlation analysis, it is found that there are notable spatial agglomeration characteristics of inbound overnight tourists in different provinces in China, and there are spatial proximity similarities in the number of inbound overnight tourists among provinces. The low-low agglomeration areas are mainly distributed in the western China, and the high-high agglomeration areas are mainly distributed in the eastern China, showing an unreasonable polarization distribution. 2) The spatial econometric model shows that the increase of inbound overnight tourists from neighboring provinces will reduce the number of inbound overnight tourists from the central province. The increase in annual average temperature significantly promotes the number of inbound overnight tourists in the local region, while decreases the number of inbound overnight tourists from neighboring provinces. The increase in annual precipitation significantly reduces the number of inbound overnight tourists from neighboring provinces. 3) Overall, the increase of GDP per capita will significantly enhance the development of tourism, and the increase of accessibility will significantly promote the development of tourism in the local region, but the promotion effect of the number of star-rated hotels is not yet significant. So there are different spatial spillover effects of different variables.
5.2 Discussion
Tourism is a kind of service industry, and information analysis is an important factor in the service industry (Wall, 2021a). Climate change has become a worldwide concern, research on climate change related to tourism has also gained rapid momentum. Therefore, the analysis of climate change information is very important for the development of tourism. To the best of our knowledge, there are few studies in the field of climate tourism that link climate change to tourism development in various regions of China. This paper contributes to enrich the research related to climate change and tourism development.
Value chains are the mainstream analytical framework for analyzing the development of economic organizations and backward regions, and tourism is an important tool for promoting economic development and poverty reduction in backward regions. Therefore, focusing on value chain issues can help us better understand the development mechanism of tourism places in the context of globalization, and explore a more balanced approach to economic development and resource use conservation (Song et al., 2013). The current research on climate change from the perspective of tourism has been intensifying, starting from the impact of climate change on the ski industry and seaside tourism (e.g. Scott and Mcboyle, 2007; Coombes and Jones, 2010), and later involving various related sectors of climate change and tourism, such as wetland tourism, urban tourism, national parks, etc. (Scott et al., 2002; Hamilton et al., 2005; Hall, 2010).
Unlike previous studies on climate change and tourism, this is a study on the spatial effects of different climate changes on tourism development in each region of China. We provide insight into the effects of climate change on tourism development and further elucidate the effects of changes in annual precipitation and mean annual temperature on inbound overnight visitors. In particular, we explore the spatial effects of annual precipitation and average annual temperature on regional inbound overnight visitors, which further expands the theoretical boundaries of climate change and tourism development theory. In addition, this paper also finds that tourism development across regions is spatially dependent, which provides new insights and ideas to promote cross-regional tourism linkage development.
5.3 Research recommendations
Our conclusions may provide scientific and effective policy implication for government to develop regional tourism. Therefore, we make the following recommendations: 1) The western region of China should be further supported by relevant policies. The further intensification of the phenomenon of low-low agglomeration in tourism development in the western region should be alerted. The government should increase policy support for the western region, which is conducive to improving regional tourism development and achieving spatially balanced tourism development. 2) The spatial spillover effect of the number of inbound overnight tourists among provinces should be fully utilized. In order to achieve mutual benefit and win-win situation, the sharing of climate resources among provinces should be strengthened. At the same time, each region should create a regional tourism community brand and form economies of scale. 3) Tourist attractions should be further enriched and developed. Weather is a very objective natural phenomenon, and regional government should enrich tourist climate attractions based on local climate change. In addition, they should further promote the development of regional tourism by increasing the economic base, improving the density of the transportation network, and developing the star hotel industry.
5.4 Limitations and prospects
In this paper, we provide an empirical verification and a new notion for the research of climate change and tourism development, as well as the references for countries around the world to formulate tourism development policies across regions. However, it is worth noting that this paper is limited by the objective conditions such as data and methods, and still has the following deficiencies to be further explored. Firstly, for the spatial weight matrix used in the empirical process analysis, we only consider whether the geographical location is adjacent, but fail to take into account the factors such as economic distance. Secondly, based on the availability of data, only 31 regions in China are selected as the research object. More specific regions could be selected for future studies, as it would provide more insight into the specific relationship between climate change and tourism development. Finally, the factors that influence tourism development are not limited to the explanatory variables used in the paper, and there are still other factors that have an impact on tourism development, such as environmental regulation, scientific and technological level, seasonal distribution, and so on.
In the future, the follow-up research should focus on the following aspects: 1) The empirical research on the spatial evolution of the impact of climate change on tourism development should be strengthen, and a scientific basis for the regional linkage development of global tourism should be provided. 2) In dealing with climate change, the tourism industry urgently needs to explore proactive and forward-looking coping strategies, and the policies and actions to deal with climate change should be synchronized in time. 3) The evolution trend of tourism and climate change should be paid close attention to. On the basis of studying the interactive relationship between climate change and tourism development, multi-dimensional comprehensive research should be further carried out.
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