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Abstract In the international literature, several studies have analyzed the impact of 
HSR on tourists’ behavior with qualitative and quantitative approaches. However, 
they have not been able to solve the problem of capturing the spatial and temporal vari-
ation by fitting a regression model at a local point. The spatial heterogeneity within 
local models, such as Geographically Weighted Regression (GWR) models, provides 
a better platform allowing exploring the different spatial relationships between HSR 
and tourism. In this chapter, a spatio-temporal analysis has been proposed to eval-
uate the variables affecting tourists ‘choices, specifically the impact of HSR on both 
Chinese and Foreign tourists. Two advanced methods were adopted: firstly, we used 
the Weighted Regression with Poisson distribution (GWPR) modelling approach, 
which considers the problem of the temporal and spatial autocorrelation differently 
with respect to the Generalized Estimating Equations method. The results of this 
study support the use of the GWPR as a promising tool for tourism planning, espe-
cially because it makes it possible to model non-stationary spatially counting data. As 
far as the authors know, this methodology has never been applied in the international 
literature to this context. Secondly, we combined both temporal autocorrelation and 
spatial autocorrelation by applying models of Geographical and Temporal Weighted 
Regression (GTWR) types to take into account the local effects from the temporal 
point of view. 
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1 Introduction 

The “second railway age” is brought about by significant advancements in trans-
portation technology and the ongoing building of High-Speed Rail (HSR) [1, 2]. 
China’s HSR network has expanded significantly during the past ten years, affecting 
the geographical organization of cities within the transportation system. 

The longest HSR in the world is, in fact, in China (see Fig. 1). The total operating 
mileage of the national railroad in 2021 was higher than 150,000 km, including 
40,000 km of HSR. Additionally, 2168 km of new mileage was built and put into 
service in 2021. From 28% in 2012 to 93% in 2021, the HSR network’s coverage of 
cities with a population of more than 500,000 people increased. Except for Lhasa on 
the mainland, all province capital cities have been connected to the HSR. In August 
2020, China National Railway Group Co., Ltd. issued and released the Outline of 
Railway Development Plan for A Powerful Transportation Country, defining the 
development blueprint of China Railway in the next 15 years and 30 years [3]. 
According to the plan, in 2035, China will have built about 200,000 km of the 
national railway network, including about 70,000 km of HSR. The HSRs mileage 
will be double-sized w.r.t. the year 2019, and HSR will serve all provincial cities 
and cities with a population of more than 500,000. The 3-h HSR circle is basically 
realized between the provincial capitals in adjacent regions (http://www.xinhuanet. 
com/fortune/2020-08/14/c_1126366741.htm). 

The main focus of this study is the investigation of the elements influencing 
tourists’ decisions for the case study of thirty Chinese provinces, where the influence 
of HSR has been investigated. There are contributions in the literature that primarily 
focus on the accessibility and mobility impacts of HSR in China [4–6], as well as 
the influence of HSR on the growth of regional tourism [7] and foreign visitors [8]. 
Although extensive studies have examed the impact of HSR on tourism in China, the 
findings are not always consisistent, as they discovered significant effects in some 
instances [9, 10] and insignificant effects in others [11]. For example, Chen and

Fig. 1 The High-Speed Rail 
network in China 

http://www.xinhuanet.com/fortune/2020-08/14/c_1126366741.htm
http://www.xinhuanet.com/fortune/2020-08/14/c_1126366741.htm
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Haynes [8] demonstrated that the Chinese provinces served by HSR experienced an 
increase in the number of foreign tourists of 20% and an increase in tourism revenue 
of almost 25%. In addition, Chen et al. [12] evaluated the spatial impacts of HSR on 
domestic tourism demand in China using spatial econometric analysis for the period 
1999–2016. Their study confirmed that HSR has diverse spatial impacts on tourism 
output, with a particularly strong effect in the less developed west regions, moderate 
impact in the central region, and less significant in the developed east regions. 

The effect of HSR on tourism in the Yangtze River Delta was analyzed by Taotao 
et al. [13]. The Yangtze River Delta’s development in regional tourism demonstrated 
a “HSR effect,” and the demand and supply of tourism-related goods significantly 
improved. Yuhua and Jun [14] demonstrated how the HSR’s introduction impacted 
the growth of tourism in the cities it served. 

After studying Huangshan City’s tourist spatial structure before, immediately 
after, and two years after the HSR’s inauguration, Lei et al. [15] concluded that the 
HSR’s inauguration had little to no effect on Huangshan City’s tourism. 

An additional investigation revealed that the expansion of the HSR network in the 
HSR also affected tourist flows and spatial relationships of the two cities, Beijing 
and Tianjin [16, 17]. 

Ziyang et al. [18] used Xiamen City as a case study and confirmed a relationship 
between HSR and tourism. According to Yongze et al. [19], the inauguration of the 
HSR had a substantial impact on encouraging regional tourism. Still, as the country 
moved from the east to the west, this influence gradually diminished. 

The impact of high-speed rail on tourism development can be also predicted 
through random utility models (RUM). A study on their predictive capability in terms 
of market share was conducted by [20]. Travellers’ and transport users’ preferences 
can be inferred from different data sources, such as trip diaries or trajectories (e.g. 
[21]). 

In this chapter, a spatio-temporal analysis has been adopted to evaluate the vari-
ables affecting tourists ‘choices and, specifically, the impact of HSR on both Chinese 
domestic and foreign tourists. 

The two methods were adopted. The GWPR modelling approach was first chosen. 
The latter considers the problem of temporal and spatial autocorrelation in a different 
way with respect to the Generalized Estimating Equations method. Specifically, the 
results of this study support the use of the Geographically Weighted Regression with 
Poisson distribution (GWPR) as a useful tool for tourism planning, since it makes 
possible to model non-stationary spatially counting data. This methodology, as far as 
the authors know, has never been applied in the international literature to this context. 

Secondly it takes into account a further analysis which combines both the temporal 
autocorrelation and spatial-autocorrelation by the application of models of Geograph-
ical and Temporal Weighted Regression (GTWR) types in order to take into account 
also the local effects from the temporal point of view. 

The chapter is organized as follows. Section 2 deals with the description of the 
data set and the methodology. In Sect. 3, the results are reported. Conclusions and 
further perspectives are reported in Sect. 4.
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2 Description of the Data Set and the Methodology 

The dataset collected for this study contains information concerning thirty-four 
Chinese provinces. Hong Kong, Macao, Taiwan and Tibet are excluded from the 
dataset due to a data limitation. In total, the data covers the period from 2001–2019 
(see Fig. 2). 

As shown in Table 1, eight variables were adopted in this evaluation. 
The impacts of HSR projects on tourism can be quantified in different ways. 
In this study, the dependent variables take only non-negative integer values, the 

statistical treatment differs from that of the normally distributed one, which can 
assume any real value, positive or negative, integer or fractional. Count data can 
be modeled using different methods, the most popular is the Poisson distribution, 
which is applied to a wide range of transportation count data contexts. In a Poisson 
regression model, the probability of city i having yit  number of tourist per year is 
given by [22–24]:

Fig. 2 Provinces and regions under study 

Table 1 Variables 

Dependent variables 

Domestic No. of Chinese tourists 

Overseas No. of foreign tourists 

Independent variables 

GDP Gross Domestic Product of the province 

Passengers Total number of passengers 

Resorts No. of resorts in the province 

HSR stations Dummy: 0 if no HSR stations are present in the province, 1 otherwise 

IntAirport Dummy: 0 if no international airports are present in the province, 1 otherwise 
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P(yi ) = λ (yi ) i × e−λi 

yi ! (1) 

where P(yi ) is the probability of city i having yi tourist per year and λi is the 
Poisson parameter for city i, which is equal to the expected number of tourists per 
year at city i, E[yi ]. The mean and the variance are given by E[yi ]= λi and V[yi ] 
= λi . . Generalized Linear Models (GLMs) are considered the most suitable to 
determine the relationship between count data and the dependent variables. GLMs 
aim to extend ordinary regression models to non-normal response distributions [25, 
26]. Furthermore, the data considered involve measurements over time for the same 
cities, to avoid the serial correlation seriously affecting the estimated parameters, 
leading to inappropriate statistical inferences. Therefore, the panel data regression 
models have been considered. Panel model analysis provides a general, flexible 
approach in these contexts, since it allows the modeling various correlation patterns. 
To consider these possible unknown correlations, an extension of GLMs, namely 
Generalized Estimating Equations (GEEs), has been considered. The relationship 
between the explanatory variables and the Poisson parameter is given by [27]: 

E[yit ] =  e(β0+β1x1t+β2x2t+···+βp x p t+ϕy(i t−1)+ui t) (2) 

where β0 is the intercept, the βp, i  = 0,1,…,p, are the regression coefficients, φ is the 
parameter for the autoregressive component and uit  is the error component model 
for the disturbances. The main problem is that the uit  is auto-correlated with yit−1. 
In order to fix this, the model is fitted by using population-averaged 

Poisson models and by imposing an AR(1) process in the error term. These models 
are suitable when the random effects and their variances are not of inherent interest, 
as they allow for the correlation without explaining its origin. The aim is to estimate 
the average response over the population rather than the regression parameters that 
would enable the prediction of the effect of changing one or more components of the 
predictor variable on a given individual. 

The parameters of this model are estimated by a backward elimination procedure, 
which considers all the variables in the model. At each step of the backward process, 
a variable is removed. The latter is the one assuming the largest p-value. The process 
ends when all the variables in the model have a p-value less than 0.05 or until there 
is no variable remaining [25]. 

The significance of each variable has been tested with the t-student statistic, 
therefore, a coefficient is significant when t is greater than 1.96. 

Then, the Geographically Weighted Generalised Linear model (GWGL) was 
developed by integrating the GLM and the GWR ones and extending the concept of 
the Geographical Weighted Regression (GWR) models in the context of the Gener-
alized Linear Models (GLM). Given that the dependent variables are count data with 
discrete and non-negative integer values, GWR models have been performed using 
the Poisson distribution error [28].
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The Geographically Weighted Poisson Regression (GWPR) approach has been 
adopted [29] to capture the heterogeneity of the independent variables concerning 
each province. These models capture the spatial variation by fitting a regression model 
at each sample point. The result of this process is a set of local spatial parameters, 
described in Eq. (3). 

E[yi ] =  e(
∑

p β j p(u j ;v j )x j p) (3) 

where
(
u j ; v j

)
are the coordinates of the different areas, β j p  represents the regression 

coefficient for the independent variable p and x j p  is the independent variable with 
p = 1, . . . ,  P . The basic idea of the GWR is that the observed data next to point 
i has a higher influence on the estimation of β j (ui )’s than the data located further 
away. A weighting function describes this influence. GWR tries to capture the spatial 
variation by adjusting a regression model to each point individually and using a 
distance function denominated kernel spatial function. Models have been estimated 
yearly to capture the variability over time and space. 

Lastly, an extension of geographically weighted regression (GWR), geograph-
ical and temporal weighted regression (GTWR), is developed to account for local 
effects in both space and time [30]. The result of this process is a set of local spatial 
parameters, described in Eq. (4). 

E[yi ] =  e(
∑

p β j p(u j ;v j ;t)x j p) (4) 

where similar to the GWPR model,
(
u j ; v j

)
are the coordinates of the different areas 

with the addition of the term t to indicate the dependence on the dimension time, β j p  
represents the regression coefficient for the independent variable p and x j p  is the 
variable value. 

3 Results 

The estimation results of GLM are reported in Tables 2 and 3. The independent vari-
able, that is not statistically significant at the 0.5 level of significance were removed 
from the models.

The GLM models’ results show that both the number of domestic and foreign 
tourists are influenced by the presence of HSR stations, the presence of IntAirport, 
GDP, and the Number of Passengers. 

The results of the GEE models, reported in Tables 4 and 5, confirm the results 
obtained by the GLM models. However, GEE models are more conservative than 
GLMs. A higher standard error of the GLM can be observed, moreover, also the value 
of the log-likelihood is lower, indicating a greater ability to estimate the models.

Starting from the statistically significant variables obtained from the GLM and 
GEE models, the GWPR models have been estimated for every year. An example
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Table 2 GLM model: domestic tourist 

Variables Coefficient Odd ratio Std. Error P-value 

Intercept 7.4150 1660.7091 0.3280 e-02 <0.001 

Presence of HSRstations 1.1550 3.1740 0.8674e-03 <0.001 

Presence of IntAirport 1.3830 3.9868 3.3270e-03 <0.001 

GDP 0.1070e-03 1.0001 2.8300e-08 <0.001 

Number of passengers 0. 2190e-03 1.0002 9.2590e-08 <0.001 

Log-likelihood −1,809,529 

Table 3 GLM model: overseas tourist 

Variables Coefficient Odd ratio Std. Error P-value 

Intercept 1.1400E+01 89,321.7233 3.8500E-04 <0.001 

GDP 4.6800E-06 1.0000047 2.5000E-09 <0.001 

Number of hotels 2.550E-03 1.0025533 1.0400E-07 <0.001 

Number of passengers 7.0500E-05 1.0000705 7.5100E-09 <0.001 

Presence of IntAirport 1.4200 4.1371204 3.8900E-04 <0.001 

Presence of HSRstations 2.0700E-01 1.2299826 6.8400E-05 <0.001 

Log-likelihood −341,017,701

Table 4 GEE model: domestic tourist 

Variables Coefficient Odd ratio Std. Error P-value 

Intercept 7.3633 1.5770E+03 0.0949 <0.001 

Presence of HSRstations 0.9887 2.6877 0.9640e-03 <0.001 

Presence of IntAirport 1.0541 2.8694 0.3690e-02 <0.001 

Number of passengers 0.0001 1.0001 9.6000e-08 <0.001 

Number of hotels 0.0004 1.0004 3.0800e-06 <0.001 

Log-likelihood −739,015.13 

Table 5 GEE model: overseas tourist 

Variables Coefficient Odd ratio Std. Error P-value 

Intercept 13.231 557,378.599 0.1670 <0.001 

Presence of HSRstations 0.593 1.8094085 0.6940e-04 <0.001 

Presence of IntAirport 0.621 1.8607879 0. 4290e-04 <0.001 

Passengers 0. 2150e-04 1.0000215 5.8700e-09 <0.001 

Number of hotels 0. 6720e-03 1.0006722 2.1900e-07 <0.001 

Log-likelihood −64,035,671
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of the results obtained, for the years 2001, 2010 and 2019 for Domestic tourists and 
Foreign tourists, is shown in Tables 1 and 2, respectively, where the minimum, the 
maximum, the first quartile, the median, the third quartile and the global values are 
reported (Tables 6 and 7). 

In particular, for each year, it is possible to observe a variability of coefficients, 
indicating that the impact of this variable is not the same for each province and in 
the time. It generally refers to a diversified mixture of spatial events, which relates 
to the intensity of a spatial phenomenon.

Table 6 GWPR model: domestic tourist 

Min 1° Qu Median 3° Qu Max Global 

2001 

Intercept 1.1362E+01 1.1431E+01 1.1482E+01 1.1511E+01 1.1546E+01 1.1439E+01 

GDP 6.1300E-05 1.0300E-04 1.3900E-04 1.8100E-04 2.1700E-04 2.0000E-04 

Number of 
hotels 

1.9500E-03 2.5000E-03 3.1200E-03 3.6000E-03 3.9700E-03 3.1000E-03 

Number of 
passengers 

−9.0000E-07 1.5600E-05 2.2200E-05 3.1000E-05 5.6800E-05 0.0000E+00 

Presence of 
HSRstations 

0.0000E+00 0.0000E+00 0.0000E+00 0.0000E+00 0.0000E+00 0.0000E+00 

Presence of 
IntAirport 

5.3400E-01 5.8900E-01 6.0400E-01 6.2400E-01 6.7490E-01 6.1760E-01 

2010 

Intercept 1.0171E+01 1.0223E+01 1.0273E+01 1.0343E+01 1.0376E+01 1.028E+01 

GDP 6.8000E-06 9.2000E-06 1.2300E-05 1.4900E-05 1.8000E-05 0.0000E+00 

Number of 
hotels 

1.7400E-03 1.9200E-03 2.0800E-03 2.3700E-03 2.5900E-03 2.2000E-03 

Number of 
passengers 

8.6600E-05 9.6500E-05 1.0400E-04 1.1100E-04 1.2500E-04 1.0000E-04 

Presence of 
HSRstations 

−2.6700E-01 −1.9400E-01 −4.4100E-02 1.1400E-01 1.9900E-01 -1.5000E-02 

Presence of 
IntAirport 

2.5500E+00 2.6260E+00 2.6600E+00 2.7400E+00 2.8300E+00 2.6210E+00 

2019 

Intercept 8.1100E+00 8.1440E+00 8.1520E+00 8.1690E+00 8.2020E+00 8.1209E+00 

GDP 9.0000E-07 1.6000E-06 2.7000E-06 3.2000E-06 3.7000E-06 0.0000E+00 

Number of 
hotels 

−1.7100E-05 2.7000E-04 4.2000E-04 5.7800E-04 8.3000E-04 7.0000E-04 

Number of 
passengers 

−3.0700E-05 −2.5100E-05 −1.8300E-05 −8.2000E-06 −9.0000E-07 0.0000E+00 

Presence of 
HSR.stations 

2.1315E+00 2.2179E+00 2.3875E+00 2.4602E+00 2.5561E+00 2.2217E+00 

Presence of 
IntAirport 

0.0000E+00 0.0000E+00 0.0000E+00 0.0000E+00 0.0000E+00 0.0000E+00
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Looking at the global value of the HSR coefficient, it is interesting to notice, 
in general, an increase from 2001 to 2019 for both Domestic and Foreign tourists. 
Observing the values of the HSR coefficient for the provinces of Beijing, Hainan, 
Hebei, Heilongjiang, Hubei, Qinghai, and Shandong, an increase is observed starting 
from 2013 (see Figs. 3 and 4). 

The results of the three years have been presented, i.e. the 2013, 2015 and 2019 
for the Chinese tourists. The results in the years before 2013 are reported since the 
coefficients are not significant.

Fig. 3 The impact of HSR on eight provinces—GWPR: domestic tourists 

Fig. 4 The impact of HSR on eight provinces—GWPR: overseas tourists 
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Indeed, in Figs. 5 and 6, the weight that the coefficient of the variable HSR has 
on each province is reported, i.e. the objective is to demonstrate the effect of HSR 
of the neighboring provinces on their tourism. 

It appears that central provinces, such as Hubei, Chongqing, Jiangxi and Hunan, 
have experienced more substantial impacts from HSR on domestic tourism, while
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Fig. 5 The coefficients of the variable HSR for each provinces—GWPR: domestic tourists 
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Fig. 6 The coefficients of the variable HSR for each provinces—GWPR: overseas tourists 
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the HSR’s impact on international tourism is relatively evenly distributed among all 
the provinces. 

The results of the GWTR essentially confirm the results of the GWPR models 
(Tables 8 and 9). 

However, being more conservative than the GWPR models, a lower spatial and 
temporal variability is observed (Figs. 7, 8, 9 and 10).

Table 8 GWTR model: domestic tourist 

Min 1° Qu Median 3° Qu Max Global 

2001 

Intercept 6.8706238 6.9250047 6.9374501 6.9469109 6.9594562 6.9344493 

Number of 
hotels 

0.0010068 0.0010128 0.0010240 0.0010551 0.0010863 0.0010348 

Number of 
passengers 

0.0000315 0.0000458 0.0000522 0.0000592 0.0000806 0.0000534 

Presence of 
HSR_Stations 

0.7763535 0.8678959 0.8878655 0.9050140 0.9300897 1.0650239 

Presence of 
Int.Airport 

0.0000000 0.0000000 0.0000000 0.0000000 0.0000000 0.0000000 

2010 

Intercept 6.9696561 7.0192340 7.0378405 7.0448903 7.0609800 7.0314459 

Number of 
hotels 

0.0008254 0.0008308 0.0008387 0.0008436 0.0008635 0.0006783 

Number of 
passengers 

0.0000360 0.0000393 0.0000406 0.0000414 0.0000474 0.0000407 

Presence of 
HSR_Stations 

0.9515641 0.9577023 0.9665857 0.9781305 1.0066854 0.9692117 

Presence of 
Int.Airport 

0.0000000 0.0000000 0.0000000 0.0000000 0.0000000 0.0000000 

2019 

Intercept 6.9375215 7.0782946 7.1412861 7.1622839 7.2168691 7.1216771 

Number of 
hotels 

0.0005435 0.0005837 0.0006122 0.0006523 0.0007480 0.0006242 

Number of 
passengers 

0.0000285 0.0000315 0.0000318 0.0000322 0.0000327 0.0000315 

Presence of 
HSR_Stations 

0.9960165 1.0459379 1.0504587 1.0815223 1.2817223 1.0650239 

Presence of 
Int.Airport 

0.0000000 0.0000000 0.0000000 0.0000000 0.0000000 0.0000000
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Table 9 GWTR model: overseas tourist 

Min 1° Qu Median 3° Qu Max Global 

2001 

Intercept 10.8122757 10.8925679 10.9182942 10.9468405 12.5702143 11.0778745 

Number of 
hotels 

0.0029198 0.0029751 0.0030080 0.0030441 0.0031375 0.0030168 

Number of 
passengers 

0.0000959 0.0000991 0.0001010 0.0001044 0.0001200 0.0001031 

Presence of 
HSR_Stations 

0.3073316 0.3455802 0.3649636 0.3681468 0.3731885 0.3540725 

Presence of 
Int.Airport 

1.1168181 1.1757089 1.1892301 1.1957628 1.2097021 1.1826228 

2010 

Intercept 10.8054438 10.8181583 11.0149457 12.7040881 11.0709957 7.0314459 

Number of 
hotels 

0.0028211 0.0028413 0.0028536 0.0028658 0.0029047 0.0028550 

Number of 
passengers 

0.0000965 0.0000976 0.0000981 0.0000989 0.0001000 0.0000982 

Presence of 
HSR_Stations 

0.3453301 0.3621550 0.3653997 0.3683348 0.3731885 0.3636030 

Presence of 
Int.Airport 

1.4131167 1.4430550 1.4750866 1.4906659 1.5594577 1.4713796 

2019 

Intercept 10.5316952 10.6866346 11.3139122 12.2241796 10.7766177 7.1216771 

Number of 
hotels 

0.0025690 0.0026384 0.0027019 0.0027497 0.0028768 0.0026973 

Number of 
passengers 

0.0000950 0.0000966 0.0000972 0.0000983 0.0000997 0.0000973 

Presence of 
HSR_Stations 

0.3486482 0.3784870 0.3959278 0.4200536 0.4998510 0.4037856 

Presence of 
Int.Airport 

1.4234591 1.4734820 1.5177593 1.5355523 1.6323726 1.5111878

4 Conclusion 

In this chapter, we provided a spatio-temporal analysis using two advanced methods, 
the Weighted Regression with Poisson distribution (GWPR) and the Geograph-
ical and Temporal Weighted Regression (GTWR) model, to evaluate the spatial 
impact of HSR on tourist behavior. Using the Chinese HSR system as an example, 
our study confirms that the impact of HSR varies both spatially and temporally. 
The results suggest that the impacts of HSR on tourism in China have increased 
constantly since 2013. In terms of the spatial impacts, central provinces, such as 
Hubei, Chongqing, Jiangxi and Hunan, have experienced more substantial impacts
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Fig. 7 The impact of HSR on eight provinces—GWTR: domestic tourists 

Fig. 8 The impact of HSR on eight provinces—GWTR: overseas tourists

from HSR on domestic tourism, while the HSR’s impact on international tourism is 
quite relatively evenly distributed among all the provinces. 

Overall, the study reveals some consistent patterns as Chen et al. [12], which 
adopted spatial econometric models. For instance, the impact of HSR on domestic 
tourism is found to be relatively strong in central provinces. Such a result suggests 
that HSR system tends to enhance the attractiveness of central regions and promote 
tourism due to improved regional accessibility and connectivity. 

Future transport infrastructure project evaluation should consider adopting more 
advanced spatial modeling techniques, such as spatial weighted regression models 
and spatial econometric models, to capture both the spatial–temporal variation of
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Fig. 9 The coefficients of the variable HSR for each provinces—GWTR: domestic tourists 
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Fig. 10 The coefficients of the variable HSR for each provinces—GWTR: overseas tourists

impacts as well as the spatial dependence of impacts. Only a full understanding of 
the spatial and temporal impacts of the system may provide sound implications to 
guide future planning and policy decision-making.
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