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Abstract: Tourism is playing an important role in the economic development of the Qinghai-Tibet
Plateau (QTP). To better develop tourism in this region, the spatial heterogeneity of influencing
factors on tourism needs to be studied. Using the spatial distribution of tourism potential from social
media data, this paper analyzes the influencing factors of tourism on the QTP from the perspective of
spatial heterogeneity. We extract microblogs related to travel topics connected to the QTP in 2017 from
Sina Weibo to capture tourism potential. Then, factors considered from six aspects (tourism resources,
amenities, transportation, geography, population, and the economy) are selected, and a geographic
detector (Geodetector) is employed to detect the explanatory power of these factors for tourism
potential. The results indicate different influential tourism factors in Qinghai and Tibet. In Qinghai,
the main factors are hotels, tourist attractions, and road network density, and the explanatory power
of the factors mainly comes from eastern and western Qinghai. In Tibet, the main factors are road
network density, regional GDP (Gross Domestic Product), and urban land. It is suggested that
tourism in the central region of Qinghai can be improved by enhancing the publicity and utilization
of tourism resources, and Tibet should enhance tourism resource utilization and improve tourism
amenities and infrastructure.

Keywords: tourism; influential factor; spatial heterogeneity; Qinghai-Tibet Plateau; Geodetec-
tor; Weibo

1. Introduction

The Qinghai-Tibet Plateau (QTP) located in East Asia is the highest plateau in China
and in the world. It has rich natural plateau landscapes, unique Tibetan cultural landscapes,
and is known as “the last pure land of mankind”. The special geographical conditions
and unique natural and cultural landscapes attract a large number of tourists from home
and abroad, creating a “special tourism industry” in the Qinghai-Tibet region. Due to the
implementation of China’s reform and opening-up policy, tourism on the QTP began to
develop rapidly in 2000. Since the opening of the Qinghai-Tibet Railway connecting inland
China and Lhasa in 2006, the number of tourists has increased rapidly. Tourism has become
an important part of QTP economic development and ecological protection that cannot be
ignored [1].

In the broad region of the QTP, there are various landscapes, multiple nations, and
diverse religions that form a variety of tourism resources. This causes regional differences
in tourism activities and the imbalanced development of tourism on the QTP. Knowing
the main impact factors in different regions may provide important guidance for the
development of tourism on the QTP. Researchers have tried to study many aspects of the
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tourism industry on the QTP. The author of [2] analyzed the effect of the Qinghai-Tibet
Railway on promoting the tourism industry of the QTP from the perspective of tourists.
Wang et al. [3] employed panel data to analyze the interaction between the tourism economy
and the ecological environment in the Qinghai-Tibet region. Furthermore, the influencing
factors of tourism income on the QTP were explored with statistical analysis methods, such
as gray correlation and principal component analysis [4—6]. The factors affecting tourism
have different spatial distributions, so the study of determining factors should take spatial
variations into consideration. However, most researchers have studied tourism on the QTP
without considering spatial differences because usually, tourism statistic data lack spatial
distribution.

Recently, with the development of technology, many new data types beyond statistical
data, such as positioning data, social media data, and travel blogs, are being continuously
collected. These user-generated data are georeferenced and can be used to predict the
spatial distribution of tourists. For example, Shen [7] analyzed the spatial-temporal behav-
ior of tourists by using metadata of georeferenced photos posted by tourists; Xu et al. [8]
analyzed trends of human activity in the off-season and peak tourism season on the QTP
with Tencent positioning data. With these georeferenced data, the study of geographical
strata of tourism factors has become possible.

In this paper, we first extracted the spatial distribution of tourism hot spots on the
QTP from Sina microblogs (Weibo), a social media platform, and then analyzed the factors
influencing the tourism hot spot distribution with the Geodetector model. Geodetector is a
statistical method that not only detects spatial stratified heterogeneity but also reveals the
driving factors behind it [9]. In addition, a geographical phenomenon is often determined
by the interactions of multiple factors. Geodetector employs a measurement, which is the
power of determinant to effectively identify the relative importance of each factor and
the interactive relations of multiple factors, i.e., are factors independent or interactive, do
the interactive relations reduce or enhance the effects, and are the interactive relations
linear or nonlinear. For these reasons, the Geodetector model was adopted to analyze the
influencing factors of tourism on the QTP. The remainder of the paper is organized as
follows. Section 2 reviews the data and impact factors typically used in tourism studies.
Section 3 explains the study area and data. Section 4 describes the methodologies and the
framework. Section 5 presents the analytical results and discussion. Section 6 draws the
conclusions and summarizes the main contributions of this study.

2. Related Works
2.1. Tourism Data

To understand the causes and impacts of regional tourism activities, many researchers
try to use different data and methods to conduct comprehensive measurements and analy-
ses from the perspective of different influencing factors.

Before analyzing the different factors influencing tourism activities, it is first necessary
to measure tourism activities in different regions. Researchers do this using various
data types. First, most studies use traditional tourism data, including questionnaire
surveys [2,10,11], quantitative statistics from the statistics department [12,13], etc. However,
these data are expensive and time-consuming, and there is a gap between the data collection
time and the analysis time [14], and they cannot be used to refine the travel behavior of
tourists within the region [15].

With the continuous development of positioning technology, “digital footprints” are
widely collected and used to measure human tourism activities [14,16,17], for example,
geotagged photographs [18], georeferenced social texts such as Twitter in English or Weibo
in Chinese [19], travel diaries [20], and mobile devices [21]. Through these digital footprints,
we can deeply understand the behavior characteristics and preferences of tourists and
clarify the tourist distribution rules. Researchers have also performed a comparative
analysis of several commonly used digital footprints [22]. Most of the existing research on
tourism focuses on reading tourists’ social preferences for tourism destinations by using
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social media data with geographic locations [23,24], identifying tourism hotspots [25,26],
mining data of tourist attractions [27], and analyzing the spatial distribution pattern of
tourism microblogs [28-30]. For example, geotagged Flickr photos were used to explore
the relations between destinations with the network analysis method [26] and identify
tourism intensification in cities with fractal analysis [30]. Compared with statistical data,
digital footprints are conducive to highlighting the heterogeneity of tourism activities in
different geographic regions. However, digital footprints have not been fully adopted in
the study of tourism impact factors.

2.2. Tourism Impact Factor Analysis

From the perspective of the impact factors of tourism activities, most researchers
consider the impact of external environmental factors such as the natural environment,
socioeconomic conditions, tourism amenities, and other external environmental factors on
the development of tourism in different regions [31-38]. As the driving force of tourism
development, tourism resources are the primary consideration when studying the distribu-
tion of tourism activities. The location and quantity of tourist attractions to some extent
represent the potential of local tourism development [36]. Amenities also play an important
role in increasing the attractiveness of tourist attractions and thus should not be neglected;
among these, hotels are the most representative service facilities [39]. Studies also found
close relations between peer-to-peer accommodation and tourism [40]. Convenient trans-
portation is also a necessary condition for the development of tourism, as it is only possible
to develop tourism if the area is accessible [41,42]. Researchers have also found that tourism
activities are affected by the local economic level and population [28,29,43]. In addition,
the geographic area has been found to have a significant influence on tourism, such as land
use type [44]. Encalada et al. studied the relations between tourism clusters and urban
land-use types and found that some land-use types can be explanatory factors to tourism,
such as public monuments, leisure dorks, and accommodation [24].

Researchers have adopted various methods to measure the impact of each of these
factors on local tourism activities. For traditional tourism statistics, researchers use the
ANP model [35], statistical analysis [32], stepwise regression and clustering [45], and other
means for analysis. For digital footprint data, researchers use the exponential random
graph model [46] and complex network index [20] to measure the importance of factors.
These methods detect the influential factors across the whole region but do not consider the
spatial variation of factors. Wang et al. [9] argued that the determinants of a phenomenon
have distinct spatial distributions across geographical units, so an adequate study of
determinants should investigate geographical variation. He stratified the determinants of
the geographical phenomenon and proposed a geographical detector model, Geodetector,
based on spatial variation analysis of the geographical strata for accessing influential factors
of geographical phenomena, i.e., the variance within a stratum is smaller than the variance
between strata.

3. Study Area and Materials
3.1. Study Area

The Qinghai-Tibet Plateau lies between 26°-39° N latitude and 73°-104° E longitude.
Compared with other regions in China, it has special natural conditions and a unique
cultural environment, containing important natural and cultural tourism resources. In
terms of natural conditions, the QTP has an average elevation of above 4000 m, making
it the highest plateau in the world. The air on the plateau is thin, and the atmosphere is
dry and clean, with high radiation, low temperature, and low rainfall. There are many
natural landscapes on the plateau, such as mountains and lakes, and most of these have
religious significance. Restricted by natural conditions, the QTP is sparsely populated, with
a population density of approximately four people per square kilometer. The local ethnic
minorities are mainly Tibetans, so they have a unique cultural system and living habits
based on Tibetan Buddhism and the Bon religion. Because of the long-term inconvenience



ISPRS Int. ]. Geo-Inf. 2021, 10, 579

40f22

of access by road, these unique cultures and customs are well preserved. With the develop-
ment of society and the improvement of people’s living standards, the travel conditions in
the Qinghai-Tibet area have been greatly improved, providing favorable conditions for the
better development of tourism.

Qinghai Province and the Tibet Autonomous Region are the two provincial-level
administrative areas on the QTP and occupy the majority of the plateau, accounting for
73.46% of the area. Due to data availability, this study uses these two administrative
areas (Qinghai and Tibet) as the study area, as they can effectively represent and measure
the development of tourism on the Qinghai-Tibet Plateau (Figure 1). Since these two
administrative areas are different in both physical geographical environment and socio-
economical condition, we identify and analyze the tourism factors in Qinghai and Tibet
separately.

reTourism Microblogs

[ City boundary M._M!w G
[1Qinghai & Tibet 200 600
@ Qinghai-Tibet Plateau KM

Figure 1. Study area and spatial distribution of tourism microblogs in 2017.

3.2. Data
3.2.1. Tourism Data (Weibo)

The tourism resources on the QTP have great development potential within China’s
domestic tourism market, as according to official statistics, 99% of current tourists in the
Qinghai-Tibet area are mainly from areas within China. Sina Weibo, as China’s largest
social network platform, can be used to analyze the distribution of tourism due to its ability
to provide the best portraits of domestic Chinese tourists. We crawled all tourists” Weibo
postings located on the QTP in 2017 for analysis. Each Weibo has attributes such as ID,
coordinates, release date, place of residence, and text expression.

To illustrate that Weibos can represent people’s travel behavior, we conducted a
correlation analysis between the total number of visitors and tourism-related Weibos (see
Section 4.2 for the extraction of tourism-related Weibos) in 2017 on a city-level scale, and
the Pearson correlation showed a significant positive correlation (r = 0.716, p < 0.01), which
means we can use tourism microblogs as a proxy of people’s travel behavior. In addition,
due to the obvious differences between seasons in the Qinghai-Tibet region, and because
the tourism industry has obvious seasonal characteristics, we divide the annual tourism
microblogs by season to analyze the changes in tourism potential in different seasons. To
use the Geodetector model to compare the relationship between the distribution of tourism
and that of other various factors, for point-shaped microblog data, we use the 20-km grid
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as the research scale and count the number of microblogs in each grid acting as a response
variable on a relatively fine scale.

3.2.2. Influential Factors

When determining the factors that affect the development of tourism in Qinghai
and Tibet, the study considers the general influencing factors of tourism development
and the particularity of tourism development in the Qinghai-Tibet area. According to
previous studies, tourism resources, amenities, transportation, geography, population, and
economy are the most considered factors influencing tourism. Therefore, we choose these
factors in this study. Tourism resources and amenities are POIs (points of interest) crawled
through the Amap APIL There are 3460 POIs representing tourist attractions and 10,426 POls
representing hotels (including peer-to-peer accommodations) in Qinghai and Tibet. For
transportation factors, road network density and distance to airports were considered. The
road network is downloaded from OpenStreetMap (including railways and highways), and
its density is calculated (unit: km/km?). The distance to the airport is represented by the
100, 200, 300, 400, 600 km buffers around the airport. For geographic factors, we consider
land use type as the factors, specifically, the area proportion of each land use type. We
choose urban land, rural land, forest, wetland, desert, grassland, and glacier in this study
but not the urban land types from the literature [24] since we study the QTP on a large scale.
In addition, due to the high altitude of the QTP, health issues, such as altitude sickness,
need to be considered. Therefore, a digital elevation model is also used to capture the
factor of altitude in this study. The land use data are obtained from ESA CCI-LC (European
Space Agency Climate Change Initiative Land Cover), and the DEM model is obtained
from 90-m resolution SRTM data. For population and economic factors, population density,
population urbanization rate, and regional GDP (Gross Domestic Product) were chosen as
influential factors for analysis on the county scale. The data relating to population comes
from the sixth nationwide population census and the data related to the economy comes
from the 2015 County Economic Statistics Yearbook. Table 1 describes all the data used.

Table 1. Data description.

Data Year Source Type Resolution

Tourist attraction 2020 Amap Point -
Hotels 2020 Amap Point -
Road network density 2020 Amap Line -
Airport 2020 Amap Point -

DEM - SRTM 90 TIFF 90 m

Land use type 2015 CCI TIFF 300 m
Regional GDP 2015 County Economic Statistics Yearbook Statistics -
Population density 2015 sixth nationwide population census Statistics -
Urbanization rate 2015 sixth nationwide population census Statistics -

Summarizing the above factors, we selected a total of 6 categories (tourism resources,
amenities, transportation, geography, population, and economy) and 15 factors to analyze
the potential of tourism on the QTP, among which tourist resources, amenities, trans-
portation, and altitude are direct factors that will directly affect tourists” decision-making,
whereas land use types, economy, and population are factors that may have a potential
influence on tourists’ activities, as shown in Figure 2. The maps of influential factors are
displayed in Figure 3.
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Figure 3. Map of influential factors.

4. Research Framework and Methodology
4.1. Research Framework

The study process has three steps (Figure 4). First, we extracted tourism microblogs
from Sina Weibo using a fine-tuned ERNIE model as the response variable Y. Second, the
geographic detector (Geodetector) uses 15 explanatory variables X and response variable
Y to calculate the explanatory power of each individual factor and the interaction of
the factors with tourism. Finally, the regional and seasonal changes in the distribution
of tourism microblogs and the main explanatory factors of the changes were analyzed
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according to the calculation results, and the main factors affecting tourism in different areas
of the QTP were identified.
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Figure 4. Research framework and workflow.

4.2. Tourism Microblog Extraction

ERNIE1.0 [47], a pre-training language model in the field of natural language pro-
cessing proposed by Baidu, is used in this study to extract tourism microblogs. The
ERNIE model is a deep learning method for constructing language expression. The model
architecture uses a bidirectional multilayer transformer as the encoder, which uses the self-
attention mechanism to capture the context of each word. Compared to BERT [48], ERNIE
uses entity-level and phrase-level masking strategies to enhance the semantic expression
and construct the semantics of short texts such as microblogs. This model effectively im-
proves the accuracy of text classification by overcoming semantic discontinuities in natural
languages.
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To improve the accuracy of text classification and select tourism microblogs, it is first
necessary to clean up the microblogs, remove emoticons, @ tags, html tags, single-word mi-
croblogs, etc. Then, we randomly selected 1200 microblogs in Tibet for topic tagging as the
training set to fine-tune the model. Referring to the hot topic tags of Sina Weibo, 39 topics
were obtained in the tagging process. Due to the limited labeled dataset, in the fine-tuning
stage for the pre-training model, a tenfold cross-validation method was adopted to select
the fine-tuning model with the highest accuracy for subsequent text classification. After
50 epochs of training, the loss function basically converged, and the model accuracy rate
reached its peak, at approximately 78%. The fine-tuned model was used to classify Weibo
microblogs, and finally, a total of 126,906 microblogs with tourism topics were extracted.
To analyze the seasonal change in tourism influencing factors, tourism microblogs were
divided into datasets for spring (March, April, May), summer (June, July, August), autumn
(September, October, November), and winter (January, February, December). The results of
the microblog division are shown in Table 2.

Table 2. Number of tourism microblogs by location and season.

Location All Spring Summer Autumn Winter
Qinghai 56,914 7097 27,951 15,841 6025
Tibet 69,992 15,866 29,152 19,087 5887

4.3. Factor and Interaction Detector

This study used Geodetector to examine the relative importance effects of the 15 influ-
ential factors and their interactions on tourism hot spot distributions. The basic concept
behind Geodetector is based on the hypothesis that if an explanatory variable has effects
on a response variable, then the two variables should have similar spatial distributions [9].
Specifically, in a study area divided into multiple subareas, if the sum of the variances
of response variable Y in the subregions is less than the total variance of Y in the whole
region, there is spatial differentiation; if the spatial distribution of the response variable Y
and explanatory variables X tend to be consistent, there is a statistical correlation between
the two variables. In this study, we divide each influential factor into category stratification
as subareas, and if one factor has a significant leading role in the distribution of microblogs,
it should have a spatial distribution similar to that of Y. If the variance of the response
variable Y within a factor category stratification is smaller than its variance between strata,
it means that there is stratification heterogeneity.

The stratified heterogeneity is specifically measured by the g value (Equation (1)). The
g value indicates that factor X can explain 100 x g% of Y. When the g value is 0, the sum
of variances under factor stratification is consistent with the sum of the variance for the
whole area, which means that the factor has no relationship with the response variable Y.
When the value of g is 1, the sum of variances under the factor stratification is 0, which
means that the factor completely controls the spatial distribution of Y.

L 2
. thl Nhah

g=1- =100 e (o 0

where h =1, ..., L represents the stratum in which the explanatory or response variable
is stratified, N, and N represent the number of units in stratum / and population Y,
respectively, and 0, and o represent the variance in stratum & and population Y, respectively.

In addition, the g value can also be used to evaluate the synergy between factors.
By comparing (X1 N X2) with q(X1) and g(X2), it can be determined whether the
interaction of factors increases/weakens the explanatory power of X for Y. The interaction
description is shown in Table 3.

Geodetetor calculates strata in regions, so all data were changed to areal type at first.
To unify the analysis scale for point and linear data such as tourism microblogs, tourist
attractions, hotels, and road networks, a 20 km grid is used as the basic unit to count the
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number of point elements and the length of line elements. Statistical data, such as regional
GDP and urbanization rate, are county-level vector data. Then, we need to stratify the
influential factor data. The influential factors are classified into five strata using the natural
breakpoints method (Table 4) since the natural breakpoints method classifies the data based
on the breaks that exist in the data and thus find the best arrangement of values [49].

Table 3. Interaction between explanatory variables.

Type of Interaction Description
Nonlinear reduction q(X1 N X2) < Min(g(X1), g(X2))
Single factor nonlinear reduction Min(g(X1), g(X2)) < g(X1 N X2) < Max(g(X1)), g(X2))
Binary enhancement q(X1 N X2) > Max(q(X1), 9(X2))
Independent q(X1 N X2) = q(X1) + q(X2)
Nonlinear enhancement q(X1 N X2) > q(X1) + q(X2)

Table 4. Factor stratification.

Stratum 1 2 3 4 5
Tourist attractions 0-1 2-12 13-42 43-117 >117
Hotels 0-31 31-133 134-323 324-670 >670
Road network density (km/km?) 0-17 18-51 52-110 111-297 >297
Distance to airport (km) <100 100-200 201-300 301-400 >400
Altitude (m) <2000 2000-3500 3501-4500 4501-5000 >5000
Regional GDP (ten thousand yuan) <950 950-2658 2659-6830 6831-19,690 >19,690
Population density (person/ km?) 0-1 2-25 26-100 >100 -
Urbanization rate (%) <10 10-21 22-37 38-64 >64
Urban area proportion (%) <0.03 0.03-0.13 0.14-0.40 0.41-1.64 >1.64

The study uses the R version of the Geodetector software. The study mainly ana-
lyzes the influencing factors that affect tourism potential considering seasons and regions
through factor and interaction detection. When performing factor detection, the o;, and o
in Equation (1) represent the variance of tourism Weibo numbers in stratum / of a certain
influential factor and in all areal units, respectively. When performing interactive factor
detection, the detected factors are intersected firstly, and then interactive g-statistics of
influential factors are calculated according to Equation (1).

5. Results and Discussion
5.1. g-Statistics of Influential Factors

Figure 5 lists the g-statistic values of the 15 influential factors in Qinghai and Tibet as
calculated within the 20 km grid which shows that the impact factors in Qinghai and Tibet
are different.

5.1.1. g-Statistics of Influential Factors in Qinghai

The explanatory degree of the factors for tourism in Qinghai can be ranked as follows:
hotels (0.682) > tourist attractions (0.411) > road network density (0.241) > urban area
proportion (0.109) > rural area proportion (0.074) > population density (0.054) > regional
GDP (0.024) > altitude (0.012) > forest area proportion (0.009) = wetlands area proportion
(0.009) > distance to airport (0.005) > glacier area proportion (0.002). The urbanization
rate and other land use types do not show a significant impact on tourism. In Qinghai,
hotels, tourist attractions, and road network density, which are direct influential factors,
are the most important factors in explaining the distribution of tourism hot spots. This
result reflects that most tourism activities have a distribution similar to that of attractions,
hotels, and road networks, which means that tourism amenities and infrastructures are
well developed and that tourism resources have sufficient attractions for the tourists in
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Qinghai. In contrast, potential influential factors, such as economy, population, and land
use types, have little or even no explanatory power for tourism hot spot distribution.
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Figure 5. g-Statistics of influential factors in Qinghai and Tibet (1. tourist attractions; 2. hotels; 3. road network density;
4. distance to airport; 5. altitude; 6. population density; 7. urbanization rate; 8. regional GDP; area proportion: 9. urban,
10. rural, 11. forest, 12. wetland, 13. desert, 14. grassland, 15. glacier; Null: not statistically significant).

5.1.2. g-Statistics of Influential Factors in Tibet

For Tibet, the explanatory degree of the factors is ranked as follows: road network
density (0.185) > regional GDP (0.088) = urban area proportion (0.088) > rural area pro-
portion (0.017) > tourist attractions (0.013) = hotels (0.013) > altitude (0.007) > distance
to airport (0.006) > urbanization rate (0.005) > population density (0.004) > desert area
proportion (0.003). Road network density is the most influential factor on tourism hot
distribution; however, its explanatory power is relatively low (g = 0.185). The tourism hot
spots are mainly distributed along national highways G109, G219, and G318, although, in
2017, a highway network was formed connecting the villages and towns in Tibet. The result
indicates that transportation convenience alone cannot bring more tourists. Other tourism
facilities, such as hotels, are also important for increasing the attractiveness of tourism
resources. Unlike Qinghai, GDP and urban area proportion have stronger explanatory
power than tourist attractions and hotels in Tibet, showing that there are more tourism
activities in more economically developed areas and that the tourism industry in Tibet is
closely related to the economy of local areas, which reflects the dominant role of tourism in
Tibet’s economy.
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5.1.3. Seasonal Changes of g-Statistics

From the perspective of seasonal change, the lower the temperature is in Qinghai, the
stronger the factors’ explanatory power, which implies that people’s activities are limited
by cold weather, and the scope of activities is reduced to a fixed range, such as hotels,
tourist attractions, and road networks. In Tibet, the seasonal temperature drop does not
lead to an increase in the explanatory power of factors except for road network density,
which has a small increase in explanatory power. Other factors, such as tourist attractions,
hotels, and potential factors, even show a decreased trend in explanatory power. In Tibet,
tourism activities are more constrained by the road network in winter.

5.2. Interactive g-Statistics of Influential Factors

Figure 6 lists some of the interaction g-statistic values of the 15 influential factors in
Qinghai and Tibet. For all interaction g-statistics for the influential factors, see Tables Al
and A2 in Appendix A.
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Figure 6. g-Statistics of influential factor interactions in Qinghai and Tibet (1. tourist attractions;
2. hotels; 3. road network density; 5. altitude; 8. regional GDP; 9. urban area proportion).

5.2.1. Interactive g-Statistics of Influential Factors in Qinghai

Hotels, tourist attractions, and road network density are the three most important
factors. The interactions of them show significant binary enhancement. In addition, the
interactions between tourist attraction/hotels and potentially influential factors (popula-
tion, economy, land use type) lead to a significant increase in the explanatory power of
the tourist attraction/hotel factor in Qinghai. (Table A1). The explanatory power of hotels
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increases from 68.2% to 76.6%, reaching the maximum, when interacting with urban area
proportion. The interactions of factors indicate that potential factors also have influences
on tourism in Qinghai, although they are not the most prominent factors.

5.2.2. Interactive g-Statistics of Influential Factors in Tibet

Road network density is the most important factor in Tibet, having an explanatory
power of 18.5%. Its interaction with potential factors, such as urbanization rate, population
density, regional GDP, and urban area proportion, can increase the explanatory power to
approximately 38%, showing significant nonlinear enhancement. The tourist attractions
have extremely low explanatory power in Tibet; however, when interacting with road
network density, the interactive g-statistic value reaches 49.5%, which is the strongest inter-
action in Tibet. In addition, due to the high altitude in Tibet, there is a significant nonlinear
enhancement of the explanatory power when the altitude factor interacts with road network
density, regional GDP, and urban area proportion (see the results in Appendix A Table A2),
which indicates the importance of altitude to tourism activities in high altitude areas.

5.3. The Stratified Influence of Factors

To know how tourism hot spot distribution is affected by each factor, we examined
the distribution of Weibos over the five strata of factors with high explanatory power. For
comparison, we scaled the average Weibo statistics over each factor to the range of 0-1 in
Qinghai and Tibet, respectively (Figure 7).

Figure 7 shows the different influences of factors. Road network density and urban
area proportion factors have monotonously increasing influences on tourism hot spot
distribution in both Qinghai and Tibet. The higher the road network density or urban
area proportion, the hotter the tourism. It indicates that these two factors have a positive
influence on tourism. Whereas the distance to the airport has a monotonously decreasing
influence on tourism, which also indicates the importance of transportation. The altitude
factor exhibits a non-monotonous influence on tourism. As the average altitude of Tibet
is higher than that of Qinghai, the greatest number of tourism-related Weibos in Qinghai
is at stratum 2 and in Tibet is at stratum 3. On the plateau, the altitude constrains human
activities, so there are less tourism activities in extremely high-altitude areas.

Tourist attractions, altitude, urbanization rate, and regional GDP factors have different
influences in Qinghai and Tibet. Tourist attractions and hotels have an approximately
monotonously increasing influence on tourism hot spot distribution in Qinghai, whereas
a non-monotonous influence on tourism hot spot distribution in Tibet. The number of
tourism-related Weibos in Tibet reaches the maximum at stratum 3 of the tourist attraction
factor and stratum 3 of the hotel factor. The urbanization rate and regional GDP factors
have an approximately monotonously increasing influence on tourism hot spot distribution
in Tibet, whereas a non-monotonous influence in Qinghai. The number of tourism-related
Weibos in Qinghai reaches the maximum at stratum 2 of the urbanization rate and stratum
4 of the regional GDP. Again, the result indicated that tourist attractions and hotels are
important determinants for tourism in Qinghai, and potential influential factors, such as
urbanization rate and regional GDP, are important determinants for tourism in Tibet.
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Figure 7. Normalized distribution of Weibos over five strata of factors.

5.4. Regional Heterogeneity of Factors

To understand the geographical source of the dominant explanatory power of each
factor in a region, more detailed factor detection in the region is needed. There are
eight prefecture-level cities in Qinghai and seven prefecture-level cities in Tibet. We
applied Geodetector to each prefecture-level city separately and analyzed several factors
and interactive factors with strong explanatory power for tourism in Qinghai and Tibet
(Figures 8-11).
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Figure 11. g-Statistics of factor interactions by city in Tibet.
5.4.1. Factor Explanatory by City in Qinghai
Single factor. Hotels, tourism attractions, and road network density are the three
most powerful tourism factors in Qinghai. Figure 8 shows that the explanatory power of
these three factors mainly lies in eastern and western Qinghai, namely, Xining (the capital
of Qinghai), Haidong, Haibei, Yushu, Huangnan, and Haixi, which indicates that these
cities play an important role in the tourism industry of Qinghai. In central areas such as
Hainan and Golog, the above three factors have weak explanatory power; that is, tourism
resources and amenities are not well developed and can be improved in these cities.
Among cities with strong explanatory power for the above three factors, Yushu and
Huangnan are special. Compared with other cities, Yushu has a small number of tourists
and less tourism income (Table 5), but the higher explanatory power of hotels, attractions,
and road networks shows that the tourism infrastructure in Yushu is well constructed. The
most powerful explanatory factor in Huangnan is road network density. Huangnan is the
city with the fewest attractions in Qinghai (Table 5), and the most important attraction
described in microblogs is the Kambula National Forest Park. Since there is an important
highway from Huangnan to Xining, and most tourists arrive at Kambula through this
highway, road network density is the most important factor in Huangnan.
Table 5. Point data statistics of cities in Qinghai and Tibet (2017).
. . Tourists Tourism Income . Tourist
Province City (x10,000) (Million RMB) Weibo Attractions Hotels
Xining 2138.29 25,097 21,076 479 3097
Haixi 1375.20 8590 12,913 324 1114
Haidong 1161.37 4469 3077 279 463
Hainan 779.00 2056 12,446 188 878
Qinghai Haibei 862.72 2662 4566 189 1033
Huangnan 557.10 1607 503 85 195
Yushu 88.49 575 1462 182 164
Golog 55.38 402 871 86 165
All 7017.55 45,458 56,764 1812 7109
Lhasa 1600.00 24,567 32,362 435 1456
Shigatse 510.00 4100 7179 308 402
Changdu 168.00 1642 6722 212 466
Tibet Nyingchi 528.00 4500 12,330 189 570
Shannan 1300.00 5498 6322 133 105
Naqu 140.00 270 2308 237 167
Ngari 72.51 940 2769 116 147
All 4318.51 41,517 69,907 1630 3313

Tourist attractions, hotels, and road network density have week explanatory powers
in Hainan and Golog. After analyzing the local microblogs, we found that in Hainan, the
microblogs are mostly distributed on the south side of Qinghai Lake and seldom elsewhere,
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implying that the development of tourism in Hainan is unbalanced. In Golog, there are
few attractions and hotels, and the sparse tourism microblogs are mainly distributed near
the few tourist attractions, which shows the lower tourism development in Golog.

Interactive factors. Figure 9 shows the factor interaction that has a significant en-
hancement effect in Qinghai. Compared with the explanatory power of hotels alone, the
addition of road network density enhances the explanatory power of tourism in Huangnan,
Hainan, Golog, and Haixi, indicating that the road network has significantly promoted
local tourism in these cities. The addition of urban area proportion enhances the explana-
tory power of the tourist attraction/hotel factor in Haixi, once again indicating that better
economic conditions and physical environments are more attractive to tourists.

5.4.2. Factor Explanatory by City in Tibet

Single factors. The most powerful factors in Tibet are road network density, regional
GDP, and urban area proportion. For the road network density factor (Figure 10a), central
Tibet, namely, Lhasa, Naqu, and Shigatse, has g-statistic values greater than 35%. The road
network density factor has strong explanatory power and indicates higher road network
utilization. The status of Lhasa as the capital of Tibet makes it the most representative
city in the region. Most tourists who come to Tibet will choose Lhasa as their first stop,
and there are densely distributed tourism microblogs on Lhasa’s road network. In Naqu,
many microblogs are distributed along the extremely important Qinghai-Tibet Highway
connecting Qinghai and Tibet. In Shigatse, G318 connected to G219 has a high passenger
flow, which also means that it is the highway with the most concentrated tourism microblog
distribution. This highway starts from Lhasa, runs through Shigatse, and leads directly to
the Ngari region in western Tibet. The plateau scenery along the way is spectacular and
has become a famous local self-driving tourist route. Most of the tourists on this route
choose to go to the famous Mount Everest, Shishapangma, and other large attractions,
which indicates that the passenger flow is concentrated, so compared to other scattered
and unfamiliar attractions, the road network has become the main explanatory factor.
However, the explanatory power of road network density in Ngari, Shannan, Nyingchi,
and Changdu is relatively low. In Ngari and Nyingchi, tourism microblogs are scattered
from the main roads, and attractions begin to play a role, as shown in Figure 10b. In
Nyingchi, Changdu, and Naqu, hotels also begin to show explanatory power (Figure 10c).
From the perspective of tourist attractions, hotels, and road networks, Nyingchi is an
obvious city with the greatest intention to develop tourism in Tibet, followed by Ngari.
These areas have effectively developed and utilized local tourism resources.

In addition to the road network, regional GDP and urban/rural land generally offer
more explanatory than the attractions and hotels in Tibet (see Section 4.1). From the
perspective of spatial distribution, the explanatory power of potentially influential factors
such as regional GDP and urban area proportion for tourism mainly comes from the central
and southern parts of Tibet, indicating that in addition to natural attractions, tourists in
Tibet also tend to go to large cities with good economic conditions, such as Lhasa and
Shigatse (Figure 10d,e).

Interactive factors. Figure 11 displays g-statistic values for the interactive factors
between road network density and tourist attractions, regional GDP, altitude by city. The
interpretation of tourism in Nyingchi, Ngari, and Shigatse is significantly enhanced by
the interactive influence of road network density and attractions (Figure 11a), indicating
that Nyingchi, Ngari, and Shigatse have more developed tourism resources and amenities.
Regional GDP has also significantly enhanced the explanatory power of road network
density for tourism, especially in Shannan and Naqu (Figure 11b). In Shannan, most
microblogs distribute near two attractions, YamdrokTso and Yongbulakang, which are in
a high-GDP county; this is why regional GDP can significantly enhance the explanatory
power for tourism, and this is also the reason that tourist attractions have insignificant
explanatory power for tourism in Shannan (Figure 10b). This result indicates that the
development of tourism resources in the Shannan area is inadequate and unbalanced.
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Tibet has a high altitude that is higher in the northwest and lower in the southeast.
In the northwest, the average altitude of Ngari is 4300 m and that of Naqu is 4500 m. The
average altitude of Nyingchi in the southeast is 3000 m, and the lowest is altitude is less
than 1000 m. Compared with the low altitudes in southeastern Tibet, the high altitude
in the west has a stronger effect on tourism (Figure 10f). The factor interaction between
road network density and altitude (Figure 11c) also significantly enhances the explanatory
power for tourism in high-altitude areas, i.e., Ngari and Naqu. In low-altitude regions such
as Nyingchi and Changdu, altitude does not clearly provide explanatory power.

5.5. Discussion

The results show that the influential tourism factors in Qinghai and Tibet are different.
In Qinghai, direct influential factors, i.e., hotels, tourist attractions, and road network
density, have the strongest explanatory power for tourism hot spot distribution, whereas
potential influential factors, such as economy, population, and land use types, have weak
explanatory power. In contrast, in Tibet, potential influential factors, i.e., regional GDP,
urban area proportion, have stronger explanatory power than tourist attractions and hotels.
The results are basically in accordance with previous studies but a little different [4,50,51].
The literature [4] found that hotel and regional GDP are the most important factors on
tourism in Qinghai [4]. Generally, regional economics, such as regional GDP, has an
important influence on tourism, however, when the spatial heterogeneity of regional GDP
is considered in Geodetector, the influence of regional GDP is not very significant. The
weak explanatory power of potential factors reflects that the tourism industry in Qinghai is
not strongly related to the local economy, which means tourism is not the pillar industry
in Qinghai, although it is well developed. Unlike Qinghai, GDP, urban area proportion
have stronger explanatory power than tourist attractions and hotels in Tibet, showing
that there are more tourism activities in more economically developed areas and that the
tourism industry in Tibet is closely related to the economy of local areas, which reflects
the dominant role of tourism in Tibet’s economy. Tourism is the pillar industry and has
been cultivated as a leading industry in Tibet, and the explanatory power of factors mainly
comes from the more developed central Tibet, such as Lhasa and Shigatse.

Hotels are usually another important factor of tourism in many cities [4,50,51], but
it is not in Tibet in our study. The low explanatory power of attractions and hotels for
tourism suggests that the tourism industry in Tibet can be improved by constructing
amenities around tourism resources and enhancing the publicity of tourist attractions. The
strong explanatory power of direct factors in Qinghai reflects that tourism amenities and
infrastructures are well developed and that tourism resources have sufficient attractions
for the tourists in Qinghai. Tourism resource utilization in Qinghai is relatively high. From
the perspective of the regional heterogeneity of factors, the high factor explanatory power
for tourism in Qinghai comes from the eastern and western areas in the province, and the
development and utilization of tourism resources in the central region are insufficient; that
is, tourism resources and amenities are not well developed and can be improved in these
cities.

Geodetector can not only find important factors but also indicate the interactions
among factors. The interactive factor analysis disclosed that although potential factors are
not prominent factors for tourism in Qinghai, their interaction with tourist attractions and
hotels can improve the explanatory power of factors. Furthermore, the interaction of road
network density and potential factors also improve the explanatory power for tourism.
The results demonstrate the importance of social and economic development in tourism.
Meaning, the development of the economy is a way to promote tourism on the QTP.

6. Conclusions

Using the spatial distribution of tourism hot spots on the QTP extracted from Sina
microblogs, this paper analyzed the influencing factors of tourism hot spot distribution on
the QTP using the Geodetector model by considering the geographical strata of the factors.
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Factors related to tourism resources, amenities, transportation, geography, population, and
the economy are chosen for analysis. By analyzing the g statistics of the individual factors
and how the interaction between factors enhances the results, the factors that are related to
tourism in Qinghai and Tibet are identified and analyzed.

In general, areas with a relatively low altitude, better economic conditions, and dense
road networks are more developed in tourism. In Qinghai, the main explanatory factors of
hotels, tourist attractions, and road network density indicate well-developed and utilized
tourism resources, amenities, and infrastructures. In Tibet, the main explanatory factors
of road network density, GDP and urban area proportion indicate the important role of
tourism in the economy, however, the tourism resources are not fully utilized, and the
tourism amenities are not well developed. The results suggest that Qinghai, especially
the central region, should continue to strengthen the publicity and utilization of tourism
resources, and in Tibet, it is necessary to further publicize and develop tourism resources
and amenities around them, especially in Changdu, Naqu, and Shannan, so as to achieve
the goal common development in all regions. In summary, by analyzing the distribution of
tourists” microblogs over a period, it is possible to effectively understand the local tourism
potential, identify influential factors, and make adjustments to effectively promote local
tourism.
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Appendix A
Table A1l. g-Statistics of influential factor interactions in Qinghai.
Qinghai Urbanization Population Distance to Regional GDP Tourist Hotel Road Net Altitude Urban Area Rural Area
8 Rate Density Airport in 2015 Attraction Density Proportion Proportion
Urbanization rate 0.004
Population density **0.144 0.054
Distance to airport **0.015 *0.057 0.005
Regional GDP in 2015 **0.045 **0.136 *0.03 0.024
Tourist attraction **0.476 *0.427 *0.416 **0.477 0.411
Hotel **(0.733 *0.716 *0.687 **0.763 *0.723 0.682
Road net density **0.334 **0.33 *0.246 **0.291 *0.505 *0.744 0.241
Altitude **0.033 **0.067 *0.016 *0.033 *0.417 **0.703 **(0.257 0.012
Urban area proportion **0.126 *0.136 *0.11 **0.135 **0.627 *0.766 **0.361 *0.12 0.109
Rural area proportion **0.161 *0.078 *0.078 **0.146 **0.624 *0.733 **0.349 *0.086 *0.161 0.074
(Note: **: Nonlinear enhancement; *: Binary enhancement).
Table A2. g-Statistics of influential factor interactions in Tibet.
Tibet Urbanization Population Distance to Regional GDP Tourist Hotel Road Net Altitude Urban Area Rural Area
Rate Density Airport in 2015 Attraction Density Proportion Proportion
Urbanization rate 0.005
Population density **0.017 0.004
Distance to airport **0.016 *0.009 0.006
Regional GDP in 2015 *0.09 *0.089 *0.09 0.088
Tourist attraction **0.045 **0.018 **0.023 **0.146 0.013
Hotel **0.023 **0.023 *0.017 *0.101 *0.021 0.013
Road net density **0.382 **0.375 **(.248 **0.385 **0.495 **0.228 0.185
Altitude **0.023 **0.012 **0.019 **0.372 **0.027 *0.018 **(0.245 0.007
Urban area proportion **0.129 *0.089 **0.105 *0.129 **0.203 **0.107 **0.385 **0.373 0.088
Rural area proportion **0.094 *0.019 **0.029 **0.127 **0.042 **0.039 **(0.246 **0.049 *0.089 0.017

(Note: **: Nonlinear enhancement; *:

Binary enhancement).
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