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Previous research studied the spatiotemporal patterns in different visitor segments but lacks evidence of the
segmentation of resident tourists and non-resident tourists in multi-city travel. To fill this gap, this study con-
ducts a big data study using hotel check-in registers. The exploratory data analysis visualizes the spatiotemporal
patterns and the differences between resident tourists and non-resident tourists. Then, the spatiotemporal pat-
terns are measured by the length of stay and the number of visited cities. The regression shows that both the

length of stay and the number of visited cities of non-resident tourists are higher than those of resident tourists.
Moreover, non-resident tourists reduce their length of stay and their number of visited cities more than resident
tourists on three-day holidays, while they increase their number of visited cities less than resident tourists on
seven-day holidays. This study has significant implications for understanding spatiotemporal patterns and visi-

tors’ segmentations.

1. Introduction

Understanding the spatiotemporal patterns of visitors is an important
and classic issue in tourism research (Li, Xu, Tang, Wang, & Li, 2018;
Zhao, Lu, Liu, Lin, & An, 2018). It is the foundation of tourism practices,
such as tourism planning, tourism marketing, destination management
and travel recommendations (Park, Xu, Jiang, Chen, & Huang, 2020;
Salas-Olmedo, Moya-Gomez, Garcia-Palomares, & Gutiérrez, 2018).
Usually, spatiotemporal patterns vary with the visitor segmentations,
such as age, gender and nationality (Batista e Silva et al., 2018; Esiyok,
Kurtulmusoglu, & Ozdemir, 2017; Lee, 2015; Losada, Alén, Nicolau, &
Dominguez, 2017; Raun, Ahas, & Tiru, 2016; Yang, Lin, & Han, 2010).
One of the important segmentations is resident versus non-resident
tourist (Hoogendoorn & Hammett, 2020; Jeuring & Haartsen, 2016).
Resident tourists are the tourists who travel inside their usual residential
area while non-resident tourists are the tourists who travel outside their
usual residential area. The range of the residential area could be a city, a
province/state or a country in existing research (Hasnat & Hasan, 2018;
Li, Zhou, & Wang, 2018). Since a tourism location attracts both resident
tourists and non-resident tourists, it may cause some tourism conflicts,
such as crowd traffic and hotel room shortages. To avoid the conflicts,
resident tourists and non-resident tourists show different spatiotemporal
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patterns, such as changing their travel time and destinations. Thus,
investigating the differences in the spatiotemporal patterns between
resident tourists and non-resident tourists could help tourism managers
and administrators design tourism products, develop local economies
and optimize regional planning (Liu, Wang, & Ye, 2018; Su, Spierings,
Dijst, & Tong, 2019).

Current studies on these spatiotemporal patterns are mainly con-
cerned with temporal patterns and spatial patterns, such as travel time,
spatial distribution and destination identification (Ferrante, Lo Magno,
& De Cantis, 2018; Li, Zhou, & Wang, 2018; Mou et al., 2020; Salas-
Olmedo et al., 2018; Tang & Li, 2016). Some of these studies discussed
the differences between resident visitors and non-resident visitors
(Hoogendoorn & Hammett, 2020; Singh & Krakover, 2015). In detail,
they found that the spatial patterns of non-resident visitors are more
concentrated in central urban areas whereas resident visitors visit sub-
urban areas. The temporal patterns of non-resident visitors vary
considerably whereas those of resident visitors are relatively stable
(Khan, Wan, & Yu, 2020; Liu et al., 2018; Su et al., 2019; Wu et al.,
2020). All of these studies mainly focused on the differences within a
city (single city travel). However, multiple city travel is a common type
of travel and a main part of the tourism market (Onder, 2017). Far less is
known about the difference in the spatiotemporal patterns between
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resident tourists and non-resident tourists in multiple city travel. First,
the findings on single city travel in the existing literature cannot be
extended to multiple city travel due to the differences between these two
types of travel. Specifically, the increasing costs of intercity travel, such
as the costs of transportation and accommodations, would lead to
different temporal patterns including the length of stay and the daily and
monthly trends of visitor arrivals (Santos, Ramos, & Rey-Maquieira,
2014). The spatial patterns in single city travel are impacted by urban
facilities and urban functional zones, but the spatial patterns in multiple
city travel may be impacted by the cities’ location, climate and other
factors. Second, the data in the existing studies are mainly traditional
survey data and big data such as online photo, GPS and mobile roaming
data (Batista et al., 2020; Li, Xu, et al., 2018; Xue & Zhang, 2020). Most
of these studies need to perform tourist identification and demographic
information inference. Thus, it is difficult to distinguish resident tourists
and non-resident tourists. Hotel check-in registers could solve such is-
sues, but limited extant literature explores the spatiotemporal patterns
of tourists using hotel check-in registers. Third, a few studies discussed
the spatiotemporal patterns in multiple city travel, but they mostly
focused on non-resident tourists’ patterns while paid less attention to
resident tourists’ patterns (Hasnat & Hasan, 2018; Sinclair, Mayer,
Woltering, & Ghermandi, 2020; Su, Wan, Hu, & Cai, 2016). Overall, few
studies focused on the spatiotemporal patterns of resident and non-
resident tourists, especially in multiple city travel.

Given these gaps in the current literature, the objective of this study
is to distinguish the main differences in the spatiotemporal travel pat-
terns between resident tourists and non-resident tourists via a big data
study. Unlike the existing research, this study uses hotel check-in reg-
isters to observe tourists’ spatiotemporal patterns. Hotel check-in reg-
isters are generated and stored in hotel information systems and have
broad coverage among all tourist groups and hotels in different cities,
which could fill the abovementioned gaps in the existing studies. Spe-
cifically, collaborating with an IT company providing information sys-
tems for hotels in Yunnan, China, this study uses a sample that contains
more than 6.29 million hotel check-in records of 670 thousand in-
dividuals (including approximately 170 thousand resident tourists and
500 thousand non-resident tourists) from January 1, 2015 to December
31, 2018, covering more than 45 thousand hotels distributed in 16 cities
in Yunnan Province. This study first summarizes the temporal patterns
by analyzing the monthly and daily trends of check-in records and the
spatial patterns by describing the spatial distribution and the seasonal
tendency of spatial patterns. Two indicators of spatiotemporal patterns
are adopted, which are the Length of Stay (LS) that reflects people’s
temporal patterns and the Number of Visited Cities (NVC) that reflects
people’s spatial patterns. Then we run regressions to study the correla-
tions between tourist demographic variables and the two spatiotemporal
pattern indicators. Last, this study further analyzes the differences be-
tween resident tourists and non-resident tourists during public holidays
in the regressions. The results show that (1) both the LS and the NVC of
non-resident tourists are higher than those of resident tourists. Specif-
ically, the LS of non-resident tourists is 30.70% higher than that of
resident tourists, and the NVC of non-resident tourists is 24.91% higher
than that of resident tourists; (2) non-resident tourists reduce their LS
and NVC more than resident tourists on three-day holidays, while they
increase their NVC less than resident tourists on seven-day holidays.

The contributions of this study are as follows. First, to the best of our
knowledge, this study is the first attempt using a large dataset of hotel
check-in registers as the primary data source to study the spatiotemporal
patterns of tourists, and thus provides a completely new perspective of
travel study. Compared to traditional data in tourism research, hotel
check-in registers could avoid some data preprocessing issues such as
tourist identification and demographic information inference (Reif &
Schmiicker, 2020). Second, using demographic information, this study
provides evidence of the spatiotemporal patterns of resident tourists and
non-resident tourists. In the existing literature, scholars pay less atten-
tion to the spatiotemporal patterns of resident tourists while
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increasingly more resident tourists travel their residential areas (Hoo-
gendoorn & Hammett, 2020). Finally, this study provides evidence of
the spatiotemporal patterns of multiple city travel using a large hotel
check-in register dataset from tens of thousands of hotels. The findings
in this study are meaningful for stakeholders in the tourism industry to
explore the value of hotel check-in registers and to understand the
segmentation of tourists and the spatiotemporal patterns in multiple city
travel. The related fields, including tourism planning, tourism marketing
and tourism destination management, could benefit from the findings of
this study.

The remainder of this paper is structured as follows. Section 2 re-
views the existing literature on spatiotemporal patterns. Section 3 de-
scribes the data and the method. Section 4 presents the results; and
Section 5 summarizes the main conclusions, discussions and future
research directions.

2. Literature review
2.1. The spatiotemporal patterns of visitors

Regarding temporal patterns, many studies have mainly discussed
the seasonality of tourism, the arrival time, the number of arrivals and
the length of stay (Duro, 2016; Duro & Turrion-Prats, 2019). For
example, Connell, Page, and Meyer (2015) found that the role of
attraction-based events could counter the effects of the decrease in
seasonal demand, and important events could maintain tourists’ interest
through the off-peak season. Turrion-Prats and Duro (2018) found that
tourism income are inversely related to seasonality, while the appreci-
ation of the exchange rate increases the seasonality in Spain. Liu, Zhang,
Zhang, Sun, and Qiu (2019) found that the number of arrivals that occur
2-4 days later could be accurately predicted using web search data.
Among the factors, the length of stay is a critical factor for under-
standing temporal patterns and is widely discussed in the tourism
literature (Alén, Nicolau, Losada, & Dominguez, 2014; Santos et al.,
2014; Wang, Fong, Law, & Fang, 2017). Thrane and Farstad (2011)
found a positive but diminishing relationship between the length of stay
and tourism expenditures. Zhao et al. (2018) found that the length of
stay varies with the arrival time on public holidays.

Regarding spatial patterns, existing studies focus on the topics of the
identification of popular areas and travel routes, the seasonal tendency
of spatial patterns and other items (Guedes & Jiménez, 2015; Sun, Fan,
Helbich, & Zipf, 2013; Zhong, Sun, & Law, 2019). For instance, Zhong
et al. (2019) identified the top attractions and the most popular travel
routes in Tibet using mobile positioning data. Sun et al. (2013) studied
the seasonal tendency of the spatial pattern of tourist accommodations
in Vienna and found that the distribution of hotspots is most dispersed in
spring and most concentrated in autumn. Fernandez-Morales, Cisneros-
Martinez, and McCabe (2016) found that the international demand for
UK destinations was dominated by tourists from European countries.
Specifically, the closer to the destinations the countries of origin were,
the less seasonally concentrated the tourists. Duro and Turrion-Prats
(2019) studied the seasonality of European countries and found that a
country’s location affects its seasonal tendency of spatial patterns: the
higher the latitude is, the greater the seasonality. They suggested that
geographical location and the income of the major markets of origin are
significant predictor variables for the number of arrivals. Ferrante et al.
(2018) demonstrated a strong connection between seasonal patterns and
spatial distribution.

2.2. The spatiotemporal patterns in different population segmentations

Many studies have discussed the spatiotemporal patterns of visitors
among various segmentations, such as demographic characteristics and
travel party size (Chen & Shoemaker, 2014; Esiyok et al., 2017; Losada
et al.,, 2017; Rodriguez, Martinez-Roget, & Gonzdlez-Murias, 2018;
Santos et al., 2014; Thrane, 2016). For example, Carr (2002) found that
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tourists between 16 and 24 years old preferred hedonic travel such as
beach-oriented travel. Barros and Machado (2010) found that the length
of stay is largely explained by the sociodemographic profile of the tourist
and moderated by the perceived characteristics of the destination. Ale-
gre and Pou (2006) found that the over 60 years old group stays more
days than younger age groups (under 30 years old), and hotel prices and
daily costs are negatively related to the length of stay. Martinez-Garcia
and Raya (2008) found that travel time, country of origin, age, occu-
pation, the type of destination and travel service prices (such as ac-
commodation prices) are related to the length of stay. Travelers decrease
their length of stay when their income is low, their time is short, and the
related travel service prices are high. Zhao et al. (2018) used mobile
positioning data to present different tourist movement patterns across
different travel party sizes in terms of spatial and temporal character-
istics. Kellner and Egger (2016) found that tourists’ movement patterns
vary among nationalities in Salzburg City, Austria. In detail, Asian vis-
itors tend to spend more time at Mozart’s residence and in the river
promenade, while American tourists spend most of their time at the
Hohensalzburg Fortress.

One of the important segmentations is the segmentation of resident
tourists and non-resident tourists. On the one hand, non-resident tourists
spend on food, transportation and accommodation in tourism locations
(Hwang, Lee, & Park, 2012; Marrocu, Paci, & Zara, 2015), and thus can
benefit the local economy (Antonakakis, Dragouni, & Filis, 2015; Mayer,
Miiller, Woltering, Arnegger, & Job, 2010; Ridderstaat, Croes, & Nij-
kamp, 2014; Wan & Li, 2013). For example, Seetanah (2011) found that
tourism significantly contributes to the growth of island economy
regardless of whether the context is developing or developed countries.
On the other hand, the influx of non-residents has great impacts such as
crowd traffic and environmental issues on the lives of residents (Al
Haija, 2011; Shen, Li, Luo, & Chau, 2017; Sheng & Tsui, 2010; Tsaur,
Yen, & Teng, 2018). For example, Wan and Li (2013) found that tourism
industry booms could lead to negative economic consequences, such as a
serious shortage of human resources and great pressure on the supply of
available land. Therefore, understanding the segmentation of resident
tourists and non-resident tourists is beneficial for tourism management.
A few studies have discussed the spatiotemporal patterns of resident
tourists and non-resident tourists. For example, Ferrante et al. (2018)
studied the similarities and differences of seasonal patterns between
resident groups and non-resident groups. Hasnat and Hasan (2018)
identified popular cities/areas for non-resident tourists and compared
the difference in the travel time between resident tourists and non-
resident tourists. In summary, existing studies related to resident tour-
ists and non-resident tourists are insufficient, and there is little evidence
of the spatiotemporal patterns in multiple city travel.

2.3. The spatiotemporal patterns at different geographical levels

The analyses of spatiotemporal patterns are usually discussed at
some geographical levels (related to the place of residence), including
the country level, province level and city level. At the country level,
foreign tourists show different spatiotemporal preferences. For instance,
foreign tourists in China are more interested in China’s cultural attrac-
tions than natural attractions (Yang et al., 2010). East Asian and Oce-
anian visitors exhibit more preferences towards the eastern coastal areas
of China while European and North American visitors show more in-
terest in the western and northern areas of China (Su et al., 2016). In
Estonia, Germans are the most summer-oriented visitors among all the
tourists, while Russians are the most equally distributed visitors
throughout the year (Raun et al., 2016). Batista e Silva et al. (2018)
found that countries in coastal areas and islands are popular year-round
and that their peaks are significant in summer months, compared to
other European countries. The countries in the Alpine region display
high tourist densities in both summer and winter but are comparatively
less dense in spring and fall. At the province level, comparing to non-
resident tourists, resident tourists may travel earlier in holidays, and
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travel nearer their residential areas. For example, Hasnat and Hasan
(2018) used location-based data from Twitter to analyze the travel
behavior of tourists. Regarding spatial patterns, they showed Florida’s
most popular tourism attractions and some emerging tourism attractions
for tourists. They also found that tourists in Florida start their travel after
12 a.m. while residents start from 11 a.m. Marrocu and Paci (2013)
found that the number of arrivals in a province shows a spatial de-
pendency induced by neighboring provinces, including travel from and
to neighboring provinces. Specifically, long distance and high popula-
tion density have negative impacts on the number of arrivals, while
income, accessibility and attractions are crucial determinants of the
number of arrivals. At the city level, the spatiotemporal patterns of
tourist are influenced by urban form and urban functional zones. For
instance, Li, Zhou, and Wang (2018) found that tourists’ destinations are
clustered around the city center while residents’ destinations distribute
around the cities and some attractions along the main transportation
corridors.

The existing research has studied spatiotemporal patterns within a
single destination such as a city, province or country while few studies
have paid attention to multiple city travel. Notably, multiple city travel,
as a type of multiple-destination travel, is a common travel mode and an
important part of the tourism market (Parroco, Vaccina, De Cantis, &
Ferrante, 2012).

3. Data and method
3.1. Hotel check-in registers

When guests check in at a hotel, the reception staff usually logs the
guest ID card information into the hotel information system. When
visitors check in at different hotels during a trip, visitors’ travel trajec-
tories can be extracted. Indeed, existing studies have used various data
sources, including geotagged check-in platforms such as Twitter, Weibo
and Flickr (Barchiesi, Moat, Alis, Bishop, & Preis, 2015; Li, Zhou, &
Wang, 2018), mobile phones (Zhao et al., 2018), zenith images
(Donaire, Gali, & Gulisova, 2020) and GPS devices (De Cantis, Ferrante,
Kahani, & Shoval, 2016; East, Osborne, Kemp, & Woodfine, 2017), to
track visitors’ movements. However, to the best of our knowledge, there
is little literature that studies visitors’ movements using hotel check-in
registers, partially because of the difficulty of collecting all check-in
records distributed in various hotels. Compared to the above-
mentioned data, hotel check-in registers have the following features: (1)
clear tourist identification, (2) accurate demographic information, and
(3) exact dates and locations of accommodations.

In this study, the dataset is hotel check-in registers collected from a
hotel information systems company in Yunnan Province. The guests’ IDs
are encrypted to protect guests’ privacy. The company provides us a
sample, which is completely random sampling based on tourist IDs to
ensure the completed records of each tourist. After removing 33
inconsistent records (less than 0.01% of all records), we obtained a final
dataset, which contains 670 thousand individuals’ completed records
from January 1, 2015 to December 31, 2018, a total of 6.29 million
records.

Table 1 presents examples of hotel check-in registers. The first row
shows that guest “e8c6b4” is male, and his age is between 30 and 39 (to
protect privacy, we do not know the precise age). He is a non-resident
tourist (according to his ID card information). He checked three times
on “October 1, 20187, “October 3, 2018 and “December 21, 2018”. The
corresponding hotels belong to cities “1201”, “1207” and “1201”.

Fig. 1 depicts the demographic information of the sample. As shown
in Fig. 1, the proportion of visitors is mainly distributed in young adult
groups, such as the (20, 29) and (30, 39) age groups. Moreover, the
proportions of resident tourists in the (0, 19) and (20, 29) age groups are
5% and 15% higher than those of non-resident tourists, respectively,
while the proportions of resident tourists in the (30, 39), (40, 49), (50,
59) and (60, +) age groups are 1% to 7% less than those of non-resident
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Table 1
Examples of hotel check-in registers.
ID Gender  Age Type Date City
group code
e8c68f Male (30, 39) Non-resident October 1, 2018 1201
tourist
e8c68f Male (30, 39) Non-resident October 3, 2018 1207
tourist
e8c68f Male (30, 39) Non-resident December 21, 1201
tourist 2018
69b8c4 Female (20, 29) Non-resident May 3, 2018 1207
tourist
69b8c4 Female (20, 29) Non-resident May 7, 2018 1129
tourist
69b8c4  Female (20, 29) Non-resident December 17, 2107
tourist 2018
lal4sl Female (40, 49) Resident tourist June 10, 2018 4501
lal4sl Female (40, 49) Resident tourist October 16, 6629
2018
lal4sl Female (40, 49) Resident tourist October 27, 6607
2018

tourists. Simply put, the average age of non-resident tourists is older
than that of resident tourists. We find that the proportion of males is
greater than the proportion of females. More specifically, the male-
female ratio of non-resident tourists (approximately 1.88) is 0.40
larger than that of resident tourists (approximately 1.48).

3.2. Study area and method

Yunnan Province, located in the southwestern area of China, is one of
the main contributors to China’s tourism market and one of the most
ethnically diverse provinces of China (National Bureau of Statistics of
China, 2019). It is famous for colorful natural landscapes and cultural
heritage sites such as the Three Pagodas, the Chongsheng Temple,
Shangri-La and the Stone Forest. The rich natural landscapes and na-
tional culture bring enormous tourism revenues for Yunnan. In 2018, the
tourism earnings from domestic tourism in China were approximately
7.26 trillion dollars while the domestic tourism revenues in Yunnan
Province were 1.34 trillion dollars (approximately 16.96% of the total
tourism revenues of the country) (Yunnan Statistical Bureau, 2019). As
shown in Fig. 2, Yunnan Province consists of 16 cities, including
Kunming, Qujing, Dali, Lijiang, etc. The term ‘“city” discussed in this
paper refers to the entire administrative area of each city. In order to
show an intuitive picture, we color the cities based on their tourism
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revenues according to the Yearbook (Yunnan Statistical Bureau, 2019).
From Fig. 2, we find that Kunming, Lijiang, Dali, Xishuangbanna and
Honghe are major cities contributing to tourism revenues.

We also examine the relationship between tourism revenues and
Gross Domestic Product (GDP) of each city. In Fig. 3, each dot represents
a city, the line is a fitting line and the shadow is the 95% confidence
interval. The fitting line shows that the tourism revenues and GDP are
positively correlated. The cities above the line have relatively high
tourism revenues, such as Lijiang, Xishuangbanna and Dali, while the
cities below the line have relatively high GDP, such as Qujing and Yuxi.
Some cities have both high tourism revenues and GDP, such as Kunming.

To process the hotel check-in registers, we use SQL Server for data
storage and R for visualization and regression analyses. First, we show
the differences between resident tourists and non-resident tourists in
their temporal patterns and spatial patterns through descriptive visual-
ization analysis. Then, we calculate two variables to measure the
spatiotemporal patterns, namely, the LS reflecting the temporal pattern
and the NVC reflecting the spatial pattern. The LS and the NVC are
calculated using individual check-in records during a trip. Following the
work of Raun et al. (2016), we define a trip as the sequence of check-in
records where the interval of continuous check-in records is within 14
days.

We calculate the summary statistics of the dependent variables in
Table 2. As shown in Table 2, regarding the average LS, non-resident
tourists (3.060) stay 0.767 more days than resident tourists (2.293).
Similarly, we find that non-resident tourists (1.595) travel to 0.480 more
cities than resident tourists (1.115). Overall, non-resident tourists stay
longer and travel to more cities than resident tourists.

4. Results
4.1. Temporal patterns from the perspective of monthly and daily trends

We analyze the temporal patterns from the monthly trends and daily
trends of check-in records. Regarding the monthly trends, we find that
the trends in Yunnan Province are seasonal. The highest proportion of
check-in records usually appears in summer months such as August, and
the lowest proportion appears in winter months such as February
(Fig. 4a). There are several extremely low points, such as December
2016, March 2017 and April 2017. The reason for the declines in March
2017 and April 2017 is the negative impact of a vicious tourism attack
(Li & Yang, 2017). The reason for the decline in December 2016 could be
the data quality since there were no obvious events that impact tourism
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Fig. 1. The demographic information of the sample.
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Table 2
The summary statistics of the LS and NVC of tourists.

Resident tourists Non-resident tourists

Statistic LS NVC LS NVC

Mean 2.293 1.115 3.060 1.595
St. Dev. 2.577 0.379 2.657 0.931
Min 1 1 1 1
Max 14 9 14 10

in December 2016, and we will show the reason in the latter analysis of
the daily trends.

Fig. 4b depicts the differences between resident tourists and non-
resident tourists. We find that the monthly fluctuations in the check-in
records of non-resident tourists are greater than those of resident tour-
ists. The standard deviation of the check-in records of non-resident
tourists is 1.54% while that of resident tourists is 0.90%. The figure
also shows that the portion of resident tourists do not have a notable
lowest month (excluding anomalies), while the portion of non-resident
tourists have a notable lowest month (February).

The seasonal fluctuations of the monthly trends may be caused by
various reasons, such as the climate, public holidays and special events.
To explore the possible reasons, we analyze the temporal patterns from
the perspective of daily trends. We find that the daily trends of check-in
records fluctuate around a horizontal level (approximately 0.25%)
(Fig. 5a). To highlight the impacts of holidays and other events, we color
the date types including workdays, weekends, and public holidays
(three-day holiday and seven-day holiday). The orange areas of the
background show the peak of summer holidays (July and August). We
also find spikes for public holidays. Besides, there are small spikes on
weekends, and these spikes are smaller than the spikes on public holi-
days. The highest percentage of check-in records is approximately
0.47%, which is 1.7 times the mean value (0.27%). The proportion of
check-in records on several days is near zero. The reason could be that
network failure and system failure cause missing records and lead to the
proportion of check-in records to be close to zero on several days. This is
also the reason of the abnormal points in the monthly trends (Fig. 4)
during December 2016, March 2017 and April 2017.

Fig. 5b and Fig. 5c depict the daily trends of resident tourists and
non-resident tourists, respectively. We find that non-resident tourists
show more significant fluctuations than resident tourists (the standard
deviation of the check-in records of resident tourists is 0.0608% while
that of non-resident tourists is 0.0670%). The spikes of the check-in
records of non-resident tourists occur during seven-day holidays and
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summer while the spikes of the check-in records of residents occur
during seven-day holidays, three-day holidays and weekends.

4.2. Spatial pattern from the perspective of the distribution

We visualize the spatial pattern in Fig. 6 based on the proportion of
check-in records of each city in Yunnan Province. Each city is colored
based on its quartile of the proportion of check-in records, which results
in four levels with a red gradient. As shown in Fig. 6a, the most visited
cities have either relatively high tourism revenues or relatively high
GDP, such as Kunming (32.37%), Lijiang (8.21%), Dali (8.19%) and
Qujing (7.87%). For resident tourists, the most visited cities have rela-
tively high GDP, such as Kunming (30.92%) and Qujing (10.11%). For
non-resident tourists, the most visited cities have relatively high tourism
revenues, such as Kunming (34.58%), Lijiang (14.44%) and Dali
(10.29%). The difference of the spatial pattern shows that resident
tourists are more likely to travel in the cities with relatively high GDP,
while non-resident tourists are more likely to travel in the cities with
relatively high tourism revenues (i.e., tourism cities).

Considering that spatial patterns may change with time (Ferrante
et al., 2018), to obtain deep insights into the spatial patterns, we illus-
trate the seasonal tendency of the spatial patterns (Fig. 7) following the
work of Sun et al. (2013). Fig. 7 depicts the change in the check-in re-
cords in different cities, where the horizontal axis represents the month,
and the vertical axis represents the city. First, we find that the seasonal
tendency in each city is different (Fig. 7a). For non-resident tourists
(Fig. 7¢), some cities such as Lijiang and Diqing, reach their peak season
during the summer months (July to August), and reach their off season
during the winter months (December to January). In contrast, some
other cities such as Xishuangbanna and Baoshan, reach their peak season
in winter months, and reach their off season in summer months. Resi-
dent tourists have contrary seasonal tendencies in some cities (Fig. 7b).
For example, the peak months of Xishuangbanna and Baoshan are in
summer months such as August. Second, the change in the spatial dis-
tribution of non-resident tourists is more regular than that of resident
tourists. We measure the seasonal tendency of the spatial patterns
through entropy. The average entropy of the proportion of check-in
records of non-resident tourists is 2.46 while that of resident tourists
is 2.48. This means that the seasonal tendency of the spatial patterns of
non-resident tourists is different from that of resident tourists.

0.12-
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Non-resident
tourists
Resident
tourists

——

2015 2016 2017 2018 2019
Date

Fig. 4. Monthly trends of the check-in records in Yunnan Province. Panel a shows the trend of all visitors, and Panel b shows the trends of resident tourists and non-

resident tourists.
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Fig. 5. Daily trends of check-in records in Yunnan Province. Panel a shows the trends of all visitors, Panel b shows the trends of resident tourists, and Panel ¢ shows

the trends of non-resident tourists.
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Fig. 6. The spatial distribution of the check-in record quantiles in Yunnan cities. Panel a shows the distribution of all visitors, Panel b shows the distribution of non-

resident tourists, and Panel ¢ shows is the distribution of non-resident tourists.
4.3. Regression analyses

To quantify the difference in the spatiotemporal patterns between
resident tourists and non-resident tourists, we conduct regression ana-
lyses using the log-level model (Models 1 and 2 in Table 3). The results
show that the LS of non-resident tourists is 30.70% higher than that of
resident tourists, and the NVC of non-resident tourists is 24.91% higher
than that of resident tourists. The coefficients of year show that the LS
and NVC decrease each year. Regarding age groups, young (age between

20 and 29) and elderly people (age above 50) have a relatively high LS
and NVC while middle-aged people (age between 30 and 49) have a
relatively low LS and NVC, which is similar to a U-shaped curve. The
coefficient of males shows that the LS of males is 2.35% less than that of
females, and the NVC of males is 6.74% less than that of females. The
coefficients of months show that compared to the reference month
(January), the LS and NVC increase more during peak seasons (the LSs in
July, August and September increase 7.43%, 7.20%, and 6.05%,
respectively; while the NVCs in these months are 4.55%, 5.06%, and
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Fig. 7. The proportion of check-in records in each city in different months. Panel a shows the trend of all visitors, Panel b shows the trend of resident tourists, and

Panel ¢ shows the trend of non-resident tourists.

2.93% higher than the reference month, respectively).

As holiday travel is a considerable portion of the tourism market, we
include interaction terms of holiday types and visitor types to further
explore the difference in the spatiotemporal patterns between resident
tourists and non-resident tourists during public holidays (Models 3 and 4
in Table 3). In Model 3, the coefficients of three-day holiday and seven-
day holiday are —0.0754 and 0.0004, respectively, which indicate that
tourists decrease their LS during short holidays but insignificantly in-
crease their LS during long holidays compared to normal days.
Furthermore, the coefficients of the interaction terms show that holidays
have a stronger impact on non-resident tourists than resident tourists.
Specifically, non-resident tourists decrease their LS 3.41% more in a
three-day holiday than resident tourists. Similar results are shown in
Model 4 for the NVC. We find that a 1.29% decrease and a 3.79% in-
crease in the NVC occur during three-day holidays and seven-day holi-
days, respectively. Compared to resident tourists, non-resident tourists
have an extra 3.73% decrease and 0.58% decrease during three-day
holidays and seven-day holidays, respectively. Taken together, both
resident tourists and non-resident tourists tend to decrease their LS and
NVC during three-day holidays, and this drop is stronger for non-
resident tourists than for resident tourists. In contrast, on seven-day
holidays, both resident tourists and non-resident tourists are likely to
increase their NVC but maintain their LS, and this effect is weaker for
non-resident tourists.

5. Conclusion and discussion

In this study, we empirically study the spatiotemporal patterns of
multiple city travel with a sample of hotel check-in registers, which

contains 6.29 million records from January 1, 2015 to December 31,
2018. The massive hotel check-in register data could help us find general
and solid spatiotemporal patterns. In detail, we mainly use exploratory
data analysis to analyze the differences in the temporal patterns (the
monthly trends and daily trends) and spatial patterns (the spatial dis-
tribution and seasonal tendency of the spatial patterns) between resident
tourists and non-resident tourists. Then, we use regressions to quantify
the differences between resident tourists and non-resident tourists
through two dependent variables, namely, the length of stay (repre-
senting the temporal pattern) and the number of visited cities (repre-
senting the spatial pattern). From the various analyses of the
spatiotemporal patterns expounded in the results section, we can
conclude that resident tourists and non-resident tourists show different
spatiotemporal patterns in multiple city travel, especially during
holidays.

The temporal pattern analyses show that there are significant sea-
sonal fluctuations in the monthly trends and daily trends. In our dataset,
the peak season appears in the summer months, and the off season ap-
pears in the winter months. The reasons for seasonal fluctuations could
be classified into two broad groups (Duro & Turrion-Prats, 2019). The
first group of reasons are the related variables associated with climatic
conditions and other environmental factors. The second group of rea-
sons are institutional factors, such as specific holidays. In this paper,
first, the temperature is cool for most cities in Yunnan during summer
months, and summer months are the best time for many natural land-
scapes and cultural heritages in Yunnan (Allendorf, Brandt, & Yang,
2014; Yang, 2011). Second, some travel behaviors could cause seasonal
fluctuations, such as seasonal retirement migrants (Wu, Hannam, & Xu,
2018), seasonal lifestyle tourism (Salazar & Zhang, 2013) and students’
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Table 3
Regression on LS and NVC.
Dependent variable
In(LS) In(NVC) In(LS) In(NVC)
(€8] ) ®3) @
Year 2016 —0.0115***  —0.0010 —0.0115%**  —0.0011
Year 2017 —0.0351%**  —0.0265***  —0.0351***  —0.0265***
Year 2018 —0.035 *
Age group (20, 29) 0.0179*
Age group (30, 39) 0.0173%**
Age group (40, 49) —0.0014 0.0361***
Age group (50, 59) 0.0544***
Age group (60, +) 0.1338%***
Male —0.0235%**  —0.0674***  —0.0235***  —0.0674***
February —0.0066** —0.0065** 0.014:
March 0.0178 0.0159* 0.0159*
April 0.0507*** 0.0250%** 0.0507%*** 0.0249%**
May 0.0384*** 0.0159%** 0.0384*** 0.0158***
June 0.0407 0.0407
July 0.0743 0.0743
August 0.0720%** 0.0506%*** 0.0720%** 0.0505%**
September 0.0605%** 0.0293%*** 0.0606*** 0.0293***
October 0.0424%*** 0.0159%** 0.0424%* 0.0158%**
November 0.0326%** 0.0138%*** 0.0327*** 0.0138***
December 0.0090%*** —0.0040%*** 0.0090%*** —0.0040%**
Non-resident tourist ~ 0.3070%** 0.2491%** 0.3080** 0.2510%**
Three-day holiday —0.0869***  —0.0254***  —0.0754 —0.0129%=*
Seven-day holiday 0.0034 0.0359*** 0.0004 0.0379%**
Non-resident —0.0341*** —0.0373***
tourist: Three-day
holiday
Non-resident 0.0085 —0.0058%*
tourist: Seven-day
holiday
Constant 0.4488*** 0.0834*** 0.4483*** 0.0827***
Observations 2,733,424 2,733,424 2,733,424 2,733,424
Adjusted R* 0.0408 0.1444 0.0409 0.1445
Note: ***p < 0.001, **p < 0.01, *p < 0.05

summer vacations in July and August (Bicikova, 2014; Thrane, 2016).
We also find that the seasonal fluctuations of non-resident tourists are
greater than those of resident tourists. The reason may be that traveling
in the local province is more convenient than traveling in other prov-
inces (in terms of distance), and thus resident tourists do not need to
travel intensively at a certain time such as holidays. This phenomenon is
similar to the findings of Segota and Mihalic (2018). They found that on
the Slovenian coast, the contribution of international tourists to seasonal
fluctuations was larger than that of domestic tourists. Our findings
provide solid big data evidence that non-resident tourists bring more
seasonal fluctuations than resident tourists from the perspective of
multiple city travel within a province.

In addition to seasonality, we also find public holidays could cause
spikes in check-in records. The spikes of seven-day holidays are larger
than those of three-day holidays. First, people have extra time to travel
on public holidays. Second, the governments have established policies to
support travel and promote tourism development, such as Travel Golden
Week (Wu, Xue, Morrison, & Leung, 2012) and free charge for highways
on holidays (Hao, Yuxi, & Chunxiao, 2014; Zhao, Cui, Zhang, & Luo,
2019). Regarding the differences between resident tourists and non-
resident tourists, we find that the spikes during weekends and three-
day holidays are mainly contributed by resident tourists, and the
spikes during seven-day holidays are mainly contributed by non-
resident tourists. The reason for this phenomenon may be that short
holidays are suitable for short distance travel. Therefore, three-day
holidays and weekends are suited for resident tourists, while seven-
day holidays are suited for non-resident tourists. Furthermore, seven-
day holidays also provide relaxed time for residents to travel to other
provinces. With these findings, stakeholders of the hospitality industry
could better respond to fluctuations in tourism demand from the resi-
dent tourists and non-resident tourists.

Tourism Management Perspectives 39 (2021) 100860

The analyses of the spatial patterns show that the most visited cities
have either high tourism revenue or high GDP. After visualizing the
spatial distributions of resident tourists and non-resident tourists, we
find that the check-in records of non-resident tourists are mainly in the
cities with relatively high tourism revenues, while those of resident
tourists are mainly in the cities with relatively high GDP. The difference
in spatial patterns between resident tourists and non-resident tourists
suggests that the motivations behind their trips could be different (Xue
& Zhang, 2020). According to Xue and Zhang (2020)’s findings, resident
tourists may travel more for business or shopping in high GDP cities,
while non-resident tourists may travel more for leisure, sightseeing or
different culture experience in tourism cities. Furthermore, the spatial
patterns are not static and change along with the months. One possible
reason is that Yunnan has various geographical environments, such as
cold weather in high mountain areas and high temperatures in areas
with low latitudes or low altitudes. This finding is similar to the seasonal
tendency of the spatial patterns in Europe (Batista e Silva et al., 2018).
Regarding the difference between resident tourists and non-resident
tourists, one possible reason is that non-resident tourists face more re-
strictions such as time. Therefore, their travel is more concentrated in
periods with long holidays. As a result, the seasonal tendency of the
spatial patterns of non-resident tourists may be relatively fixed and
regular.

Using regression analyses, we quantify the correlations between the
segmentation variables and the spatiotemporal pattern indicators LS and
NVC, as well as the differences between resident tourists and non-
resident tourists on the LS and NVC. We find that the LS and NVC
decline each year. The reason could be that the development of trans-
portation decreases the time costs. We also find that elderly tourists have
a larger LS and NVC than young visitors. Compared to young people,
elderly people have more money and leisure time, and thus elderly
people can travel to more destinations and stay longer. This finding is
consistent with the booming market of senior visitors reported in the
literature of Martinez-Garcia and Raya (2008) and Alén et al. (2014).
Compared with females, males have a lower LS and NVC. A possible
reason is that females spend more money and time in tourism markets
(Bernini & Fang, 2020; Lin, Qin, Li, & Wu, 2020; Yang, Wu, & Lu, 2019).
This gender difference is consistent with the findings of Santos et al.
(2014). Regarding the differences in months, the LS and NVC in summer
months are higher than those in other months because summer months
are school summer holidays. On public holidays, we find that both the LS
and NVC decline during three-day holidays while the NVC increases
during seven-day holidays compared to normal days. We also explore
the difference between resident tourists and non-resident tourists on
public holidays. On three-day holidays, non-resident tourists decrease
their LS and NVC more than resident tourists, while non-resident tourists
increase their NVC less than resident tourists on seven-day holidays. The
main reason for this difference may be that the length of the holiday
limits the travel time. Given the time limitation, according to utility
maximization, tourists try their best to travel as many places as possible
to improve their travel experience. Non-resident tourists need more time
to arrive in Yunnan than resident tourists. Thus, non-resident tourists
have less time in Yunnan and travel to more cities to maximize their
travel experiences.

Understanding multi-destination travel is an important issue for
tourism management. The existing research extensively explores the
spatiotemporal patterns of the travel within a city or a country but lacks
evidence of multiple city travel. Our research uses hotel check-in reg-
isters to complement the existing literature from the viewpoint of mul-
tiple city travel within a province. Furthermore, our research provides
new insights for tourism market segmentation, which is the segmenta-
tion of resident tourists and non-resident tourists. Our research also
expounds the difference in the spatiotemporal patterns between resident
tourists and non-resident tourists and their differences during public
holidays. Through the findings of the differences in spatiotemporal
patterns, some practical implications could be beneficial for tourism



Y. Xu et al.

management. For example, the spatiotemporal patterns of multiple city
travel could help some travel agencies design travel packages consid-
ering suitable spatiotemporal arrangements, such as developing sea-
sonal travel routes and potential travel routes. Governments could invest
in efficient transportation infrastructure, such as intercity railways,
shuttle buses, and special travel lines; and enact tourism policy, such as
establishing cross-border tourism economic zones, to accelerate the
development of regional tourism integration. The difference in the
segmentation of resident tourists and non-resident tourists could
improve the performance of segment marketing and develop personal-
ized travel products for segmentation. For instance, travel agencies
could sell travel packages with different travel routes to different tour-
ists. Hotels could offer some value-added services (such as tickets
booking services) to both resident tourists and non-resident tourists.
Hotel stakeholders could better understand the main segmentations of
their guests when they make decisions of hotel locations in different
cities. The difference in public holidays could enable tourism managers
to improve tourism marketing, such as holiday product design and
product and service pricing. Policy makers could effectively enact
transportation policies to promote tourism development, such as free-
charge highways and peak avoidance travel during public holidays.
Hotel guests have to register in most countries when they check in at
a hotel. Thus, the tourism spatiotemporal patterns in other countries and
regions could also be studied using hotel check-in registers. For example,
Fyfe, Holdsworth, and Weaver (2009) used hotel check-in registers from
commercial hotels in three small places in central Pennsylvania in
America during the late 19th century to analyze visitation patterns.
However, this was a small sample and may not be suitable for today’s
tourism situation. To the best of our knowledge, our study is the first
attempt to study the spatiotemporal patterns of visitors using large-scale
hotel check-in registers. Traditionally, hotel check-in registers are
handwritten. With the development of information systems, hotel check-
in registers have been digitized, which makes it easier to collect and
analyze large-scale hotel check-in registers. Besides, handwritten reg-
isters are likely to encounter invalid records and missing records while
digitized registers could also avoid such issues and improve data quality.
There are several important advantages of hotel check-in registers. First,
hotel check-in registers contain the demographic information of tourists.
Unlike mobile phone positioning data, GPS data and geotagged social
media data, analyzing hotel check-in registers does not need to identify
tourists and estimate the demographic information of tourists, such as
their ages and genders. Second, continuous check-in records could track
multiple city travel trajectories. The traditional survey method can
obtain visitors’ demographic information, travel-related information,
etc. in detail, but it is difficult to verify visitors’ actual travel behaviors
and analyze a large-scale population sample. In summary, hotel check-in
registers are a new attractive data source that could contain de-
mographic information on tourists and track multiple city travel.
There are some limitations and future research directions of this
study. First, the partition of resident tourists and non-resident tourists is
based on ID card information, but ID cards do not update residents’
address in a timely manner. This may lead to some bias because of the
misclassification of residents and non-residents. For example, someone
may change their place of residence from a city in Yunnan to another
city out of Yunnan, but their ID card may not timely reflect the change.
Future research could avoid the misclassification of resident tourists and
non-resident tourists if more detailed demographic information can be
accessed. Second, the hotel check-in registers in our study are at the city
level. Some cities may have only one attraction while some other cities
have many attractions. Thus, the spatial preferences of visitors may be
different in these cities. If the specific location of each hotel could be
accessed, then the analysis could be deeper into the inner city, and the
spatiotemporal patterns could be better analyzed. Third, the length of
stay may be underestimated since hotel check-in records do not contain
the exact time that tourists leave Yunnan. Future research could benefit
from multisource data fusion such as transportation data. Finally, our
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dataset contains no information about the travel motivations of the
tourists (e.g., leisure or business). Since the travel motivation influences
travel behaviors, future research could improve the current work by
combining hotel check-in registers datasets and survey datasets.
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