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A B S T R A C T

Knowledge on spatio-temporal changes of inbound tourism flow is important for destination economy, cultural
communication and city image. This paper proposes a novel research framework for the spatio-temporal dis-
tribution and changes of inbound tourism flow by, first, using R-HDBSCAN clustering algorithm to extract
tourism area of interest (AOI), second, by utilizing several key indicators adopted from the complex network
theory literature to study the structure of inbound tourism flow with a case study example from Shanghai, China.
The results show, first, that tourism in Shanghai is highly concentrated on the most popular AOI clustered in the
city center relatively close to each other and, second, that, the inbound tourism flow network of Shanghai has
small-world characteristics, while the distribution of its AOI (nodes) and tourist routes (edges) has general power
law features, which has been influenced by the World Expo.

1. Introduction

Inbound tourism is a good indicator for assessing regional tourism
competitiveness as it constitutes a significant part of local economic
systems. The inbound tourism flow shows the spatio-temporal dis-
tribution characteristics of inbound tourists and reflects the dynamic
changes of the attraction of tourist destinations to international tourists.
Therefore, it has important guiding significance for the destination ci-
ties to develop their international tourism market and new tourism
products.

In terms of data sources, the study of inbound tourism flow can be
divided into three time periods: 1): the static, statistical data phase, 2)
the network travel notes phase, and 3) the social media phase with geo-
tagging. Most of the early studies on inbound tourism flow have been
conducted with static statistical data, for example, by using statistical
yearbooks (Asakura & Iryo, 2007) and surveys (Lew & McKercher,
2006) as data sources. Statistical yearbook data reflects the change in
the number of inbound tourists in a certain area. However, it cannot
reflect the spatial distribution and flow characteristics of inbound

tourists. Moreover, it is impossible to count the no-visit spots with
statistical yearbook data (Girardin, Fiore, Ratti, & Blat, 2008). In case of
surveys, the samples are commonly poorly representative and, thus, it is
difficult to accurately and comprehensively generalize and reflect the
behavioral characteristics of the total population of inbound tourists
(Onder, Koerbitz, & Hubmann-Haidvogel, 2014).

More recently, due to the emergence of blogs, (visitors often post
trip diaries on the Internet and comment on scenic spots to share their
travel experience), many scholars have utilized online trip diaries to
study the spatio-temporal distribution characteristics of inbound tour-
ists and the attractiveness of tourist destinations. For example, Leung,
et al. (2012) utilize 500 travel notes on six travel websites to study the
changes in the attractiveness of Beijing tourist attractions to inbound
tourists, Manrique-Sancho, Avelar, Iturrioz-Aguirre, and Manso-Callejo
(2018) study the urban spatial cognition of inbound tourists in Madrid
and Ma, Yang, Xu, and Tai (2018) examine, with Ctrip travel notes data,
the tourist movement patterns in travelogues of Taiwan's inbound
tourists. However, there are two major shortcomings in the study of
inbound tourism flow by using trip diaries: 1) the sparseness of the
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sample leads to an incomplete and inaccurate depiction of the inbound
tourism flow; 2) the integrity and accuracy of the trip diaries can also
potentially mislead the results of the analysis, since, for example, travel
notes are often written by the author after the trip from memory.

Due to the recent popularity of social media, researchers have
gained access to new data sources on inbound tourism flow. Visitors are
more willing to use social media software (such as Flickr) to sign in and
share photos of the scenery in their journey. For example, Flickr (the
data source applied in this paper) is a popular geotagged photo site. Via
Flickr data researchers can accurately get the check-in time information
and geographical location information of the users' photos. Therefore,
data mined from social media can overcome many of the shortcomings
of earlier data sources (statistical yearbooks, surveys and online trip
diaries) on inbound tourism flow. In this paper we propose a novel
research framework, which utilizes these social media data to analyze
the spatio-temporal distribution and change of inbound tourism flow in
Shanghai (China) with Flickr data.

2. Literature review

There have been a number of studies applying Flickr data to in-
vestigate tourism (Li, Xu, Tang, Wang, & Li, 2018), since the increasing
numbers of digital photos with geo-tags in Flickr offers great opportu-
nities to study people's travel experiences, behavior and preferences
(Yuan & Medel, 2016; Zhou, Xu, & Kimmons, 2015) and opens new
possibilities for location based analysis (Sun, Fan, Helbich, & Zipf,
2013). Because Flickr data is freely available and has good spatial
coverage, it solves several of the shortcomings (small sample sizes,
static nature of yearbook data, etc.) associated with alternative data
sources such as surveys, statistical yearbooks and online travel notes.
Therefore, Flickr data has been utilized, for example, as a reliable in-
dicator of the perceived image of destinations (Donaire, Camprubí, &
Galí, 2014), to investigate the seasonality of tourism (Sun et al., 2013)
and as a reliable source of data for market studies of tourism con-
sumption (Iñiguez, Plumed, & Martinez, 2014; Latorre-Martínez,
Iñíguez-Berrozpe, & Plumed-Lasarte, 2014). Further, with regard to
data quality, for example, Wood, Guerry, Silver, and Lacayo (2013)
demonstrate that Flickr data is a reliable data source for estimating
tourist attraction visit rates, Girardin et al. (2008) compare Flickr and
actual ticket data to show that Flickr data can be used as an index to
reflect actual travel demand and number of tourists, Tenkanen et al.
(2017) utilize Flickr data to show that visitation patterns based on so-
cial media data match relatively well with the official visitor counts in
Finnish and South African nature reserves, while Cao et al. (2010) use
Flickr data to build a global travel recommendation system to find
tourism destinations of interests. As a point of departure, this paper
aims to go (methodologically) beyond the existing literature on Flickr
data and tourism (as discussed in greater detail below) by solving the
problem of multiple sightseeing points in the tourism Area of Interest
(AOI) extraction, and by incorporating perspectives from complex
networks literature to the study of inbound tourism flow.

To use Flickr data to research inbound tourism flow in a regional
scale it is necessary to extract the AOI of the destination city. Different
from administrative divisions with clear boundaries, usually, an AOI
contains multiple Point of Interest (POI). Therefore, the boundaries of
AOI are often ambiguous: they may contain different types of areas,
such as urban landmarks, commercial centers, recreational areas and
scenic spots. In short, AOI is a complex of multiple functional types
(Kuo, Chan, Fan, & Zipf, 2018) and, therefore, it is necessary to extract
AOI through spatial clustering (Han & Lee, 2015). The most commonly
used spatial clustering algorithms are K-Means Macqueen (1965),
Mean-Shift (Comaniciu & Meer, 2002), Grid clustering (Wang, Yang, &
Muntz, 1997), and density clustering (Ester, Kriegel, Sander, & Xu,
1996). For example, perform spatial clustering using the Flickr global
data set and K-Means algorithm, Cao et al. (2010) use the Flickr global
data set to recommend global travel-related AOI using the Mean-Shift

clustering method, while Feick and Robertson (2015) utilize Flickr data
to extract AOI using hexagonal mesh clustering.

However, because the shape of AOI is irregular, clustering methods
based on centroid and mesh are not suitable for AOI extraction.
Therefore, most scholars use density clustering algorithm to extract
AOI. For example, Hu et al. (2015) use Flickr data to extract AOI from
different cities using DBSCAN (Density-Based Spatial Clustering of
Applications with Noise) algorithm, Kisilevich, Mansmann, and Keim
(2010) use Flickr data to solve the nonidentity of numbers between
photos and visitors using P-DBSCAN algorithm, and Du, Dong, Huang,
and Ren (2016) use Flickr data to cluster AOI using the C-DBSCAN
algorithm based on geographic knowledge background constraints.
However, since density clustering algorithms cannot explain the clus-
tering of different densities through fixed neighborhood radius, re-
searchers need to adjust the threshold of neighborhood radius and set
minimum number of samples. Campello, Moulavi, and Sander (2013)
have solved the multi-density clustering of DBSCAN by using HDBSCAN
(Hierarchical Density-Based Spatial Clustering of Applications with
Noise) algorithm. By converting DBSCAN into a hierarchical clustering
algorithm, the user input is reduced to only one minimum cluster size.
However, when using the HDBSCAN algorithm to extract the tourism
AOI, there will still be clustering results that split the same AOI into
multiple sightseeing points. Plasacristan, Gonzalezdiaz, Martinezcortes,
and Diazdemaria (2019) used Gauss-Kernel-Density-based K + V-
DBSCAN to solve this multi-density clustering problem by utilizing an
improved DBSCAN algorithm to investigate tourist destination land-
marks. However, the same AOI has many photo gathering areas, i.e.
sightseeing points; if extracting tourism AOI through HDBSCAN and
K + V-DBSCAN algorithms, the same tourism AOI could be divided into
several sightseeing points. Therefore, other factors (e.g. urban road
network) need to be considered to improve clustering accuracy.

When studying flow patterns of tourists between AOI, most re-
searchers choose to investigate tourist routes between AOI by adopting
such methods as Markov chains (Xia, Zeephongsekul, & Arrowsmith,
2009), cluster analysis (Asakura & Iryo, 2007), and sequential pattern
mining (Jankowski, Andrienko, Andrienko, & Kisilevich, 2010). In-
bound tourism flow has been classified, for example, by Önder (2017)
who apply the improved LCF (Lue-Crompton-Fesenmaier) model with
data from AustriaÖnder (2017), Vu, Li, Law, and Ye (2015) who use the
Markov chain with data from Hong Kong and Qin et al. who utilize
Markov random chain with data from Beijing (Qin et al., 2018). How-
ever, most of the above studies are qualitative: they analyze the types of
tourism flows between AOI in a static setting, but do not quantitatively
verify the dynamic network characteristics of tourism flows.

Consequently, complex network theory can provide a new per-
spective for inbound tourism flow research (Wu, Zhou, Xia, Chen, & Yu,
2018). A complex network can be described as “a network with non-
trivial topological features and patterns of connections between their
elements that are neither purely regular nor purely random” (Iñiguez
et al., 2014). While there are some related examples – by applying
complex networks theory, Miguéns and Mendes (2008) build a global
travel network and discuss the importance of tourist area weights to
global travel network connections, Baggio and Cooper (2010) use
complex network analysis methods to study the competitiveness of
tourism destinations, while Wu et al. (2018) introduce a complex net-
work to construct an inbound tourism flow network for the city of
Beijing for tourist route prediction and bus route design – the oppor-
tunities offered by the complex networks approach (see Baggio, Scott, &
Cooper, 2010 for a review of network methods in the field of tourism)
for the study of tourism flows have thus far mostly been restricted to
related studies on transport systems (Tsiotas & Polyzos, 2015; Wang,
Mo, Wang, & Jin, 2011). Moreover, the above research has not yet
analyzed the dynamic evolution process of the inbound tourism flow
network by showing how inbound passenger flow change.

Therefore, this study proposes a research framework for the spatio-
temporal distribution and change of inbound tourism flow by adopting
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R-HDBSCAN (Road network constraint Hierarchical Density-Based
Spatial Clustering of Applications with Noise) algorithm to extracts the
tourism AOI and by using the complex network studies as a reference
for the spatio-temporal evolution characteristics of the inbound tourism
flow network. The study, thus, has two main contributions to the ex-
isting literature. First, it solves the problem of multiple sightseeing
points in the tourism AOI extraction, and, second, it also studies the
inbound tourism flow changes from the perspective of complex net-
works.

3. Methodology

3.1. Sample

Shanghai is one of the four municipalities in China, which act as
centers for China's technology, trade, information, finance and ship-
ping. In 2017, Shanghai's GDP was ranked first in China and second
among all Asian cities. It is a world-famous international metropolis
(Deng, Liu, Dai, & Li, 2019) and a tourist destination with many famous
attractions, such as Oriental Pearl, Nanjing East Road and the Bund. In
2018, the number of foreign tourists in Shanghai was 6,859,000.1

3.2. Data sources

Flickr is a widely used Internet photos sharing website (https://
www.flickr.com/). It was founded in 2004, and the openness of its
massive photos data has made it a recognized data source for social
science research (Thomee et al., 2016). In addition to photo content
data, Flickr photos usually contain descriptions of the photos them-
selves, that is, Metadata, which records auxiliary information such as
photos number (Pid), photographer (Oid), shooting time (P_date),
longitude (Lon), latitude (Lat), and user information (User_info). By
utilizing Flickr API interface, this paper obtains the geotagged Flickr
photos and their attribute data from January 1st, 2004 to December
31st, 2018 in Shanghai area (120.9327°E~122.2339°E,
30.6014°N~31.8480°N) resulting in a total of 639,895 data points of
inbound tourists by screening the nationality of foreign visitors from
the available user information (see also Appendix). The distribution of
Flickr photos of all inbound tourists in Shanghai is shown in Fig. 1.

3.3. Research framework on inbound tourism flow

This paper proposes a research framework based on Flickr data for
analyzing the spatio-temporal distribution and change of inbound
tourism flow. Our framework includes, first, the adoption of R-
HDBSCAN to obtain urban tourism AOI, extract AOI clustering center
and construct inbound tourism flow network. Second, complex network
indicators (such as node degree, average shortest path length and
clustering coefficient) are used to calculate the topology and the
characteristics of evolution of inbound tourism flow network. An
overview of the research framework is shown in Fig. 2. The steps (data
cleaning, the extraction of the AOI with R-HDBSCAN, building the
network of inbound tourism flow and calculating network indexes)
included in our research framework are discussed in greater detail
below.

3.3.1. Data cleaning
Flickr data often has some errors in location and time. Therefore,

this paper applies specific rules to clean the data. An overview of the
data cleaning procedure (five rules) and the subsequent loss of data
after each step of data cleaning are presented in Table 1. After im-
plementing all our five cleaning rules, we have obtained 666,970 valid

records (photos) from 6589 foreign tourists.
To be more precise our data cleaning rules are as follows: 1) When

acquiring data through the API interface, this paper divides Shanghai
into 50*50 grids according to the longitude and latitude range and
obtains 639,895 original points. However, there is repeated data at the
junction of each block of data, that is, data repeated by Pid are re-
moved. 2) For an individual visitor, data recorded at same point in time
but at different location is recorded as incorrect, because the same
visitor cannot be present in different locations at the same time. 3) A
considerable part of the photos may be taken by resident foreigners
such as international students (Ma et al., 2018; Manrique-Sancho et al.,
2018). If the time interval between the first and last photos taken by a
user is more than one month, the photographer is determined to be a
resident foreigner and excluded from our sample. Otherwise the pho-
tographer is determined to be a tourist and included in our sample. 4) If
the same user is in the same position and the photos are repeatedly
taken within one minute, it is concluded that the user repeats the
shooting data, which are removed from the sample. 5) For the purposes
of establishing an inbound tourism flow network, only locations with
photos from at least two visitors are chosen, while removing “lone
point” data.

3.3.2. The extraction of AOI tourism

(1) HDBSCAN

HDBSCAN algorithm is a combination of hierarchical clustering and
density clustering, which uses variable mutual reach distance to sepa-
rate clustering results of different densities from sparse noise points
(Campello et al., 2013; Mcinnes & Healy, 2017; McInnes et al., 2017).
The mutual reach distance d a b( , )mreach k is defined:

=d core a core b core a bmax{ ( ), ( ), ( , )}mreach k a b k k k( , ) (1)

Here, core a( )k represents the cluster radius in the DBSCAN algorithm of
a under the conditions of minimum clustering parameter k. while
d a b( , ) indicates the Euclidean distance between a and b. Through
using d a b( , )mreach k distance matrix, HDBSCAN generates a tree dia-
gram, as shown in Fig. 3.

By introducing the concepts of cluster stability, which measure the
persistence of a cluster at each level of the tree diagram construction,
the cluster extraction task is regarded as an optimization problem. For a
given cluster, we can define values birth and death to be the value when
the cluster split off and became its own cluster; p is the value at which
that point fell out of the cluster. This cluster stability is defined as:

( )
p cluster

p birth
(2)

When extracting the HDBSCAN cluster center we can see that some
of the identified tourism AOI contain multiple sightseeing points. When
clustered, a tourism AOI will, thus, be divided into several parts, as
shown by the example of the clustering results of Nanjing East Road,
Lujiazui, Expo Park and Yu Garden (Fig. 4): the multiple sightseeing
points on each map actually present the same tourism AOI surrounded
by urban secondary roads. Therefore, this paper adopts the R-HDBSCAN
algorithm to solve the above problems.

(2) R-HDBSCAN

The specific description of the R-HDBSCAN algorithm is as follows
(see also Appendix):

(1) Obtain the original cluster center by using the HDBCAN algorithm.
(2) Obtain the urban block plot by utilizing the urban secondary road

network.
(3) Obtain the final cluster center by spatially associating the urban

block plot with the original cluster center, and constraining the
1 http://lyw.sh.gov.cn/lyj_website/HTML/DefaultSite/lyj_xxgk_lytj_2018/

2019-03-25/Detail_141455.htm.
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original cluster center based on the urban secondary road network.
Definition 1. City block plot:

The urban block plot is generated according to the urban secondary
road network segmentation, A city block plot can be expressed as

=B i N( 1,2..., )i . Here, N is the serial number of the parcel. The steps for
generating it are as follows: under the premise of retaining the con-
nectivity of the road, the center line of the city's secondary road net-
work is extracted to simplify the interpretation. The city's secondary
road network is used to divide the land parcels and the simplified land

elements are processed.

Definition 2. Original cluster center

The original cluster center obtained using HDBSCAN can be ex-
pressed as =C i N( 1,2..., )i . Here, N is the number of the original cluster
center.

Definition 3. Spatial association rules:

Each city block Bi may contain 0, 1 or more original cluster centers

Fig. 1. The distribution of Flickr photos in Shanghai (source: authors' elaboration from Google Map).

Fig. 2. The research framework on inbound tourism flow based on Flickr data (source: authors' elaboration).

Table 1
The results of data cleaning.
source: authors' elaboration.

Cleaning condition Field selection condition Remaining amount of data points Number of foreign tourists the photos
belong to

Repeated obtaining Pid is the same 632,684 26,895
Error data of the same user Lat, Lon, Oid, and P_date are the same 610,447 26,895
Excluding international students Staying longer than 1 month 320,329 25,367
Repeated data captured by the same user Lat, Lon, Oid are the same, and the interval is less

than 1 min
239,620 16,672

Solitary point data Oid is the same and the total number of Pid is less
than 2

66,970 6,589
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CiCi. When Bi contains more than two Ci, these Ci will be treated as
different sightseeing points for the same AOI. According to the four-
intersection model (Egenhofer & Franzosa, 1991), city block plot Bi and
original clustering center Ci can be regarded as a polygon and a point
entity in a two-dimensional space respectively, and the spatial re-
lationship between the two entities can be determined by whether the
intersection of the boundary and the internal space of the two is empty
(ϕ) or non-empty (-ϕ). If K and K 0 represents the boundary and in-
terior space respectively, then the boundary and internal space of Bi
and Ci can be expressed as B, B0 and C, C0, and the relationship
between the four groups is expressed as:

=SR B C B C B C
B C B C

( , )i i4
0

0 0 0 (3)

If =SR B C( , )i i4 , then it is considered that the block of

the city block Bi contains the original cluster center Ci.

3.3.3. Network of inbound tourism flow

(1) Construction of complex network

In addition to tourist attractions, this paper also retains some hot
spots closely related to tourism, such as airports, hotels, shopping malls,
etc. to fully present the distribution of tourism flow, and to regard the
cluster centers of these AOI as nodes in complex networks. According to
the time sequence of inbound tourists visiting AOI, the travel route of
each inbound tourist is generated. If the travel route of a tourist is
{Bund→Nanjing East Road→Yu Garden→Oriental Pearl→Expo Park},
the travel route between any two tourism AOI is regarded as the un-
directed edge between the pairs of nodes in the network, and the
number of the tour paths is the weight of the edges in the network.

(2) Computation of complex network indicators

In a complex network, node degree reflects the importance of nodes
in the network, the shortest path length reflects the average distance
between any node and the overall efficiency of the network, and clus-
tering coefficient reflects the tight connection of nodes in the network
(Mou et al., 2018). These indicators are applied here to assess the status
of tourism AOI and the structural characteristics of Shanghai inbound
tourism flow network.

1) Node degree and weighting

The degree of a node is defined as the number of connections be-
tween a node and other nodes. The greater the degree of a node is, the
more important this node is in the network. The calculation formula of
the node degree is as follows (Barrat, Barthelemy, Pastor-Satorras, &
Vespignani, 2004):

Fig. 3. The tree diagram generated by distance matrix (source: McInnes, Healy,
& Astels, 2017).

Fig. 4. An example of HDBSCAN clustering results for Fkickr data (source: authors' elaboration).
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=
=

d Li
j

n

ij
1 (4)

Here, Lij is the number of edges between node i and j, and n is the total
number of nodes.

In the inbound tourism flow network, the weighting degree can
reflect the frequency of contact between various scenic spots in
Shanghai. The calculation formula of the weighting degree is (Li, Xu, &
Shi, 2015):

=S Wi
i N

ij
i (5)

Here, Ni is a collection of adjacent points of node i, and Wij is the weight
of the side for connecting node i and node j, that is, the number of
inbound tourists. If the node i and node j have no connections, =W 0ij .

2) Average shortest path length

The average shortest path length of the network is defined as the
average of the distance between any two nodes. The formula is as fol-
lows (Yang & Knoke, 2001):

=
<

L
C

d1
N i j N

ij2
1 (6)

Here, dij indicates the number of sides of the node's shortest path
connecting node i and node j. When there is no connection between
node i and node j, dij is considered infinite. For inbound tourism flow
networks, the smaller the L is, the smaller the number of tourism AOI
that need transiting during the tour, and the higher the accessibility of
the inbound tourism flow network.

3) Clustering coefficient

The ratio of the number of edges Ei that actually exist between the ki
neighbor nodes of node i and the total number of possible sides Ck

2
i is

defined as the clustering coefficient of the node. The formula is (Opsahl
& Panzarasa, 2009):

=C E
Ci

i

k
2
i (7)

The clustering coefficient of the node indicates the tightness of the
interconnection between the nodes in the network. The larger the ratio,
the higher the proportion of the nodes directly connected in the local
area where the node is located, and higher the number of tourism AOI
for the inbound tourists to choose from. Clustering coefficient of the
entire network C represents the average of the clustering coefficients of
all nodes in the network summary. The formula is as follows (Newman,
2003):

=
=

C
N

C1

i

N

i
1 (8)

4. Results

4.1. Temporal characteristics

The Flickr data is counted separately by year and month to calculate
the number of photos by inbound tourists. As shown in Fig. 5(a), the
number of photos by inbound tourists reached its peak in 2010 (the
World Expo was host from May to October of that year). During the
period from 2004 to 2009, the number of photos by inbound tourists
was very small but growing. From 2010 to 2013, the number of photos
by inbound tourists increased after a short-term decline, but since 2013,
the number has declined steadily. Therefore, we divide our observa-
tions on Shanghai tourism into three periods, namely, the pre-World

Expo period (2004–2009), the World Expo and the subsequent “heat
period” (2010–2013) and the post-World Expo period (after 2013).
According to the monthly statistics of the total number of photos by
inbound tourists from 2004 to 2018, we can see that inbound tourism in
Shanghai has obvious seasonal characteristics. As shown in Fig. 5(b),
inbound tourists choose to travel to Shanghai in March–May and Sep-
tember–November, because this period is the most suitable months in
terms of the weather in Shanghai.

The overall staying time of inbound tourists from 2004 to 2018 in
our Flickr data is shown in Fig. 6(a). Visitors staying for one day ac-
counted for 69.79%, and tourists staying for two days accounted for
11.9%, with a distinct long-tailed distribution, which indicates that the
vast majority of tourists are short-haul tourists (Shanghai with its two
busy international airports is a well-known transfer place for inbound
tourists). According to the three stages obtained from the character-
istics of annual variation, the inbound visitors' stay time in the pre-Expo
period, the World Expo and the subsequent “heat period” and the post-
World Expo period are calculated respectively:as shown in Fig. 6(b), (c)
and (d), the length of stay of inbound tourists do not change sig-
nificantly.

4.2. Spatial characteristics

The urban secondary road network used for road network con-
straints is shown in Fig. 7(a). The obtained urban block plots are shown
in Fig. 7(b), while Fig. 7(c) shows the urban plots on both banks of the
Huangpu River. A total of 161 tourism AOI cluster centers were ob-
tained by the R-HDBSCAN algorithm. The cluster centers are shown in
Fig. 7(d).

The results of spatial clustering reveal the spatial distribution,
shown in Fig. 8, of the main tourism AOI in the Shanghai Third Ring
Road area. The figure reveals that the tourism AOI are mainly dis-
tributed within the outer ring line. The tourism AOI within the inner
ring line are highly concentrated, mainly on the banks of the Huangpu
River, including AOI such as the Bund, Nanjing East Road, Yu Garden,
Oriental Pearl, Nanjing West Road, Tianzifang, Jing'an Temple,
Zhongshan Park and Xujiahui. Contrarily, the number of tourism AOI in
the outskirts of the city is small and the few AOI are scattered. These
AOI include, for example, Lushan National Forest Park, Drip Lake,
Dongping National Forest Park on Chongming Island and Xisha Wet-
land. The number of inbound tourists in the AOI decreases when
moving away from the city center (the Bund and Yu Garden) to more
faraway AOI.

4.3. Network characteristics

4.3.1. Network characteristics of Shanghai inbound tourism flow
With the extracted tourism AOI data from Flickr, we can construct

Shanghai inbound tourism flow network, which is shown in Fig. 9:
The basic characteristics, as informed by indicators derived from the

complex network theory literature, of the inbound tourism flow net-
work in Shanghai are shown in Table 2. Altogether, we identified 161
tourism AOI cluster centers and 601 sightseeing routes with our Flickr
data. The average tourism AOI value of the entire inbound tourism flow
network (based on equation (4)) is 6.642, indicating that the average
number of tours through any of the AOI in the Shanghai inbound
tourism network is about six; i.e. on average tourists visit six AOI. The
average weighting degree (based on equation (5)) is 11.034; i.e. on
average a tourist route, in our Flickr data, in Shanghai has 11 travelers.
The average shortest path length of inbound tourism flow network
(based on equation (6)) is 2.259, while the average clustering coeffi-
cient (based on equation (8)) of the network is 0.587 Thus, since the
inbound tourism network has a small average shortest path length
(2.259) and a large clustering coefficient (0.587), the Shanghai inbound
tourism flow network can be seen as a small world network (Watts &
Strogatz, 1998).
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Fig. 5. Number of photos by inbound tourists to Shanghai in 2004–2018 (source: authors' elaboration).

Fig. 6. Length of stay of inbound visitors (source: authors' elaboration).
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The degree value and degree distribution curve of each tourism AOI
is shown in Fig. 10. The largest node degree value in the network is 83.
The node degree distribution of the Shanghai inbound tourism flow
network basically satisfies the power rate distribution. As such, the
Shanghai inbound tourism flow network has scale-free characteristics,
indicating that most tourists are concentrated in a few of the most
popular tourism AOI.

4.3.2. Dynamic characteristics of inbound tourism flow in Shanghai
The changes in Shanghai's top-10 inbound tourism AOI and the

main tour routes are shown in Tables 3 and 4.
The results of the visualization of the complex network structure of

the inbound tourism flow network under the designated three time
periods of the pre-World Expo period, the World Expo and the sub-
sequent “heat period” and the post-World Expo period are shown in
Figs. 11–13.

(1) During the pre-World Expo period, the preferred AOI for inbound
tourists are the Bund, Nanjing East Road, Yu Garden and People's
Square. The main sightseeing route were located between the Bund
and Yu Garden, the Bund and Nanjing East Road, the Bund and the
Oriental Pearl. The links between the AOI were weak, which shows

that before the World Expo, Shanghai's inbound tourists was mainly
concentrated in the Bund, Yu Garden and Nanjing East Road.

(2) During the World Expo and the subsequent “heat period”, the link
between the Bund and the World Expo became the most important
tourist route for Shanghai's inbound tourism. Thus, the hosting of
the World Expo undoubtedly changed the structure of the Shanghai
inbound tourism network. It can, thus, be concluded that World
Expo played a positive role in promoting Shanghai tourism.

(3) In the post-World Expo period the Shanghai inbound tourism net-
work becomes more complicated. In addition to the traditional
“best performing” AOI such as Bund, Yu Garden, Nanjing East Road,
Expo Park, Oriental Pearl, there are now also emerging tourism AOI
such as Tianzifang, Lujiazui, Zhongshan Park and Jing'an Temple.
This indicates that the scale of inbound tourism in Shanghai is
constantly expanding, the number of tourist routes is increasing and
that tourist have more AOI to choose from.

5. Discussion

The number of tourists counted according to Flickr data show a
distinct peak during the World Expo and the subsequent “heat period”.
However, these peak figures have started to gradually decrease during

Fig. 7. R-HDBSCAN clustering results of Flickr data (source: authors' elaboration).
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the post-World Expo period (after 2013). Additionally, the World Expo
influenced the tourism industry of Shanghai, by expanding the number
of popular more AOI visited by inbound tourists. This is in line with
earlier notions indicating that large-scale international events (at the
Expo level) can help to shape the image of the host country and the
government (Chen, 2012). However, the popularity of the Shanghai
World Expo lasted for three years only, and thus, for example, Xue,
Chen, and Yu (2012) believe that while the World Expo improved the
attitude of overseas media towards Shanghai, a single event, like the
World Expo, will not have long-term effects.

Notwithstanding, the World Expo was an excellent window and
business card to introduce China and Shanghai to the world. It also
promotes cultural exchanges between countries and attracted high
numbers of overseas visitors. The Expo Pavilion itself also became a
new popular tourism AOI. Still, inbound tourists are only interested in a
few main AOI, which can be divided into two categories: 1) the tradi-
tional tourism AOI with high visibility in the destination city, such as
the Bund, Nanjing East Road and Yu Garden, 2) the Expo Exhibition
Hall and Expo Park developed for the World Expo. This indicates that
inbound tourists might not know enough about Shanghai's tourism re-
sources. At the same time tourist might also have time constraints:
visitors staying only for a short period of time are more likely to visit
(only) the most central AOI in Shanghai. Therefore, Shanghai should
strengthen the links between the tourism AOI of the central city by
developing a more suitable tourist route for short-term trips for max-
imizing the income from inbound tourists.

Fig. 8. Distribution of main tourism AOI in the Third Ring Road area (source: authors' elaboration).

Fig. 9. Shanghai inbound tourism network (source: authors' elaboration).

Table 2
Basic characteristics of Shanghai inbound tourism flow network.
source: authors' elaboration.

Network name Network Type Number of
AOI

Tour path Average Average
weighting

Average shortest
path

Network
diameter

Average clustering
coefficient

Overall network Undirected 161 601 6.642 11.034 2.259 3 0.587
Pre-World Expo period Undirected 153 516 5.96 10.03 1.595 3 0.515
World Expo and subsequent “heat

period”
Undirected 154 568 6.804 13.055 2.991 3 0.687

Post-World Expo period Undirected 161 601 6.625 11.953 2.744 2 0.593
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Shanghai's inbound tourism flow network is a small-world network.
By changing a few key nodes, the characteristics of the network can be
drastically changed. For example, owing to the hosting of the World
Expo, the number of visiting routes increases by 52 and the average
clustering coefficient increases from 0.515 to 0.687. The distribution of
AOI (nodes) and tourist routes (edges) of the inbound tourism flow
network follows a general power law distribution: in Shanghai 87.78%
of foreign tourists concentrating in the top 20 popular AOI, while only
12.22% of tourists visited “non-hot” AOI. The structure of the inbound
tourism flow network is relatively stable: the Bund, Nanjing East Road
and Yu Garden have consistently been the most important tourist nodes
during the time period analyzed in this paper. An interesting side no-
tion is that the globally famous theme park, Shanghai Disneyland
(opened in 2016) has not yet reached the status of a popular inbound

tourism AOI. The main reason behind this observation may be that
there are five other Disneyland in the world (California, Orlando, Hong
Kong, Tokyo, and Paris). Therefore, Shanghai Disneyland does not have
the unique charm of Shanghai, since inbound tourists want to experi-
ence a different culture from their own country and broaden their
horizons and experience different customs. Shanghai should vigorously
develop tourism AOI with Chinese elements and Shanghai character-
istics and hold corresponding international tourism events.

In terms of the advantages of our proposed research framework, we
can conclude that, first, our decision to adopt the R-HDBSCAN algo-
rithm to investigate Flickr data and tourism solves the problem of
multiple sightseeing points in the tourism AOI extraction. Second, the
incorporation of indicators derived from the complex network theory
literature into our analysis provides us with novel insights into the
dynamics and characteristics of the inbound tourism flow network that
can benefit:

1) Inbound tourists to understand the layout of tourism AOI for im-
proved route planning.

2) Travel companies to develop travel routes and tourist products.
3) Tourism administration to understand the travel characteristics of

foreign tourists for improved of tourism space layout design and
more accurate destination marketing.

The limitations of this study are as follows: 1) Flickr is more popular
in Western countries than in e.g. African or Asian countries, 2) data
coverage of online photography is far from perfect, since not all tourists
post photos online (Lo, Mckercher, Cheung,& Law, 2011), 3) visiting
paths might be missing from the data, since if a tourist does not take a
photo in a certain AOI, the generated path does not pass through that
AOI resulting in a small deviation in the node and edge weight calcu-
lation. In response to the above issues, the next step for further and

Fig. 10. Degree value and degree distribution curve of AOI (source: authors' elaboration).

Table 3
The ranking of Shanghai's inbound tourism AOI.
source: authors' elaboration.

Ranking Pre-World Expo
period

World Expo and subsequent
“heat period”

Post-World Expo
period

1 The Bund Expo Park The Bund
2 Nanjing East Road The Bund Nanjing East Road
3 Yu Garden Nanjing East Road People's Square
4 People's Square People's Square Yu Garden
5 Pudong Airport Yu Garden Oriental Pearl
6 Nanjing West

Road
Oriental Pearl Expo Park

7 Tianzifang Pudong Airport Tianzifang
8 Oriental Pearl Tianzifang Pudong Airport
9 Jing'an Temple Nanjing West Road Lujiazui
10 Hongqiao train

station
Hongqiao train station Nanjing West Road

Table 4
The ranking of Shanghai's main tourist routes.
source: authors' elaboration.

Ranking Pre-World Expo period World Expo and its continuous subsequent “heat period” Post-World Expo period

1 The Bund—Yu Garden The Bund—World Expo The Bund—Yu Garden
2 The Bund—Nanjing East Road The Bund—Yu Garden The Bund—Nanjing East Road
3 The Bund - Oriental Pearl The Bund-Nanjing East Road The Bund — Oriental Pearl
4 The Bund— People's Square The Bund—Oriental Pearl The Bund—People's Square
5 The Bund—Pudong Airport The Bund—People's Square The Bund—Expo Park
6 Yu Garden—Nanjing East Road The Bund—Pudong Airport The Bund—Pudong Airport
7 Yu Garden—Oriental Pearl Yu Garden—World Expo Yu Garden—People's Square
8 Yu Garden—People's Square Yu Garden—Tianzifang Yu Garden—Nanjing East Road
9 Yu Garden—Pudong Airport Yu Garden—Oriental Pearl The Bund—Tianzifang
10 Nanjing East Road —Oriental Pearl Yu Garden—Nanjing East Road The Bund—Nanjing West Road
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more accurate analysis would be to combine data from other social
media sites (such as Twitter and Facebook), foreign travel evaluation
website data (such as Tripadvisor) and mobile phone signaling data of
inbound tourists into a single comprehensive dataset. This would
greatly enhance the accuracy of analysis on spatio-temporal changes of
inbound tourism flow networks.

6. Conclusion

This paper proposes a framework for studying spatio-tempora dis-
tribution and change analysis of inbound tourism flow with data
gathered from Flickr. The framework combines the R-HDBSCAN algo-
rithm with relevant complex network computing indicators. The R-

HDBSCAN algorithm solves the problem of multi-sight points in the
traditional density clustering algorithm for extracting AOI, and thus,
improves the clustering accuracy. The application of indicators derived
from the complex network theory literature further expand our
knowledge on the spatio-temporal evolution processes of inbound
tourism flow network, as shown here with a case study example from
Shanghai, China. By applying the proposed framework to the case of
Shanghai and utilizing Flickr data we obtained the following result: the
World Expo was an important turning point in the spatio-temporal
characteristics of Shanghai's inbound tourism flow network, since it
expanded the number of popular AOI, and subsequently tourist routes,
while it also signaled a peak in the number of inbound tourists visiting
Shanghai.

Fig. 11. The network structure in pre-World Expo period (source: authors' elaboration).

Fig. 12. The network structure in World Expo and subsequent “heat period” (source: authors' elaboration).
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To conclude, it can be stated that the proposed research framework
is feasible. Thus, it can be applied to other geotagged photo and social
media data. The analysis can also be expanded from the intra-regional
scale, adopted in this paper, into inter-regional contexts to investigate
tourism flows between cities or regions.
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