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Understanding attractions’ connection patterns
based on intra-destination tourist mobility: A
network motif approach
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Tourist movement patterns among attractions are complex and variable, and understanding

such patterns can help manage tourist destinations more effectively. However, previous

studies on tourist movement utilising complex networks have not explored the network motif

approach comprehensively. Therefore, we adopted a network motif approach using social

media data to extract and analyse motifs in a city network. This study analyses the attractions

corresponding to the nodes in each motif, revealing the connection patterns between these

attractions. We also discuss motifs between attractions with different types and titles.

Popular attractions play a significant role in a local network while other attractions serve

distinct functions within the network. This study’s findings enhance the significance of net-

work motifs in examining tourist movement and deepen the understanding of recurring

movement patterns between attractions. Moreover, they assist managers in developing

policy tools for intelligent tourism destination marketing and planning that cater to tourists’

needs.
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Introduction

Tourism has emerged as a leading economic activity
worldwide, surpassing certain traditional industries and
serving as a pivotal catalyst for international and regional

economic growth. Specifically, urban tourism constitutes the
cornerstone of contemporary tourism and has reached an
advanced stage of competitive growth (Cárdenas-García et al.,
2024; W. Su et al., 2003). Tourism has generated business pro-
spects for numerous companies within renowned tourist cities
such as Paris, New York, and Tokyo, simultaneously creating
many employment opportunities for the urban population and
infusing consistent economic vibrancy into such destinations
(Hassan, 2000). Contemporary tourists’ movements in cities are
no longer bound by rigid schedules or fixed itineraries, and their
temporal and spatial flexibility is highlighted by their mobility
patterns. John Urry’s ‘new mobility paradigm’ focuses on such
changing nature of mobility (Korstanje, 2018; Merriman, 2012;
Tzanelli, 2021; Urry (2008)).

The rapid development of information and communication
technologies has led to the widespread popularisation of mobile
terminal devices equipped with positioning technology. The large
amount of user location data collected by these devices has sig-
nificantly enhanced our understanding of tourist mobility over
the past two decades (Chen et al., 2022; Chuang, 2023; Jiang &
Phoong, 2023; Leng et al., 2021; Nguyen & Nguyen, 2023; Park
et al., 2023; Xu et al., 2024). By leveraging these datasets, diverse
research methods and theories have been used to investigate
tourist mobility, including geographic information systems (Lau
& McKercher, 2006), time geography (Grinberger et al., 2014;
Xiao-Ting & Bi-Hu, 2012), and Markov chains (Vu et al., 2015;
Xia et al., 2009). Tourism researchers have attempted to under-
stand the essence of tourist mobility because it plays a key role in
attraction marketing, event planning, and the management and
design of attractions in cities. Understanding tourist mobility with
a city as a single destination can help managers make refined
decisions compared to tourist movement on a larger scale, such as
movement between destinations. Notably, a prevalent trend
involves the aggregation of individual-level mobility data into
networks, which serve as a basis for analysing the topological
structure of attraction systems (Vu et al., 2015).

Tourist mobility data correspond to a network structure in
which tourist attractions are nodes and the spatial movement
between two attractions represents bonds (Kang et al., 2018).
Consequently, network analysis is a data mining technique that
has been widely used to extract the connection patterns estab-
lished between attractions as tourists move through a geo-
graphical space (García-Palomares et al., 2015; Han et al., 2018;
Leung et al., 2012; Mou et al., 2020a; Peng et al., 2016; Xu et al.,
2022; Zeng, 2018). Understanding the network characteristics of
tourist attractions has practical implications for the competi-
tiveness, management, and planning of tourist attractions
(Stienmetz & Fesenmaier, 2015).

Nevertheless, most current literature employing social network
analysis relies on descriptive measurements to analyse tourist
mobility patterns. However, this approach hampers the assess-
ment of the reliability and validity of the identified patterns (Park
& Zhong, 2022). This study emphasises the concept of network
motifs. These motifs are characterised as recurring and statisti-
cally significant subgraphs within a larger graph. As a crucial
research task in complex network theory (Ahmed et al., 2017),
motifs reveal functional properties based on the structural traits
of network systems. Examining motifs in tourism networks
enhances the understanding of how destinations are connected,
how tourists move between destinations and how tourism policies
affect network structure and dynamics. Moreover, in comparison
with the travel motifs applied in previous studies (Park & Zhong,

2022; Yang et al., 2017), network motifs provide greater insight
into individual tourist mobility at the aggregation level. Conse-
quently, motifs can be useful in identifying the most influential or
central destinations in tourism networks.

In summary, this study answers the following three questions:
(1) What types of motifs do attractions constitute? (2) How are
motifs linked to specific attractions? (3) How do motifs relate to
attraction attributes? As the first study to use network motifs to
examine tourist movement in a group manner, we select Suzhou
City as the case study area and adopt social media data to extract
tourists’ movements, which makes it easy to connect the nodes of
the network with specific attractions. This paper proceeds as
follows: The Literature Review section, as its name implies, pre-
sents a review of relevant studies on tourist mobility and network
motifs. The Methodology section presents the dataset used in this
study and the motif discovery method that we used to analyse it.
The Results section presents an analysis of the results of motif
discovery. In the Discussion section, we discuss this study’s
results and implications for tourism. The Conclusion section
presents the conclusions of the study.

Literature review
Research on network motifs. Network motifs are defined as
patterns of interconnections occurring in complex networks at
numbers that are significantly higher than those occurring in
randomised networks (Milo et al., 2002). Motifs can characterise
the dynamic and functional behaviour of a network, therefore
enabling the classification of networks based on statistical analysis
(Roy et al., 2023). Network motifs have practical implications for
social relationships, protein complexes, and information infra-
structures (Yu et al., 2020). Current methods for discovering
network topics can be divided into two categories: network-
centric and motif-centric approaches. Network-centric methods
enumerate all subgraphs in a network, such as Mfinder (Kashtan
et al., 2002), FanMod (Wernicke & Rasche, 2006), Kavosh
(Kashani et al., 2009) and G-tries (Ribeiro & Silva, 2010). Con-
versely, approaches such as Grochow (Grochow & Kellis, 2007)
and MODA (Omidi et al., 2009) are motif-centric. Based on
subgraph symmetry, motif-centric methods search for a single
query graph and then map frequencies rather than
enumerate them.

Regarding the application of complex network science in the
field of tourism, previous studies examine tourist flow networks
from the perspective of inter-destination (Liu et al., 2017; Peng
et al., 2016; Shih, 2006; Wang et al., 2020) and intra-destination
(Gao et al., 2022; Hwang et al., 2006; Leung et al., 2012; Mou
et al., 2020; Zeng, 2018; Zheng et al., 2021). Summarising these
previous studies, two common types of metrics can be identified:
network- and node-based metrics. Network-based indicators
include density, efficiency, diameter, average shortest path,
average clustering coefficient, and centralisation. Node-based
metrics include degree (out and in), degree centrality (out and in),
closeness centrality, and betweenness centrality. Furthermore,
network structure analysis methods, such as structural holes and
core-periphery analyses, have also been employed.

Although motif discovery is a crucial research area in network
science, its application to tourism has been relatively limited.
Several studies have been at the forefront of applying network
motifs to the study of human mobility (Cao et al., 2019; Schneider
et al., 2013; R. Su et al., 2020). In contrast to concentrating solely
on subgraphs within mobility networks, researchers have
introduced the concept of travel motifs, therefore expanding
motifs from topological spaces to include temporal and semantic
dimensions (Yang et al., 2017). To the best of our knowledge, this
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tourism network motif was first mentioned in a global tourism
network study (Lozano & Gutiérrez, 2018). Several network
motifs including transitive feedforward loops and different one
and two mutual-dyads subgraphs, have been identified. Further-
more, a study conducted in South Korea introduced a network
motif algorithm to examine the interconnections of travel
patterns between places within the context of tourism (Park &
Zhong, 2022), and disregarded only the spatial behaviour of local
tourists. Moreover, because cell towers collect mobile sensor data,
it is challenging to accurately determine the precise locations of
mobile users and the tourist attractions corresponding to those
specific locations. Therefore, this study employs social media data
and links each tourist’s spatial behaviour to a corresponding
attraction, therefore revealing the connection patterns among
attractions.

Tourist mobility and network analysis. Tourist mobility
encompasses tourists’ flow, movement, dispersal, and travel pat-
terns across space and time (Hardy et al., 2020; Shoval et al.,
2020). The analysis of spatial movement is a significant aspect of
tourist mobility (Oppermann, 1995). Understanding how tourists
move through time and space has important implications for
infrastructure and transportation development, product devel-
opment, destination planning, and planning of new attractions, as
well as the management of the social, environmental, and cultural
impacts of tourism (Lew & McKercher, 2006). The verifiability
and reliability of tourist mobility studies can be improved
through quantitative analysis; however, the results of quantitative
analyses are highly dependent on the scales on which their studies
are used (Jin et al., 2018; Zhang et al., 2023).

Some intra-destination mobility studies have conducted
analyses at the individual level. For instance, Fennell (1996)
examined tourist movements on the Shetland Islands using
measures of space, time, perception, region, and core-periphery.
Lew and McKercher (2006) used an inductive approach based on
urban transportation to identify explanatory factors that influence
tourist mobility within a destination. Early research favoured
abstract methods based on fundamental tourist proposals. There
is a general approach for modelling tourist mobility that is easy to
reproduce, namely, the Markov model. Xia et al. (2009) used
Markov chains to model tourist mobility as a stochastic process
and calculated the probabilities of tourists’ movement patterns on
an island. As a more practical and useful approach, using semi-
Markov models is effective in deriving the probabilities of both
tourist movement and the attractiveness of specific attractions
(Xia et al., 2011). Furthermore, time geography is a conceptual
framework used to describe and understand tourist mobility.
Integrating time geography with geographic information systems
tools, Grinberger et al. (2014) clustered tourists based on the
time-space allocation measures of their behaviour to reveal
tourists’ choices and the strategies they implemented within the
constraints of time and space.

There is an increasing trend involving the aggregation of
individual-level mobility data into networks as the basis for
analysing the topological structure of attraction systems (Small-
wood et al., 2011). Mobility patterns can be viewed as a network
and are therefore subject to network analysis (Shih, 2006). Based
on a core-periphery analysis of attraction networks, Zach and
Gretzel (2011) analysed the structure of attraction networks and
provided a strong and practical basis for technology design and
tourism marketing. Leung et al. (2012) applied social network and
content analyses to examine the most visited tourist attractions
and main tourism movement patterns in Beijing during three
distinct periods. Additionally, network methods are often used in
conjunction with other analytical methods. For example, Liu et al.

(2017) applied a quadratic assignment procedure to an attraction
network to test the relationship between proximity and the
attraction network determined by tourists’ free-choice move-
ments. Another example is Mou et al. (2020a), who integrated
social network analysis with traditional quantitative methods to
develop a novel research framework. Indicators such as the
Annual Gini Index and Pearson correlation coefficient can also be
helpful when analysing tourists’ spatiotemporal behaviour (Zheng
et al., 2021).

Motif discovery algorithms are commonly applied to gene
regulation networks, electronic circuits, and neurones (Yu et al.,
2020). However, studies using motif discovery methods to
examine study tourist mobility are limited. It is worth mentioning
that there are studies that examine travel motifs (which are
extended from topological spaces to temporal and semantic
spaces) to ascertain tourist mobility patterns (Yang et al., 2017).
In fact, the variation in travel mobility patterns depends not only
on tourists’ different lengths of stay and the topological structures
of travel mobility but also on the relative proportions of each
travel mobility type (Park & Zhong, 2022). However, travel motifs
can only reflect the movement patterns of individual tourists
rather than the movement patterns at the aggregated-individual
level, let alone serve as the basis for analysing the topological
structure of an attraction network (Jin et al., 2018). To the best of
our knowledge, no previous study has used network motifs to
examine tourist mobility at the individual-aggregation level. Only
Lozano and Gutiérrez (2018) applied the network motif analysis
tool offered by UCINET 6.0 to analyse the top three global
tourism flows. Therefore, this study argues that the use of
network motif analysis not only fills a research gap regarding
tourist mobility at the aggregation level but also provides
theoretical support for planning and the design of tourist
attraction networks.

Methodology
Study area. We selected Suzhou, China (Fig. 1a) as the study area.
Suzhou is located in eastern China, west of Shanghai, and has a
population of five million residents. With its plentiful tourism
resources, Suzhou received more than 100 million domestic
visitors annually before the COVID-19 pandemic. Suzhou is well-
known for its cultural and historical heritage. The most popular
attractions in Suzhou are its classical gardens, which were
included in the World Heritage List of the previous century.
Suzhou’s ancient city attractions cover an area of 14 km2. In
addition to these historical attractions, Suzhou has a natural
landscape with lush mountains and gleaming lakes.

Data collection and preprocessing. Social media data were pri-
marily collected from location-based mobile phone applications.
Sina Weibo, the Chinese equivalent of Twitter, is the most pop-
ular social media platform in China, with over 500 million active
registered users who post 300 million microblogs daily (Kim et
al., 2017). We used the application programming interface pro-
vided by Sina Weibo to crawl posts made in Suzhou from 12
April, 2012 to 31 October, 2016. The posts we crawled from the
application programming interface contained various data about
the users, including post identification (ID), user ID, post text,
pictures, location information (longitude and latitude), and post
time, as shown in Fig. 1b. Based on the user ID, we were also able
to acquire users’ profile information while remaining compliant
with user privacy regulations. User profile information includes
registration location, gender, age, number of posts and fans, and
‘follows.’

However, only a portion of users were involved in tourism
activities. We assumed that these tourists were not locals and that
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they had to return to their cities of residence after their trip.
Referring to the double-filtration approach proposed by Su et al.
(2020), we first filtered out local users based on the locations
registered in their Weibo user profiles. In this study, the time

difference between a user’s first and last post is defined as their
length of stay. Referring to previous studies (Girardin et al., 2008;
García-Palomares et al., 2015), we filtered out users who stayed
longer than one month.

Fig. 1 The study area and the Sina Weibo dataset. a The location of attractions in Suzhou b The geo-tagged microblogs in Suzhou.
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The purpose of tourism activities can be entertainment or
relaxation; however, they can also be a part of official or business
visits. Although official/business visits may also involve tourism
activities, only visitors travelling to Suzhou of their own accord
were considered tourists in our study. Therefore, during data
preprocessing, we defined only users who posted microblogs
within the tourist attractions shown in the Suzhou Tourism
Bureau’s official list (http://tjj.suzhou.gov.cn/) as tourists. Speci-
fically, we used the coordinates recorded in the geo-tagged
microblogs to determine whether a user had visited one of the
attractions on the official list. After filtering out individuals based
on the criteria described above, 234,049 Weibo microblogs were
obtained from 54,712 tourists. Sorting these microblogs by time
gave us the of tourists’ trajectories within the city. As a result, we
could map these trajectories to the directional connections
between attractions to establish, a network of attractions (Fig. 2).

Extracting attractions’ connection patterns using network
motif analysis. Just as attractions are represented in networks as
nodes and flows as edges, tourist mobility patterns can also be
transformed into complex networks (Schneider et al., 2013).
Therefore, we discovered all recurrent mobility patterns related to
the motifs appearing in the tourist flow network. To accomplish
this, we introduced a new algorithm (Kavosh) designed to find
k-size network motifs with less memory and CPU time than those
required for other algorithms. The Kavosh algorithm is based on
counting all k-size subgraphs of a given graph (directed or
undirected). As shown in Fig. 2, the Kavosh algorithm consists of
three steps: enumeration, random network generation, and motif
identification. First, the algorithm enumerates all possible mobi-
lity patterns related to the subgraphs in the original network. The
Kavosh algorithm groups the isomorphic subgraphs using the
NAUTY algorithm. This optimisation enhances the overall pro-
cess efficiency and minimises pattern redundancy. As not all
patterns bear significance, the algorithm generates a large number
of random networks and compares the frequency of occurrence of
these patterns in all random networks. Lastly, the significance of
each pattern in the input network is calculated for motif identi-
fication. Here, some statistical measures that generate probable
motifs in the original network are introduced.

Frequency. This is the simplest method for estimating the sig-
nificance of a motif. For a given network, we assume that Gp is a
representative of an isomorphism class involved in that class.

Frequency is defined as the number of occurrences of Gp in the
input network.

Z-score. This measure reflects how randomly the class occurred in
the input network. For the assumed motif Gp, this measure is
defined as:

ZscoreðGpÞ ¼
ðNp � �NrandÞ

σ
P-value. This measure indicates the number of random networks
in which a motif, Gp, occurs more often than in the input net-
work, divided by the total number of random networks. There-
fore, the P-value ranges from 0 to 1. The smaller the P-value, the
more significant the motif.

Therefore, the motifs found in the input network are available,
including some related statistical measures. As mentioned in the
previous step, three different measures are used in this algorithm.
There are no exact thresholds for these measures to distinguish
motifs; the more restricted the thresholds, the more precise the
motif. According to previous experimental results (Milo et al.,
2002), the following conditions can be used to describe a network
motif:

1. Using 1000 randomised networks, the P-value is < 0.01.
2. The frequency is larger than four.
3. Using 1000 randomised networks, the Z-score is > 1.

According to the above conditions, aiming to be as precise as
possible, the patterns with significant measures are those that
describe the network motifs.

Results
Extracted motifs of the tourist attraction network. The Sina
Weibo data analysed in this study encompassed 104 attractions
within Suzhou City (Fig. 1a). According to the processing method
described in the previous section, the data from Sina Weibo
constituted a total of 2171 edges of the tourism network. When
searching for k-motifs, the frequency of (k-1) motifs in the ori-
ginal network should be the same as that in the randomised
network (Yu et al., 2020). In this study, motifs with more than
four nodes did not meet the requirements for extraction; there-
fore, we extracted motifs with three and four nodes. We deter-
mined that a motif appeared in the network based on the criteria
mentioned in the previous section. Consequently, we extracted
three motifs for three-node motifs and six motifs for four-node
motifs, as shown in Figs. 3 and 4.

Fig. 2 Framework of the network motif analysis.
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Under each motif in Fig. 3 is the proportion of that motif
within the network, while the ID of that motif is in the top-right
corner of each cell. Each node in the graph also contains a
corresponding label, as shown by the IDs of motifs 1 and 4. The
node labels of the other motifs are similar. Therefore, we did not
label them all to ensure the figure remained concise. Referring to

the classification of motifs in previous studies (Costa et al., 2007;
Yang et al., 2017), we divided motifs into four base classes: chain,
mutual dyad, double-linked mutual dyad, and fully connected
triad. The chain-class motif refers to tourists visiting three
attractions sequentially without returning. Similarly, a double-
linked mutual dyad motif means that tourists flow in both

Fig. 3 Topological types of tourism network motifs.

Fig. 4 Frequency and Z-score of tourism network motifs.
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directions between two pairs of attractions. The fully connected
triad motif refers to a pair of three attractions with any two pairs
flowing in both directions.

Among them, the mutual dyad, double-linked mutual dyad,
and fully connected triad have uplinked and downlinked variants
in their main categories. For example, if node A of the mutual
dyad sends tourists to another attraction, we use the term
‘uplinked’ to describe this motif, whereas if node A receives
tourists from another attraction, we describe the motif as
‘downlinked’. By analogy, these naming rules can be extended
to double-linked mutual dyads and fully connected triads. The
centrally linked mutual dyad and fully connected triad with a
mutual dyad are two more specific variants. The centrally linked
mutual dyad is based on a core attraction surrounded by three
nodes with mutual circulation; however, none of the three
attractions are connected to each other. A fully connected triad
with a mutual dyad constitutes one fully connected triad in which
one node forms another mutual dyad.

Among the abovementioned nine motifs, those with IDs 1, 2,
and 3 are three-node motifs, accounting for 37.61% of the total
number of network subgraphs. This indicates that the flow of
tourists between any three attractions in the tourism network is
dominated by chaining. This suggests that there is an order for
most connections among the three attractions’ patterns. The
remaining six motifs of the four nodes accounted for 29.67%, with
three motifs (those with IDs 4, 5, and 6) forming around the
centre point in the lower left corner. The centrally linked motif
corresponds to a movement pattern referred to as a ‘basecamp’ in
previous studies (Lau & McKercher, 2006; Lue et al., 1993;
Oppermann, 1995), in which tourists establish one attraction as
their basecamp and leave to visit other places, only to return later.
In the downlinked variant, this base camp appeared as a gateway
attraction for visiting attractions B and C. The motifs with IDs 7,
8, and 9 were mainly structured as a fully connected triple
attraction, which comprised three closely linked attractions where
tourists can move freely. In addition to this triple attraction, we
also identified a relationship between one attraction and one of
three attractions, exhibiting relationships of receiving, conveying,
and circulating with each other. Therefore, regarding the
connection patterns of the four attractions, the function of the
key attractions in it is both specific and vital.

Motif interpretation: Specific attractions. In this study, all cal-
culated motifs were the local mobility patterns of tourists that
occurred at high frequencies in the original tourist network. The
following analysis was performed for the distribution of attrac-
tions on each node of the extracted motifs. We selected the node
with the highest degree for each motif and counted the attractions
appearing in that node for all subgraphs in the tourist network.
The top three attractions with the highest frequency on the
highest-degree node were selected according to their frequency, as
shown in Table 1. In the table, the highest-degree nodes are
shown in orange.

Table 1 shows that the attractions Guanqian Street, Jinji Lake,
and Pingjiang Road are the most highly placed nodes in the
subgraph, indicating that these three attractions are in a relatively
central position in the whole network. In other words, the
network is organised around these three attractions, forming the
vast majority of the local tourist movement patterns. Addition-
ally, attractions such as Zhouzhuang and Hanshan Temple also
play a key role in the local network. Zhouzhuang appears in the
nodes of the motif as an attraction en route to other attractions,
acting as a gateway. Generally, in motif patterns 3 and 9, tourists
do not return after visiting Zhouzhuang but continue to visit
attractions interconnected with Zhouzhuang, which is

attributable to the long distance between Zhouzhuang and the
urban area of Suzhou. The opposite is true for Hanshan Temple,
whose corresponding motif patterns (2, 4, and 7) tend to be the
attractions that tourists visited before they went to B through
other attractions, implying that tourists all converged at that
attraction before visiting other attractions. We further determined
the top three attractions in node B: Tongli National Wetland
Park, China Flower Botanical Garden, and Dabaidang Ecological
Park. The common characteristic of these three attractions is that
they all have multiple varieties of flowers with ornamental value
and rich vegetation coverage, making them good places for hiking
during spring.

Motif interpretation: Types and titles of attractions. In addition
to exploring the nodes with the highest degree of motifs, this
study examines the types and titles of attractions on each node.
According to the classification proposed by another study in
Suzhou (Xue & Zhang, 2020), attractions can be classified into
natural, cultural, and commercial, according to their landscape
type; they may also be classified as 5A, 4A and others according to
their title (A tourist attraction with a ‘5A’ score implies that it has
the most beautiful scenery, the best service and perfect facilities).
Fig. 5 shows the distribution of attraction types on the nodes,
Fig. 6 shows the distribution of attraction titles on the nodes,
while the node labels in the lower right corner of each figure are
used to refer to the relative positions of the nodes on each motif.
We refer to these node labels in the subsequent paragraphs.

Table 1 The top three attractions for each motif node.

ID Motif Frequency Top 3 Implication

1 5.21% Zhouzhuang, Shilu,
East Hill

A is a transit point
for B and C

2 14.91% Guanqian Street,
Pingjiang Road,
Hanshan Temple

A receives B’s
tourists and sends
them to both B and
C

3 17.49% Jinji Lake,
Guanqian Street,
Zhouzhuang

A sends tourists to B
and receives tourists
from both B and C

4 4.21% Guanqian Street,
Pingjiang Road,
Hanshan Temple

A flows in both
directions with C
and D and sends
tourists to B via A

5 4.90% Guanqian Street,
Jinji Lake, Pingjiang
Road

A flows in both
directions with all
others

6 5.10% Jinji Lake,
Guanqian Street,
Pingjiang Road

A exhibits a two-
way flow with both
C and D and
receives tourists
from B via A

7 4.36% Guanqian Street,
Pingjiang Road,
Hanshan Temple

A, C, and D are
connected to each
other and receive
tourists from B via A

8 6.14% Guanqian Street,
Jinji Lake, Pingjiang
Road

A, C, and D are
connected to each
other and only
through A and B

9 4.95% Jinji Lake,
Guanqian Street,
Zhouzhuang

A, C, and D are
connected to each
other and send
tourists to B via A
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Figures 5 and 6 show that the types of attractions on each node
differ; however, the differences in the types of node attractions
between each motif in each major category are relatively
insignificant. This indicates that each major category of attraction
connection pattern summarises a common class of tourists’ local
movement patterns, while the attributes of each attraction in this
movement pattern are fixed.

Types of attractions. In Fig. 5, the distribution of the attraction
types of the nodes differs insignificantly in the type of attraction
for the chain-type motif. Regarding the mutual dyad type, the
types of node A are still relatively balanced, whereas the types
dominated by nodes B and C are different and exactly opposite.
Specifically, node B of motif 2 is dominated by natural-type
attractions, whereas node C has more than 50% cultural attrac-
tions. Conversely, motif 3 shows the opposite pattern. The
double-linked mutual dyad exhibited more obvious character-
istics. First, we observe that the proportions of nodes C and D
attraction types of the three motifs are identical, with the main
differences appearing in nodes A and B. Second, for IDs 4 and 5,
node A’s commercial attractions exhibit a significantly high
proportion, which highlights their role in aggregating tourists in
the local network. In contrast, for motif 6, node A primarily
serves as a transit node from B to C and D, while its proportion of
commercial attractions is not notably high. Lastly, in the fully
connected triad, the proportion of interconnected nodes in the
three motifs remains consistent. Nodes C and D are dominated
by cultural attractions, whereas node A, acting as a commu-
nication hub for other attractions, exhibits a more balanced dis-
tribution of types.

Titles of attractions. In Fig. 6, the percentages of 5A and 4A
attractions on nodes without attraction titles are significantly
lower than those on nodes with famous attraction titles. Specifi-
cally, considering the percentage of attraction titles on each node,
the difference in the percentage of B and C node levels for the
chain-type motif is insignificant. Moreover, they are dominated
by unpopular attractions. However, the percentage of A as a
transit node for famous attractions is significantly higher than

that of B and C. The situation of node A in the mutual Dyad type
is similar to that of the chain type, with a higher percentage of
famous attractions, whereas the situation is different for nodes B
and C. Nodes B and C have the opposite ratio: when node B has a
higher proportion of famous attractions, node C is dominated by
non-famous attractions, and vice versa. Regarding the double-
linked mutual dyad type, the proportion of famous attractions in
node A is significantly higher than that in the other nodes.
However, there is no significant difference in the percentage of
attraction titles in the other nodes, regardless of whether it is a
bidirectional flow with node A, and all of them are dominated by
non-famous attractions. When there is a fully connected triad in
the motif, the proportion of the three nodes that are fully con-
nected as attractions with titles is very high, indicating that the
flow of tourists between the 5A and 4A attractions is consider-
able. In contrast, most of the B nodes that are only connected to
A nodes comprise non-famous attractions, indicating that
attractions without good titles cannot establish a better connec-
tion with 5A and 4A.

Discussion
We applied network motif analytics as a novel approach for
exploring the local structure of tourist networks, based on social
media data. The overall structural features of the network
emerged from the local relational features. To comprehend the
principles of tourist network formation, it is essential to consider
not only the overall network perspective but also local network
connections. The results showed that attractions play an impor-
tant role in local networks and that this role is related to the type
and level of attractions. Therefore, enhancing the future devel-
opment of tourism in Suzhou hinges on strategically guiding
attractions to fulfill their appropriate service functions within the
destination city.

Tourist mobility patterns. This study employs the theory of
motifs, which originated from complex network science, as an
innovative approach to investigating tourist mobility patterns.
Originally used in the field of biology, the network motif

Fig. 5 The attraction type of motif nodes.
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algorithm for complex networks was applied in this study to
examine the relationships between overabundant tourism mobi-
lity patterns and the corresponding attractions. Unlike previous
methods for mining travel motifs, the analysis results of motif
analysis in the network cannot directly extract tourists’ travel
itineraries in the city. The motif-based analysis method focuses
more on the movement patterns of groups of tourists between
several strongly associated attractions. Based on this character-
istic, network motif analysis is more suitable for observing local
phenomena.

For tourist movement in urban tourist destinations, a large
directed graph can be constructed for tourist movement between
attrations according to the concept of network science theory. By
applying the motif extraction method to this graph, we can find
that it is these simple repeating topologies that make up the
overall network (Fig. 7). In this study, four classes and nine motifs
effectively summarised the diverse mobility patterns. This implies
that despite the diversity of their travel history, humans follow
simple reproducible patterns (González et al., (2008)). Under-
standing tourist mobility patterns enhances the comprehension of
city destination systems and provides vital insights into city
destination planning and development (Ashworth & Page, 2011).

Connection patterns between attractions. This study examines a
tourist network’s connection patterns to identify attractions with
distinct roles, including core, transit, and gateway attractions.
Tourist attractions within destinations vary in significance, while
the hierarchical structure of urban destination systems differs
based on their appeal to tourists (Golledge, 1978). From a
product-marketing standpoint, these findings help marketers
understand the function of attractions in tourists’ travel itiner-
aries and establish a foundation for the development of targeted
tourism products. For example, for the core attractions, overall
tourism planning should be carried out around them; for the
identified transit attractions, more transportation routes should
be planned for these attractions; for the gateway attractions, the
hotel reception services and tourist guide services around these
attractions should be enhanced. Nevertheless, the results

underscore that the crucial nodes within the nine motifs are
almost always composed of a few of the most renowned attrac-
tions. From a risk management perspective, an excessively con-
centrated destination may cause ‘overtourism’ (Peeters et al.,
2018).

Implications for tourism management. Understanding tourists’
movement is essential for tourism managers to plan and imple-
ment effective sustainability strategies (Shi et al., 2017). The
tourist network examined in this study reflects the movement of
tourists among attractions, provides a novel approach to analyse
tourist movement patterns within destinations and accurately
depicts tourists’ digital footprint within destinations (Fan et al.,
2024). The results show that although tourists’ detailed move-
ment patterns among destinations are highly complex, local
attractions’ connections in the network can be grouped into
several patterns. This suggests that although tourists differ in
preferences, there are also commonalities in their overall spatial
behaviours, which helps enrich the group user profile of visiting
tourists. Therefore, destinations can develop attractions and
alternative attractions based on the analysis of tourist movement
patterns by capturing popular travel routes (Vu et al., 2015).

Conclusions
As cities become centres of economic activity, new forms of urban
tourism are becoming popular, while an increasing number of
tourists are choosing cities as destinations to pursue novel,
diverse, and personalised travel experiences (Füller & Michel,
2014). This study employs motif analysis in complex network
science to elucidate tourist mobility patterns and depict the
interconnections between attraction systems in Suzhou, China.
We innovatively used actual attractions as network nodes and
focused on attraction connection patterns to provide practical
implications for destination management. The main conclusions
are summarised as follows:

● Referring to the motif discovery method known as Kavosh,
we extracted nine motifs from a tourist network in Suzhou.
These nine motifs can be categorised into four main classes:

Fig. 6 The attraction title of motif nodes.
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chain, mutual dyad, double-linked mutual dyad, and fully
connected triad.

● Specific attractions represented by nodes in the motifs are
explored comprehensively. Suzhou’s network is organised
around three attractions, namely, Guanqian Street, Jinji
Lake and Pingjiang Road, which form most of the local
attractions’ connection patterns. Attractions such as the
Zhouzhuang and the Hanshan Temple perform specific
functions in the network.

● The types and proportions of attractions were investigated
by visualising local tourist mobility patterns in the network.
The results showed that nodes with a higher degree of
motifs were generally well-known attractions with titles
such as 5A or 4A and were dominated by cultural and
commercial attractions.

These results provide a new analytical methodological frame-
work for examining connection patterns in local attraction sys-
tems, as well as a basis for the management of attractions within
urban tourism destinations.

Despite the theoretical insights and practical applications of
this study, there are some limitations that must be acknowl-
edged. For example, social media data are prone to various
biases—e.g. the popularity of specific platforms among users—
while the amount of data may vary by country, year and
population. The bias associated with highly engaged users can
result in the overrepresentation of such populations (Enca-
lada-Abarca et al., 2023). Additionally, the data used in this
study mainly reflect tourists’ spatial behaviour within a city.
Because tourists’ spatial behaviour patterns within different
destinations differ, it is necessary to use tourism networks
within multiple destinations to establish comparisons in
subsequent studies, which could help generalise this study’s

findings. Future work could further explore the mechanisms of
attraction selection by the mobility motifs, such as the fact
that tourists are looking to maximise satisfaction when plan-
ning their itineraries.

Data availability
The datasets generated during and/or analysed during the current
study are available from the corresponding author on reasonable
request.
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